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SPECOM 2024 Preface

SPECOM is a conference with a long tradition that attracts researchers in the area of
speech technology, including automatic speech recognition and understanding, text–
to–speech synthesis, speaker and language recognition, as well as related domains like
digital speech processing, natural language processing, text analysis, computational par-
alinguistics, multi–modal speech, and data processing or human–computer interaction.
The SPECOM conference is an ideal platform for know–how exchange – especially for
experts working on Slavic languages (e.g. Russian, Serbian, Croatian, Polish, Bulgarian,
Czech, etc.) or other inflectional spoken languages – including both under–resourced
and regular well–resourced ones.

The International Conference on Speech and Computer (SPECOM) has become
a regular event since the first SPECOM, held in St. Petersburg, Russia, in October
1996. The SPECOM conference series was established more than 28 years ago by the
St. Petersburg Institute for Informatics and Automation of the Russian Academy of
Sciences (SPIIRAS).

In its long history, the SPECOM conference was organized alternately by the
St. Petersburg Federal Research Center of the Russian Academy of Sciences (SPC
RAS)/SPIIRAS and by the Moscow State Linguistic University (MSLU) in their home
towns. Furthermore, in 1997 it was organized by the Cluj–Napoca subsidiary of the
Research Institute for Computer Technique (Romania), in 2005 and 2015 by the Uni-
versity of Patras (in Patras and Athens, Greece), in 2011 by the Kazan Federal Univer-
sity (in Kazan, Russia), in 2013 by the University of West Bohemia (in Pilsen, Czech
Republic), in 2014 by the University of Novi Sad (in Novi Sad, Serbia), in 2016 by the
Budapest University of Technology and Economics (in Budapest, Hungary), in 2017
by the University of Hertfordshire (in Hatfield, UK), in 2018 by the Leipzig University
of Telecommunications (in Leipzig, Germany), in 2019 by the Bogaziçi University (in
Istanbul, Turkey), in 2020 and 2021 by SPC RAS/SPIIRAS (fully online), in 2022 by
the KIIT (in Gurugram, New Delhi, India), and in 2023 by the IIT/IIIT Dharwad (in
Hubli–Dharwad, Karnataka, India).

SPECOM 2024 was the 26th event in the conference series (https://specom2024.ftn.
uns.ac.rs), and the second time SPECOMwas in the Republic of Serbia. SPECOM 2024
was organized jointly by the Faculty of Technical Sciences at the University of Novi Sad
and theSchool ofElectrical Engineering at theUniversity ofBelgrade in cooperationwith
the Telecommunications Society of Serbia. The conference was held between the 25th
and 28th November 2024, in a hybrid format, mostly in–person in the capital of Serbia,
Belgrade, at the Crowne Plaza Hotel and online via video conferencing. Moreover,
SPECOM 2024 was organized jointly and in parallel with the 32nd Telecommunications
Forum TELFOR 2024 (https://www.telfor.rs/en). SPECOM 2024 was sponsored and
supported by the Science Fund of the Republic of Serbia, as well as by the International
Speech Communication Association (ISCA).

https://specom2024.ftn.uns.ac.rs
https://www.telfor.rs/en


vi SPECOM 2024 Preface

During SPECOM 2024, two keynote lectures were given by Dr.–Ing. Kraljevski
(Fraunhofer Institute for Ceramic Technologies and Systems IKTS, Dresden, Germany)
jointly with his German colleagues on “Preserving Language Heritage Through Speech
Technology: The Case of Upper Sorbian”, as well as by Prof. Milan Sečujski jointly
with his colleagues from the Faculty of Technical Sciences, University of Novi Sad
and AlfaNum company, Novi Sad, Serbia on “Retrospective and Perspectives of TTS &
STT Technology Development and Implementation for South Slavic Under-Resourced
Languages”.

This volume contains a collection of submitted papers presented at SPECOM 2024,
which were thoroughly reviewed by members of the Program Committee and additional
reviewers consisting of over 80 experts in the conference topic areas. In total, 53 reg-
ular full papers out of 90 submissions to SPECOM 2024 were carefully selected by
the Program Committee members for oral presentation at the conference, as well as for
inclusion in these SPECOM 2024 proceedings. Theoretical and more general contribu-
tions were presented in common plenary sessions. Problem–oriented sessions as well
as panel discussions brought together specialists in niche problem areas with the aim of
exchanging knowledge and skills resulting from research projects of all kinds.

We would like to express our gratitude to all authors for providing their papers on
time, to themembers of the SPECOM2024 ProgramCommittee for their careful reviews
and paper selection, and to the editors and correctors for their hard work in preparing the
conference proceedings. Special thanks are due to the members of the SPECOM 2024
Organizing Committee for their tireless effort and enthusiasm during the conference
organization. We are also grateful to the Faculty of Technical Sciences at the University
of Novi Sad, the School of Electrical Engineering at the University of Belgrade, and the
Telecommunications Society of Serbia for organizing and hosting the 26th International
Conference on Speech and Computer, SPECOM 2024, in Belgrade.

November 2024 Alexey Karpov
Vlado Delić



Organization

General Chairs
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Milan Sečujski University of Novi Sad, Serbia
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Siniša Suzić University of Novi Sad, Serbia
Tijana Nosek University of Novi Sad, Serbia
Vuk Stanojev University of Novi Sad, Serbia
Mladen Koprivica University of Belgrade, Serbia
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Radek Mařík, Renata Landgráfová, and Jiří Liška
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Abstract. The modern world is facing a crisis with the rapid disap-
pearance of endangered languages, which poses a serious threat to global
cultural diversity. Speech Technologies and Artificial Intelligence present
promising opportunities to address this crisis by supporting the doc-
umentation, revitalization, and everyday use of these vulnerable lan-
guages. However, despite recent and remarkable advancements in speech
technology, significant challenges persist, particularly for languages with
very limited resources and unique linguistic features.

This paper details the development of Upper Sorbian speech technolo-
gies, focusing on the creation of a practical Speech-to-Text (STT) system
as a versatile tool for language preservation. The study explores the cur-
rent state of Sorbian languages and underscores collaborative efforts with
the Foundation for the Sorbian People. Through a series of pilot and suc-
cessive projects, each phase has contributed to the steady advancement
of speech recognition modules and supporting tools, improving their per-
formance, effectiveness and practical usability.

Keywords: Endangered languages · Speech recognition · Upper
Sorbian

1 Introduction

In recent times, humanity is experiencing one of the most serious crises: the dis-
appearance of endangered languages. An endangered language is one predicted
to cease being used for communication within a specific cultural or social group.
This crisis has a profound human dimension, as a language dies together with
its last native speaker.
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According to UNESCO’s Atlas of the World’s Languages in Danger [19], of
the over 6,500 languages spoken in the world, more than 2,400 are in danger
of disappearing. The majority of the world’s population, 97%, speaks only 4%
of all languages. Moreover, more than 1,500 languages have fewer than 1,000
speakers. It is expected that more than 90% of the currently spoken languages
will disappear by the year 2100, replaced by dominant regional and national
languages [27].

The loss of a language has multifaceted and profound implications on cul-
tural, social, linguistic, and psychological aspects. It results in the loss of her-
itage, cultural and community identity, oral traditions, connections with newer
generations, and inter-generational knowledge transfer [6,20].

Advances in information and media technology, particularly Speech Technolo-
gies (ST) and Artificial Intelligence (AI), offer new ways to preserve language
diversity by aiding traditional methods that rely on written, audio, and visual
documents. These technologies can support the documentation, revitalization,
and daily use of endangered languages. In daily use, ST helps speakers hear and
learn correct pronunciations (Text-to-Speech, TTS) and create written records
from spoken language (STT), also aiding in the creation of educational materials.

Recent state-of-the-art ST has made breakthroughs in recognition, achiev-
ing “near-human” performance in restricted conditions, domains, and languages.
However, the challenges of introducing state-of-the-art STT for a new language
are multifaceted, especially if it has limited electronic resources.

If sufficient data for a target language exists or can be collected, the data
requirements for reliable speech and language modeling using end-to-end (E2E)
systems and deep learning (DL) would be feasible. However, despite recent
advances in STT technology for endangered languages, the unique phonetic fea-
tures and limited language resources make training models and achieving accu-
rate recognition a challenging task, further complicated by dialectical variations,
background noise, or non-standard speech utterances.

In this paper, we present the development of the Upper Sorbian speech tech-
nologies, focused on a Speech-to-Text system in the context of heritage and
language preservation. The objective is not only to create a practical speech
recognition system but also to lay a foundation for tools, speech and language
resources in Upper Sorbian to be used in wider research fields. Such as, compu-
tational phonetics and linguistics, where the experiences and knowledge can be
transferred also to the related Lower Sorbian language.

2 Current State of the Sorbian Languages

The Sorbian languages (Upper and Lower) belong to the West Slavic branch of
the Indo-European language family, along with Polish, Czech, and Slovak, and
are recognized by the European Charter for Regional or Minority Languages [7].

Upper Sorbian (language code: hsb) is spoken in the region of Upper Lusa-
tia, covering parts of the German federal states of Saxony and Brandenburg,
while Lower Sorbian (language code: dsb) is spoken in the region of Lower Lusa-
tia, located entirely in southern Brandenburg. Although closely related, these
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languages are only partially mutually intelligible, and each branch has retained
some distinct features from Old Slavic. In general, Upper Sorbian is perceived
to be closer to Czech and Slovak, whereas Lower Sorbian is considered closer to
Polish.

Reliable figures on the number of Sorbian language speakers are lacking, with
estimates ranging widely. Upper Sorbian is estimated to have between 15 and 30
thousands speakers, while Lower Sorbian has between 5 and 10 thousands speak-
ers [14]. According to [25], the speaker population is estimated to be between
20 and 30 thousands with one-third in Lower Lusatia and two-thirds in Upper
Lusatia, out of a total ethnic population of 45 thousands.

Most native speakers do not use the language in daily communication, threat-
ening its existence despite its protected status. Native speakers of Upper Sorbian
are a minority in predominantly German-speaking areas [13]. Both languages face
significant preservation challenges and are classified as vulnerable or severely
endangered by UNESCO, with most fluent speakers being elderly and younger
generations having limited proficiency.

Bilingualism with German is common, and despite legal protections and sup-
port from umbrella organizations for Sorbian associations in Upper and Lower
Lusatia, like “Domowina”, the decline in speakers due to socio-political factors
poses a threat.

3 Speech Technologies for Upper Sorbian

Substantial efforts have been made to preserve the Sorbian languages through
educational programs, media presence, and community initiatives. Notable
projects have been conducted by the Foundation for the Sorbian People1 and
the Sorbian Institute2, with significant contributions from other research groups
focusing on the collection and documentation of Sorbian speech and language,
particularly emphasizing the digitization of written, audio, and video records.

In [28], the history and development of the Upper Sorbian Textual Corpus
(HoTKo) was detailed. This corpus, which includes journalistic, literary, reli-
gious, and scientific texts from approximately the mid-nineteenth century to the
present, currently contains about 44 million tokens (common word forms). Coop-
eration with the Domowina Publishing House and the WITAJ3 Language Center
facilitated the inclusion of a vast collection of contemporary texts for research.

The Corpus for Spoken Lower Sorbian (GENIE) [18] compiles audio record-
ings from the Sorbian Broadcast Archive (1956–2006), the Archive of Sorbian
Culture (1951–1971), and new recordings from native speakers (2005–2006). The
authors focused on the unique situation of Lower Sorbian and its bilingual speak-
ers, addressing the challenges associated with creating corpora for endangered
languages.

1 https://stiftung.sorben.com.
2 https://www.serbski-institut.de.
3 https://www.witaj-sprachzentrum.de.

https://stiftung.sorben.com
https://www.serbski-institut.de
https://www.witaj-sprachzentrum.de
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Between 2010 and 2015, an audio corpus comprising 100 hours of record-
ings was collected at the Sorbian Institute in Cottbus [3], aiming to document
the speech of native Lower Sorbian speakers. Orthographic transcriptions and
German translations were provided, with selected samples also transcribed pho-
netically and translated into English.

The SobLexx project4, conducted by the Sorbian Institute, the Foundation
for the Sorbian People, and the WITAJ Language Center, offers an electronic
Upper Sorbian-German dictionary with grammar, spell checker, and word seg-
mentation modules, all freely available online.

In 2021, the first Upper Sorbian-German machine translation (MT) applica-
tion (SOTRA5) was launched with the support of the WITAJ Language Center
in Bautzen and Cottbus.

The development of a Text-to-Speech system based on the MARY-TTS
framework for Sorbian languages is described in [26].

However, as of 2020, to the best of our knowledge, there were no Upper
Sorbian speech corpora suitable for the research and development of speech
technologies, specifically speech recognition. The contemporary Common Voice
HSB dataset was inadequate due to its limited data and imbalanced speaker
distribution.

The cooperation between the “Cognitive Material Diagnostic” (KogMatD)
project group at Fraunhofer IKTS, the Chair of Communication Technologies at
Brandenburg University of Technology in Cottbus, and the Foundation for the
Sorbian People in Bautzen began in early 2020 with a pilot study. The study
aimed to investigate the feasibility of creating a Speech-to-Text system using
limited resources.

After successful completion of the study, the stakeholders proceeded with four
successive projects to develop speech resources and tools for Sorbian languages,
with a focus on speech recognition in Upper Sorbian. The goal was to develop
and gradually enhance the technologies for the main components of a traditional
STT system: acoustic, lexicon, language model and speech recognition engine.

At the beginning of the cooperation, various End-to-End (E2E) systems were
available for fine-tuning under-resourced languages, such as Mozilla DeepSpeech
[11], Wav2Letter [5], and later Wav2Vec [2] from FAIR (Facebook AI Research),
as well as Google Conformer and others. Despite this, we initially chose to follow
the traditional approach of developing separate acoustic, lexicon, and language
models. This decision was driven by the desire to create speech and language
resources that could be applied in other areas of speech technology, such as
Text-to-Speech (TTS) or basic research in phonology.

While fine-tuning large pre-trained E2E models offers potential benefits, it
also introduces challenges. Issues that arise during fine-tuning cannot be easily
isolated and addressed, especially when time and resources are constrained, as
was the case in our feasibility study. This limitation led us to prioritize a modular,

4 https://soblexx.de.
5 https://sotra.app.

https://soblexx.de
https://sotra.app
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traditional STT approach, where individual components can be independently
optimized and troubleshot.

The state of the art in speech-to-text advanced with the introduction of Ope-
nAI Whisper [24] and the availability of pre-trained models in languages similar
to Upper Sorbian, such as Czech and Polish. For the first time, Upper Sor-
bian was included in Meta’s (formerly Facebook) Fairseq Massively Multilingual
Speech (MMS) model, “MMS-1B-all” [23]. Like OpenAI Whisper and similar
approaches, this model outputs sequences of graphemes.

The training of this model included the Upper Sorbian dataset from Common
Voice (CV) [1], which is notably imbalanced—one speaker accounts for over 80%
of the corpus sentences. While the model generates acoustically plausible outputs
with a respectable Character Error Rate (CER), it also exhibits a high Word
Error Rate (WER). Consequently, achieving accurate STT necessitates addi-
tional language modeling, which is further challenged by the scarcity of textual
resources required to train a Large Vocabulary Continuous Speech Recognition
(LVCSR) system.

As an illustration, consider the recognition of a sentence recorded in real
conditions during a church service. The errors are highlighted in boldface:

Reference: bojach so a tuž woteńdźech a schowach swój talent do zemje
hlej tu maš štož je twoje ale jeho knjez jemu wotmołwi zły a lěni wotročko
sy wědźał zo žněju hdźež njejsym syła zběram hdźež njejsym sypał.

Hypothesis: bojach so a tuž wotendźek a skowach swój talent dozem lej
tumaš štojše twoj ale j ho knjez jemu wotmołwi zwy aleni wotwočko sy
wědźał zo dźneju hdźež njejsym sył a zběram hdźež njejsym sypał. While the
model captured the general structure and many correct words, it still struggled
with specific phonetic and morphological details of the language.

One significant advantage of our approach is that all performance enhance-
ments are traceable and explainable. This allows us to systematically identify
and correct issues within individual modules, ensuring a more, flexible, reliable
and maintainable system.

4 Feasibility Study

The main objective of the pilot study was to investigate the feasibility of devel-
oping a speech recognizer for Upper Sorbian using existing resources and tools in
German. The open-source framework dLabPro for signal processing and the Uni-
fied Approach to Signal Synthesis and Recognition (UASR) frameworks [12] were
employed, primarily due to the familiarity with and availability of acoustic mod-
els in German. These models can be utilized “out-of-the-box” in forced-alignment
for phonetic annotations of collected Upper Sorbian speech recordings.

The practical demonstrator was envisioned as a voice application, specifically
a prototypical STT system for a limited language domain-home automation-
referred to as the “Smart Lamp” demonstrator. A brief overview is provided in
the following sections; more details of the feasibility study can be found in the
corresponding paper [16].
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4.1 Grapheme and Phoneme Inventory

The first step was to define the grapheme and phoneme inventories for German
and Upper Sorbian to facilitate mapping. The phoneme inventory was adopted
from the UASR framework, since we use the available acoustic model in German,
while the Upper Sorbian inventory was derived from publicly available sources
and those provided by the project partner, The Foundation for the Sorbian
People.

Public sources included the Wikipedia page for Upper Sorbian6, the “HSB”
language site of the Sorbian Institute7, and the book excerpt “Obersorbisch im
Selbststudium/Hornjoserbšćina za samostudij” (Lesson 02, pages 12–13) [29].

After establishing the grapheme inventory and converting phonemes into
X-SAMPA format, the Upper Sorbian phonemes were mapped to their near-
est German equivalents. By defining pronunciation rules, we were able to map
the graphemes to corresponding phoneme sequences, which is a prerequisite for
forced-alignment of the speech and subsequent adaptation of the German acous-
tic model.

4.2 Pronunciation Rules

The mappings from graphemes to X-SAMPA phonemes are simple “one-to-one”
rules, whereas the mappings to the UASR phoneme set include some “one-to-
many” and “many-to-one” rules. Pronunciation variants of grapheme sequences
within words are defined by exception rules, derived from [29] and further refined
with a feedback from native speakers.

The grapheme context (Left_GRPH_Right) specifies the pronunciation of
phoneme(s) or their omission, “#C” denotes a consonant, “#V” denotes a vowel,
“$” indicates a word boundary, and “*” represents phoneme omission.

For example, in the word “zymskich“(/z/ /Y/ /m/ /s/ /k/ /i:/ /C/), the rule
“I_CH_” maps to /C/ is applied, whereas in “zwučowanjach“(/z/ /U/ /v/ /u:/
/t/ /S/ /O/ /U/ /v/ /a/ /n/ /j/ /a/ /x/), the default grapheme-to-phoneme
rule applies, where the digraph “CH” maps to default phoneme /x/.

4.3 Speech Application Specification

One of the main objectives of the study was to provide a practical demonstration
of a speech application in a limited domain (voice control). To achieve this,
an ontology for the domain of voice control of a smart lamp was developed.
Realistic utterance examples were defined using templates that include intents
(such as switching on/off, setting brightness, and setting color) along with their
parameters, as well as more natural phrases (e.g., “please” - “prošu”, “dear lamp”
- “ luba swěca”).

6 https://en.wikipedia.org/wiki/Upper_Sorbian_language.
7 https://www.obersorbisch.de.

https://en.wikipedia.org/wiki/Upper_Sorbian_language
https://www.obersorbisch.de
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The specification was then transformed into a Backus-Naur Form (BNF)
grammar, which was used to randomly generate a variety of in-domain sentences.
These generated texts served as prompts for speech collection and used also for
language modeling.

4.4 Speech Data

The speech data originate from two distinct sources: the validated portion of the
Common Voice dataset, which is crowd-sourced and open-source, and a speech
corpus collected during controlled recording sessions (HSB speech corpus). Using
the defined pronunciation rules, we generated a lexicon that was used to obtain
phoneme transcriptions, a prerequisite for the forced-alignment stage in acoustic
adaptation.

The Common Voice hsb-dataset (v5.1) contains 1,600 audio files from
2 female and 15 male speakers, with a total duration of 2:42:02. The content
is sourced from various general-domain materials such as newspapers, books,
and proverbs. Sentences containing graphemes and words of foreign origin were
omitted, resulting in 1,352 sentences with 5,579 vocabulary entries. The lexicon
was reviewed by a native speaker, and pronunciation rules were refined accord-
ingly. Unsuitable words were removed, and the lexicon was used to filter out
inappropriate sentences to avoid inconsistencies in phoneme modeling.

The HSB corpus was recorded at the premises of the Foundation for the
Sorbian People in Bautzen, Germany. Three different phonetically balanced sets
of prompts were utilized in the recording sessions. Approximately two-thirds
of the textual prompts were selected from the Common Voice (CV) dataset,
while the remaining were composed of domain-specific generated sentences for
the “Smart Lamp” (SL) application.

4.5 Prompts Selection

To achieve maximum coverage of the phonemic units in controlled recording ses-
sions, the prompts were designed to be phonetically balanced and rich, aligning
with the phoneme unit statistics of larger textual data. For this purpose, we uti-
lized the corpus Monolingual Upper Sorbian Data8, which contains a vocabulary
of 251,358 words.

We calculated the frequencies of phones, di-phones, and tri-phones, and
selected prompts from both domain-general (CV) and domain-specific (SL) sen-
tences. The selection process was guided by a scoring algorithm applied to di-
phones, as presented in [4] and we generated three distinct sets, totaling 1,200
prompts.

8 https://www.statmt.org/wmt21/unsup_and_very_low_res.html.

https://www.statmt.org/wmt21/unsup_and_very_low_res.html.
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4.6 Speech Recordings

A total of 30 speakers were recruited: 10 of females, males, and children. The child
participants were minors attending either higher grades of elementary school or
lower grades of high school, indicating good reading skills.

Each speaker was instructed to read the prompts exactly as presented, allow-
ing us to target specific pronunciation variants and reducing the need for exten-
sive manual post-processing and transcription of the recordings.

In the end, we collected approximately 11 hours and 30minutes of speech
data, achieving a nearly equal distribution across the three prompt sets.

4.7 Forced-Alignment Experiments

Phoneme annotations are created by initial forced-alignment using the
knowledge-based phoneme mappings. Then phoneme recognition performance
is evaluated on the HSB corpus to discover the most frequent phoneme confu-
sions.

After the initial evaluation of the confusion matrix, it was evident that there
are many confusions across the vowels (e.g., /a/ with /a:/, /aI/, /aU/ ...). There-
fore, the first data-driven based optimization was to reduce baseline German
acoustic model from 43 to 29 phoneme models (reduced model). This narrows
the choice of phoneme sequences, improving the robustness of the acoustic model
and reducing confusions, thereby enhancing phoneme recognition accuracy.

However, the acoustic model’s performance remains relatively low. To
improve it, the model needed adaptation to the language and acoustic envi-
ronment (e.g., microphones, interface, room acoustics).

4.8 Acoustic Model Adaptation

The adaptation and evaluation of the acoustic models was performed with “Leave
One Group Out” cross-validation (LOGO) strategy. The results are aggregated
into one data frame where for each recognized sentence, the speaker’s recordings
were not part of the model adaptation.

The maximum a-posteriori (MAP) algorithm was used to adapt the means
and covariances of the Gaussian distributions using the adaptation portion of
the HSB dataset. The absolute improvements in phoneme error rates achieved
after adaptation were from 66.86% to 39.98% for the baseline acoustic model,
and from 61.7% to 37.9% for the reduced phoneme set model.

4.9 Smart Lamp Voice Application

The language model for the “Smart Lamp” application was written in the form of
a set of Finite-State-Grammar (FSG) rules. To identify errors and problematic
rules we tested and optimized the grammars on the adapted acoustic models to
ensure the best recognition performance. The optimization was mostly directed
to discover pronunciation variants and speech rate issues with compound words.
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We achieved best recognition performance in the case of reduced and LOGO
adapted models. However, to deliver a demonstrator that will be both, speaker
independent and robust against varying acoustic environments, we adapted the
reduced model exclusively on the Common Voice speech data and tested on the
HSB dataset. The increase in the error rate was not drastic and it is expected
that the model will perform reliably according to the quality of the audio signal.
The demonstrator was implemented and made accessible via a webpage, allowing
interested users to control a virtual smart lamp.

5 Upper Sorbian Speech Recognition

After successfully concluding the feasibility study, the cooperation progressed to
developing a Large Vocabulary Continuous Speech Recognition (LVCSR) appli-
cation in Upper Sorbian. We utilized conventional HMM/GMM systems, opti-
mizing each underlying model separately. This approach leveraged existing tech-
nology (dLabPro/UASR) and facilitated the development from mono-phone to
hybrid TDNN/HMM acoustic models, which are compatible with other Speech-
to-Text (STT) frameworks.

In the first phase, we used the collected data to perform acoustic training
based on Upper Sorbian’s native phoneme inventory, rather than relying on
models for other languages. Significant advancements were achieved in language
modeling by introducing word-class models as Finite-State Transducers (FST),
which could be incorporated into Context-Free Grammars (CFG) or Statistical
Language Models (SLM).

The second phase aimed to develop resources and tools for domain-specific
large vocabulary applications, with plans for future domain-independent use.

In the third phase, the focus shifted to improving and optimizing technologies
by collecting and organizing additional speech and language data. With the
newly collected resources, the corpus, along with augmented speech and text,
expanded to over 70 hours. This expanded corpus was used to train new, more
robust acoustic models with both the original and a reduced phoneme inventory.

5.1 Acoustic Modeling

Phase I. Firstly, to accurately capture the phonetic characteristics of Upper
Sorbian, pronunciation was modeled using the native phoneme set rather than
a subset of German phonemes.

We then utilized the German acoustic model adapted for Upper Sorbian from
the feasibility study, where the phoneme models were mapped to the native
phonemes. This adapted model was used to perform forced alignment of the
HSB corpus. As a result, the speech data was aligned with corresponding
native phoneme annotations, including precise timing information. This anno-
tated corpus was subsequently used to train a new acoustic model with the
dLabPro/UASR toolkit.
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Additionally, we introduced speaker-dependent adaptation to enhance the
model’s performance for individual speakers by fine-tuning it to their unique
speech patterns.

Finally, we evaluated and compared the speech recognition performance of
both speaker-independent and speaker-dependent acoustic models, observing sig-
nificant improvements with the speaker-dependent model.

Phase II. To advance from mono-phone based acoustic models to tri-phone
based models, it is crucial to collect more transcribed data of spontaneous speech
across diverse domains.

For the training of tri-phone acoustic models, we combined speech data from
three different sources: the Common Voice hsb-dataset (v5.1), data collected
during the feasibility study (HSB corpus), and new audio data provided within
this project (SCF corpus, Speech Corpus Film). The resulting corpus includes
106 speakers, 15,000 recordings, and a total duration of approximately 18 hours.

Clean speech recordings were augmented by introducing various types of
background noise at random levels, effectively doubling the amount of available
speech data for training. All speech data was augmented except for the Common
Voice dataset, which was reserved for evaluating recognition performance. With
augmentation, the total duration of the speech recordings increased to around
25 hours, comprising a total of 29,162 utterances.

We used the KALDI open-source STT toolkit [22] to train mono- and tri-
phone models with our custom “UPFA” (Universal Primary Feature Analysis)
features. Initially, the speech corpus, audio data, and transliterations were con-
verted into KALDI configuration data. Training was conducted for models with
varying numbers of states and senones.

The augmented speech corpus was divided into three datasets, ensuring that
no speaker appeared in both the training and test/dev sets simultaneously:

– train with 24052 recordings, including augmented ones,
– test with 3760, similar recording conditions (including augmented utter-

ances),
– dev with 1350, is the Common Voice dataset, representing real-use case.

The development set was used only for additional validation, due to the
Common Voice speech data nature - crowd-sourced from speakers with different
audio equipment, acoustic environments and compressed with the MP3 encoder.
We trained and evaluated different tri-phone models, that can be converted back
into the dLabPro/UASR format and used with our custom speech recognition
engine (recIKTS).

The lexicon and language models are created from the transliterations of
training, development, and the test set. The language model is a statistic 3-
gram model created with IRSTLM toolkit [10]. Therefore, the results illustrate
an ideal case, where the speech is matching the language model.

It is notable also, that the combined transliterations make a corpus of dif-
ferent domains, Common Voice, “Smart Lamp” and captions from movies and
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documentaries (Speech Corpus Film). This is not an optimal case, but it gives
the impression of the acoustic model quality and performance.

The achieved WER results showed that the tri-phone models have signifi-
cantly better performance (6.91% [6.10, 7.73] and 7.94% [7.08, 8.80]) than the
mono-phone model 10.40% [9.07, 11.72] on the validation set, the Common Voice
Data.

As a result, the acoustic modeling procedure employing tri-phones was estab-
lished and the trained models achieved a level of robustness ensuring speaker-
independent recognition in real and adverse conditions.

Phase III. The existing corpus was further expanded with newly provided
recordings and transliterations. All the original recordings were augmented, and
the resulting corpus duration reached over 70 hours.

In total 58,008 recordings were included in the train, development, and test
set:

– Training (131 speakers, 62.32 hours, 52895 recordings) including augmented
versions,

– Development corpus (cross-validation) (17 speakers, 2.28 hours) CV common
voice dataset v.5.1,

– Test (8 speakers, 6.63 hours).

Additionally, recordings collected from YouTube videos of Sunday church ser-
vices for domain-specific performance evaluation (unknown speakers, 3.3 hours).

Two phoneme inventories we employed for training of new acoustic models,
the default one as it was in the previous projects and reduced phoneme inventory
created by collapsing the vowels; /e/→/E/, /o/→/O/, /u/→/U/.

By collapsing similar phoneme variations into fewer categories, the model
becomes less complex and more efficient without sacrificing word recognition
accuracy.

The model with fewer phonemes (reduced inventory) achieved better results
(WER 3.48%) on the development dataset (the Common Voice corpus) not seen
in the training, indicating a more robust acoustic model on unseen data, while
the default one achieved better results (WER 1.66%) on the test data which is
similar with the training data. As in the previous phase, the language model
used for evaluation was created from the combined corpus of the train, develop-
ment and test sets, although the results are too optimistic, they indicate relative
performance improvements.

5.2 Lexicon Modeling

Lexical modeling was performed using previously established basic Grapheme-
to-Phoneme (G2P) rules, which were enhanced with an list of exception rules.
The lexicon for the given corpus was automatically generated and used for both
acoustic modeling and recognition.
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Phase I. At this stage, we received a manually created lexicon in Upper Sor-
bian containing around 4,000 words, which was used as training data for statis-
tical pronunciation modeling. The statistical modeling was conducted using the
Python wrapper9 for the grapheme-to-phoneme tool Phonetisaurus [21]. This
tool utilizes N-gram based translation models and is typically implemented as a
weighted finite state transducer (WFST).

Given the size of the training data, its suitability for reliable statistical
modeling with WFSTs was uncertain. We trained the model and performed
a basic comparative analysis of both rule-based and statistical G2P modeling
approaches. The resulting model can generate pronunciations for words unseen
in the training data, with the option to provide the N-best candidates.

We found out that around 25% of the automatically generated pronunciations
using the rule based G2P mappings are matching the ones manually created
by a phonetician. The differences are mostly due to the incompatible phoneme
inventories (Table 1).

Table 1. Phonetician vs. knowledge-based G2P.

Word IPA SAMPA UASR-HSB Match

ŠOŁ /Soh/ S o h S o No
ZAWRJENKA /zaurENka/ z a u r E n k a z a u r E n k a Yes
BĚHANIŠĆO /bejaniStSO/ b e i a n i S tS O b ji h a n i S tS O No
NAHNIĆ /naniÙ/ n a n i tS n a n i tS Yes
NAHRABAĆ /narabatS/ n a r a b a tS n a r a b a tS Yes

Phase II. The exception rules are further enhanced by defining some of them
as mandatory or optional. The mandatory rules are always applied and replace
the pronunciations generated by simple grapheme-to-phoneme mappings (canon-
ical), while the optional rules add pronunciation variants to the lexicon.

The generator script is further improved to include handcrafted lexicons.
Words with existing pronunciations are not processed further and are simply
added to the resulting lexicon.

This approach allows for the handling of words with foreign origins, includ-
ing German words and proper names that can often be declined according to
Upper Sorbian grammatical cases. For instance, “Sam běch na tekst storčił, jako
mějach nadawk, Försterowu knihu ...,” where the proper name “Förstero + wu”
is declined.

Therefore, foreign language graphemes were integrated into the grapheme
inventory (such as ‘ä’, ‘ö’, ‘ü’, ‘ñ’, etc.), and suitable phonemes from the previ-
ously defined phoneme inventory were assigned.

Phase III. To further enhance the lexicon modeling, we investigated the fol-
lowing aspects:
9 https://github.com/rhasspy/phonetisaurus-pypi.

https://github.com/rhasspy/phonetisaurus-pypi
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Redefinition of Symbols. We redefined symbols in the inventory, particularly the
phonemes “jn” and “ji”, after comparing them with the pronunciation dictionary
used for Upper Sorbian language synthesis.

Comparative Evaluation. We assessed the models for the sounds “e”, “o”, and
“jn”, and, if necessary, integrated them into existing models as “E”, “O”, and “n”.

Phoneme Inventory Reduction. After comparative evaluation of the phoneme
inventory, we determined that the position of articulation (open, closed) for
some vowels does not significantly impact speech recognition as it does in speech
synthesis. Therefore, we reduced the default phoneme inventory by mapping
vowels as follows: /e/→/E/, /o/→/O/, and /u/→/U/. Significant modifications
to the phoneme inventory were not considered in relation to the “MARY-TTS-
HSB” project, as its objectives differ substantially.

Listeners of Upper Sorbian can easily detect minor mispronunciations in a
Text-To-Speech (TTS) system. However, in speech recognition, these nuances
are less frequent and statistically less significant for acoustic modeling. The pro-
nunciations from the “MARY-TTS-HSB” project were qualitatively compared
with those automatically generated using the “default” phoneme inventory. It
was concluded that, overall, there are no major differences in pronunciation for
the Speech-to-Text (STT) task.

5.3 Language Modeling

Speech recognition for highly inflected languages (such as Upper Sorbian) poses
challenges for language modeling due to the many word forms that must be
included in the vocabulary.

We investigated and developed tools and procedures for text processing and
normalization, word-class modeling with recognition of named entities (NER),
and tokenization in sub-word units (e.g., morphemes).

Phase I. The concept of CFG grammars used in the “Smart Lamp” demonstra-
tor were extended to be used in modeling of statistical language models with
word classes.

Combining CFG grammars with SLMs allow significantly more freedom in
expression. Terms like numbers, time, date, places, proper nouns were specified
with rule-based grammars for each word class. These and other word classes can
be integrated into CFG grammars as well as in a statistical language models. We
give an overview of the word-class modeling, the detailed description is given in
[17].

We developed CFG grammars as extended weighted finite-state-transducers
(FST) [8] that convert Upper Sorbian number, time, date, currency and percent-
ages expressions into a proper numerical representation.

Each edge of an FST takes a sub-string of an expression as input and converts
it into an arithmetical operation consisting only of addition and multiplication
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operators. The FSTs can be also nested, incorporating smaller ones that repre-
sent more elementary expressions.

The advantage of using FST based grammars is that they can be seamlessly
used for word-class modeling by including them in FST decoding graph, and at
same time, as grammars to parse textual content and perform Named Entity
Recognition (NER).

The parser is enhanced with regex rules that match the cardinal and ordinal
numbers, time, date, percentage and currency.

Numbers. We developed a basic numeral grammar noted as NUM1-9 in the
OpenFst-TextFile Format, consisting of the cardinal numerals from 1 to 9. The
basic grammar is incorporated to construct the grammar NUM1-99. Smaller
grammars are combined to recursively construct larger ones like NUM1-99,
NUM1-999, NUM1-10ˆ6, and so on.

Time of Day. These grammars convert time of day expressions into a numerical
representation of the time. We do not use the classical hh : mm format but
rather the count of minutes after midnight.

Fig. 1. Sorbian hour time modifiers. Note: NUMz-y represents a sub-grammar FST for
the numerals from z to y.

We are considering two different types of time expressions. One that covers
the accurate digital expressions that can be simply modeled out of a numeral
between 0−23 as the hour count, a numeral between 0−59 as the minute count
and “hodźin” as a connection word between the hour and minute count. The
second type covers the more common - but complicated - everyday expressions
like “tři štwórć na pjećich” (corresponding to “quarter to five”) (Fig. 1).

Date. For the date grammars, we again decided to represent the numerical mean-
ing in a single number - the day count after New Year’s Eve and mostly use
negative numbers. Since there are leap years, the day count after New Year’s
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Eve is indefinite for any date from March to December. However, the day count
till New Year’s Eve is definite, so we use negative counts for March till Decem-
ber but positive counts for January and February. So, the output is always a
number between −305 and 60. Moreover, we built two different date grammars
for nominative and genitive case. Both cases are needed for some significant
wordings.

The date grammars are built out of an ordinal number representing the day
and a name for the month. We included 3 different names for each month: A
numerical name as the ordinal number of the month, a Gregorian name and
an older traditional name. In the FST model we combine the month names
with the ordinal number grammars ORD1-29, ORD1-30, ORD1-31 or ORD1-
31f, depending on the length and gender of the month (name).

Phase II. The size of a vocabulary is a problem for the language modeling,
particularly in very inflected languages, the size of the lexicon could reach several
million word-forms. Then the rate of out-of-vocabulary (OOV) words is very high
which makes reliable recognition not feasible.

One of the solutions is to use sub-word modeling, where the words are broken
down to smaller units (tokens), effectively reducing the size of the vocabulary.
There are many approaches that are used for tokenization words in NLP system
and as pre-processing stage for training of Large Language Models (LLMs) and
here we employed the Byte-Pair-Encoding (BPE) and the Morfessor algorithms.

Text Corpus Processing. We developed procedures to process and normalize elec-
tronic language resources provided in various formats. These procedures orga-
nize, import, and convert the resources into suitable formats. They also pre-
process and normalize the data, preparing it for subsequent processing stages
and ultimately for language modeling.

For normalization the following workflow is developed:

– Import, processing, and normalization of text in different formats (such as,
doc, pdf, html, xml).

– Normalization of abbreviations, replacement with tags or spoken words,
removing redundant punctuation and special characters.

– Named Entities Recognition (NER) from defined word classes (names, time,
date, numbers, locations), substitution of word classes in the normalized cor-
pus and creation of corresponding FST grammars.

– Segmentation of words into tokens (e.g., morphological units) by an automatic
parser and checking of the segmentation based on the pronunciation of the
words and units.

– Generation of a vocabulary and a lexicon for the sub-word units.

Performance Evaluation. We evaluated the performance of the language mod-
els over text data of the domain of interest - transcriptions of the Sunday’s
divine services in the Parish Church in Chrósćicy (Crostwitz), Saxony. Addi-
tional textual resources collected from different sources were used for training
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(unsupervised and supervised) of the BPE and Morfessor tokenizer models. The
chosen metric for evaluation are the relative differences in the corpus size increase
(less is better), unique token decrease (more is better) and average token length
decrease (less is better).

The N-gram language models are trained on the 95% of the randomly shuffled
sentences and we calculate the perplexity.

The perplexity was used as the criteria to choose the parameters for the
LM model and the tokenization approach, after that all the available textual
data was used to train the final language model and build the recognizer engine
configuration.

Phase III. This phase targets the creation of domain-specific language mod-
els based on the already collected and normalized texts, with additional new
domain-specific texts and their normalization and integration. Possible improve-
ments were also investigated in the already adopted approach that uses tokenized
morphological units, also considering other natural language processing (NLP)
tokenization algorithms.

The application domain was narrowed to closed captioning of audio record-
ings of church services (“Boža mša z Chrósćic”) with possible use in live broad-
casting and offline transcriptions to provide compatible subtitles for YouTube.
Live broadcasting is challenging due to the adverse acoustic environment. In this
case, there are also periods of non-speech events, such as organ music and choir
performing. Additionally, the textual data from the domain is still scarce, albeit
most of the speech is related to the religious texts, there are somewhere future
events that are announced and they contain proper names of persons, locations,
time, and date expressions. The domain-specific corpus contains verified and
normalized transcripts of the recorded church services collected over a longer
period.

The amount of in-domain text is still very small, therefore, the source corpus
contains also out-of-domain texts. However, sub-word modeling ensures unseen
word contexts are to some extent covered.

It is important to emphasize that the main issue is still non-matching corpus
with unseen recordings. The solution is continuous improvement of the language
models by transcribing as many as possible broadcasts. We increased the amount
of texts by randomly swapping word places in sentences in two iterations with a
ratio of 1:2 between the original and the augmented texts. The final 4-gram lan-
guage model was created by interpolating the models different domain previously
processed into sub-words with the Wordpiece tokenizer.

While testing the recognition on new unseen recordings, it was noticeable that
the acoustic conditions differ significantly compared to the original recordings.
The new unseen recordings have a much higher level of reverberation (echo). This
renders the recognition unfeasible for live transcriptions, even offline captioning
is difficult due to the poor recognition performance. Therefore the corpus was
augmented with echoic recordings simulation the room impulse response. The
“Room” dimensions and the absorption characterization were given as much as
similar to the location where the recordings are actually taken.
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The procedure was successfully applied for rapid transcription of the church
services and closed-captioning of the Youtube broadcasts. In general, when the
sub-word contexts are seen in the training data, the recognition is robust accu-
rate, and practically usable.

5.4 Speech Recognition Engine

Fraunhofer IKTS has developed proprietary software for speech and signal recog-
nition (recIKTS), designed to offer a broader range of features compared to freely
available alternatives, with the added benefit of potential commercial applica-
tions. Written in C and C++, the software is available as both a stand-alone
application and a library. It is compatible with various architectures and operat-
ing environments, including Win-32/64, Linux-i386/amd64/arm64, and is opti-
mized for signal processors.

This software handles the entire pipeline, from audio input to feature extrac-
tion, I-vector calculation, acoustic model computation, and decoding. A key
focus of the implementation is resource efficiency. While speech recognition is
a primary use case, the software is versatile enough to recognize technical and
biological signals as well.

For feature extraction, the software supports classic MFCC features, includ-
ing LDA feature transformation, which are compatible with Kaldi’s MFCC fea-
tures. Alternatively, it offers customizable Fourier, wavelet, or cepstrum trans-
formations for technical signals, which can be paired with a configurable filter
bank and principal component analysis. I-vector calculations for TDNN models
are also supported and can be performed in real-time during signal input.

The acoustic models used in the software are trained externally and imported
into the IKTS recognizer. The software supports TDNN and HMM models from
Kaldi for mono-, bi-, and tri-phones, as well as UASR HMM mono-phone models.

Unlike Kaldi, the language model in this software offers greater flexibility.
It supports statistical language models in ARPA format, predefined CFG gram-
mars, or precompiled automata in OpenFST format. The language model can
also incorporate word classes, which can be defined as word lists, grammars, or
OpenFST automata. Sub-word modeling is also supported, allowing the language
model to include sub-word units or morphemes that are reassembled during post-
processing.

The core component of the speech recognition engine is its highly optimized
decoder, which has been engineered for maximum resource efficiency. It is built
on an efficient FST implementation and features a custom variant of the token-
passing algorithm [9]. This decoder supports live detection for recordings of
any length, with recognition results provided in real-time. The software uses an
iterative backtracking algorithm to refine these results.

In addition to recognition capabilities, the software includes speech pause
detection. For this purpose, it integrates the GMM-based VAD from the open-
source WebRTC project. A dedicated state machine manages trigger offsets and
minimum activation and deactivation times.
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6 Conclusion

We presented the development of speech technologies for Upper Sorbian, focus-
ing on speech recognition in collaboration with the Foundation for the Sorbian
People.

The development process was structured around the core components of a
traditional speech recognition system: acoustic, lexicon, and language model-
ing. The project was executed in three phases, each corresponding to short-
term objectives. These efforts significantly contributed to the preservation of
the Upper Sorbian language by creating valuable tools, electronic language and
speech resources.

The speech corpus was expanded significantly from its initial size, which com-
prised a relatively small number of sentences collected in controlled recording
sessions. This expansion involved adding more transcribed and aligned speech
from various sources, including recordings, movies, and documentaries, culmi-
nating in over seventy hours of augmented data. The resulting corpus and the
associated experiences are valuable assets for research in linguistics and phonet-
ics, as well as for various speech applications.

Our collaboration with the Foundation’s representatives during the develop-
ment of the lexicon, word-class, and language models was instrumental. This
partnership led to the discovery of lesser-studied language features and raised
new scientific questions. For example, we conducted a data-driven study on the
occurrence of glottal stops before word-initial vowels in Upper Sorbian, examin-
ing the effects of speaker demographics (males, females, and children) and vowel
types [15].

The corpus and lexicon provided a foundation for the continuous develop-
ment and training of mono-, bi-, and tri-phone GMM/HMM, and TDNN/HMM
acoustic models, achieving robust and reliable recognition performance.

The availability of these core components, combined with domain-specific lan-
guage modeling, paves the way for numerous applications of speech recognition.
These include new speech data collection, transcription of spoken documents for
preservation, human-machine interaction, accessibility tools for disabled individ-
uals, education, and language learning.

In a practical application, we configured and utilized the speech recognizer to
transcribe divine church service broadcasts, a challenging task due to the acoustic
environment and limited textual data. This procedure significantly accelerated
the creation, editing, and publishing of transcripts.

Recent technological advances in speech technology cannot be overlooked.
We are actively working on new developments and creating synergies between
the latest state-of-the-art STT systems and the resources we have developed.
These efforts aim to further improve and popularize speech technologies in Upper
Sorbian, contributing to the preservation of both the language and its cultural
heritage.
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Abstract. Speech technologies such as text-to-speech (TTS) and speech-to-text
(STT) are becoming increasingly applicable. Significant improvements in their
quality are driven by advancements in deep machine learning. The ability of
devices to deeply understand human speech and generate appropriate responses
is a hallmark of AI capabilities. Developing speech technology requires exten-
sive speech and language resources, which is why many languages with smaller
speaker bases lag behind widely spoken languages in the development of speech
technologys. Prior to the deep learning (DL) paradigm, hidden Markov models
(HMM) and probabilistic approaches dominated speech technology development.
This paper reviews the challenges and solutions in TTS and STT development for
Serbian, highlighting the transition from HMM to DL. It also explores the future
prospects of speech technology development for under-resourced languages and
its role in preserving these languages.
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1 Introduction

The development of speech technology, encompassing both text-to-speech (TTS) and
speech-to-text (STT) systems, has revolutionized human-computer interaction and sig-
nificantly impacted numerous fields, including accessibility, communication, and artifi-
cial intelligence. While the initial research focus was to address fundamental challenges
in signal processing and language modeling, the last few decades have seen remarkable
improvements, driven primarily by the emergence of machine learning algorithms and
the vast availability of training data. With the advent of statistical methods and, more
recently, deep learning (DL) techniques, modern TTS and STT systems have become
more robust, adaptive, and capable of learning from large-scale datasets. These systems
are now ubiquitous, powering virtual assistants, voice chatbots, transcription services,
and accessibility tools that have become integral to everyday life [1].
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24 M. Sečujski et al.

The paper explores the historical evolution of speech technology, outlining the
key milestones, technical challenges and innovations, with particular focus on under-
resourced languages [2]. Namely, while both technologies have made significant strides
in dominant languages like English, their application to under-resourced languages has
historically lagged. Under-resourced languages often lack large-scale linguistic datasets,
making the development of high-quality TTS and STT systems for these languages par-
ticularly challenging. The authors of the paper are members of a research team behind
the development of first fully functional and commercially widely applied TTS and
STT systems for Serbian and several other South Slavic languages, and besides giving
a general historical review of speech technology, the authors will focus on the issues
and challenges they have encountered in the development of speech technology for
under-resourced languages.

The remainder of the paper is structured as follows. In Sect. 2 we will present a
historical overview of speech technology, with emphasis on their language-dependent
elements. Section 3 will focus on particular challenges encountered in the development
of speech technology for Serbian and other kindred languages. Section 4 focuses on the
issues related to under-resourced languages, and Sect. 5 will conclude the paper.

2 Evolution of Speech Technology

Technological advances in the field of artificial intelligence and machine learning have
been followed by our perpetually changing perspective on speech technology. In their
beginnings, both speech recognition and synthesis have been viewed as typical signal
processing areas and focused on topics such as speech coding [1]. The development
of first commercial TTS or STT systems required specialized knowledge of linguis-
tics, turning speech technology into a prime example of interdisciplinary knowledge
area, where the tasks of conversion of text into speech or vice versa are decomposed
into smaller subtasks corresponding to different tasks in human speech recognition and
production, requiring different knowledge and relying on different types of speech and
language resources (speech corpora, text corpora, lexicons, rule lists, statistical models).
However, the recent developments in artificial intelligence and machine learning have
shifted the focus towards deep learning systems using sophisticated neural network archi-
tectures whose components exhibit little correspondence with particular human speech
production or recognition tasks. As a result, both TTS ans STT are now viewed as typical
instances of machine learning problems, whose success is due to the ability of neural
networks to model the complexity of human language, learn from vast amounts of data,
and generalize to unseen speech or text inputs. One of the most important advantage of
this shift in perspective is the possibility of using transfer learning, which allows pre-
trained models (typically trained on a large, resource-rich dataset in a major language)
to be fine-tuned to new, often low-resource languages. This approach reduces the need
for massive amounts of labelled data, which is often unavailable for under-resourced
languages [2 – 4].
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2.1 Text-To-Speech Synthesis

The history of text-to-speech (TTS) technology spans several decades, evolving from
earlymechanical devices to today’s sophisticated systems based on artificial intelligence.
The first known speech synthesizer, VODER, was developed by Homer Dudley at Bell
Labs in 1939 [5]. It could produce basic speech sounds using a keyboard but required
manual operation. In 1961 IBM created the IBM 704, one of the earliest examples of
computer-generated speech, which used formant synthesis to emulate human vocal tract
shapes. The first full TTS system for English was introduced in 1968 by Teranishi and
Umeda [6]. In the 1980s, digital signal processing advanced TTS with the development
of DECtalk, relying on a source-filter algorithm [7], which provided a more natural-
sounding synthesized voice.

The most common feature of the first commercial text-to-speech systems, able to
convert any text in a given language (in this case English) into speech, was their internal
structure, which was divided into parts charged with language processing (referred to as
front end) and signal processing (referred to as back end) [8]. Until quite recently, this
division, shown in Fig. 1, has represented the joint feature of all practically applicable
text-to-speech architectures.

Front end Back end
TEXT WAVEFORM

Internal 
representaƟon

house
h a ʊ s

105 90 68 103

f0
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Fig. 1. Internal structure of a classical TTS system.

Front End. The front end firstly converts raw text containing symbols such as numbers
and abbreviations into their orthographic equivalents, which is often referred to as text
pre-processing or text normalization. The front end then assigns phonetic transcriptions
to each word, which is referred to as text-to-phoneme or grapheme-to-phoneme conver-
sion. The text is then segmented out into prosodic units such as phrases and sentences.
The output of the front end is the linguistic representation of the input text, including its
phonetic transcription and prosodic information. The back end, also referred to as the
synthesis module, subsequently converts the linguistic representation from its symbolic
form into sound. In most TTS systems this task, which is practically language indepen-
dent, includes the computation of the desired prosody features (phone durations, pitch
contour), which are subsequently imposed on output speech waveforms [9].

Humans are able to perform tasks related to text normalization, grapheme-to-
phoneme conversion and prosody generation automatically, owing to inference capa-
bilities of their brains. In doing so, humans unconsciously exploit their entire linguistic
competence, which is most notable in the task of prosody generation. Namely, although
prosody is predominantly affected by lexis and syntax, it also appeals to higher levels of
linguistic competence of the reader, including semantics and pragmatics. In machines,
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the modules for prosody generation are unavoidably simplistic, and are usually fur-
ther segmented into morphological analysis, contextual analysis and syntactic-prosodic
parsing. For most languages, the morphological analyzer proposes all possible part-of-
speech (POS) categories for each word, the contextual analyzer considers each word in
its context and reduces the list of its possible POS categories to a very small number of
highly probable hypotheses, while the syntactic-prosodic parser examines the remaining
search space relating it to the expected prosodic realization [8]. All front-end tasks are
heavily language dependent, which means that a front end for each new language had
to be developed anew. Modules for all these tasks could be implemented as either rule
based or based on some form of machine learning, but in either case, they required the
existence of a speech or language resourcewhose creation typically required a significant
effort of experts (e.g. rule sets or labelled text or speech data). The advent of machine
learning and neural networks has introduced many changes into this paradigm. Initially,
neural networks were used as the method of choice for particular front-end tasks, most
notably grapheme-to-phoneme conversion [10, 11]. They have achieved notable results
in prosody generation from linguistic cues identified by the front end [12], and the recent
advances in end-to-end TTS are aimed at completely eliminating the need for the front
end as a separate module in a TTS pipeline.

BackEnd. The back end, also referred to as the synthesis module, converts the linguistic
representation from its symbolic form into sound. The widespread usage of the TTS
technology came with the introduction of concatenative synthesizers, with the idea of
producing speech by concatenation of prerecorded speech segments. While some of the
early systems used a fixed-size unit inventory for synthesis [13, 14], a true improvement
in speech quality came with dynamic unit selection from large speech databases [15].
Although this approach, assuming a very large speech database is available, produces
high-quality speech, there are still audible glitches at the concatenation points if the
appropriate units cannot be found in the database. Furthermore, this approach is also
extremely inflexible in terms of changing the speaking style or the voice of the speaker,
which can be done only by recording and annotating a new speech database.

With the increasing popularity and demand for TTS, the demand has also grown for
algorithms able to produce different voices and speaking styles from small data samples.
The turn of the century saw the advent of statistical parametric speech synthesis, based on
modelling the spectrum, fundamental frequency, and duration of speech by multispace
probability distribution hidden Markov models (HMM) and multidimensional Gaussian
distributions [16]. This approach enables the transformation of a speaker-independent
system toward a target speaker using very small samples of speech data [17], creating
expressive voices [18], as well as multilingual voices [19]. However, this method never
achieved the naturalness of concatenative TTS, principally due to smoothness caused
by modelling similar contexts with the same Gaussian mixtures, but also to the use of
inferior vocoders, i.e. systems that produce speech waveforms from predicted acoustic
features. A detailed review of HMM-based TTS can be found in [20]. Some approaches
have combined parametric synthesis with unit selection, which is referred to as hybrid
synthesis. The most common hybrid systems in general use parametric based models to
drive unit selection [21, 22].
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Some of the first attempts to use neural networks for TTS are reported in [23].
However, this approach has since gained popularity and eventually taken precedence
over other approaches, mostly owing to recent development of computer hardware,
particularly graphical processing units (GPUs). Deep neural networks (DNN) replaced
decision trees and Gaussian mixture models in non-linear mapping of linguistic features
to acoustic features [24]. They also represent a form of parametric synthesis, in that a
model is used and trained on a large dataset, inferring values of parameters that will be
used to synthesize speech at runtime. Intelligible and natural sounding synthetic speech
could be produced even by relatively simple feedforward neural networks, and further
improvements were achieved by using long short-term memory (LSTM) neurons [25],
generative adversarial networks [26] and stacked bottleneck features [27].

AdvancedTTSFeatures andApproaches. Deep neural networks have also introduced
advanced possibilities such as flexible synthesis in different voices and speaking styles.
Most methods for creating new voices using limited amounts of training data are based
on multispeaker models, requiring a large database consisting of multiple speakers, with
each speaker usually represented with less data than in case of single-speaker models
[28]. In such models the variety of contextual information and better network general-
ization usually yield higher TTS quality. Different modalities for speaker representation
have been used, including unique speaker vectors [29, 30] as well as the division of the
neural network into parts shared across all speakers and speaker-specific parts [31].

The ability of a TTS to convey different emotional states or styles is a necessity for
many applications, since it has been shown that emotion, mood, and sentiment affect
attention, memory, performance, judgment, and decision-making in humans [32]. Ini-
tial approaches to emotional speech synthesis were focused on statistical modelling of
speech parameters with HMMs [33, 34] and Gaussian mixture models [35], while more
recent advances exploit deep neural networks [36, 37] and deep bi-directional LSTM
(DBLSTM) [38, 39]. Further improvement in performance has been achieved with end-
to-end neural network architectures [40, 41], while some of the most recent advances
include synthesis of mixed emotions [42].

A significant advance in the quality ofDNNTTScamewith theWaveNet architecture
[43], able to directly predict raw audio samples instead of using a vocoder, relying on
predictive distributions dependent on previous audio samples. Conditioned on linguistic
features derived from text and speaker identity, it significantly outperforms all other
TTS systems, and its drawbacks related to extreme computational complexity were
somewhat mitigated by the introduction of approaches such as Parallel WaveNet [44]. A
similar model called DeepVoice [45], was based on replacing all parts of TTS pipeline
by corresponding independently trained DNNs, but this resulted in a cumulative error
in synthesized speech in the end.

As opposed to WaveNet and DeepVoice, which still use some form of front end and
generate speech based on lexical features, there are systems which use raw orthographic
text as input, such as Tacotron [46], Tacotron 2 [47], and Deep Voice 3 [48]. Tacotron
outputs spectrograms that are transformed to speech samples using the Griffin-Lim algo-
rithm, which also introduces artifacts in generated speech. On the other hand, Tacotron
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2 system-generated spectrograms are used for conditioning standard WaveNet architec-
ture, which generates speech samples. DeepVoice 3 can output spectrograms or other
features which can be used as input to some waveform synthesis models.

Adaptation to new speakers has also been investigated in end-to-end systems [49, 50]
as well as synthesis in different styles [40, 51]. Tacotron 2 offers high speech quality but
can be slow and prone to issues like word skipping. FastSpeech [52] improves on this by
using a Transformer network for faster, parallel mel-spectrogram generation, reducing
word skipping and allowing smoother voice speed control. While FastSpeech relies
on a complex teacher-student distillation process and suffers from inaccurate duration
predictions and information loss, FastSpeech 2 [53] addresses these issues by training
directly with ground-truth data and incorporating additional speech variations like pitch
and energy, improving training speed and voice quality.

End-to-end systems,while eliminating the need for detailed labeling (such as prosody
annotation), require vast amounts of data, which must typically be of high quality and
often from the same speaker to achieve high-quality TTS. However, even in these con-
ditions, such systems can struggle with certain aspects. One significant drawback is the
lack of control over specific language-dependent features [54] or the exact output, which
can lead to unwanted artifacts or distortions known as hallucinations.

One of the advanced approaches for TTS is VALL-E [55], a neural codec language
model. Unlike previous methods, which treat TTS as continuous signal regression,
VALL-E frames it as a conditional languagemodeling task.By treatingTTSas a sequence
generation problem, VALL-E leverages discrete neural audio codecs and a GPT-3-like
architecture for its robust performance. Owing to in-context learning, it can synthesize
high-quality, personalized speech from just a 3-s speech sample. VALL-E outperforms
existing zero-shot TTS in naturalness and speaker similarity.

Extensions include VALL-E-X for cross-lingual zero-shot TTS [56], and VALL-E-R
[57], which enhances speech generation robustness with phonememonotonic alignment.
VALL-E 2 further improves performance with repetition-aware sampling and grouped
code modeling, achieving human-level parity on LibriSpeech and VCTK datasets.
MELLE [58], another approach, generates mel-spectrograms directly from text, bypass-
ing vector quantization. VALL-E offers superior zero-shot TTS performance, speaker
adaptation, and control over diverse speech attributes but comes at the cost of higher
computational requirements.

Another advanced TTS system is YourTTS [59], a multilingual zero-shot end-to-
end TTS. Built on the VITS framework, it allows for accent and style transfer, which
means it can synthesize speech with the style of a specific speaker, even in a different
language. Its zero-shot learning feature enables it to mimic new voices based on short
audio samples. It is usually trained on a large multilingual dataset for multiple speakers
and uses neural waveform generation methods such as HFG [60] or WaveGlow [61].

While YourTTS offers broad multilingual capabilities and zero-shot learning for
new speakers, VALL-E focuses on high-fidelity voice cloning and adaptation to specific
voices. YourTTS ismore versatile across languages and accents, whereasVALL-E excels
in replicating individual voices with high accuracy.

Whilemany zero-shotmulti-speakerTTS systems, likeYourTTSandVALL-E-X, are
limited to several high-resource languages, the XTTS system addresses this limitation
by enabling multilingual training and improving voice cloning [62]. Building on the
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Tortoise model, XTTS introduces novel modifications for faster training and inference,
and it has been trained in 16 languages, achieving state-of-the-art results inmost of them.
This advancement significantly broadens the applicability of zero-shot TTS to include
low and medium resource languages.

The development of Serbian TTS has kept pace with advancements in modern tech-
nology, ensuring that its quality level has always been on par with TTS systems for global
languages. As early as, in the 2000s, the first Serbian concatenative TTS was developed
at the Faculty of Technical Sciences in Novi Sad [63]. Within the collaboration with
the company AlfaNum, founded in 2003, the system was continuously improved and
initially applied as a screen reader for the visually impaired. The first HMM-based TTS
for Serbian was created in 2012 [64], but its quality was not sufficient to replace the
already high-quality concatenative TTS for practical applications. However, in 2017 a
DNN-based TTS for Serbian was developed [65], which soon surpassed the quality of
concatenative TTS, while also enabling flexibility in multi-speaker synthesis [66]. A
further step, achieving synthesis quality nearly indistinguishable from human speech,
was made possible with the use of HFG-based vocoders [67]. Today, work continues on
further improvements, heading towards end-to-end systems [45].

2.2 Speech-To-Text (Speech Recognition)

The first electrical STT systems, developed in the 1950s and 1960s exploited formant
energies to recognize isolated phonemes, syllables and digits [68, 69]. The common
approach for the first generation of STT systems exploited knowledge of articulatory
and acoustical phonetics.

One of the main issues in these first systems were the variations in the duration of the
same acoustic unit, which was overcome in the 1970s with the introduction of dynamic
programming [70, 71]. Another advance was that instead of formants, linear predictive
coefficients (LPCs) were introduced [72], under the assumption that the vocal tract can
be modeled as an all-pole system, which yielded a more precise acoustic representation
as in this way the entire spectrum envelope was taken into consideration.

The development of digital electronics in the 1970s and the 1980s shifted the focus
towards more complex STT tasks – STT systems were required to recognize entire
sentences with vocabularies containing hundreds of different words [73, 74]. The task
was split into 3 layers – acoustic, lexicon and grammar/language layer. The acoustic
layer connected acoustic representations of phonemes with the phonemes or simpler
recognition units. The lexicon layer connected these acoustic units with the words, and
grammar/language layer defined possible sequences of words to reduce the complexity
of the search space. At the same time, acoustical modelling began to be treated as a
problem of sequence decoding in noisy telecommunication channels [75].

This statistical approach based on hiddenMarkov models (HMMs) [76–78], was the
most prevalent approach for acoustic modeling until the early 2010s and the emergence
of deep learning. HMM in combination with a Gaussian mixture model (GMM) was
an effective way to model time (HMM) and acoustic (GMM) variability of phonemes.
To model coarticulation, a context dependent phoneme (i.e. triphone) became a basic
modeling unit [79], with triphones spanning 3 HMM states. As increasing the number
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of models with a fixed amount of available training data reduces the amount of data
for the training of each model, different state tying procedures were proposed [80]. To
increase the robustness to noise new features based on human perceptual model were
introduced, such as mel-frequency cepstral coefficients (MFCCs) [81] and perceptual
linear predictive coefficients (PLP) [82]. Since HMM in combination with GMM is a
generative model, in order to reduce in-class variability different normalization methods
were introduced. Various cepstral mean and variance normalization techniques were
introduced to reduce the channel variability in case of MFCC [83–85] and PLP [86].
One of the reasons for the longevity of HMM-GMM is the efficient introduction of
discriminative training criteria in model training (maximum mutual information [87,
88], minimum classification error [89] and minimum phoneme error [90]). However,
discriminative models gain accuracy if the number of observations per parameter is
sufficiently large [91, 92].

The knowledge of the relationships between words and their phonetic transcriptions
is typically stored in lexicons, which are usually created manually. Initial language
models represented manually created graphs allowing limited numbers of possible word
sequences. As the number of possible words rises, it becomes impractical to create
such models manually and statistical n-gram models were introduced [93, 94]. N-gram
models calculate scores proportional to the probabilities of n-word-long sequences based
on texts from newspapers, books and other documents rather than spontaneous language.
Different methods have been applied to achieve n-gram smoothing [95, 96].

Recent years brought a significant shift in paradigm – statistical based systems have
been replaced with systems based on artificial neural networks, or more precisely, deep
neural networks (DNN). Although there were successful experiments with STT based
on neural networks in the 1980s and the 1990s [97, 98], their low speed was a signifi-
cant problem. The first paper reporting comparable performance between neural network
based STT systems and conventional oneswas [99], and 3 years later DNNwere reported
to outperform state-of-the-art HMM-GMM systems by a wide margin [100]. A big step
towards end-to-end models was made by introducing connectionist temporal classifi-
cation (CTC), which allows DNN training for a sequence labelling task with unknown
input-output alignment [101]. Several years later, end-to-end recurrent neural network
(RNN) with beam search reached the performance of benchmark systems [102], elim-
inating much of the complex infrastructure of modern STT systems. State-of-the-art
systems of today are based on transformers [103, 104]. The introduction of transformers
trained in a semi-supervised manner has overcome problems related to training STT
models for low-resource languages [105].

Although self-supervised models such as wav2vec [106] or wav2vec-S [105] can
learn speech representations, they require adaptation for specific tasks such as STT. On
the other hand, OpenAI Whisper [107] demonstrated the ability to perform STT (and
tasks such as language recognition or translation) without additional fine-tuning, but
with a requirement for 680,000 h of multilingual data. Whisper supports 99 languages,
but with a huge disproportion in the amount of data for each language (65% of training
data is English), which is reflected in higher WER for low-resource languages. Initial
efforts in fine-tuning Whisper to Serbian, based on large existing datasets for Serbian
and Croatian [108], are described in the following chapter.
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3 Implementation Challenges and First Applications in Serbian

In its treatment of the issue of under-resourced languages in the development of speech
technology, the paper focuses specifically on Serbian and related South Slavic languages.
The early development has been driven by a collaborative research effort between the
Faculty of Technical Sciences in Novi Sad, Serbia, and the company AlfaNum. As the
only team consistently working on speech technology in the region, they had to create
the first speech and language resources for several South Slavic languages, develop tools
for speech annotation, design application programming interfaces (APIs), and provide
support for various operating systems and platforms.

AlfaNum TTS [109] is a leading text-to-speech synthesis system that offers versions
in Serbian, Croatian, Bosnian, and Montenegrin, incorporating natural intonation ele-
ments. The system delivers near-human voice quality through built-in intonation and
accentuation features, significantly enhancing the naturalness of the generated speech.
Additionally, it allows for adaptation to a specific speaker’s voice with minimal speech
data and can generate expressive speech for various applications.

AlfaNum STT [110] is an advanced continuous speech recognition system designed
for Serbian, Bosnian, Croatian, and Montenegrin. Specialized language and acoustic
models are employed as part of leading regional cloud-based and on-premise automatic
speech recognition solutions, including commercial applications for medical and legal
dictation, as well as voice assistant mobile applications.

As will be presented in more detail in the following sections, a wide range of appli-
cations of AlfaNum’s speech technologies – both TTS and STT – have already been
developed and deployed in Serbia or elsewhere in the region (Fig. 2).

3.1 TTS Applications

The first TTS application developed usingAlfaNumTTS for people with disabilities was
anReader, developed for the visually impaired [111], enabling them to use computers
and smartphones equipped with screen readers such as JAWS or NVDA. To facilitate
the use of anReader, it was necessary to develop a speech API. AnReader is officially
recognized as an assistive tool for the visually impaired in Serbia, but its use has extended
throughout the western Balkans.

AlfaNum TTS aids individuals with dyslexia by enhancing their reading speed and
supports those with congenital or acquired speech disorders. Individuals with speech
impairments can type their intended messages, which TTS can then vocalize. Owing to
voice conversion, laryngectomized users can use speech synthesizers to replicate their
own voices using only several minutes of their earlier speech recordings.

Augmentative alternative communication (AAC) aids support those with limitations
in producing or comprehending spoken or written language, including conditions such
as cerebral palsy, autism, and intellectual disability. AAC devices range from simple
aids, such as picture boards for requesting food or assistance, to sophisticated speech-
generating devices. A notable multilingual AAC application, cBoard, employs AlfaNum
TTS for several South Slavic languages.

The most basic commercial applications of AlfaNum TTS are used for voice
announcements in public transportation. In these applications, TTS with remote access
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• Speech translation
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(Speaking)

• Dictation
• Speech transcription
• Voice commands
• Aids for the disabled

TTS
(Listening)

• Audio-books
• Text from websites
• Announcements
• Aids for the disabled

Fig. 2. TTS and STT applications developed and deployed in Serbia and neighboring countries.

(either cloud or on-premise) can be used, as well as the MS-SAPI5 interface if the main
application is written for the Windows operating system.

On the other hand, themost commonly usedTTS application is theweb service “Read
me”, enabling users to listen to news articles in the background while performing other
tasks. This feature is widely used on the websites of public media services and various
government and public institutions in the region. Somemedia services, such as the Radio
Television of Serbia, even use cloned voices of their own presenters. Implementation
of such services faces additional challenges, since AlfaNum provides TTS functionality
but does not have access to the internal organization of the web site, which is usually
handled by another company. The common practice is to provide high-level libraries for
accessing TTS (PHP, Java, Python), and implement the service in collaboration with this
company.

The first audio library for the visually impaired was established at the Library of the
Union of the Blind in Belgrade. It operates as a client-server system, allowing visually
impaired users to access a large database of books via a local network or the internet. The
system provides audible output without the need for a separate screen reader, and enables
navigation through chapters, paragraphs, and bookmarks. To protect copyright, books are
encrypted on the client side and can only be accessed in the audio format. Such a service
is also beneficial for individuals who cannot hold books due to physical disabilities,
but has become increasingly popular among those who simply prefer audiobooks. The
Audio Library of the University of Novi Sad was also developed based on the same idea,
and there is also fruitful collaboration with publishers of textbooks for elementary and
high school education in Serbia based on TTS [112].

3.2 STT Applications

Even a small vocabulary STT system integrated into smart home technologies can sig-
nificantly enhance accessibility for the disabled by allowing them to control devices such
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as lights and appliances through voice commands. On the other hand, large vocabulary
STT systems are suitable for speech transcription and online dictation. There are many
potential users of such services, including media outlets, medical or legal practitioners,
government agencies etc. GPU-based computers can transcribe speech several times
faster than real-time. Some of the existing STT solutions for Serbian, developed within
the collaboration of the Faculty of Technical Sciences and AlfaNum are specifically
tailored for on-premise users, such as medical and legal institutions.

The MEDICTA and IURISDICTA systems are advanced dictation tools designed
to enhance the efficiency of medical and legal professionals by converting dictated
speech into text [113]. MEDICTA is tailored for medical findings and operates in real-
time on standard computers with regular microphones. It accurately interprets acronyms,
punctuation, and initial capital letters, and even allows code-switching betweenLatin and
Serbian. In contrast, IURISDICTA is specifically designed for legal document dictation,
effectively recognizing legal terminology and acronyms. Both systems achieve WER
below 2%, support user-defined commands, and allow for efficient manual correction of
misrecognized words. They also support the use of templates to streamline the dictation
of frequently repeated sections, further increasing efficiency.

TRANSCRIPTA is an advanced transcription system that converts recorded speech
into text using the open-source Whisper model [107]. It generates transcripts from var-
ious audio sources, including TV shows, meetings, conferences, and court hearings. It
accurately recognizes natural speech from multiple speakers (WER below 10%, CER
below 5%). This level of accuracy was achieved by fine-tuning Whisper with datasets
developed for Serbian and Croatian, allowing the system to transcribe Serbian with
remarkable precision. TRANSCRIPTA also incorporates a diarization option that dis-
tinguishes between different speakers in the audio. Combined with timemarkers embed-
ded in the transcripts, this enables quick searches through audio and video archives and
enhances the efficiency of listening and manual correction of transcripts.

3.3 STT&TTS Applications

Joint applications of STT and TTS facilitate two-way human-machine communication.
The development and implementation of these systems in the western Balkans are still
in the early stages. AlfaNum’s first personal assistant, Axon Voice Assistant, was cre-
ated for mobile phones, allowing users to make calls, send messages, and perform voice
dialing of contacts, addressing complex morphology of Serbian names [114]. How-
ever, adaptation to a variety of phone models and operating systems posed a significant
challenge for a small company such as AlfaNum, which is why the system was never
commercially released. Personal voice assistants are now being integrated not only into
smartphones but also into robots, smart speakers, and smart home systems. The future of
speech technology in personal assistants looks promising, as advancements in AI enable
machines to not just recognize words but also to identify speakers and interpret their
moods and intentions.

AlfaNum’s TTS systems for Serbian, Montenegrin, Bosnian, and Croatian are cur-
rently being integrated into a mobile speech translator that supports over 60 languages.
The process of aligning protocols and APIs necessary for accessing AlfaNum’s STT and
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TTS components is underway, as well as ensuring high throughput during peak times
and minimal response latency.

Finally, following the remarkable progress of chatbots like ChatGPT, the next steps
involve developing voice chatbots that use STT and TTS, alongside NLP. They will
offer functionalities similar to those of call centers, as most calls will be managed
automatically by chatbots, either in place of or in conjunction with a smaller number
of human operators. We are currently at a stage where providers of end-to-end voice
chatbot solutions are expanding into Serbia and other countries where AlfaNum offers
advanced TTS and STT capabilities. Again, supporting standard APIs, high throughput
and low latency is crucial for high-quality voice chatbots. For TTS, it is usually expected
to have a latency of less than 0.5 s, while for STT, it can be somewhat higher since the
system requires the entire user’s query in order to respond, rather than just the first word.
TTS is expected to support multiple speakers and styles, while STT is adaptable to a
specific dictionary and language model that best suits the user’s needs.

4 Paradigm Shifts in the Development and Perspectives of Speech
Technology for Under-Resourced Languages

Advancements in artificial intelligence and natural language processing have profoundly
influenced our interactions with technology. TTS and STT systems are among the
most prominent technologies that have emerged from these advancements. Although
the implementation and evolution of TTS and STT technology have been rapid for many
widely spoken languages, the adoption and effectiveness of these technologies face con-
siderable challenges when addressing under-resourced languages [2, 115]. This section
examines unique challenges encountered in the deployment of TTS and STT systems
for such languages, again, taking Serbian as an illustrative example.

For widely spoken languages, TTS and STT technologies have undergone extensive
development and integration into various applications. These languages benefit from
the existence of large and diverse datasets necessary to train high-performance DNN-
based STT and TTS systems. For instance, TTS systems in widely spoken languages
are tapically able to produce voices with various accents, regional dialects, and speaking
styles [116], while under-resourced languages face various challenges that impede even
the basic functionality of TTS [117] and STT [118] systems.

Open-source initiatives provide essential resources and tools for developing TTS
and STT systems for under-resourced languages, promoting collaboration and innova-
tion by granting open access to technology and data for the industrial and academic
community [46, 107, 119]. The emergence of open-source solutions has guided local
companies toward developing products for specialized domains. By leveraging efficient
and adaptable open-source solutions, local stakeholders can create products tailored to
specific user needs. This approach reduces costs and allows for customization but also
benefits from community support, accelerating development and ensuring they remain
competitive and relevant. The development of speech technology for under-resourced
languages was significantly facilitated by the use of transfer learning [120]. By adapt-
ing large pre-trained models, the existing general knowledge can be leveraged and the
models tuned for a specific language or its regional variant to enhance the performance
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of TTS and STT while reducing the need for extensive new datasets. Multilingual mod-
els are particularly useful, providing dialectical variation by training on corpora from
several different languages.

Involving local experts and stakeholders in the development process enhances the
accuracy and relevance of TTS and STT technology. This approach ensures that the
technology is tailored to local dialects, cultural preferences, and specific user needs,
leading to more effective and broadly adopted TTS and STT solutions. In the case of the
Serbian language, the collaboration between the Faculty of Technical Sciences in Novi
Sad and the company Alfanum resulted in the development of a diverse range of speech
resources and speech technology applications for the Serbian language [121]. Initially,
the production of these resources required a significant amount of manual labeling,
which was labor-intensive and time-consuming. As the project advanced, the adoption
of state-of-the-art technologies enabled automatic transcription, significantly reducing
the need for expert supervision. This transition, combinedwith the emergence of publicly
available tools for developing speechmodels, accelerated the development and improved
the scalability and efficiency of creating and updating language resources, allowingmore
rapid adjustments and refinements, and leading to more robust and comprehensive TTS
and STT applications.

5 Conclusion

The paper discussed the paradigm shift in the development of text-to-speech (TTS) and
speech-to-text (STT) technologies, highlighting the transition from hiddenMarkovmod-
els (HMMs) to deep learning (DL)models. It also explored future perspectives on speech
technology applications for under-resourced languages, offering a historical overview
and addressing the specific implementation challenges encountered in developing speech
technology for Serbian and kindred South Slavic languages.

The case study of Serbian illustrates not only the challenges and solutions in the
development of speech technology for under-resourced languages but also the specifics of
implementation and exploitation in limited markets. These topics are analyzed and com-
pared across the HMMandDL paradigms. The shift fromHMM toDL has facilitated the
development of speech technology for under-resourced languages. However, achieving
greater independence from global AI giants requires systematic efforts to create speech
and language resources for each language. This is why Serbia has established a National
Program for Language Technology Development for Serbian as part of its broader AI
development strategy. The program aims to create a comprehensive framework for devel-
oping speech recognition and synthesis, natural language processing, and other linguistic
technologies. It focuses on resource and application development, research and innova-
tion, and training and education, all intended to significantly enhance the capabilities
of speech and language technologies in the region while fostering economic growth as
well as cultural preservation.
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Abstract. In this paper, we present a case study of self-training for end-
to-end Hungarian and Mandarin speech recognition. We demonstrate
that self-training methods can significantly improve the accuracy of the
baseline model for both languages. We trained a supervised baseline
model which achieved a 20.13% WER on the BEA-Base eval-spont set.
The self-trained Hungarian model, combining pseudo-labels generated by
the baseline seed model with labeled data, achieved a WER of 15.93% on
the BEA-Base eval-spont set, representing a 20.84% relative reduction
compared to the baseline, and reduced WER by relative 15.28% on the
independent Common Voice test set. The Mandarin model, which relied
solely on pseudo-labels from the Whisper large-V2 model and used no
labeled data, reduced CER by 45.31% on the AISHELL-2018A-EVAL
test set, improving from 13.00% to 7.11%, and by relative 32.42% on
the external Common Voice test set. We find that for spontaneous, low-
resource Hungarian ASR tasks, pseudo-labels from domain-specific mod-
els are more effective than those from large general models like Whisper
large-V2.

Keywords: Automatic speech recognition · Self-training ·
Semi-supervised training · Hungarian · Mandarin

1 Introduction

Automatic Speech Recognition (ASR) has advanced significantly in recent years,
particularly with the development of end-to-end ASR frameworks [4,10]. These
frameworks have simplified the traditional ASR pipeline into a single neural
network [26], achieving notable success by directly converting audio signals into
text.

However, a major challenge is that end-to-end ASR systems rely heavily on
large amounts of labeled data [16]. Obtaining labeled data is expensive and time-
consuming [15], and the difficulty is particularly pronounced for low-resource lan-
guages like Hungarian, which have limited labeled data available [23]. Therefore,
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A. Karpov and V. Delić (Eds.): SPECOM 2024, LNAI 15299, pp. 45–56, 2025.
https://doi.org/10.1007/978-3-031-77961-9_3

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-77961-9_3&domain=pdf
http://orcid.org/0009-0000-2019-8200
http://orcid.org/0000-0001-7532-9773
https://doi.org/10.1007/978-3-031-77961-9_3


46 Y. Luo and P. Mihajlik

semi-supervised learning becomes a promising approach for end-to-end ASR sys-
tems [30] as it can leverage the abundance of unpaired audio and text data [31].
Among the various semi-supervised learning methods [38], self-training [6,28](or
pseudo-labeling [19]) stands out due to its simplicity and effectiveness [13,21].

Self-training involves using a seed model to generate pseudo-labels (auto-
matic transcriptions) for unlabeled data, thereby enlarging the training set for
model training [13]. A seed model can be trained from scratch using a limited
amount of labeled data or by utilizing the pre-trained models directly. With the
development of multilingual speech recognition models like Whisper [27] and
Universal Speech Model (USM) [40], these pre-trained models can also serve as
seed models.

Our study aims to evaluate the effectiveness of self-training methods by
assessing how self-training improves the performance of ASR systems with lim-
ited labeled data, particularly for Hungarian and Mandarin. To achieve the
objective, we conducted several experiments involving recent neural architec-
tures and training schemes, such as Conformer [11] and Transformer [32]. Our
experiments included supervised training from scratch, as well as self-training
strategies that combine pseudo-labels with labeled data and those that exclu-
sively use pseudo-labels. The models were evaluated on test sets for Hungar-
ian and Mandarin to determine the effectiveness of self-training and its per-
formance across different resource conditions. Additionally, for a spontaneous,
lower-resourced Hungarian ASR task, we compared the impact of pseudo-labels
generated by different seed models (trained with a small labeled dataset ver-
sus pre-trained models like faster Whisper large-V21) on model performance,
assessing the importance of seed model selection and pseudo-label quality on
ASR system performance.

The paper is organized as follows: Section 2 reviews the progress of semi-
supervised learning techniques in ASR, focusing on self-training methods.
Section 3 describes the self-training method used in our experiments, along with
the different strategies employed for self-training in Hungarian and Mandarin.
Section 4 presents the datasets and experimental setup. Section 5 provides the
results of baseline models and models applying different self-training methods
to Hungarian and Mandarin and discusses the results of the study, followed by
concluding remarks in the last section.

2 Related Work

The early work of Shahshahani and Landgrebe [29] recognized the value of unla-
beled data and is often regarded as the starting point for semi-supervised learning
research. Notable applications in ASR began in 2004 when Kamm et al. [18] used
semi-supervised learning for acoustic model training. As the most typically used
approach in semi-supervised learning [28], self-training has also been intensively
studied by scholars in the field of ASR.

1 https://huggingface.co/Systran/faster-whisper-large-v2.

https://huggingface.co/Systran/faster-whisper-large-v2
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A Study [33] demonstrated that iteratively regenerating pseudo-labels and
retraining models, while comparing two data filtering methods, can enhance
model performance. Kahn et al. [15] introduced a self-training approach for end-
to-end ASR models that uses pseudo-label filtering and language model decoding
to improve word error rates. In 2019, [25] introduced curriculum learning into
semi-supervised learning, allowing models to alternate learning from labeled and
unlabeled data. Park et al. [24] adopted the Noisy Student Training (NST) [36]
method, integrating it with the adaptive SpecAugment data augmentation tech-
nique. The superiority of combining self-training with pre-training was validated
in [8], achieving significant performance boosts. Additionally, SentAugment [8]
was proposed to reduce noise from general corpora. In [37], Xu et al. combined
self-training and pre-training, showing that pre-trained self-supervised methods
like wav2vec are complementary to self-training. A strategy introduced by [14]
balances pseudo-label quality and quantity by using average probability scores
from model outputs to filter low-quality pseudo-labels.

Compared with well-resource languages such as English and Mandarin, there
are fewer research cases on semi-supervised learning for Hungarian ASR. [20]
leverages CycleGAN and inter-domain loss to improve noisy student training,
thereby improving the quality of probabilistic transcripts generated from a lim-
ited Hungarian data source. In addition, the Hungarian ASR model that imple-
ments a semi-supervised learning strategy is mentioned as a baseline model
in [5,12]. Although these studies employ various semi-supervised methods to
enhance Hungarian ASR performance, the baseline models used in previous
research were not strong. In contrast, our baseline model is more competitive,
and our approach significantly outperforms the strong baseline.

3 Methods

3.1 Supervised Models

In the supervised learning approach, we leverage fully labeled datasets to train
our ASR models. This approach serves as a baseline for comparing the effective-
ness of semi-supervised strategies. Additionally, these supervised models can act
as seed models in subsequent self-training phases.

For the Hungarian supervised model, we used the BEA-Base dataset [22]. For
Mandarin, we developed two supervised models using the AISHELL-1 [3] and
AISHELL-2 [7] datasets. The WeNet [39] toolkit was employed to train these
models. Once trained, the models were evaluated on the Common Voice-17.0-hu
[1] test set and BEA-Base eval-spont set for Hungarian, and on the Common
Voice-17.0-zh [1] test set and AISHELL-2018A-EVAL test set for Mandarin.
Further experimental setup details will be provided in Sect. 4.

3.2 Semi-supervised Models

In the experiment, we employed various self-training strategies to develop semi-
supervised ASR models for Hungarian and Mandarin. The processes involve two
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main phases (if a pre-trained model is not used as the seed model): the initial
training phase and the iterative training phase, as illustrated in Fig. 1. During
the iterative training phase, the key difference between the two strategies in the
experiment lies in the use of data: one strategy combines pseudo-labels with
labeled data (PLL), while the other strategy only uses pseudo-labels (PL).

Fig. 1. The illustration of self-training method in ASR.

During the “Initial Training Phase”, we start by creating a seed model using a
labeled dataset Dlabeled = {(Xl, Yl)}. This involves training an initial ASR model
C on the Hungarian BEA-Base dataset. This model serves as the foundation
for generating pseudo-labels in subsequent stages. The trained seed model C is
then used to transcribe a large set of unlabeled audio data Dunlabeled = {Xu},
resulting in a set of pseudo-labels Ŷu. Despite being generated by a model with
limited initial accuracy, these pseudo-labels allow us to expand our training
dataset without requiring additional labeled data.

Pseudo-Labels and Labeled Data (PLL): In the “Iterative Training Phase”,
the pseudo-labeled data D′

unlabeled = {(Xu, Ŷu)} is combined with the origi-
nal labeled dataset to form an expanded training set Dexpanded = Dlabeled ∪
D′

unlabeled. This new training dataset, which includes both genuine and pseudo-
labels, is used to train a new ASR model Cnew.
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In our experiment, this process was executed a single time. Nonetheless,
the methodology supports iterative execution. In each subsequent iteration
i, the ASR model Ci−1 would transcribe additional unlabeled data, yielding
improved pseudo-labels Ŷ

(i)
u due to the enhanced performance of the model.

These improved pseudo-labels would be combined with the labeled dataset to
refine the expanded training set D(i)

expanded = Dlabeled ∪D
′(i)
unlabeled. The new ASR

model Ci would then be trained using D
(i)
expanded.

Each iteration involves evaluating the model against specific performance
criteria. If the model meets these criteria, the process conclude, resulting in
Cfinal = Ci. If not, the iterative training would continue, benefiting from the
increasingly accurate pseudo-labels generated by the previous models. Ulti-
mately, this would produce an ASR model Cfinal which has undergone multiple
rounds of self-training.

Pseudo-Labels (PL): In the “Iterative Training Phase” of the strategy that
exclusively uses pseudo-labels, the process focuses on utilizing pseudo-labeled
data alone to train subsequent ASR models. The seed model C initially generates
pseudo-labels Ŷu for the unlabeled dataset Dunlabeled = {Xu}, creating a pseudo-
labeled dataset Dpseudo = {(Xu, Ŷu)}.

In our study, we applied this process only once. However, the approach is
designed to be iterative. In each potential iteration i, the ASR model Ci−1

would be trained solely on the pseudo-labeled dataset D
(i−1)
pseudo, which consists

of audio inputs and their corresponding pseudo-labels generated in the previous
iteration. This model Ci would then be used to transcribe additional unlabeled
data, producing an improved set of pseudo-labels Ŷ (i)

u . The newly pseudo-labeled
dataset D

(i)
pseudo = {(Xu, Ŷ

(i)
u )} would replace the previous iteration’s pseudo-

labeled data.
This iterative cycle could be continued, with each new ASR model Ci improv-

ing its transcription accuracy using the refined pseudo-labels from the previous
iteration. Performance evaluation criteria would guide the process, if the model’s
performance meets these criteria, the training process would conclude, resulting
in the final ASR model Cfinal = Ci. If not, the iterations would persist, progres-
sively improving the model’s accuracy through better pseudo-label generation.
Thus, the final ASR model Cfinal would be developed through exclusive reliance
on pseudo-labels.

4 Experiment

4.1 Datasets

To train our model, we utilized a variety of labeled and unlabeled datasets in
both Hungarian and Mandarin. For Hungarian, the labeled BEA-Base dataset
provided a comprehensive corpus for training and evaluation, while the unlabeled
BEA-Wavs dataset was used to generate pseudo-labels for the semi-supervised
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learning process. Additionally, the Common Voice-17.0-hu dataset was employed
to test the Hungarian model’s performance.

For Mandarin, the AISHELL-1 and AISHELL-2 datasets, which are well-
established labeled datasets containing extensive Mandarin speech data, were
used in the training process. The AISHELL-2018A-EVAL dataset and Com-
mon Voice-17.0-zh dataset were utilized during the evaluation phase to test the
recognition performance. These datasets collectively ensured robust training and
evaluation, enhancing the overall efficacy of models.

BEA-Base2 is a subset of the BEA dataset optimized for ASR. In order to
intentionally exclude repeated and read sentences from the training set, the
development set and evaluation set divide the data into spontaneous (naturally
occurring or unprepared spoken expressions) and repeated (prepared readings or
practiced utterances) categories, only “dev-spont” and “eval-spont (BEA-eval)”
are used in the experiment.

BEA-Wavs derived from the BEA [9] (“BEszélt nyelvi Adatbázis” in Hun-
garian, meaning spoken language database) with recordings of 470 speakers uses
Voice Activity Detection (VAD) to segment long audio files into about 30-second
clips without transcripts.

AISHELL-13 consists of 178 h of quiet door environment recoded data, it pro-
vides a vast coverage for different Chinese accent regions with 400 speakers across
11 domains.

AISHELL-24 contains 1000 h of high-quality audio from 1991 speakers. In this
study, it is also treated as unlabeled dataset by removing transcripts and then
used to generate pseudo-labels for the semi-supervised training process.

AISHELL-2018A-EVAL5 is a dataset of 5000 utterances from 10 speakers
and development data with 2500 utterances from 5 speakers.

The Common Voice6 created through crowd contributions and publicly acces-
sible features speech samples in numerous languages. For the experiment’s test-
ing phase, the Chinese and Hungarian test sets from this dataset were employed
(Table 1).

2 https://phon.nytud.hu/bea/bea-base.html?lang=hu.
3 https://www.aishelltech.com/kysjcp.
4 https://www.aishelltech.com/aishell_2.
5 https://www.aishelltech.com/aishell_2018_eval.
6 https://commonvoice.mozilla.org/en/datasets.

https://phon.nytud.hu/bea/bea-base.html?lang=hu
https://www.aishelltech.com/kysjcp
https://www.aishelltech.com/aishell_2
https://www.aishelltech.com/aishell_2018_eval
https://commonvoice.mozilla.org/en/datasets
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4.2 Experimental Setups

In this experiment, the WeNet toolkit v2.2.0 was utilized in all setups, the
machine configuration included an AMD Ryzen 9 5900X 12-Core Processor,
64GB memory, NVIDIA RTX A6000 GPU, and Ubuntu 20.04.6.

Table 1. The statistics of dataset used in experiment.

Abbrv. Dataset Train
Hours

Dev
Hours

Test
Hours

Total
Speaker

Used
Subsets

BEA-Base BEA-Base 71.2 4.02 4.91 140 train, dev, test
BEA-Wavs BEA-Wavs 373.2 – – 500 train
CV-hu Common Voice-17.0-hu 53.35 16.68 17.73 1614 test
AI-1 AISELL-1 150 18 10 400 train, dev
AI-2 AISELL-2 1000 – – 1991 train
AI-eval AISELL-2018A-EVAL – 2.03 3.54 15 dev, test
CV-zh Common Voice-17.0-zh 42.34 15.92 17.45 3333 test

Initially, the dataset was downloaded, extracted, and prepared by organizing
audio and text files, followed by computing Cepstral Mean and Variance Nor-
malization (CMVN) [34] statistics. A dictionary was then created to map text
tokens to indices, which was essential for model training. The training configu-
ration specified a batch size of 4, with gradient accumulation set to 4 and the
model was trained for 150 to 240 epochs. Feature extraction involved computing
80 Mel-frequency cepstral coefficients (MFCCs), and data augmentation tech-
niques such as speed perturbation and spectral augmentation were applied to
enhance the training data.

The model architecture consisted of a Conformer encoder with 12 blocks and
a Transformer decoder with 6 blocks. The encoder had an output size of 256, four
attention heads, 2048 linear units, and a dropout rates of 0.1 for both general
and positional layers, a convolutional module with a kernel size of 15, swish
activation function, and relative positional encoding. Similarly, the decoder was
configured with four attention heads, 2048 linear units, 6 blocks, and dropout
rates of 0.1.

The hybrid CTC/attention model [35] configuration included a CTC weight
of 0.3 and a label smoothing weight of 0.1. For dataset processing, various con-
figurations were applied, including filtering with specified max and min lengths,
resampling at 16000Hz, applying speed perturbation, extracting 80-dimensional
MFCCs, using spectral augmentation with two time masks and two frequency
masks, shuffling and sorting with specified sizes, and static batching with a batch
size of 4.

Optimization was carried out using the Adam [17] optimizer with a learning
rate of 0.002 and a warm-up learning rate scheduler with 25,000 warm-up steps,
while gradient clipping was set to 5. After training, the model was evaluated
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using an attention-based decoding strategy. Performance was measured using
Word Error Rate (WER) to assess the accuracy of the Hungarian model and
Character Error Rate (CER) for Mandarin.

5 Results and Discussion

We report the results in Tables 2 and 3. In experiments, we trained supervised
models S_L_BEA-Base, S_L_AI-1, and S_L_AI-2 on labeled datasets for
Hungarian and Mandarin, respectively. The S_L_BEA-Base model achieves
a WER of 20.13% on BEA-Base eval-spont, which is a significant improve-
ment compared to the previous benchmark [22], highlighting the effectiveness
of labeled data. In addition, in the model that implements the self-training
method, the ST_PLL_BEA-Base is trained on a combination of BEA-Wavs
pseudo-labels, which are generated by the seed model S_L_BEA-Base, and
BEA-Base label data. It achieves a WER of 15.93% on BEA-Base eval-spont,
which is comparable to the performance of the “Mega” model [2,22]. However,
the performance of both the ST_PLL_Whisper model, which is trained using
a combination of BEA-Wavs pseudo-labels generated by the Whisper large V2
model and BEA-Base labeled data, and the ST_PL_BEA-Base model, which
is trained only using the BEA-Wavs pseudo-labels generated by the S_L_BEA-
Base model, has dropped significantly on different test sets.

Table 2. WERs of Hungarian Models with Different ML Methods and Training
Dataset Configurations. Supervised learning (S) and self-training (ST) methods are
implemented on different models. Different seed models, S_L_BEA-Base and Whis-
per large-V2 [27] are used to transcribe the unlabeled dataset BEA-Wavs to generate
pseudo-labels. These pseudo-labels are either used directly as training sets or combined
with the labeled dataset BEA-Base to form training sets.

Model Training data size [hours]Hungarian (WER[%])
BEA-eval CV-hu

S_L_BEA-Base 71.2 20.13 37.95
ST_PL_BEA-Base 373.2 31.93 63.04
ST_PLL_BEA-Base 444.4 15.93 32.16
ST_PLL_Whisper 444.4 31.35 56.69

Notably, unlike the Hungarian results, Mandarin has a similar CER for mod-
els trained under both self-training strategies (pseudo-labels only and pseudo-
labels combined with labels). Compared with the baseline model trained with
a small amount of labeled data (AISHELL-1), using the self-training method
significantly improves the performance of the model. On the AISHELL-2018A-
EVAL test set, the CER is reduced by 45.31%, from 13.00% to 7.11%. Similarly,
on the Common Voice test set, the CER is reduced by 32.42%, from 35.87%
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Table 3. CERs of Mandarin Models with Different ML Methods and Training Dataset
Configurations. Supervised learning (S) and self-training (ST) methods are imple-
mented on different models. Whisper large-V2 is used to transcribe the AISHELL-2
audio files to generate pseudo-labels. These pseudo-labels are either directly used as
training sets or combined with the labeled dataset AISHELL-1 to form training sets.

Model Training data size [hours]Mandarin (CER[%])
AI-eval CV-zh

S_L_AI-1 150 13.00 35.87
S_L_AI-2 1000 6.36 27.15
ST_PL_Whisper 1000 7.03 24.51
ST_PLL_Whisper 1150 7.11 24.24

to 24.24%. Furthermore, the model trained using only pseudo-labels (unlabeled
data) generated by Whisper large-V2 is equivalent to the model trained using a
large amount of labeled data (AISHELL2) on the AISHELL-2018A-EVAL test
set. On the Common Voice test set, the former effect is even better than the
latter.

This difference between Hungarian and Mandarin highlights several key
aspects. In Hungarian, among the models implementing self-training, only the
ST_PLL_BEA-Base model achieved a reduction in WER compared to the base-
line, indicating that self-training can be effective with limited labeled data, high-
lighting the importance of combining pseudo-labeled data with label data to
correct errors and improve performance. However, the choice of seed model and
the quality of pseudo-labeled data play a crucial role. The lower performance of
the ST_PLL_Whisper model on BEA-Base compared to the ST_PLL_BEA-
Base model is likely due to the mismatch between the Whisper model’s training
data (mainly transcription and translation data) and the spontaneous nature
of BEA-Base dataset. This makes it difficult for Whisper models trained on
out-of-domain data to generate accurate pseudo-labels.

The superior performance of the Mandarin ASR system trained using only
pseudo-labels can be attributed to the diversity and quality of the pseudo-label
data generated by Whisper large-V2. After extensive training on various tran-
scription and translation tasks, the Whisper model provides rich and powerful
representations that are beneficial for Mandarin ASR. Additionally, the struc-
tured nature of the AISHELL dataset (consisting of spoken speech in a quiet
environment) may contribute to the effectiveness of pseudo-labeling, as Whisper
is well-suited for such data.

Moreover, for both Hungarian and Mandarin, the variation in WER(CER)
between the respective homologous test sets and the external Common Voice
datasets highlights the challenges in generalization across different datasets. This
discrepancy underscores the importance of dataset diversity in training robust
speech recognition models.
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6 Conclusion

In this paper, we explored how different self-training strategies improve ASR
performance, with clear differences between Hungarian and Mandarin. For Hun-
garian, self-training showed clear benefits in improving accuracy, but its success
depended heavily on the quality of pseudo-labels and the choice of the seed
model. The spontaneous nature of the Hungarian BEA-Base dataset posed sig-
nificant challenges, underscoring the importance of domain-specific tuning and
the relevance of pseudo-labeled data to the target domain.

In contrast, Mandarin demonstrated significant performance improvements
by applying self-training methods, largely due to the high quality and diversity
of pseudo-labels generated by the Whisper large-V2 model and the structured
nature of the AISHELL dataset. These factors facilitated more effective use of
pseudo-labels, leading to substantial reductions in CER across different test sets.

The study also reveals that generalizing across different datasets remains a
challenge, as shown by variations in WER(CER) between homologous test sets
and external datasets. This underscores the importance of dataset diversity in
developing robust ASR systems.

Overall, self-training emerges as a powerful method for improving ASR per-
formance in low-resource settings. However, its effectiveness is influenced by
factors such as the quality of pseudo-labels, the choice of the seed model, and
the relevance of the data to the target domain. These findings provide valu-
able insights into optimizing self-training approaches for different languages and
speech characteristics, contributing to the advancement of ASR technologies in
diverse linguistic contexts.

Acknowledgments. The research was supported partially by the NKFIH K143075,
K135038 and NKFIH-828-2/2021(MILAB) projects of the NRDI Fund.
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Abstract. This paper presents an investigation of the performance of various end-
to-end ASR models trained on low-rescourced Livvi-Karelian. Several Wav2Vec
2.0 and Whisper based models were fine-tuned, tested and compared with the
hybrid TDNN-F/HMM. In the course of the experiments, end-to-end Transformer-
based models have demonstrated a good performance, however the best results
obtained were due to a combination of N-gram and Transformer-based models.
The result of 19.83% WER on the test set were obtained using the Wav2Vec 2.0
large model with N-gram augmentation, thus being on par with SOTA models
for other low-resource languages. Besides, this paper presents a new language
corpus of Livvi-Karelian, containing transcripts from radio broadcasts, featuring
samples from 17 speakers (7 males and 10 females). Covering about 4.5 h of
audio recordings, it contains 32,037words, thus being a valuable tool for linguistic
research. The findings of the presented work may be of considerable interest both
for low-resource ASR and field Finnougristics.

Keywords: Livvi-Karelian · Speech Corpora · Code-Switching

1 Introduction

This paper presents the results of speech recognition experiments conducted on a new
Livvi-Karelian (further also – Karelian) corpus AnKaS.1 The Livvi-Karelian language
is one of the main Karelian idioms spoken primarily in the Republic of Karelia (Russia)
and some parts of Finland. It belongs to the Balto-Finnic branch of the Finno-Ugric
group of the Uralic languages. Livvi-Karelian, also known as Olonets Karelian, differs
from the Northern Karelian dialects in its phonology, vocabulary, and some grammati-
cal structures, although it shares a close affinity with Finnish. The language has faced
a decline in native speakers over the years, with 12,367 self-reported speakers in Rus-
sia (2010 census) and up to 20,000 in Finnland (according to the data as of the year

1 AnKaS (Database of Annotations of Karelian Speech) can be found at https://irinakipyatkova.
github.io/AnKaS/.
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A. Karpov and V. Delić (Eds.): SPECOM 2024, LNAI 15299, pp. 57–68, 2025.
https://doi.org/10.1007/978-3-031-77961-9_4

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-77961-9_4&domain=pdf
http://orcid.org/0000-0002-1264-4458
http://orcid.org/0000-0003-1196-1117
http://orcid.org/0000-0002-4344-2330
http://orcid.org/0000-0001-5645-9441
https://irinakipyatkova.github.io/AnKaS/
https://doi.org/10.1007/978-3-031-77961-9_4


58 I. Kipyatkova et al.

2016) [1]. Livvi-Karelian (along with the other Karelian idioms) belongs to the so-
called low-resource languages. A “low-resource language” is a language with severely
limited electronic resources and data available for linguistic study and technological
development [2, 3]. Currently, there is a great shortage of open-source databases of the
Karelian speech for Automatic Speech Recognition (ASR) applications. The lack of
speech data greatly hinders the development of state-of-the-art (SOTA) ASR systems
for Karelian.

One of the ways to solve the problem of data shortage is to use a pre-trained model
with a further fine-tuning on the target language speech data. Currently, there exist two
SOTA pre-trained models which have gained popularity in the field of ASR, namely, the
self-supervised Wav2Vec model and the supervised Whisper model.

Wav2Vec 2.0 was first introduced in [4]. The model was pre-trained and then fine-
tuned on 1040 h of annotated English speech, and it surpassed previous SOTA results
in speed, while requiring 11 times less annotated data. The authors of [5] analyzed the
Wav2Vec system in the context of amultilingual pre-training approach. They showed that
Cross-Lingual Speech Representations (XLSR) can be learnt and used by monolingual
models. This idea was further developed in [6] using XLS-R models. In [7], the model
was leveraged to more than 1000 languages, one of which was Karelian, due to effective
usage of adapters and gradual addition of languages on the training stage [8]. Also, it was
found out that the fuse of language models and linguistic encoders, such as BERT [9],
with acoustic encoder might be promising for tasks of low-resource speech recognition,
as it was shown in [10]. Some of these models, for example w2v-bert v2, can attain
SOTA results [11] on ASR tasks.

ASR model Whisper developed by OpenAI [12] was trained using fully supervised
methods, which involves using up to 680,000 h of labeled speech data from various
sources. Due to the massive database and the training techniques used, the model can
solely serve as a multilingual and multitask ASR system, sufficiently solving the tasks
like language recognition, speech recognition and language translation in noisy envi-
ronments. The model was enhanced to add the multitask training format using a set of
special tokens that serve as task specifiers or classification targets.

The addition of an out-of-boundaries language or fine-tune of low-resourced lan-
guage in Whisper might not be as effective as in the Wav2Vec-based models. For exam-
ple, a comparison between Wav2Vec 2.0 and Whisper for low-resource Maltese ASR
was presented in [13]. The authors performed experiments on fine-tuning Wav2Vec 2.0
XLS-R with 300 M and 2B, and Whisper-tiny, -small and -large models on Maltese-
English code-switching data of different lengths (from 10 min to 100 h). The XLS-R 2B
model gave the best performance when fine-tuned on 50 h of Maltese speech, showing
8.53% WER and 1.93% CER on the CommonVoice test set, and 24.98% WER and
8.37% CER on the MASRI test set. Comparable results were achieved with fine-tuning
Wav2Vec 2.0 models on at least 10 h of speech. Whisper models showed worse results,
especially Whisper-tiny model, which resulted in the value of WER equal to 100% for
all experiments.

Another research on comparison ofWav2Vec 2.0 andWhisper was presented in [14],
where authors describe fine-tuning procedures for Wav2Vec 2.0 Base and XLSR-53,
as well as for Whisper Small and Large models in the context of the Kazakh speech
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recognition.According to this paper,Wav2Vec 2.0 outperformedWhisper-basedmodels,
with the values of WER equal to 9.8% and CER equal to 2.7%. Additionally, Wav2Vec
2.0 Base model was contrast to Multilingual Whisper Large model, which gave 19.8%
WER and 4.1% CER.

However, some techniques of fine-tuning and optimization ofWhisper, such as distil-
lation [15], may prove successful in competitive results [16] on low-resource ASR tasks.
For example, the best results for theNorth Sámi language, a low-resource languagewhich
is relative to Karelian, were achieved usingWhisper large [17] and amounted to 24.91%
WER on 34 h of speech.

Following this trend, it is clear that training an ASR system for a low-resource
language such as Livvi-Karelian should leverage these larger models. Thus, one of the
main aims of the present research is to explore fine-tuning Wav2Vec XLS-R variants
(300 m, MMS, w2v-BERT) and Whisper variants (small, medium, distill-large v2) for
the purposes of development of a Livvi-Karelian ASR and to compare these models
with a hybrid Kaldi-based model. Besides, this article also discusses such procedures
as adding a N-gram language model and expanding the dataset by speech augmentation
through pitch and tempo change.

2 Data Collection and Annotation

Radio broadcasts in Karelian were the only source for AnKaS, featuring interviews with
Livvi-Karelian native speakers. A set of 13 broadcasts was selected, each following
an interview format involving at least two speakers (an interviewer and an intervie-
wee). Some broadcasts presented more than two speakers, and some of the interviewers
took part in several broadcasts. Therefore, the speech corpus comprised 17 speakers:
7 men and 10 women. The audio recordings were transcribed by specialists in Livvi-
Karelian, and further the annotation of the corpus was carried out, and the audio data
were segmented into phrases (Fig. 1).
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Fig. 1. Schematic diagram of speech production.
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Any speech segments unsuitable for further analysis were deleted from the dataset
(see below). The final corpus comprised 4.5 h of speech data, encompassing a total of
4385 recorded utterances, as illustrated in Table 1 below.

Table 1. Corpus metadata.

Corpus features Value

Speakers 17 (7 male, 10 female)

Duration 4.5 h

Utterances 4385

Word occurences 32,037

Unique words 9117

The authors of this paper would like to emphasize the fact that the database presented
in this work is not an audio corpus, but rather annotated transcripts (including segmen-
tation into utterances, time- and code-switching tags). The audio data themselves are the
property of TheRussian Television andRadioBroadcastingCompany (RTR). Therefore,
the presented data do not in any way violate the rights of the copyright owner. However,
external links to audio files are included in the annotation for the user’s convenience.

The database is represented in JSON format. A separate.json file was created for
each speaker. The following keys were used:

• “phrase_id” is the phrase number for this speaker
• ”link” is a link to the audio recording
• “time_start” is start time of the phrase
• “time_end” is end time of the phrase
• “sentence” is textual transcription
• “sentence_rus” is textual transcription with code-switching, indicated with brackets

and the tag “rus”

An example of annotation is given in Fig. 2.

Fig. 2. An example of annotation entry.
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The collected speech data revealed several issues that complicated the work and
resulted in the removal of some entries from the final corpus. One of the primary issues
encountered during the processing of recordings was simultaneous speech by several
speakers, interrupting each other or speaking at the same time. Overlapping speech
is difficult to process, and removing such segments is a non-trivial task, that is why
utterances containing simultaneous speech were not included in the corpus.

Another factor that complicated the creation of the audio corpus was background
noise. Despite using only studio-quality recordings, in some cases, background noise
included music, the sound of page-turning, and (in one recording) traffic and street
noises. Thus, all recordings containing background noise were also removed from the
database.

Another issue was the so-called code-switching between Karelian and Russian.
Code-switching ([18–21]) is a common phenomenon in the contemporary Karelian
speech. The cases of code-switching encountered in the collected data are not numerous
from the statistical point of view. For example, only 1.13% lexical unitsweremarkedwith
code-switching tags (366word occurrences of total 32,037). However, given that the only
source for the language data were radio broadcasts and not everyday communications,
this number is still significant.

The statistics of the observed cases of code-switching is presented in Table 2.

Table 2. Code-switching statistics (lexemes grouped by lexical classes).

Lexical class Lexemes

Nouns, Noun Phrases 42

Proper Names 66

Verbs 9

Interjections, Adverbs and Adverbials 38

Numerals 11

A linguistic commentary on the code-switching phenomena lies outside the scope
of the present work, but it is important to recognize that the copied elements, especially
those borrowed from the Russian language, frequently exhibit phonological character-
istics that align with the Russian phonology. For instance, when incorporating Russian
proper or common nouns, Karelian speakers may adapt the pronunciation to conform
to Russian phonological norms. This adaptation may involve modifications in vowel
quality, stress patterns, and consonant articulation to make the borrowed elements sound
more congruent with the Russian phonology.

In order to perform evaluation of the collected corpus for speech recognition task,
the data was divided into training, development, and testing parts, namely, 80% of
utterances were used for acoustic model training, 10% were used for fine-tuning of
the hyper-parameters of the model, and 10% were used for final testing. The size of
the training part was enlarged by augmentation procedures made with the help of SoX
toolkit. The modification of pitch on the number of semitones obtained randomly from
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uniform distribution in range [-2, 2] was carried out. The speech rate perturbation was
performed by coefficient randomly chosen from a uniform distribution in the range of
[0.7, 1.3]. Additionally, simultaneous modification of both pitch and speech rate was
applied. As a result, the size of the training set was enlarged up to 13.5 h.

3 Speech Recognition Experiments

3.1 Kaldi-Based Experimental Setup

At first, baseline experiments on Karelian speech recognition using the Kaldi toolkit [22]
were conducted. Kaldi s5c recipe for chainmodel was applied for the training of acoustic
models. For acoustic modeling a model similar to presented in paper [23] was used.
Hybrid DNN/HMMs, based on factorized time-delay neural networks (TDNN-F) [24]
was applied with Mel-frequency cepstral coefficients (MFCCs), complemented by an
additional 100-dimensional i-Vector [25] being used as input features. DNN consisted of
16 layers. The first layer was TDNN layer, followed by three TDNN-F layers with time
context of {-1, 0, 1}. The next layer was TDNN-F with no splicing. Then ten TDNN-F
layers with time context of {-3, 0, 3} followed. Each TDNN-F layer had a dimension of
1024, with a bottleneck of 128.

The system’s vocabulary with phonemic transcriptions were made automatically.
For the Karelian language, the process of automatic transcriptions development was rel-
atively straightforward, since the Karelian language features a fixed stress, consistently
falling on the first syllable, and its vowels are less prone to reduction. As a result, the
automatic transcription process primarily involves locating stress, identifying doubled
graphemes as representations of long phonemes, and determining palatalized consonants
(preceding front-row vowels). The process of the annotation development is described in
detail in [26]. Speech decoding was carried out using a trigram language model trained
with the help of SRI Language Modeling Toolkit (SRILM) [27]. Due to code-switching
issues, the transcription dictionary includes Russian words as well. More details of Rus-
sian phonemic transcription issueswere discussed in the previousworks [28]. TheN-best
list rescoring was performed using neural network (NN) based language model trained
with the use of TheanoLM toolkit [29]. The NN-based LM consisted of the projection
layer with the size of 500 and two LSTM layers with the size of 512. Optimization
criteria was Nesterov Momentum. Batch size was equal to 16. The LSTM-based model
was linearly interpolated with the trigram model. For training both language models
textual data was used, acquired from an open corpus of Veps and Karelian languages
“VepKar”, and from publications and journals in Livvi-Karelian, along with transcripts
of the training part of the corpus. The details of textual data processing and language
model are described in [23]. The text corpus was used for forming the system’s vocabu-
lary, which included all the words from the transcriptions of the training part of speech
corpus and words from other text material that appeared in it at least twice. The size of
ASR system’s vocabulary was 143,907 words.

3.2 Wav2Vec-Based Experimental Setup

During Wav2Vec-based experiments, the training was conducted with the use of the
Transformers framework [30]. The following pre-trained wav2vec models, briefly
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described in the following paragraphs, were fine-tuned: Wav2Vec2.0-large-uralic-
voxpopuli-v2, mms-1b-all, w2v2-bert.

Wav2Vec2.0-large-uralic-voxpopuli-v2 is a 300 m parameters variant of XLSR [5]
acoustic model developed by Facebook AI Research, pre-trained on 42.5 h of unlabeled
speech data of the Uralic languages from the VoxPopuli corpus [31]. Basically, it is an
extension of the cross-lingual language model XLM-R, designed to handle multilingual
and cross-lingual Natural Language Processing (NLP) tasks. Although XLSR-53 is
built on the Wav2Vec 2.0 model, it can learn latent quantization that is spread across
language. XLSR-53 uses product quantization to select quantized representations from
codebooks,which are further selected using theGumbel-Softmaxmethod in a completely
distinguishable manner. XLSR’s architecture is similar to that of BERT [9]. XLSR’s
ability to understand multiple languages makes it particularly useful for cross-lingual
transfer learning, where a model trained on one language can be adapted to another
languagewithminimal additional training. Thismodelwas fine-tuned on the train dataset
for 10 k steps, with batch size equals to 8 and 4 gradient accumulation steps.

mms-1b-all [7] is a model based on the Wav2Vec2 XLS-R [6] architecture. That
model makes use of adapter models to transcribe 1000 + languages. This variant con-
sists of 1 billion parameters and has been fine-tuned from facebook/mms-1b on 1162
languages, one of which was Karelian. Only an adapter model for Karelian was fine-
tuned on the dataset in this case. That lowered the amount of trained weights, thus
boosting the training process, and allowed not to lose trained information concerning
the other languages. This model was fine-tuned on the train dataset for 10 k steps, with
batch size equals to 8 and 4 gradient accumulation steps.

w2v2-bert is a method that combines the core methodologies from wav2vec 2.0
and BERT. The idea of w2v-BERT is to use the contrastive task defined in wav2vec
2.0 in order to obtain an inventory of a finite set of discriminative, discretized speech
units. Further, these units are used as target in a masked prediction task in a way that
is similar to masked language modeling proposed in BERT for contextualized speech
representations learning. In the present work, v2 w2v-BERT 2.0 [11] was used, which
comprises 24 Conformer layers [32] with approximately 600 M parameters and the
same pre-training hyperparameters as v1. This model was pre-trained on 4.5 M hours of
unlabeled data by the authors. Then, this model was fine-tuned on the train dataset for
10 k steps, with batch size equals to 2 and 16 gradient accumulation steps.

Furthermore, the impact of augmentation of theWav2Vec 2.0 andMMSmodels with
a 3-g language model trained on text data of the corpus was investigated. Previously it
was shown that even a small language model can drastically improve the results of ASR
for low-resource languages with code switching [33].

Unlike in the Kaldi-based approach for tokenization in Wav2Vec-based approach,
a shortened vocabulary was used, which does not consider the length of vowels and
consonants of Livvi-Karelian. The usage of all sounds was studied, however, it had
no considerable impact on the training results. Furthermore, previous research of ASR
development using end-to-end models for Finnish was not considering length of vow-
els [34], even though length of vowels and consonants is important for Finnish as well
as for Livvi-Karelian. Also, the punctuation mark «‘» left in vocabulary separately of
consonants after which it is usually placed, thus shortening the vocabulary.
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3.3 Whisper-Based Experimental Setup

Overall, 3 versions of Whisper [12]: small, medium, and distilled large v2 [15] were
explored. Whisper small has 244 M trainable parameters, Whisper medium has 769 M
parameters, and distilled large has 756M parameters. The usage of original large v2 and
v3 versions was considered, however, due to high resource requirements they were not
studied within this work. Instead, a distilled version of large model was used, which are
said to be faster in exploitation and training, yet to lose only 1% on WER.

While working on tokenization and fine-tuning of Whisper-based models for Livvi-
Karelian, which is out-of-boundaries of languages presented in the currently supported
list, it was decided to fine-tune the model marking the task as ASR for Finnish, which is
listed in theWhisper language list. This allowed reusing weights of the Finnish, which is
closely related to Livvi-Karelian, wiping out Finnish in the process but providing ASR
for Livvi-Karelian in the same way as it was done in [17] for North Sámi.

3.4 Speech Recognition Results

According to Kaldi receipt, triphone acoustic models were trained, namely models
trained using Linear Discriminant Analysis (LDA) and Maximum Likelihood Linear
Transform (MLLT), as well as a model trained using Speaker Adaptive Training (SAT)
and feature space Maximum Likelihood Linear Regression (fMLLR). The latter was
utilized for generation of force-alignment for NN-based model training. The results of
speech recognition experiments with different types of acoustic models on both devel-
opment (Dev) and testing (Test) parts of Karelian speech corpus in terms of WER are
presented in Table 3.

Table 3. Experimental results on Karelian speech recognition.

Type of AM WER (%)

Dev Test

Triphone 41.04 44.72

LDA +MLLT 37.86 42.29

fMLLR 37.14 39.49

TDNN-F/HMM 27.13 28.77

TDNN-F/HMM + LSTM-based LM 25.44 27.20

Wav2Vec2.0-large-uralic-voxpopuli-v2 24.73 25.25

Wav2Vec2.0-large-uralic-voxpopuli-v2 + N-gram LM 19.69 19.83

mms-1b-all 31.56 32.06

mms-1b-all + N-gram LM 24.29 24.99

W2V2-bert 18.84 20.39

(continued)
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Table 3. (continued)

Type of AM WER (%)

Dev Test

whisper-small 32.22 35.25

whisper-medium 25.54 28.54

distil-whisper-large-v2 28.38 30.75

The TDNN-F model allowed achievement of WER equal to 27.13% on the devel-
opment set and 28.77% on the test set. The application of LSTM-based language model
interpolated with trigrammodel with interpolation coefficient equal to 0.6 for N-best list
rescoring gave the additional WER improvement. Thus, the best results with TDNN-F
were the following: WER = 25.44% for the development set and WER = 27.20% for
the test set. The bootstrapped confidence interval [35] computed with the help of Kaldi
was [24.92, 29.47].

However, the usage of end-to-end Transformer-based, mostlyWav2Vec-based, mod-
els outperformed the results obtained with Kaldi. Fine-tune of Wav2Vec 2.0 has led to
25.25% WER on test set and 24.73% on development set. Augmentation with N-gram
language model allowed achievement of even better results, thus showing 19.83%WER
on test set and 19.69% on development set.

Fine-tune of the MMS model showed competitive, but not outstanding results, even
though this model already had weights for Karelian ASR. Results were following: 32.06
WER on the test set and 31.56% on the development set. Addition of N-gram model
considerably improved results, thus leading to achievement of 24.99 WER on test set
and 24.29% on development set.

The best results without usage of the N-gram model, 20.39% WER on the test set
and 18.84% on the development set, were obtained with the w2v2-bert 2.0 model.

The best results using the Whisper-based model were obtained with the Whisper-
medium model, and they were 28.54% and 25.54% WER on test and development set
correspondingly. It looks like the best results using Whisper-based approach might be
achieved using Whisper large v3 model, however high requirements for tuning of this
model did not allow testing this assumption.

Overall, the best results of 19.83%WER on the test set and 19.69% on the develop-
ment set were obtainedwith the usage ofWav2Vec 2.0 large and additional augmentation
with the N-gram model. The results obtained are at the level of world results for other
low-resource languages.

4 Conclusions

In the current stage of the present research two tasks were addressed, specifically,
preparation of speech data in the Karelian language (transcripts and annotations), and
recognition experiments. All the tasks were successfully solved.
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However, it is evident that further work concerning collecting and processing Kare-
lian language data is needed. The current total speech data size is relatively small, and
there is a certain imbalance in speakers: there are more female speakers in the corpus
than males (10 vs 7), and the recordings primarily feature speakers of middle and older
age. Additionally, more data collected in the field is necessary to accurately reflect lin-
guistic nuances, particularly code-switching, and consider these issues when creating
automatic recognition systems of spoken Livvi-Karelian.

The reported WERs on the development and test sets demonstrate the effectiveness
of the proposed approach. Achieving a WER of 19.69% on the development set and
19.83% on the test set with the Wav2Vec 2.0 large model is a decent result, considering
the challenges associated with low-resource languages. While the reported results are
promising, further analysis, including error pattern identification, will provide valuable
insights into the system’s strengths and drawbacks.

The results the presented work can find their applications in various fields, including
speech-to-text transcription, language preservation, and human–computer interaction in
minority language communities. Future research may involve exploring additional data
augmentation techniques, refining and tuning language models, and extending the study
to other low-resource languages in order to further validate the proposed approach.
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Abstract. The OpenASR21 evaluation consisted of speech recognition
for low resource languages in 3 evaluation conditions: constrained, con-
trained plus, and unconstrained. In this paper we investigate the con-
strained plus condition. In the constrained plus condition, we can use
any self supervised learning (SSL) model to reduce the word error rate
(WER). The idea was to get good speech recognition accuracy with only
10 h of acoustic training data for the 15 low resource languages in Ope-
nASR21.

In this paper, we show that we reduce WER for all the 15 languages
when we increase the temporal resolution of feature parameters com-
puted from the speech SSL models from 20 ms to 10 ms. The temporal
resolution of the SSL models is in general 20 ms. This increase in tem-
poral resolution is done without retraining the SSL models. The result-
ing feature parameters with increased temporal resolution lead to 3.9%
average absolute reduction in WER (from 1.2% for Javanese to 7.8% for
Amharic) for the development set of the 15 languages in the OpenASR21
evaluation. We also compare WER for 5 different pre-trained SSL models
in the low resource OpenASR21 languages scenario.

Keywords: OpenASR21 · Low-resource · Speech recognition · SSL
models · Temporal resolution

1 Introduction

The OpenASR21 (Open Automatic Speech Recognition 2021) Challenge set out
to assess the state of the art of ASR technologies under low-resource language
constraints [17]. The task consisted of performing ASR on audio datasets in
up to 15 different low-resource languages and 3 languages with case sensitive
scoring, to produce the recognized text. Ten languages were carried over from the
OpenASR20 challenge [16], and five new languages were added. A case sensitive
scoring was also added for three of these languages: Kazakh, Swahili and Tagalog.

In the constrained condition, only a 10-hour audio Build dataset for that
language can be used for training acoustic models. Additional text data, either
c© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
A. Karpov and V. Delić (Eds.): SPECOM 2024, LNAI 15299, pp. 69–81, 2025.
https://doi.org/10.1007/978-3-031-77961-9_5
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from the Build dataset or publicly available resources, can be used for training
the language model. No pre-trained large acoustic models were allowed.

In the constrained plus condition, we could also use large pre-trained models
to extract features to reduce the word error rate (WER). In this paper we address
the issue of using self supervised learning (SSL) models to reduce the WER in
a low resource scenario (10 h of labeled training audio).

A good overview of OpenASR20 is given in [16]. In OpenASR20, two teams
achieved very good results [1,27]. They used larger training text and lexicon
from Linguistic Data Consortium (LDC) corpora for training language models
(LM) and using a larger lexicon. These LMs and larger lexicon reduced the WER
significantly for each language.

For OpenASR21 see [17] for a good overview. The team from USTC/iFlytek
Research [29] achieved the lowest WER for all the 15 languages in the constrained
condition. Their WER was significantly lower than any other participant for all
the languages. For acoustic modeling, they used text-to-speech (TTS) to generate
additional audio for training either from public text or the Babel training text.
This gave them an additional 1.3% average WER reduction for the 15 languages.
They also rescored the decoded lattices with bidirectional LSTMP (LSTM with
a recurrent projection layer) [21] language model from public text. Note that, the
leading teams in the OpenASR21 evaluation used hybrid Deep Neural Network–
Hidden Markov Model (DNN-HMM) systems rather than end-to-end systems,
since the end-to-end systems perform poorly with only 10 h of audio.

In [7], the authors Improve Language Modeling, Voice Activity Detection, and
Lexicon to reduce WER for the development (dev) set for the 15 languages in the
constrained condition. They get lower WER for the dev set for 3 OpenASR21
languages than in the USTC/iFlytek system [29].

The team from THUEE [28] achieved the lowest WER for the eval set for
11 out of 15 OpenASR21 languages in the constrained plus condition (see Fig. 1
in [17]). They fine-tuned the XLSR-53 SSL model [5] with the training data for
each language. They used two different ways of fine-tuning this model with the
10 h of training data for each language. In the first method, they fine tune the
pre-trained XLSR-53 model with the labeled 10 h data of the target language
by adding a linear classifier on top of the SSL model to optimize the CTC loss.
The parameters of the feature extractor layers in XLSR-53 are not updated,
but the parameters of the encoder layers and the classifier are updated. The
WER for the dev set for a single decode with a 4 g language model can be seen
in column FT of Table 4 in [28]. In the second method, they continue the self-
supervised training of the XLSR-53 model with the unsupervised speech of the
target language from the Babel audio (which is about 4 times the OpenASR21
training audio) and then fine-tune the resulting SSL model with the labeled 10 h
audio as in the first method. Their lowest WER on the dev set for a single decode
with this second method is in Table 4 column FT2 in [28]. All their experiments
are run at a temporal resolution of 20 ms. We show that with just the feature
parameters from the XLS_R-2b model (without any tuning of this model with
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the target language training audio), at the increased temporal resolution of 10
ms, we get significantly lower WER than in the FT2 column of Table 4 in [28].

The reason we are just mentioning the THUEE system [28] for the con-
strained plus results is because they got the lowest WER for the evaluation
(eval) set for 11 of the 15 languages in the constrained plus condition (see Fig. 1
in [17]), and Table 4 in [28] shows single decoding WER on the dev set for all the
languages. We can use this Table to compare with our WER on the dev set. We
also compare our results with the WER for the dev set in [29] for the constrained
condition as they achieved lower WER on the dev set for 4 languages than the
THUEE team in [28] for the constrained plus condition.

Recently, there has been some attempt to train multi-resolution speech SSL
models instead of the typical 20 ms resolution for the SSL speech models. For
example, in [25], the authors propose utilizing HuBERT representations at mul-
tiple resolutions for downstream tasks. They explore two approaches, parallel
and hierarchical, for integrating HuBERT features with multiple resolutions. In
their parallel approach, they combine 400, 100 and 20 ms temporal resolutions,
but they do not go lower than 20 ms. Also in Table 4 in [25] we see that the error
rate goes down as the frame interval goes from 400 to 100 to 20 ms, suggesting
that an even smaller frame interval like 10 ms might produce even lower error
rates.

In [24], the authors introduce a SSL model that leverages a hierarchical Trans-
former architecture, complemented by HuBERT-style masked prediction objec-
tives, to process speech at multiple resolutions. They show improved results on
LibriSpeech [13] and on Multilingual SUPERB data [23].

We also increased the resolution of the features obtained from the pre-trained
SSL speech models from 20 ms to 10 ms. However, we do not resort to re-training
the full pre-trained SSL model, which is computationally intensive and not all
labs are equipped to do this kind of training. Instead, we extract features from
the original audio, and from this audio trimmed by 10 ms in the beginning. We
then combine the two sets of features by concatenating frames alternately to
give a new set of features with 10 ms frame interval.

In this paper, we focus on using features extracted from large pre-trained SSL
models at higher resolution (10 ms instead of 20 ms) to reduce WER for the 15
OpenASR21 languages in a very low resource environment. The experiments we
ran to illustrate this used just the raw features from the pre-trained SSL models,
and trained TDNN-F (factored time delay neural network) acoustic models using
lattice free maximum mutual information (LF-MMI) [19] with these features. No
discriminative training was carried out. Also, we used a simple 4-gram language
model (LM) for decoding. The idea here is to show that just increasing the
feature resolution from 20 ms to 10 ms results in a significant reduction in WER.
This is not only true about the features from SSL models, but also for MFCC
(Mel-frequency cepstral coefficients) features [6].
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2 Dataset and Preprocessing

In this paper, for acoustic model training, we only used the 10-h Build data set
provided by NIST for the language being processed, with corresponding tran-
scripts in UTF-8 encoding. Training and development lexicons were also provided
by NIST.

For the 13 languages with LDC packs (all the languages except Farsi and
Somali), we used the expanded lexicon and text provided in those packs. For
example, the training text in the OpenASR21 Build dataset varies from 66k
words for Kazakh to 126k words for Vietnamese, while the training text in the
LDC packs varies from 270k words for Kazakh to 989k words for Vietnamese.
Overall, the LDC training text is between 4 times and 8 times larger than the
text in the OpenASR21 Build. The lexicon in the LDC packs is also much larger
than the lexicon in the OpenASR21 Build. For example, the number of words for
Vietnamese in the OpenASR21 lexicon is 3.2k, while in the LDC lexicon there
are 6.4k words. For these reasons, training a language model from the training
text and lexicon in the LDC packs reduces the word error rate significantly for
all the 13 languages with the LDC packs. In [28], the authors used the expanded
training audio in these LDC packs to tune the XLSR-53 model for each language
with self supervised learning. However, in this paper, we have strictly adhered
to using 10 h of transcribed audio per language provided for the OpenASR21
training.

3 ASR Approach for Different Temporal Resolutions

The idea here is to compare features extracted from the SSL speech models with
temporal resolution of 20 ms versus 10 ms. The features from the SSL mod-
els were extracted using Transformers1. These features are then used to train
hybrid HMM-DNN systems based on WFSTs (Weighted Finite-State Transduc-
ers) using the Kaldi toolkit [18] (downstream fine-tuning). Separate DNN-HMM
systems are trained for 20 ms and 10 ms frame intervals. Sec. 3.2 shows how to
obtain features with 10 ms frame interval from the SSL speech models trained
with 20 ms frame interval. Features with 10 ms frame interval are extracted
without retraining the SSL models.

3.1 Training the Hybrid DNN-HMM System

For the DNN system, we train a factored time delay neural network (TDNN-F)
[19]. Training the TDNN-F system requires generating alignment and lattices for
the acoustic data. The alignment and lattices are generated using a GMM/HMM
system trained with the 10 h of training audio files using 13-dimensional percep-
tually weighted linear prediction (PLP) features [10] (except for Cantonese and
Vietnamese where we add 3 more pitch features). The HMM/GMM are com-
puted separately for PLP features with 20 ms and 10 ms temporal resolutions.
1 https://huggingface.co/docs/transformers/en/index.

https://huggingface.co/docs/transformers/en/index


SR System for OpenASR21 Low Resource Languages 73

Note that MFCC and PLP features with 20 ms and 10 ms temporal resolutions
are computed with different window sizes in order to ensure reasonable speech
overlap between consecutive windows. Window size for 20ms temporal resolution
is 40 ms, while the window size for 10 ms temporal resolution is 25 ms. (Note
that the feature extractor in the SSL models we have used computes the features
from raw speech waveforms [3], so the issue of window size does not arise). We
tried different model architectures for the two sets of features to get the lowest
possible WER.

All the initial optimization experiments were run on Amharic data from
OpenASR21 evaluation. Since the 20 ms frame interval leads to half the frames
than with 10 ms frame interval, the optimized architectures for the two models
turn out to be quite different.

The model for the 10 ms frame interval is shown in Fig. 1. We tried feature
vectors generated by 5 different SSL models (XLSR-53 with 1024-dimensional
features per frame and pre-trained on 56k hours of audio, XLS_R-300m with
1024-dimensional features per frame, XLS_R-2b with 1920-dimensional features
per frame [2] (XLS_R models are pre-trained on 436k hours of audio), MMS-1b
model [20] with 1280-dimensional features per frame and pre-trained on 491K
hours of audio, and w2v-bert-2.0 pre-trained on 4.5M hours of audio (1024-
dimensional features per frame, and 600 million parameters (see Sec 3.1 and
Fig. 2 in [4])). Both the features from the SSL models and the i-vectors are input
to the acoustic model. Using HMM/DNN based acoustic models allow us to use
i-vectors [22] [8] together with the features from the SSL models. In the best
scenario, the features from the SSL models and the 100-dimensional i-vectors
are both transformed to 256 dimensions using a linear layer (see Fig. 1). The
transformed 256-dimensional features from SSL model (after specAugment [14])
are then combined with the transformed 256-dimensional i-vectors as a single
feature map using “combine-feature-map-layer” with a height of 128 and then
passed through a single stream of 5 CNN layers similar to those in [9,12]. As in
[12], we use 3×3 kernels for the 2D CNN layers with a filter size of 256 except for
the first layer with a filter size of 128. We apply frequency band sub-sampling
with a rate of 2 to every other layer in the 2D-CNNs. The output from the
last CNN layer is fed to two streams of 256 dimensional TDNN-F layers with
13 TDNN-F layers in each stream. One stream has a time-stride of 3, and the
other stream has a time-stride of 6. This model has 8.3 million parameters. The
validation set for training uses 300 held-out utterances from the training set.
Training time for these models for 10 epochs is around 17 h with 4 GPU’s, and
decoding time for 10 h of development set is 80 mins on 20 CPU’s.

The optimized architecture for the acoustic model with a frame interval of
20 ms has 2 streams but only 4 TDNN-F layers in each stream. More than 4
TDNN-F layers significantly increased the word error rate (WER). Also, the
“frame_subsampling_factor” of 3 for training the TDNN-F models was changed
from 3 to 1 (as the features have a temporal resolution of 20 ms instead of 10
ms), and the time-strides of 3 and 6 for the two streams were changed to 2 and
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Fig. 1. Multi-stream TDNN-F acoustic model with 1920-dimensional features from
47th layer of XLS_R-2b model as input, together with 100 dimensional i-vectors.

4. This model has 7.5 million parameters. Training time for 10 epochs is 100
mins on 4 GPU’s, and decoding 10 h of dev audio takes 30 mins on 20 CPU’s.

3.2 Generating Features with 10 ms Frame Interval from SSL
Models Trained with 20 ms Frame Interval

How can we generate features with 10 ms frame interval from any SSL model
trained with 20 ms frame interval without having to re-train the SSL model
with 10 ms frame interval? The answer is simple. We extract features from the
SSL model with 20 ms frame interval using the original audio. We then trim
the original audio by 10 ms in the beginning. The 20 ms frame-interval features
from this trimmed audio are now shifted by 10 ms compared to features from
the original audio. We then combine the two sets of features with 20-ms frame
interval to generate features with 10-ms frame interval. The first feature frame
comes from the first frame of the original audio. The second feature frame comes
from the first frame of the trimmed audio. The 3rd frame comes from the 2nd
frame of the original audio, and so on (see Fig. 2).

Note that, with a similar process, we can generate features with any given
frame interval from an acoustic model trained with 20 ms frame interval. For
example, to generate features with 5 ms frame interval, we trim the original
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Fig. 2. How frames from original audio (top) and from audio trimmed by 10 ms in the
beginning (bottom) are combined to give frames with 10-ms frame interval (middle).

audio by 5 ms, by 10 ms, and by 15 ms in the beginning and compute features
for each of these trimmed audios. We then put together the frames of these four
feature sets in proper order to generate features with 5 ms frame interval.

4 Initial Experiments with Different Temporal
Resolutions

Initially, we ran all the experiments with different temporal resolutions on the
Amharic language dataset from OpenASR21. For the pre-trained SSL model,
we used XLS_R-300m model. We compared the word error rate (WER) on
Amharic development (dev) set using TDNN-F acoustic model trained using
the 1024-dimensional features from XLS_R-300m model (with frame interval of
20 ms and encoder layer 23) versus TDNN-F acoustic models trained with 40-
dimensional MFCC features with a frame interval of 10 ms. We found that the
WER with MFCC features (38.4%) was lower than that with features extracted
from XLS_R-300m model (39.1%). We realized that some of the WER differ-
ences may be due to 10 ms frame interval for MFCC features versus 20 ms frame
interval for features extracted from XLS_R-300m model. When we used MFCC
features with frame interval of 20 ms (with window size of 40 ms), the lowest
WER we could get was 51.3%. We quickly realized that we need to extract fea-
tures with 10 ms frame interval from the existing SSL models trained with 20
ms frame interval. We simulated this with MFCC features first. We computed
MFCC features at 20 ms frame interval with the original audio and then with
each audio file trimmed by 10 ms. We then used the algorithm shown in Sect. 3.2
to compute MFCC features at 10 ms frame interval. With these simulated 10
ms MFCC features, we got 39.1% WER. This WER is a little bit higher than
when we compute MFCCs directly at 10 ms because of the different window
sizes (25 ms for 10 ms frame interval versus 40 ms for 20 ms frame interval).
This experiment showed a large reduction in WER for MFCC features from
51.3% to 39.1% with simulated MFCC features with 10 ms frame interval. So
we computed the feature parameters from XLS_R-300m at 10 ms frame interval
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and we got a similar reduction in WER as shown in Table 1. Note that, we also
computed WER with simulated 5 ms frame interval, but the WER was higher
than with 10 ms frame interval for both MFCC features and features extracted
from XLS_R-300m SSL models.

Table 1. WER for Amharic dev set with MFCC features and with features from 23rd
encoder layer of XLS_R-300m model for frame intervals of 5 ms, 10 ms, and 20 ms.

Features 5 ms 10 ms 20 ms

40-dim MFCCs 39.9% 39.1% 51.3%
from XLS_R-300m model 33.4% 32.1% 39.1%

We compared five different SSL models: wav2vec2-large-xlsr-53, XLS_R-
300m, XLS_R-2b, MMS-1b, and w2v-bert-2.0. All the five models gave similar
results with the lowest WER for the w2v-bert-2.0 model (see Table 2). We then
compared the WER for the dev sets for all the 15 languages in OpenASR21
evaluation for the best two models (w2v-bert-2.0 versus XLS_R-2b). It turns
out that on average over 15 languages, the XLS_R-2b model gave 0.4% lower
WER (42.3% versus 42.7%) than the w2v-bert-2.0 model (see Table 3). So the
largest pre-trained SSL model XLS_R-2b gave the lowest WER.

Table 2. WER comparison for Amharic dev set with acoustic models trained with fea-
tures from five different SSL models: wav2vec2-large-xlsr-53, XLS_R-300m, XLS_R-
2b, MMS-1b, and w2v-bert-2.0.

Model 10 ms frame interval

wav2vec2-large-xlsr-53 34.9%
XLS_R-300m 32.1%
XLS_R-2b 31.1%
MMS-1b 31.6%
w2v-bert-2.0 30.8%

Since the XLS_R-2b model gave the lowest WER, we extracted feature
parameters from 3 different encoder layers of this model to see if an intermediate
layer will give lower WER. There was some issue as to which layer will give the
best results [15]. We tried feature parameters extracted from layers 0, 35 and
47. The WER for the Amharic dev set with these feature parameters extracted
at 10 ms frame interval is shown in Table 4.

As we can see from Table 4, the last encoder layer gives the lowest WER.
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Table 3. Comparison of WER for dev sets from 15 OpenASR21 languages with features
from XLS_R-2b model versus features from w2v-bert-2.0 model with frame interval of
10 ms.

Lang XLS_R-2b w2v-bert-2.0

Amharic 31.1 30.8
Cantonese 41.8 42.3
Farsi 44.6 46.9
Georgian 32.9 32.3
Guarani 37.2 38.1
Javanese 45.7 47.1
Kazakh 38.6 39.5
Kurmanji 60.2 61.3
Mongolian 40.4 40.6
Pashto 41.7 41.4
Somali 53.9 54.3
Swahili 30.4 29.9
Tagalog 38.3 39.4
Tamil 57.1 57.3
Vietnamese 40.0 40.0
Average 42.3 42.7

Table 4. WER for Amharic dev set with features from XLS_R-2b model from encoder
layers 0, 35, and 47 at 10 ms frame interval.

Model layer 0 layer 35 layer 47

XLS_R-2b 43.5% 31.7% 31.1%

5 Results and Comparison with Other Sites

Since the SSL model XLS_R-2b (layer 47) gave the lowest WER, we used the
feature parameters from the 47th layer of this model to compare the word error
rate (WER) for 10 ms frame interval vesus 20 ms frame interval. The idea was
not to compare WER for different models, but to see how well features extracted
from the SSL model with 10 ms frame interval compare against features with 20
ms frame interval and to compare our WER on the dev set for different languages
with the published WER from other sites on the same task. We compare WER
on the dev set because the NIST scoring server for the eval set is closed, and we
do not have the transcripts for the eval set audio.

Table 5 compares our results with 10 ms frame interval (col 2), with 20 ms
frame interval (col 3), with ref [29] (col 4), and with ref [28] (columns 5 and
6). Note that the results from [28,29] are not back-to-back comparable but are
included for the reasons explained in the Introduction.
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Table 5. Comparison of WER for dev set with features from XLS_R-2b model with
frame interval of 10 ms (col 2), with frame interval of 20 ms (col 3), from ref [29] Table 1
col 2, from ref [28] Table 4 col FT (col 5) and col FT2 (col 6). Note columns 5 and 6
show character error rate for Cantonese (instead of WER).

Lang 10
ms

20
ms

from ref
[29] table 1

column 2

from ref
[28] table 4

column FT

from ref
[28] table 4

column FT2

Amharic 31.1 38.9 35.0 44.0 38.6
Cantonese 41.8 43.8 42.3 37.0 36.6
Farsi 44.6 47.6 52.4 46.3 47.4
Georgian 32.9 34.5 37.5 44.7 47.3
Guarani 37.2 40.3 39.0 46.2 41.3
Javanese 45.7 46.9 51.9 53.6 49.8
Kazakh 38.6 43.3 46.1 46.5 42.1
Kurmanji 60.2 62.2 63.7 62.5 59.5
Mongolian 40.4 46.8 45.4 47.9 43.9
Pashto 41.7 45.9 45.4 45.2 37.9
Somali 53.9 58.7 55.9 53.9 55.8
Swahili 30.4 32.8 32.3 40.5 34.6
Tagalog 38.3 45.9 42.1 45.0 39.5
Tamil 57.1 63.5 61.0 64.3 60.0
Vietnamese 40.0 42.2 43.9 40.2 36.6
Average 42.3 46.2 46.2 47.9 44.7

As can be seen from Table 5, the WER with 20 ms frame interval is always
higher than with 10 ms frame interval for every language. On an average, the
WER with 10 ms frame interval is 3.9% absolute (or 8.4% relative) lower than
with 20 ms frame interval. Also, note that for 11 of the 14 languages, the WER
with 10 ms frame interval is lower than for any other column, and the average
WER is lower by 2.4% absolute than the last column in Table 5. Both the com-
parisons are for a single decode of the dev set (without fusion from multiple
decoders). These results show that we are getting state-of-the-art results on the
OpenASR21 evaluation task.

Note that, the process of generating 10 ms frame interval features from 20
ms frame interval features can also be considered as a feature augmentation. In
general, feature augmentation means perturbing the audio by some means. Some
of these perturbations used frequently are speed perturbation [11], and adding
MUSAN noise [26] randomly to audio samples. The generation of 10 ms features
from 20 ms features can be considered as another kind of feature augmentation.
We have shown in this paper that this kind of feature augmentation for features
from SSL models results in significant reduction in WER for the low resource
OpenASR21 languages.
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6 Conclusion

In this paper, we show that extracting feature parameters at 10 ms frame interval
from pre-trained SSL models in low resource scenario results in lower word error
rate (WER) than with feature parameters extracted at the usual 20 ms frame
interval. We show it in the low resource scenario of OpenASR21 evaluation where
only 10 h of training audio is provided for 15 different low resource languages.
For all the 15 languages, the WER with 10 ms frame interval is on an average
3.9% absolute lower (42.3% versus 46.2%) than with frame interval of 20 ms.
Also, for every language, the WER with 10 ms frame interval is lower than with
20 ms frame interval.

Note that extracting feature parameters at 10 ms frame interval from pre-
trained SSL models with 20 ms frame interval can also be considered as a new
kind of feature augmentation.

We compare our results with the best teams in OpenASR21 evaluation for
constrained and constrained plus conditions, and show that our results are state-
of-the-art results on the 15 languages in OpenASR21 evaluation in the con-
strained plus condition.

We can compute feature parameters from the speech SSL models at any
temporal resolution (or frame interval) without having to retrain the speech
SSL model. So we can benefit from feature parameters at any temporal resolu-
tion from the SSL model depending on the application without any expensive
retraining of the SSL models.

We also compare 5 different pre-trained SSL models and show that the
XLS_R-2b model gives the lowest WER in the low resource OpenASR21 lan-
guages scenario.
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Abstract. The automatic speech recognition (ASR) domain has
advanced considerably with the emergence of large transformer-based
models, such as OpenAI’s Whisper. This paper presents an experimental-
based evaluation of the Whisper models, focusing on its performance
under various acoustic conditions and input configurations. We specif-
ically examine the effects of audio transformations such as white and
Gaussian noise, reverberation, time stretch, and pitch shift, as well as the
impact of varying chunk lengths. The findings suggest that while Whis-
per models are capable of dealing with minimal background noise and
demonstrate commendable performance in clean audio conditions, their
performance degrades rapidly when subjected to more severe audio trans-
formations and noise, particularly when using shorter chunk lengths. This
study contributes valuable insights into the Whisper model’s capabilities
and limitations, particularly when it comes to real-time speech recogni-
tion, offering guidance for future improvements in ASR technology.

Keyword: Automatic speech recognition.

1 Introduction

The accuracy of automatic speech recognition (ASR) models is crucial, as they
frequently serve as the foundational layer for more complex systems. Recogniz-
ing the importance of this, the studies in [4,6] address the issue by adapting
natural language processing (NLP) models to correct errors originating from
ASR. Another method focuses on evaluating the robustness of ASR models [8],
particularly when subjected to high levels of noise.

Recent years have seen significant progress in the field of ASR, particularly
with the advent of large transformer-based models such as Whisper [15], wav2vec
2.0 [3], and Conformer [7] (to mention but a few).

OpenAI’s Whisper models [15] are considered to be the state-of-the-art for
speech-to-text conversion. This paper aims to present an in-depth evaluation
of Whisper models, particularly focusing on their performance across various
acoustic conditions and input configurations, which are crucial aspects for real-
world applications. Additionally, this evaluation can also provide insights into
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pathological speech, where deviations from normal speech often resemble the
transformations tested.

Our research primarily investigates the impact of different audio
transformations—namely, white and Gaussian noise, reverberation, time stretch,
and pitch shift—on the Whisper models’ performance. These transformations are
selected to mimic common auditory challenges appearing in real life and during
online communication. We aim to assess the resilience and adaptability of Whis-
per models to such distortions. Additionally, this study examines the influence
of the input sample chunk length on the model’s accuracy, which is a critical
parameter in real-time operations.

Furthermore, the Whisper models’ ability to process multiple languages with
high accuracy makes them an ideal candidate for our multilingual evaluation,
encompassing English, Italian, and German. This approach not only tests the
linguistic versatility of the model but also enhances the generalizability of our
findings across different linguistic domains.

In conclusion, this paper seeks to contribute to the ASR field by systemati-
cally investigating Whisper models under varied acoustic and input conditions.
The findings are intended to inform future developments in speech recognition
technology, optimizing its application in diverse real-world scenarios and expand-
ing its utility across multiple languages.

2 Related Work

The Whisper model, a significant development in ASR, was introduced in [15].
In this foundational paper, the authors extensively used the audio degradation
toolbox [11] to evaluate the model’s performance across various noise conditions.
This approach was critical in establishing the robustness of the Whisper model
in dealing with different types of noise, which is an essential factor in ASR
technology.

However, the exploration of the Whisper model’s performance under addi-
tional noise types and with limited input chunk lengths remains a less explored
area in subsequent research. While the initial assessments in [15] set a benchmark
for noise handling in ASR models, the specific challenges posed by a broader
range of noises and shorter audio chunks have not been as thoroughly investi-
gated in later studies.

It has been observed that Whisper-large models perform among the best
across various languages, even under challenging noise and transformation con-
ditions. In [9], it is shown that Whisper models maintain strong performance
under various noise and transformation conditions across multiple languages.

The broader field of ASR research, has focused on creating noisy datasets
[5] and developing noise augmentation techniques [1], contributing significantly
to understanding and improving noise resilience in ASR models. However, these
studies often do not directly address the Whisper model.

Additionally, it is important to clarify that the Whisper model is not inher-
ently designed for offline applications, despite its heavyweight architecture and



84 S. Katkov et al.

preference for 30-s input chunks. This design choice, while making it more
suitable for offline use, does not limit its potential for real-time applications.
Research efforts to reduce the recognition latency of Whisper models, as men-
tioned in [10], are crucial in expanding its use cases, particularly for scenarios
requiring immediate responses or involving other types of real-time constraints.

In summary, the Whisper model, introduced in [15] and tested against various
noise conditions using the audio degradation toolbox, represents a major step
forward in ASR technology. However, the model’s performance in even more
diverse noise environments and with shorter input lengths is an area ripe for
further research, offering opportunities to enhance its capabilities and broaden
its applications. This is, in fact, the main focus of our paper.

3 Methodology

The methodology of this study is anchored in simulating real-world audio condi-
tions to evaluate the robustness and versatility of the Whisper models developed
by OpenAI. In real-world scenarios, ASR systems are frequently challenged by
a variety of audio disturbances and irregularities. Therefore, it is imperative to
test these models under conditions that closely mimic such disturbances to assess
their practical effectiveness.

To this end, our approach involves subjecting the Whisper models to a series
of controlled audio transformations. These transformations are designed to repli-
cate common acoustic challenges encountered in everyday environments. Such
challenges include background noise in urban settings, distortions due to vary-
ing room acoustics, and fluctuations in speech quality due to different recording
conditions. By systematically applying these transformations, we aim to closely
observe how the Whisper models perform under stress and identify areas where
their performance may be further improved for real-world application.

The choice of specific audio transformations is guided by both contemporary
research in the field and the operational realities of ASR systems. The goal is to
create a testbed that not only challenges the models but also remains grounded
in practicality. This involves selecting transformations that are representative of
typical scenarios in which ASR systems are deployed, ranging from noisy streets
to indoor spaces with varying acoustic properties.

3.1 Audio Transformations

In assessing the performance of ASR models like Whisper under varying acoustic
conditions, it is crucial to apply a range of audio transformations that can effec-
tively simulate real-world auditory challenges. Each transformation selected for
this study serves a specific purpose, replicating different types of disturbances
that are commonly encountered in everyday audio environments. By introducing
these elements into our test data, we can rigorously evaluate the resilience and
adaptability of the Whisper models. This not only tests the models’ ability to
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maintain accuracy under stress but also provides insights into potential areas
for improvement in handling diverse and challenging audio scenarios.

The audio transformations applied in this study include:

– White Noise: A signal characterized by equal power distribution across all
frequencies, expressed as

n(t) = α · rand(t), (1)

where α denotes the amplitude, t represents time, and rand(t) generates uni-
formly distributed random values.

– Gaussian Noise: Statistical noise following a normal distribution, given by

n(t) = N (μ, σ2, t), (2)

where N (μ, σ2) represents a Gaussian distribution with mean μ and variance
σ2, and t is time.

– Time Stretch: Modifies the length of an audio signal while maintaining its
original pitch, given by

y(t) = x(a · t), (3)

where a is the stretch factor and t is the time variable.
– Pitch Shift: Changes the pitch of an audio signal using Fourier Transform

techniques, expressed as

y(t) = F−1{F{x(t)} · ej2πΔft}, (4)

with Δf being the frequency shift and t representing time. In our experiments,
we vary the parameter n steps, which is directly proportional to Δf through
the relation Δf = n steps× f0

12 , where f0 denotes the reference frequency prior
to shifting. A shift of one n steps results in a pitch change of one semitone.

– Reverberation: Imitates the effect of sound reflections, described by

y(t) = x(t) + α · x(t − Δt), (5)

where α denotes the decay factor, Δt is the delay time, and t stands for time.

Parameters for these transformations were chosen to ensure that sentence
samples remain recognizable to human listeners, albeit with a noticeable level of
noise or difficulty in recognition.

3.2 Chunk Length Variation

A critical aspect of our investigation involves analyzing the effect of varying
chunk lengths on Whisper’s performance. The original paper [15] states that
audio files are split into 30-second chunks for further processing. We experi-
mented with different chunk sizes to understand how they influence the accuracy
and efficiency of speech recognition, particularly in scenarios with constrained
computational resources and processing time. This exploration is particularly
relevant for real-time applications.
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3.3 Multilingual Analysis

To assess the versatility of Whisper models, we conducted our evaluation using
the Common Voice dataset [2] in three languages: English, German, and Ital-
ian. We used multilingual models with passing language label. This multilingual
approach allows us to explore the linguistic adaptability of the models under the
applied audio transformations and chunk length variations.

4 Results

In this study, we assess speech recognition performance using the Word Error
Rate (WER) metric. WER is calculated as:

WER =
S + D + I

N
, (6)

where S, D, and I stand for the number of substitutions, deletions, and insertions
needed to align the system’s output with the reference transcription, and N is the
total word count in the reference. Lower WER values signify better transcription
accuracy.

Other than in the original paper [15], we do not perform advanced text nor-
malisation prior to WER evaluation because the authors only provide their text
normalisation approach for English; thus a comparison between different lan-
guages would not be correct. Instead, we only remove punctuation marks and
other non alphanumeric symbols. All experiments are performed on the Com-
mon Voice 13.0 dataset on test-split for English, Italian and German languages,
respectively.

A color map is utilized to visually represent the WER performance across
various transformations and chunk lengths. The color scale transitions from green
to orange and red, representing a progression from low to high WER values,
respectively. Since the effects of different transformations vary in strength, the
color map for each table is adjusted individually to better reflect the range of
WER values observed in that specific context.

Table 1. Different Whisper models with various languages and chunk length, WER.

chunk len whisper-base whisper-medium whisper-large-v2

english german italian english german italian english german italian

2 0.91 1.47 1.87 0.58 0.88 0.78 0.57 0.85 0.74

4 0.49 0.62 0.87 0.24 0.26 0.29 0.23 0.21 0.25

8 0.30 0.33 0.42 0.14 0.11 0.12 0.13 0.09 0.10

16 0.26 0.30 0.37 0.13 0.09 0.11 0.11 0.07 0.08

30 0.26 0.30 0.37 0.13 0.09 0.11 0.11 0.07 0.08



Benchmarking Whisper 87

In our research, the Whisper large v2 ASR model was subjected to a series of
tests across various languages, with a particular focus on the influence of chunk
length together with performing audio transformations.

The findings suggest that the German language model experiences a drastic
decline in performance with variations in chunk length (Table 1), a phenomenon
potentially related to the language structure and the average word length charac-
teristic of German. Conversely, the English language model demonstrated supe-
rior resilience under analogous experimental conditions. This phenomenon per-
sists on large and medium model sizes. The English language base model exhibits
enhanced performance comparing to other base models.

We evaluated the whisper large v2 model for each language, with combina-
tions of different grades of noise and chunk lengths. We chose noise parameters in
such a way as to keep audio recognizable by a human: White Noise (α = 0.002),
Gaussian Noise (mean 0, std 0.002), Time Stretch (α = 0.8), Pitch Shift (2
semitones), Reverberation (1.5 s). We provide the results in Table 2, 3, 4

Table 2. WER performance of whisper-large-v2 english model under various noise
conditions.

chunk/noise no noise white Gaussian pitch-shift time-stretch reverb

2 0.57 0.64 0.63 1.01 1.14 0.99

4 0.23 0.27 0.27 0.53 0.65 0.67

8 0.13 0.16 0.16 0.31 0.35 0.44

16 0.11 0.14 0.14 0.29 0.27 0.39

30 0.11 0.14 0.14 0.29 0.26 0.39

Table 3. WER performance of whisper-large-v2 german model under various noise
conditions.

chunk/noise no noise white Gaussian pitch-shift time-stretch reverb

2 0.85 1.02 1.04 1.66 2.07 1.24

4 0.21 0.30 0.30 0.66 0.83 0.66

8 0.09 0.14 0.13 0.31 0.33 0.35

16 0.07 0.11 0.11 0.28 0.25 0.31

30 0.07 0.11 0.11 0.28 0.25 0.31

Alterations in pitch, despite leaving the linguistic content of the audio
unchanged, were observed to incur a significant degradation in the model’s recog-
nition capabilities. This outcome indicates that pitch variations present a sub-
stantial challenge to the ASR system, underscoring the sensitivity of the model
to tonal changes in speech.
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Table 4. WER performance of whisper-large-v2 italian models under various noise
conditions.

chunk/noise no noise white Gaussian pitch-shift time-stretch reverb

2 0.74 0.82 0.81 1.36 1.52 1.10

4 0.25 0.26 0.27 0.66 0.84 0.61

8 0.10 0.11 0.10 0.32 0.38 0.31

16 0.08 0.09 0.09 0.29 0.26 0.27

30 0.08 0.09 0.09 0.29 0.26 0.27

Reverberation, introducing an echoic element to the audio, emerged as the
most problematic auditory transformation for the ASR model. While human
listeners readily adapt to and comprehend reverberated speech [13], the ASR
model exhibited marked difficulties, suggesting an area for further development
in echoic environment adaptation.

Interestingly, the incorporation of a modest degree of white noise into the
audio environment yielded a negligible impact on the model’s performance. This
robustness against minimal background noise suggests potential applicability of
the Whisper large v2 model in real-world scenarios where ambient noise is an
unavoidable element.

In the following tables we test whisper-large-v2 model on the English lan-
guage, varying noise/transformation parameters:

Table 5. Impact of white noise levels on WER across different chunk lengths.

Noise Level / Chunk Length 1 2 4 6 8 16 30

0.001 1.25 0.61 0.25 0.17 0.14 0.13 0.13

0.002 1.29 0.64 0.27 0.18 0.16 0.14 0.14

0.005 1.33 0.70 0.33 0.23 0.19 0.17 0.17

0.01 1.41 0.78 0.40 0.29 0.24 0.22 0.22

0.015 1.47 0.86 0.44 0.32 0.28 0.25 0.25

0.02 1.51 0.93 0.51 0.38 0.33 0.30 0.30

0.025 1.57 0.98 0.56 0.41 0.35 0.33 0.33

0.03 1.61 1.03 0.61 0.45 0.39 0.37 0.37

Incorporating white noise (Table 5) into the audio samples results in a progressive
deterioration of the WER. At a noise level of 0.03, the transcription quality
deteriorates significantly, sharply contrasting with the human listener’s ability
to effectively perceive and understand the audio under the same conditions [14].

The results concerning the impact of time stretching are presented in Table 6.
It is observed that with lower stretch rates, the model’s performance significantly
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Table 6. Impact of time-stretch rate on WER for different chunk lengths.

Rate / Chunk Length 1 2 4 6 8 16 30

0.1x 9.43 4.77 2.88 2.73 2.98 3.29 2.22

0.3x 3.48 2.62 1.87 1.40 1.12 0.61 0.39

0.7x 1.86 1.26 0.72 0.49 0.37 0.26 0.26

deteriorates, particularly for shorter chunk lengths, which aligns with expecta-
tions. Interestingly, at a stretch rate of 0.7, where the audio remains fully com-
prehensible to human listeners [12], the model experiences a marked decline in
recognition performance.

Table 7. Impact of reverberation time on WER across different chunk lengths.

Reverb Time / Chunk Length 1 2 4 6 8 16 30

1 1.72 1.06 0.69 0.50 0.41 0.38 0.38

1.5 1.82 0.99 0.67 0.51 0.44 0.39 0.39

2 1.77 0.97 0.62 0.45 0.39 0.36 0.36

The outcomes of introducing different reverberation times are detailed in Table 7.
Given that reverberation introduces an echo effect with a specific delay, varia-
tions in the delay duration have a minimal impact on the WER. However, it
is evident that the introduction of reverberation, regardless of the exact delay,
substantially diminishes the recognition accuracy of the model.

Table 8. Impact of pitch shift on WER across different chunk lengths.

Steps/Chunk Length 1 2 4 6 8 16 30

1 step 1.53 0.97 0.53 0.37 0.31 0.28 0.28

2 steps 1.57 1.01 0.53 0.38 0.32 0.29 0.29

3 steps 1.58 1.00 0.58 0.38 0.32 0.29 0.29

The introduction of pitch shift to the audio samples (Table 8), as detailed in our
findings, results in a notable degradation of the WER for speech recognition.
However, the variance in WER across different pitch shift parameters is relatively
insignificant.

The analysis of these results reveals that, although Whisper models demon-
strate an ability to manage audio transformations and added noise, their per-
formance is notably degraded if compared to a no-noise environment. The intro-
duction of even light noise or subtle transformations results in a discernible
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reduction in the models’ effectiveness, diverging from their performance in clean
audio conditions. This observed effect can be attributed to the model develop-
ers’ approach of not employing any augmentations during the training process,
which may have contributed to the model’s reduced robustness to the specific
transformations applied in our study.

5 Conclusion

The study conclusively demonstrates that the Whisper models, while robust in
various aspects, exhibits certain limitations in handling audio transformations
and noise. German language processing shows a comparably more marked decline
in performance with changing chunk lengths in noise-free settings, likely due to
the inherent structural complexity of the language. Pitch shifting and reverber-
ation significantly impact the model’s accuracy, underscoring its sensitivity to
tonal and echoic changes. Overall, the performance of the models noticeably
declines in comparison to their functioning in an environment without noise.

These results highlight areas for enhancement in the Whisper model, partic-
ularly in its adaptation to diverse acoustic conditions and its training process,
which currently lacks augmentation. This research paves the way for further
refinement of ASR systems, ensuring their applicability and efficiency across a
wider range of real-world scenarios and languages.

Subsequent research should examine more sophisticated noise augmenta-
tion techniques and gain a deeper comprehension of the linguistic aspects that
influence performance discrepancies. Furthermore, the acoustic transformations
employed in this study may provide valuable insights for the enhancement of ASR
systems for pathological speech, which often exhibits irregular pitch, breathiness,
and other distortions. Addressing these aspects will result in ASR systems that
are more inclusive and capable of serving users with diverse speech characteristics.

Additionally, it is crucial to investigate the discrepancies between human
and machine intelligibility of distorted speech, with the aim of developing ASR
systems that align more closely with human auditory perception. Such efforts
will help develop ASR technologies that are robust, reliable, and effective in
different linguistic contexts.
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Abstract. We present AutoMode-ASR, a novel framework that effec-
tively integrates multiple ASR systems to enhance the overall transcrip-
tion quality while optimizing cost. The idea is to train a decision model
to select the optimal ASR system for each segment based solely on the
audio input before running the systems. We achieve this by ensembling
binary classifiers determining the preference between two systems. These
classifiers are equipped with various features, such as audio embeddings,
quality estimation, and signal properties. Additionally, we demonstrate
how using a quality estimator can further improve performance with
minimal cost increase. Experimental results show a relative reduction in
WER of 16.2%, a cost saving of 65%, and a speed improvement of 75%,
compared to using a single-best model for all segments. Our framework
is compatible with commercial and open-source black-box ASR systems
as it does not require changes in model codes.

Keywords: Automatic speech recognition · Quality estimation · Cost
optimization

1 Introduction

Automatic speech recognition (ASR) has evolved remarkably due to advances in
deep learning [5,13,14]. Consequently, numerous high-quality ASR models have
been released [22,24,37], with some claiming to achieve human parity.

However, users frequently encounter challenges in selecting the most suitable
ASR model for their speech data; the performance of various models can differ
on the same segment, and their rankings may vary depending on the input
conditions, such as accents, dialects, background noises, and speaking styles [4].
For instance, certain models are optimized for studio recordings, while others are
more robust to non-speech noise. It is important to note that audio conditions
can vary across different segments, even within the same corpus and application.

This variability poses a significant challenge in intelligently integrating mul-
tiple ASR systems for a specific purpose. Traditionally, this has been addressed
through system combination [10,19], which constructs a confusion network from
c© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
A. Karpov and V. Delić (Eds.): SPECOM 2024, LNAI 15299, pp. 92–103, 2025.
https://doi.org/10.1007/978-3-031-77961-9_7
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multiple hypotheses and finds the best path to derive the final transcription.
Ensemble learning methods introduce diversity among the systems to expand the
combination space [26,28]. Departing from the confusion network, [12] propose
leveraging confidence scores from ASR systems to select the optimal hypothesis.
While effective in reducing the Word Error Rate (WER), these approaches share
a common limitation: they necessitate hypotheses from all candidate systems.
Meeting this requirement is often impractical nowadays due to the large model
size of high-performing modern ASR systems; commercial systems are expensive,
and open-source models incur substantial costs.

This paper introduces AutoMode-ASR, a novel framework that predicts the
most suitable ASR system for a given audio segment—defined as a contiguous
chunk of speech, such as a sentence or phrase—without running the inference
of candidate systems. The prediction is based on features extracted from the
audio input, and its transcription is performed only with the predicted system
afterward. The distinct separation between system selection and inference elim-
inates the requirement of modifying the decoding process, enabling a flexible
combination of commercial and open-source models.

Our experimental results show that AutoMode-ASR improves transcription
performance by up to -16.2% relative in WER. Notably, compared to other multi-
system approaches, it does not increase operational costs; rather, it reduces costs
by opting for a lighter system in cases of comparable performance, achieving a
price reduction of 65%. Our contributions are:

– We present a new combination scheme for any ASR models at the segment
level to optimize quality and cost.

– We analyze feature types to discern their relevance in accurately predicting
the performance of ASR systems.

– We propose a robust classification module that facilitates the incremental
integration of ASR systems.

– We demonstrate an effective approach to incorporate quality estimation for
further optimizing performance.

2 Methodology

AutoMode-ASR aims to predict the optimal ASR system for a given audio input,
a task framed as multi-class classification using system IDs as class labels. Train-
ing a classifier for this involves preparing data by conducting ASR inference for
each candidate system on every audio segment, entailing significant costs. If thus
only a limited amount of training data can be prepared, there is a high risk of
insufficient cases for certain systems as top performers. This class imbalance
adversely impacts classification accuracy [20,31], although it can be mitigated
by data sampling [1,6] or boosting methods [29,34].

In this work, we approach the problem as learning to rank [18], leveraging
the inherent rank information within our training data. Following the ASR infer-
ences on a training segment, we acquire not only the ID of the top-performing
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Fig. 1. The Diagram of the AutoMode-ASR Workflow.

system but also the rank across all candidates, sorted by WER. In contrast to
classification, which is trained solely on the top system ID, ranking gives training
instances for every system from each segment with relative performance. This
maximizes the utilization of information within the training data and enhances
stability.

2.1 Method Overview

Rather than directly predicting a ranking over all systems, we decompose the
problem into multiple binary classification problems (Sect. 2.3), each comparing
a specific pair of systems [15]. As mentioned, every training segment has ranking
information between candidate systems. To train a binary classifier, we simply
relabel each segment with the winning system between the two systems in ques-
tion. Each binary classifier is then trained with all available segments, which is
critical in our setup where data preparation is difficult.

Following the one-vs-one approach, learning to rank pairwisely ideally
requires considering every pair of systems: C(C− 1)/2 pairs with C as the num-
ber of systems. However, this proves impractical in numerous scenarios, leading
to the development of various pair sampling methods [27,32]. In our method, we
designate a pivot system from all candidates, playing the role of a comparative
baseline against every other system. Each binary classifier compares the pivot
against another candidate, resulting in C − 1 pairs, referred to as one-vs-pivot.
Among multiple systems, we strategically choose the cost-effective system as
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the pivot. This decision introduces an implicit bias towards minimizing costs,
aligning with our goal.

The decisions from individual binary classifiers are later merged into the final
decision using a simple heuristic (Sect. 2.4). This two-pass strategy is advanta-
geous when a new system is incrementally added to the comparison. In such
cases, training another binary classifier between the pivot system and the new
system suffices, which is significantly more efficient than retraining a multi-class
classifier involving all systems. Figure 1 shows the entire workflow of the pro-
posed method.

As our binary classifier, we employ the Gradient Boosting Machine (GBM)
[11] due to its flexibility in feature integration and interpretability in analyzing
feature importance. GBMs have demonstrated superiority over deep neural net-
works across various classification and ranking problems, excelling in terms of
both accuracy and efficiency [9,25]. The GBM algorithm incrementally incorpo-
rates weak learners by fitting each new learner to the residuals of the preced-
ing ensemble. Specifically, we utilize the eXtreme Gradient Boosting (XGBoost)
package [7], where each weak learner is a regression tree.

2.2 Features

An essential research question in our work is identifying relevant aspects of
audio input for predicting ASR performance. To study this question, we inte-
grate diverse features in the binary classifiers designed to encapsulate audio files’
acoustic, linguistic, and quality-related dimensions:

– Self-supervised audio embedding: Representations learned from speech
audio via contrastive learning on the masked latent space prove beneficial for
many downstream speech tasks [3]. We adopt the cross-lingual version of it,
trained on 53 languages (Wav2Vec2-XLSR-53) [8]. We extract the last encoder
states and average them over the time dimension to produce a consolidated
vector of 1024 dimensions.

– Input language: AutoMode-ASR operates without assuming the audio
input language; it can accommodate any supported languages across all sys-
tems. Recognizing that classifier decisions may differ based on language, we
include the language of each speech segment as a categorical feature. This
empowers the classifier to potentially select the model that performs better
in that particular language.

In addition to extracting features directly from the audio file, we utilize a
lightweight ASR model to capture valuable features from the inference process
and its temporary transcription. Note that this ASR model differs from the sys-
tems compared within AutoMode-ASR. We opt for a compact and swift ASR
model for feature extraction, thereby minimizing any significant increase in pro-
cessing time. After the ASR inference, we obtain the following features:

– ASR embedding: We extract the output states of the encoder from the ASR
model and compute their average over time. Our hypothesis posits that the
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representations learned during transcription encapsulate precise information
relevant to estimating transcription performance.

– ASR confidence score: ASR inference provides log probabilities for each
output token, called confidence scores. We include the mean, standard devi-
ation, and five-number summary of the probability values as features. These
scores offer preliminary insights into the transcription’s difficulty level; some
systems may excel in deciphering ambiguous phonetics in challenging seg-
ments, while others may perform better in transcribing easier segments.

– Quality estimation score: Once we obtain a transcription from the feature-
extracting ASR model, we can assess its quality even without a reference using
quality estimation metrics; it serves as another indicator of speech recogniz-
ability. For this purpose, we utilize NoRefER [16,35,36], which computes
a score for the transcription and exhibits a high correlation with WER. It
is worth noting that the NoRefER score is calculated solely based on the
transcription itself, without considering the audio, thus providing a distinct
dimension of information compared to other features.

– Quality estimation embedding: NoRefER itself is a neural network, from
which we can extract representations from its intermediate layers. Specifically,
we extract the last hidden state before the final linear layer of the NoRefER
network, resulting in an embedding of 384 dimensions.

2.3 Training

For training a binary classifier between the pivot and any ASR system, we first
assign labels to each segment based on the system with the lower WER between
the two. In cases where WER values are identical, we label them with the more
cost-effective system. We observed numerous instances with identical WER val-
ues, particularly for short segments, resulting in substantial cost savings overall
(Sect. 3.1).

To enhance training and increase the WER gain, we prioritize samples with
carefully crafted sample weights, calculated as the product of the following fac-
tors:

– Normalized WER difference: Calculate the absolute WER difference
between two systems and divide each value by the range of values across the
entire training set. Segments with a larger difference in WER are given more
weight in loss calculation as correctly classifying these segments is expected
to yield greater gains.

– Inverse label frequency: To counteract bias toward a single system, we
assigned higher weights to the minority label.

Classifier training minimizes the binary logistic loss along with its first and
second-order gradients at each step of adding a weak regression tree [7]. The
hyperparameters of the trees, such as the number of leaves, number of features,
or learning rate, are selected using cost-frugal hyperparameter optimization [33],
which samples a tree learner based on the estimated cost for improvement. Each
hyperparameter setting is evaluated using cross-validation with WER reduction,
i.e., WER decrease by AutoMode-ASR selections versus selecting a single system.
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2.4 Multi-class Ensemble

For comparing all systems, we aggregate predictions from individual binary clas-
sifiers and choose the most confident decision. Every binary classifier provides a
prediction and the probability between its two systems, which exceeds 0.5. We
select the system predicted with the highest probability among multiple binary
classifiers. Note that each binary classifier compares a system with the pivot
system. If a system surpasses the pivot, it is selected; if none of the systems
outperform the pivot, we default to the cost-effective pivot system.

For more elaborate decision-making and further cost savings, AutoMode-ASR
offers an option to rescore comparisons when a more expensive system is chosen,
i.e., the pivot is not selected. We obtain transcriptions from the systems and
compute their quality estimation scores using NoRefER, ultimately selecting the
system with the highest score. Since the comparison is based on system outputs
and the WER-correlated NoRefER, we anticipate that this yields predictions
more aligned with WER, while also providing another opportunity for the low-
cost pivot to be selected. In contrast to the features involved in the initial decision
(Sect. 2.2), this process requires running the ASR systems and comparing their
transcriptions. The only extra cost is due to the NoRefER inference.

3 Experiments

For our experiments, we curated training and test data by selecting diverse audio
samples from Common Voice [2] and LibriSpeech [21]. Combining these two
sources, our dataset encompasses various speaking styles and recording acous-
tics. We included the English, French, Spanish, German, and Russian subsets
from Common Voice to thoroughly evaluate AutoMode-ASR’s adaptability and
effectiveness across different languages. Each selected segment was then inputted
into all systems under comparison to obtain the WER and the performance rank-
ing. The statistics of the prepared data are in Table 1.

Table 1. The number of audio segments where each ASR system (System A, System
B, System C, Whisper) achieved the best performance in terms of Word Error Rate
(WER) in training, validation, and testing subset.

Top-Rank System train valid test

System A 1,182 149 149

System B 1,322 189 174

System C 5,431 735 773

Whisper (pivot) 14,817 2,147 2,107

Total 22,752 3,220 3,203
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We evaluated AutoMode-ASR using three commercial ASR systems (called
System A/B/C1) alongside Whisper [24], an open-source model developed by
OpenAI. These providers were selected due to their prominence in the indus-
try and diverse speech recognition approaches, ensuring a comprehensive and
practical evaluation. Whisper, specifically its “small” version, was chosen as the
pivot among systems because of its low cost and latency. In feature extraction
(Sect. 2.2), we employed the Whisper small model for ASR embedding and con-
fidence score. While this choice coincides with the pivot model, it was made
solely for our convenience and does not introduce any unintended bias toward
the pivot in AutoMode-ASR.

To train the classifiers, we employed Microsoft’s FLAML framework [30]. We
conducted five-fold cross-validation with a time budget of 1,000 s for hyperpa-
rameter optimization (HPO). While we also involved LightGBM [17] and Cat-
Boost [23] machines in the HPO process, XGBoost consistently outperformed the
others; thus we only present the results obtained using XGBoost. The weight-
ing scheme for training data sampling and the target metric for HPO are tuned
according to the performance on a validation set.

System selection was assessed against the top-ranking systems using F1,
weighted by inverse label frequency to address label imbalance (Table 1). Sub-
sequently, ASR decoding was conducted with the selected system per segment,
and WER was computed to evaluate AutoMode-ASR’s actual improvement in
transcription performance. These results were compared against selecting one
system for all segments: the pivot system (pivot only), a non-pivot system (non-
pivot only), or the system with the best overall performance when used for all
segments (single-best). We removed punctuation marks and applied lowercasing
before computing WER.

3.1 Main Results

Table 2 shows the reduction in WER and classification performance of each
binary classifier. While the pivot system is competitive, it does not consistently
outperform other commercial systems in all segments, particularly compared to
System C. Even though Table 1 shows that the pivot outperforms System C in
nearly three times as many segments, System C achieves a lower average WER
than the pivot (Whisper), likely because System C excels in more challenging
segments where WER reduction has a greater impact.

AutoMode-ASR’s binary classifiers efficiently identify cases where alternative
systems excel over the pivot, showcasing the framework’s ability to optimize ASR
system selection. Sample weighting in training (Sect. 2.3) consistently proves
beneficial and QE rescoring provides an additional gain.

Table 3 displays the final results after ensembling all three binary classifiers.
Compared to selecting a single system for all segments, AutoMode-ASR achieves
significantly lower WER, decreasing from 13.4% to 11.6%, with QE rescoring

1 The disclosure of the system providers is pending approval under legal review. Their
names will be disclosed accordingly after the review.
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further reducing it to 11.1%. Notably, this improvement does not increase oper-
ational costs or delays; it requires approximately 36% of the cost and 25% of the
runtime of the single-best baseline. It is noteworthy that QE rescoring only intro-
duces negligible extra cost and runtime. A small open-source model could nearly
eliminate both the cost and runtime by selecting the pivot system exclusively.
However, its performance is significantly inferior to that of AutoMode-ASR, as
it does not benefit from strong commercial systems. Additionally, we provide
the performance metrics when using actual top-performing systems (“Oracle”),
indicating potential room for improvement in future work.

These figures not only highlight the system’s processing efficiency but also
its cost-effectiveness compared to the baseline’Single-best’ system.

Table 2. Word Error Rate (WER) reduction and classification performance (F1-score)
for each binary classifier comparing the pivot system (Whisper) against commercial
systems (A, B, C). Results are shown for different system selection strategies, includ-
ing AutoMode-ASR with and without sample weighting and quality estimation (QE)
rescoring.

Pivot vs. System A System B System C

WER [%] F1 [%] WER [%] F1 [%] WER [%] F1 [%]

Non-pivot only 21.2 5.7 20.8 4.7 13.4 11.8

Pivot only 14.1 73.4 14.1 75.9 14.1 61.1

AutoMode-ASR 13.6 77.8 14.0 76.9 12.2 72.9

+ Sample weights 13.1 79.0 13.9 78.1 11.3 73.1

+ QE rescoring 12.9 80.2 13.7 79.1 11.4 76.3

Table 3. Multi-class ensemble results comparing Word Error Rate (WER), F1 score,
cost, and runtime of different system selection strategies. The “Single-best” system
represents the baseline. AutoMode-ASR and its variants with sample weighting and
quality estimation (QE) rescoring achieve progressively lower WER at a reasonable
decrease in cost and runtime. The “Oracle” represents the perfect prediction scenario.

System Selection WER [%] F1 [%] Cost [%] Runtime [%]

Single-best 13.4 9.4 100.0 100.0

Pivot only 14.1 52.2 2.3 4.6

AutoMode-ASR 12.3 62.5 18.6 19.3

+ Sample weights 11.6 63.4 36.2 24.9

+ QE rescoring 11.1 65.5 36.2 25.1

Oracle 6.5 100.0 41.0 37.4
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3.2 Feature Ablation

Table 4 presents an ablation study about the impact of various features on pre-
dicting ASR performance, categorized into three groups: audio, ASR, and QE.
All cases with QE features exhibit a clear improvement in WER compared to the
case without. This underscores the value of QE scores and embeddings, which
offer useful information distinct from audio or ASR features. Comparing the
second and third rows reveals a similar effect between audio and ASR features.

Table 4. AutoMode-ASR results with different feature groups without QE rescoring,
and when QE rescoring is applied to the best setting (all). “Audio” stands for self-
supervised audio embeddings, “ASR” means ASR embedding and confidence scores,
while “QE” includes QE score and its embedding. Input language feature is always
used.

Feature Groups WER [%] F1 [%]

Audio + ASR 12.4 61.5

Audio + QE 11.8 61.5

ASR + QE 11.7 62.9

Audio + ASR + QE (all) 11.6 63.4

+ QE rescoring 11.1 65.5

Fig. 2. Mean feature importance of binary classifiers.

The optimal configuration undoubtedly involves combining all features.
Figure 2 illustrates the feature importance computed within the GBM. ASR
confidence scores are deemed the most important, followed by embeddings from
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self-supervised audio models, quality estimation models, and ASR models. This
shows a considerable reliance on neural encoders for performance. Interestingly,
language categorization appears to hold minimal importance, highlighting the
AutoMode-ASR versatility across languages.

4 Conclusion

This work introduces AutoMode-ASR, a novel framework designed to dynami-
cally select the most suitable ASR system for a given audio input; which har-
nesses the strengths of different ASR technologies to substantially improve tran-
scription accuracy. It also considerably saves computational resources and oper-
ational costs by conducting binary system comparisons with a cost-effective sys-
tem as the pivot. Through rigorous testing, AutoMode-ASR shows remarkable
adaptability across audio environments and linguistic contexts, reducing WER
from 13.4% to 11.1% with 65% lower cost and 75% faster speed. We verify that
the multi-system ASR is a promising and practical way to optimize performance
cost-effectively and time-efficiently through smart system selection.
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Abstract. This work investigates the impact of pre-training and the use
of adverse audio samples on both the data efficiency and performance
of end-to-end neural Wake Word Detection systems. Alongside inten-
sive data augmentation, the proposed methodology involves pre-training
Keyword Spotting models, followed by fine-tuning to recognize specific
wake words by leveraging their foundational capabilities. The study also
examines the inclusion of adverse audio samples resembling the target
wake word. Experiments evaluate various state-of-the-art architectures
to assess the effects of model size, amount of training data, model pre-
training, and the incorporation of adverse audio samples on system per-
formance. Results demonstrate that pre-training improves performance,
with fine-tuned models consistently outperforming those trained from
scratch, especially with limited data. Additionally, training with adverse
samples resembling the wake word also enhances results by reducing false
acceptance rates. These findings provide valuable insights for developing
data-efficient Wake Word Detection systems.

Keywords: Wake word detection · Pre-training · Adverse audio
samples · Data-efficient

1 Introduction

Wake words serve as unique phrases that activate dormant applications, marking
users’ initial interaction with voice-activated systems. These words are pivotal
as they enable natural communication with devices at the edge, allowing users
to address applications with a human-like name. This approach enhances user
experience, fostering brand loyalty and association. Major companies like Ama-
zon, Apple, and Google have heavily invested in developing and promoting their
personalized assistants and their respective wake words, such as Alexa, Hey Siri,
and OK Google, which have become widely recognized even outside active usage
contexts.

Wake Word Detection is a specialized subset of the broader Key Word Spot-
ting problem. While Key Word Spotting systems are designed to identify multiple
keywords or commands within continuous audio streams, Wake Word Detection
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specifically focuses on recognizing a single activation phrase to initiate an inter-
action and requires efficient and privacy-conscious operation on edge devices.

The need for reliable Wake Word Detection systems arises from privacy con-
cerns associated with constant listening by detection systems, as highlighted
in [20]. Local deployment of these systems addresses these concerns by ensuring
audio processing remains on the user’s device, thus enhancing privacy and reduc-
ing dependence on cloud connectivity. This approach not only minimizes latency
but also enhances system reliability and trustworthiness. Efficient Wake Word
Detection engines are crucial to minimize false positives and negatives, mak-
ing deployment on edge devices essential. However, these systems must also be
space-efficient and utilize minimal computational resources to operate effectively
on edge devices. Additionally, high-quality data is also crucial for the develop-
ment of precise Wake Word Systems. Nevertheless, acquiring and annotating
new data can be a time-consuming and resource-intensive process, which poses
a bottleneck in their implementation.

In this work we study how pre-training and adverse audio samples impact
the data requirements and performance of end-to-end neural Wake Word Detec-
tion systems. To do so, we propose a training methodology that not only utilizes
data augmentation techniques but also incorporates the pre-training of Key-
word Spotting models, followed by fine-tuning for specific wake word recogni-
tion. Additionally, we explore the impact of incorporating adverse audio samples
similar to the target wake word. Through comprehensive experimentation, we
evaluate the impacts of model size, training data volume, model pre-training,
and the inclusion of adverse audio samples on system performance.

The rest of the paper is organized as follows: Sect. 2 provides some back-
ground on various Wake Word Detection approaches and techniques used to
reduce the need for annotated data. In Sect. 3 and Sect. 4 the datasets and dif-
ferent model architectures used for experimentation are described, respectively.
Section 5 focuses on the proposed training methodology. In Sect. 6 experimen-
tal results are presented, different settings and models are compared and some
conclusions are drawn. Finally, Sect. 7 highlights the main contributions of this
work and proposes tentative lines to develop in the future.

2 Background and Related Work

Early approaches to Wake Word Detection utilized Large Vocabulary Continuous
Speech Recognition (LVCSR) systems [9,25]. In this method, the speech signal
is decoded, generating lattices that represent likely sequences of phonetic units.
The keyword is then searched within these lattices. This approach offers flexi-
bility in handling non pre-defined wake words. However, the primary drawback
of LVCSR-based systems lies in their considerable computational complexity,
making them less suitable for resource-constrained applications or real-time pro-
cessing scenarios [31]. A lighter alternative to LVCSR systems was also used,
the keyword/filler approach [28,34]. This method employs two separate HMMs:
one for modeling keyword audio segments and another for non-keyword (filler)
segments.
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The advent of deep learning led to the gradual replacement of this technolo-
gies with neural networks. The first steps in this transition where conducted by
hybrid approaches that combined neural network acoustic models with HMMs
[26,35]. Nevertheless, recent research has explored end-to-end neural network
approaches [8], eliminating the need for HMMs. These mainly focus on the better
performing convolutional neural networks [24,30] and recurrent neural networks
[11,29].

Nowadays, Wake Word Detection systems are typically deployed on edge
devices and must operate in real-time continuous audio streams. Consequently,
neural network architectures need to balance good performance with minimal
memory footprint, low computational cost and reduced latency. In this regard,
optimizations such as quantization [14,16] and model conversion to streaming
inference mode [29] have been developed to reduce computational demands.

Data plays a crucial role in neural networks, serving both to train model
parameters and validate performance. Unfortunately, there is a lack of available
corpora for Wake Word Detection [15,21]. When a new wake word is required, a
data annotation process must be conducted to record audios for training, which
can be time-consuming and resource-intensive.

To address these challenges, contrastive learning [36] offers an alternative way
of training models. It enables the learning of distinctive speech representations
by effectively utilizing both limited labeled wake word samples and abundant
unlabeled speech data. Data augmentation [13,27] and synthetic audio gener-
ation techniques [2] can also help alleviate the amount of required annotated
data.

To the best of our knowledge, prior research on wake word detection has
not investigated the efficacy of model pre-training to enhance performance and
reduce training data needs. Furthermore, the significance of employing challeng-
ing negative examples to improve model resilience against false positives has not
been thoroughly explored. This work fills these gaps through a comprehensive
experimental evaluation that examines how model pre-training and the integra-
tion of adverse audio samples impact various architectures, model scales, and
training data sizes.

3 Datasets

This section describes each employed dataset, including their sources, character-
istics, and preprocessing steps applied. Multiple datasets of different properties
are used to conduct the proposed training methodology, with the aim of reducing
the amount of wake word training samples required. We use Wake Word Detec-
tion datasets (Sect. 3.1) in order to validate our approach. Keyword Spotting
samples (Sect. 3.2) are used for model pre-training, teaching the models general
speech recognition competencies. Unknown human Speech (Sect. 3.3) and Back-
ground Noise (Sect. 3.4) data serve multiple purposes: i) each represents its own
class in Keyword Spotting model pre-training, ii) they form part of the negative
samples in Wake Word Detection training, and iii) they are also utilized in the
data augmentation process.
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All audio samples are used with a single channel and a sampling rate of
16kHz, resampled if needed employing FFmpeg [1]. In addition, all samples con-
taining human speech were processed with webrtcvad [3] to trim audio without
voice activity from the beginning and end of the recordings.

3.1 Wake Word Detection

Our proposed training approach is validated on the Ok Aura dataset [6] and
on our own proprietary Hey Nari dataset, both recorded by mostly Spanish
speaking volunteers. The composition of these datasets allows for robust train-
ing and evaluation of wake word detection systems, ensuring a diverse range of
recording conditions, and presenting the models with both positive samples and
challenging adverse samples that closely resemble the target wake word, referred
to as adverse samples.

The Ok Aura dataset comprises 1,247 utterances collected from 80 distinct
speakers. This collection includes positive wake word samples and adverse sam-
ples that are phonetically similar to the wake word. 151 utterances contain the
wake word within a context, e.g., “Ok Aura, ver encuentros y conferencias”. To
increase the number of positive samples, these utterances were manually cropped
to isolate the wake word, resulting in a total of 510 positive samples. The remain-
ing 737 utterances are adverse samples. The data was acquired through a web
service with each speaker using their own personal microphone.

We employed a similar data acquisition process, utilizing our own audio anno-
tation web service to collect and create the Hey Nari dataset. This dataset
comprises 1357 utterances from 52 speakers, with 684 positive samples and 673
adverse samples. The most notable difference between the Ok Aura and Hey Nari
datasets is the syntactic form of the adverse samples. In the Ok Aura dataset, the
adverse samples are complete sentences, e.g., “Con ese aura que tiene conseguirá
lo que se proponga”, while in the Hey Nari dataset, they are short combinations
of words, e.g., “Mi nariz”.

3.2 Keyword Spotting

The Google Speech Commands V2 dataset [33] is widely used in speech
recognition and keyword spotting tasks. It consists of 105,829 one second audio
clips of 35 short words, collected from 2,618 speakers. The words include com-
mon commands like “yes”, “no”, “up”, “down”, digits from “zero” to “nine”, and
other words covering multiple different phonemes. We balanced the dataset by
randomly duplicating samples from underrepresented classes, ensuring an equal
number of samples across all classes.

3.3 Unknown Speech

The Common Voice dataset [4] contains a vast amount of recordings from
volunteers with diverse ages and accents, speaking in multiple languages. For
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our experiments, we used a subset of this dataset as general unknown human
speech, consisting of 25,000 audio samples in Basque, Spanish and English, the
three most prominent languages in our region.

3.4 Background Noise

The employed background noise recordings come from both the QUT-NOISE
dataset [12], and synthetic white and pink noise from the Google Speech
Commands V2 dataset [33]. The QUT-NOISE dataset is a comprehensive
background noise corpus designed for simulating noisy speech in various real-
world environments. It contains 20 noise recording sessions of at least 30min
each, covering five distinct scenarios:

1. CAFE: Indoor and outdoor dining areas with background unintelligible chat-
ter and kitchen noises.

2. HOME: Domestic settings including kitchen and living areas with typical
household activities.

3. STREET: Urban intersections with varying levels of traffic and pedestrian
activity.

4. CAR: Interior of a moving vehicle under different driving conditions.
5. REVERB: Large, echoic spaces with distinct acoustic properties.

4 Model Architectures

This section provides an overview of the neural network architectures evaluated
in our experiments. Chosen for their cutting-edge performance and efficiency,
we have implemented several model architectures for Keyword Spotting and
assessed their performance in Wake Word Detection. Please refer to Sect. 5.2 for
details on the specific preliminary feature extraction process required by each of
these models, which take a spectrogram of the audio as input.

4.1 Broadcasting-Residual Network (BC-ResNet)

The BC-ResNet model architecture [17] has an initial 2D convolution followed
by multiple broadcasted residual learning blocks. In each of these blocks the
input, with frequency and temporal dimensions, is first passed through a fre-
quency depthwise convolution and normalized using subspectral normalization
[7]. This normalization method divides the frequency dimension into consecutive
groups and normalizes them separately for a frequency aware normalization. The
output is then averaged in the frequency dimension, leaving a single temporal
dimension, and convolved depthwise. Lastly, the single feature is broadcasted or
expanded back in the frequency dimension and the original input is added, form-
ing the residual shortcut connection. A 2D separable convolution and a global
average pooling layer in both frequency and temporal dimensions come after
the broadcasted residual learning blocks, ending with a fully connected layer for
classification. The base model BC-ResNet-1 can be scaled to create larger vari-
ants, denoted as BC-ResNet-τ , by multiplying the number of output channels
throughout the network by a factor τ .
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4.2 MatchboxNet

The MatchboxNet architecture [24], inspired by the QuartzNet model for auto-
matic speech recognition [19], is also suitable for model scaling. Denoted as
MatchboxNet-BxRxC, it consists of B residual blocks, each containing R sub-
blocks with a 1D temporal separable convolution and C output channels. Addi-
tional temporal separable convolutions precede and succeed the residual blocks,
lastly tailed by a temporal global average pooling layer and a fully connected
layer for classification.

4.3 Multi-head Attention Recurrent Neural Network
(MHAtt-RNN)

Based on the architecture proposed in [11], the MHAtt-RNN model [29] pro-
cesses the incoming spectrograms through a series of 2D separable convolutions,
followed by two bidirectional GRU [10] layers. Employing a multi-head atten-
tion mechanism [5,32], the central feature of the bidirectional GRU’s output
sequence is projected once per attention head via a dense layer. These projec-
tions serve as the query vectors for the attention mechanism. The attention
scores are used to compute the weighted averages of the bidirectional GRU out-
put. These attention-weighted representations are then processed through fully
connected layers for final classification.

5 Proposed Training Methodology

This section outlines the multi-stage approach employed to train the different
Wake Word Detection models. Section 5.1 discusses the data augmentation tech-
niques employed to enhance data diversity and simulate real-world conditions.
The methods for model-specific feature extraction and spectrogram augmenta-
tion are elaborated in Sect. 5.2. Section 5.3 outlines the pre-training process on
the Keyword Spotting task, aimed at establishing foundational speech recogni-
tion capabilities. Lastly, Sect. 5.4 addresses the fine-tuning of pre-trained models
specifically for Wake Word Detection.

5.1 Data Augmentation

Various data augmentation techniques are applied to the different training data
sources. Keyword Spotting samples and Wake Word Detection positive and
adverse samples undergo an augmentation process similar to [29,37]:

1. Temporal shifts between −100 and 100 milliseconds.
2. Resampling with a factor in the range of 0.85 to 1.15.
3. Random cropping or padding with zeros to the required fixed size.
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4. Adding background noise with a probability of 0.8, scaled by a factor ranging
from 0 to 0.1. The background noise is sampled randomly from seven different
types: the five scenarios (CAFE, HOME, STREET, CAR, REVERB) of the
QUT-NOISE dataset, synthetic audio from the Google Speech Commands
V2 dataset to simulate static noise, and unknown speech from the Common
Voice subset to resemble background conversations.

Since there is an abundance of unknown speech samples, they are randomly
selected without the need for extensive data augmentation. However, to ensure
they have similar acoustic properties to the other samples with human voice
activity, background noise is added after they are randomly cropped to the
desired size, as described in augmentation step 4.

Samples containing only background noise are randomly selected from six
different types (those described in step 4, excluding unknown speech), randomly
cropped to the desired size, and scaled by a factor ranging from 0 to 1.

5.2 Feature Extraction and Spectrogram Augmentation

The feature extraction process and specific spectrogram properties follow the
recommendations provided by the respective authors for each model architecture
and its scaled variants. The produced spectrograms are augmented in all cases
using SpecAugment [27], applying frequency and temporal band masking, but
omitting time warping:

– BC-ResNet [17]: Log Mel spectrogram with 40 Mel filterbanks with 30ms
window size and 20ms overlap. BC-ResNet-1 does not use SpecAugment, but
larger models BC-ResNet-{3, 6} use 2 frequency mask bands of size in the
range of 0 to {5, 7}, and 2 temporal mask bands of size in the range of 0 to
20.

– MatchboxNet [24]: Mel-frequency cepstrum coefficients retaining all 64 of the
computed coefficients with 25ms window size and 15ms overlap. SpecAugment
is applied using 2 frequency mask bands of size in the range of 0 to 15, and
2 temporal mask bands of size in the range of 0 to 25.

– MHAtt-RNN [29]: Mel-frequency cepstrum coefficients retaining the first 40
of the 80 computed coefficients with 30ms window size and 20ms overlap.
SpecAugment is applied using 2 frequency mask bands of size in the range of
0 to 7, and 2 temporal mask bands of size in the range of 0 to 25.

5.3 Model Pre-training

Inspired by [24], we pre-train the models on a Keyword Spotting task to recognize
all 35 commands of the Google Speech Commands V2 dataset [33], plus two
additional classes: unknown speech and background noise. Our aim is to train
the models on a general and complex task as to be able to i) distinguish between
a large number of keywords covering a wide range of phonemes, ii) comprehend
that there is human speech that does not correspond to any of the keywords,
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and iii) discern between voice activity and background noise. This knowledge is
valuable, and as we demonstrate could be transferred to downstream tasks such
as Wake Word Detection to improve performance.

Regarding the technical aspects, all available audio samples are used for train-
ing, with the 37 classes equally represented at training time to ensure balanced
learning.

5.4 Model Fine-Tuning

The final classification layer of the pre-trained models is replaced by a single
fully connected neuron with a sigmoid non-linear activation, oriented for binary
classification. The models are then fine-tuned for Wake Word Detection using
the following training data proportions: 40% positive samples and 60% negative
samples, consisting of 24% adverse samples, 24% unknown speech, and 12%
background noise. If there are insufficient positive or adverse samples to maintain
these proportions, random oversampling is applied to either sample type.

The class balance is slightly skewed towards the negative samples. As
expected, the main difficulty the models face is discerning between positive and
adverse samples. This will be later confirmed in the experimental evaluation,
where we observe high false acceptance rates, indicating that a significant num-
ber of adverse examples are misclassified as positive. To address these issues, we
slightly reduced the representation of positive samples and increased the repre-
sentation of adverse samples.

6 Experimental Results

All model training processes were conducted for 200 epochs using cross entropy
loss and Adam optimizer [18] with parameters β1 = 0.9, β2 = 0.999, and a
weight decay of 10−2 [23]. The learning rate is linearly warmed up over the first
5 epochs, starting from 0 up to 10−3, except for model fine-tuning, in which case
the maximum learning rate is halved to 5×10−4. Over the remaining epochs, the
learning rate decays to 0 using cosine annealing [22]. Keyword Spotting model
pre-training is done with a batch size of 128 and 1 s audios. Wake Word Detection
models on the other hand, whether they are being fine-tuned or trained from
scratch, use a batch size of 32 and 1.5 s audios.

To improve the robustness of our evaluation, we employ 10-fold cross valida-
tion on the Wake Word Detection datasets, where each fold serves once as the
test data while the remaining nine are used for training. The folds are grouped by
speaker, preventing audio samples recorded by the same person from appearing
in both the train and test data, and are stratified by positive and adverse sam-
ples, preserving the proportion of samples for each class across folds. At each of
the 10 runs, if the audio samples of the corresponding test fold are shorter than
the mentioned 1.5 s, they are padded evenly with zeros. Otherwise, to emulate
a real-world scenario, the samples are split in overlapping windows of 1.5 s with
100ms shifts.
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Given that adverse samples are in general significantly longer than positive
samples, this process results in highly unbalanced test data skewed towards the
negative class. Therefore, we consider the F1 score a suitable metric to esti-
mate overall model performance. False acceptance and rejection rates (FAR and
FRR), commonly used in identification systems, are also employed to indepen-
dently show where most errors occur. Note that the described evaluation method
represents the worst case scenario, since all negative samples are adverse and
contain speech similar to the target wake word.

Table 1. Baseline model F1 score, FAR and FRR on OK Aura and Hey Nari datasets.
For reference, the top-1 test Accuracy (Acc) averaged over 5 runs on the Google Speech
Commands V2 dataset (GSC V2) with 35 labels is also provided, trained as in [29].
The #Params column shows the number of parameters of each model and the #Ops
column the number of multiplications and additions performed during the inference of
a single sample.

Model #Params #Ops OK Aura Hey Nari GSC V2
F1↑ FAR(%)↓ FRR(%)↓ F1↑ FAR(%)↓ FRR(%)↓ Acc(%)↑

BC-ResNet-1 8,869 3.71M 0.883 0.110 1.086 0.979 0.393 0.218 95.020
BC-ResNet-3 53,101 21.72M 0.947 0.077 0.404 0.983 0.354 0.348 97.267
BC-ResNet-6 185,689 75.19M 0.957 0.116 0.269 0.986 0.235 0.163 97.746
MatchboxNet-3x1x64 73,473 10.84M 0.944 0.095 0.432 0.974 0.481 0.271 96.765
MatchboxNet-3x2x64 89,025 13.14M 0.950 0.125 0.335 0.985 0.232 0.227 97.047
MatchboxNet-6x2x64 135,105 19.92M 0.958 0.101 0.280 0.986 0.202 0.192 97.256
MHAtt-RNN 755,963 65.41M0.972 0.071 0.181 0.981 0.145 0.384 97.183

6.1 Model Baselines

In Table 1 we show the baselines resulting from training the models with the pro-
posed methodology. Even in the adverse testing environment, the models achieve
excellent performance as Wake Word Detection systems. More specifically, con-
sidering the results, we provide the following observations:

– As expected, models with more trainable parameters and higher computa-
tional demands, in terms of multiplications and additions during inference,
achieve better performance, especially when compared within the same model
architecture.

– BC-ResNet-3 and MatchboxNet-3x2x64 models reach close to top perfor-
mance while maintaining relatively low computational requirements. These
models can be converted to streaming inference mode [29], making them
strong candidates for real production environments on the edge.

– MHAtt-RNN, the largest tested model with approximately four times more
parameters than the next largest, achieves the best performance on the OK
Aura dataset but shows lower performance on the Hey Nari dataset. Its
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bidirectional recurrent layers, which necessitate processing the entire input
sequence, render the model incompatible with streaming inference [29]. These
constraints pose challenges for deploying it in edge computing environments.

– All models exhibit markedly improved performance on the Hey Nari dataset
compared to the Ok Aura dataset. We attribute this discrepancy to two pri-
mary factors: i) Despite fixed data proportions, models trained on the Ok
Aura dataset encounter fewer adverse samples during training. These adverse
samples consist of recordings of full sentences, which reduces the likelihood
of randomly cropping to the precise adverse section. ii) “Ok Aura” represents
a more challenging wake word due to its additional syllable.

Fig. 1. Fine-tuned models and models trained from scratch using incremental propor-
tions of the total available training data. Note that the results of the Ok Aura dataset
(top row) and the Hey Nari dataset (bottom row) have different vertical scaling for
better visualization.

6.2 Data Requirements and Model Pre-training

Next, we assess the data requirements for training Wake Word Detection mod-
els using our proposed approach and evaluate the impact of model pre-training.
To this end, we train the models only using incremental proportions of the



114 M. Torralbo et al.

total available data (5%, 10%, 20%, 33%, 50%, 75%, and 100%), comparing per-
formance between models trained from scratch and those fine-tuned from pre-
trained models. Undersampling is done randomly and without replacement, inde-
pendently sampling positive and adverse samples. Models trained from scratch
follow the same training procedure as fine-tuned models, but use a higher learn-
ing rate of 10−3, double that of fine-tuned models, and start with randomly
initialized weights.

The results, depicted in Fig. 1, indicate that around 150 to 200 positive
and adverse samples (∼33% of the training data in this case) are sufficient to
achieve near-optimal performance. Nevertheless, as is usually the case with neu-
ral networks, adding more data beyond this continues to yield small performance
improvements. Note that by using 100% of data the results shown in Table 1 are
obtained.

Fine-tuned models consistently outperform models trained from scratch. This
gap in performance is significant with smaller amounts of data and narrows as
the available training data increases, though fine-tuned models still maintain an
advantage when all data is utilized. We argue that since all trainable parameters
of the pre-trained models are being adjusted during fine-tuning, performance of
both training methods would likely converge if the amount of data continues to
increase.

Table 2. F1 score, False Acceptance Rate (FAR) and False Rejection Rate (FRR)
of fine-tuned models trained with the same amount of data, with or without adverse
samples. “WW” denotes the number of Wake Words and “Adv” the number of Adverse
samples used for training. The best values considering both the model and the metric
are highlighted in bold.

Ok Aura F1 score ↑ FAR(%) ↓ FRR(%) ↓
450 WW
0 Adv

280 WW
170 Adv

450 WW
0 Adv

280 WW
170 Adv

450 WW
0 Adv

280 WW
170 Adv

BC-ResNet-1 0.451 0.771 11.202 2.784 0.060 0.088
BC-ResNet-3 0.478 0.861 10.402 1.391 0.034 0.095
BC-ResNet-6 0.509 0.908 9.052 0.844 0.034 0.097
MatchboxNet-3x1x64 0.509 0.896 8.975 0.925 0.071 0.110
MatchboxNet-3x2x64 0.527 0.916 8.420 0.695 0.048 0.101
MatchboxNet-6x2x64 0.493 0.921 9.429 0.680 0.042 0.095
MHAtt-RNN 0.490 0.896 9.618 0.941 0.072 0.101
Hey Nari F1 score ↑ FAR(%) ↓ FRR(%) ↓

610 WW
0 Adv

380 WW
230 Adv

610 WW
0 Adv

380 WW
230 Adv

610 WW
0 Adv

380 WW
230 Adv

BC-ResNet-1 0.770 0.964 8.337 0.640 0.128 0.392
BC-ResNet-3 0.781 0.971 7.991 0.513 0.080 0.343
BC-ResNet-6 0.787 0.979 7.589 0.357 0.080 0.210
MatchboxNet-3x1x64 0.744 0.972 9.690 0.555 0.126 0.270
MatchboxNet-3x2x64 0.752 0.971 9.288 0.663 0.143 0.267
MatchboxNet-6x2x64 0.754 0.980 9.023 0.284 0.184 0.287
MHAtt-RNN 0.771 0.971 8.436 0.785 0.000 0.079
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Fig. 2. Fine-tuned models trained with incremental proportions of the total adverse
samples and all available positive samples of the training data. Note that the results of
the Ok Aura dataset (top row) and the Hey Nari dataset (bottom row) have different
vertical scaling for better visualization.

6.3 Training with Adverse Samples

To evaluate the significance of training with adverse samples, we conduct two
experiments. Note that building on our previous findings, all models in these
experiments are fine-tuned.

The first experiment justifies the importance of annotating adverse samples,
even when it comes at the expense of recording fewer positive samples. We train
the models using the same amount of annotated data, both with and without
adverse samples. Models trained without adverse samples use unknown speech
samples as a replacement and the maximum available wake word samples. Models
trained with adverse samples use fewer positive samples and follow the data
proportions established in Sect. 5.4.

Table 2 shows the results of this comparison, where we can observe that train-
ing with adverse samples undoubtedly has a positive impact on model perfor-
mance. The improvement is particularly noticeable in the false acceptance rate,
where models on average go from incorrectly classifying 8.52% of predictions as
false positives in the Hey Nari dataset, to only 0.57%. We conclude that adverse
samples force the models to learn the intrinsic and particular phonetic details
of the target wake word. This comes with a trade-off, as models classify more
strictly, the false rejection rate increases slightly. Note that since the models in
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this comparison are trained with smaller subsets of the available data the results
are not directly comparable to those presented in Table 1.

In our final experiment, we explore the amount of adverse samples required
for training. To isolate their impact on model performance, we fix the number
of positive samples at maximum available while using incremental proportions
of adverse samples. The results, plotted in Fig. 2, confirm our previous findings
that training with adverse samples positively impacts model performance. While
increasing the amount of adverse data enhances model performance, diminishing
returns begin to occur when using approximately 150 to 200 adverse samples (a
third of the available).

7 Conclusion and Future Work

This work has investigated how pre-training and the inclusion of adverse audio
samples affects the performance and data demands of end-to-end neural Wake
Word Detection systems. The methodology explored has involved intensive data
augmentation and initial pre-training of Keyword Spotting models, followed by
fine-tuning for specific wake word recognition. Through extensive experimenta-
tion, diverse state-of-the-art architectures for Wake Word Detection have been
assessed, examining the impacts of model size, training data volume, model pre-
training, and the inclusion of adverse audio samples on overall performance.

The study has yielded several important insights. The impact of pre-training
on Keyword Spotting has proved to be positive, with fine-tuned models con-
sistently outperforming those trained from scratch, particularly when working
with limited data. We also observed that training with adverse samples resem-
bling the wake word notably enhances model performance, especially in reduc-
ing false acceptance rates. These samples force the models to learn nuanced
phonetic characteristics of the target wake word, resulting in more robust and
stringent models, albeit with a slight increase in false rejection rates. The paper
provides extensive analysis and insights on the training methodologies, architec-
tures, model sizes, and data prerequisites necessary for developing efficient and
performing Wake Word Detection systems suitable for on edge deployment.

Moving forward, our goals include continuing to enhance model performance
while minimizing training data needs. Key objectives involve exploring the gen-
eration of synthetic wake word samples and automating the collection of adverse
samples, thereby eliminating the need for manual annotation.
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Abstract. Cross-lingual speech-to-speech translation, which enables
spoken language conversion from one language to another, plays a pivotal
role in overcoming language barriers and promoting cross-cultural com-
munication. The proliferation of multimedia content poses challenges for
audiences to efficiently consume extended audio, such as news broadcasts,
academic lectures, and political speeches. To address this, we propose a
novel investigation of summarization in the context of cross-lingual speech-
to-speech translation (S2S-Summ) with a focus on low-resource Indic lan-
guages. To the best of our knowledge, this task has not been explored in
prior research. We develop and present a semi-synthetic dataset of trans-
lated summaries in Hindi (Hi), Bengali (Bn), Gujarati (Gu), and Tamil
(Ta) languages, alongside baseline models for this task. The performance
of our models is evaluated using metrics such as BERTScore, ROUGE,
and UniEval. Our study aims to catalyze further exploration in this area,
facilitating streamlined access to multilingual audio content and enhanc-
ing information dissemination across linguistic boundaries. Code and data
is available at https://github.com/pranavkarande/S2S-Summ.

Keywords: Speech summarization · Low-resource languages

1 Introduction

In our interconnected world, transcending linguistic and cultural boundaries in
communication is essential. Speech, the most natural form of human interaction,
is key to this global exchange of ideas [1]. We envision a world where conversa-
tions flow effortlessly across borders, cultural nuances are seamlessly conveyed,
and information is easily accessible to all, regardless of language. However, sig-
nificant challenges remain. Language barriers hinder understanding, and the vast
amount of information from news, social media, academic lectures, and business
presentations can be overwhelming.

The field of Natural Language Processing (NLP) has experienced remarkable
advancements, paving the way for innovative speech technologies that bridge
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Input Speech :
English Speech : "Europe is a diverse continent with a rich history and cultural heritage. It boasts iconic landmarks such as the Eiffel
Tower, the Colosseum, and the Acropolis. Europe is known for its vibrant traditions in art, cuisine, and innovation. It remains a popular
destination for travelers worldwide".

For Reference (English) : Europe is a culturally rich and diverse continent known for its historic landmarks, vibrant traditions, and
modern innovation.

Output Speech:
Model 1 (Hindi Summary) : "यूरोप एक सां ितक प से समृ  और िविवध महा प है, जो अपनी ऐितहािसक थलो,ं जीवंत परंपराओ ंऔर आधुिनक
नवाचार के िलए जाना जाता है। "

Model 2 (Bengali Summary) : "ইউেরাপ এক  সাং ৃ িতকভােব সমৃ  এবং িচ ময় মহােদশ, যা তার ঐিতহািসক িনদ ন, জীব  ঐিত ,
এবং আধুিনক উ বেনর জ  পিরিচত। "

Model 3 (Gujrati Summary) : "યુરોપ એક સાં કૃિતક રીતે સમૃ  અને વૈિવ યમય ખડં છે, જ ેતેના ઐિતહાિસક મારકો, વીત પરંપરાઓ, અને આધુિનક
નવચાર માટે ઓળખાય છે। "

Model 4 (Tamil Summary) : "ஐேராப்பா ஒ  பண்பா ல் வளமான மற் ம் பல்ேவ  கண்டமா ம், அதன் வரலாற் ச்
றப் ச ் ன்னங்கள், உ ரந்்த பாரம்பரியங்கள் மற் ம் ந ன கண் ப் க க்காக அ யப்ப ற . "

For Reference (English) : Europe, a continent with rich cultural diversity, is renowned for its historical sites, vibrant traditions, and
modern innovations.

For Reference (English) : Europe, a continent of cultural richness and diversity, is famous for its historical landmarks, lively traditions,
and modern advancements.

For Reference (English) : Europe, known for its cultural richness and diversity, boasts historical sites, vibrant traditions, and modern
innovations.

Fig. 1. Task diagram showing sample input speech in English and output speech sum-
mary in target languages Hindi, Bengali, Gujarati, and Tamil.

the language divide. Speech-to-Speech Translation (S2ST) systems [2–4] have
emerged as a powerful tool for real-time communication across languages. By
directly translating spoken utterances, S2ST systems have revolutionized inter-
actions in diverse settings, from international conferences to business meetings.

Speech-to-Text Translation (ST), another valuable approach, directly trans-
lates spoken language into text in another language. While traditionally imple-
mented as a two-step process, advancements in end-to-end ST models now enable
the direct conversion of speech into text in another language, bypassing the
intermediate text representation stage. This approach offers increased efficiency
and can potentially improve translation accuracy [5,6]. Both S2ST and ST may
result in lengthy translations, often overwhelming the listeners. Summarization
is crucial in these situations, distilling the essence of the speech and reducing
information overload. It enables listeners to quickly grasp key points and make
informed decisions, facilitating efficient communication and improving compre-
hension.

To address these limitations and enhance communication, we propose a
novel approach called cross-lingual speech-to-speech summarization (S2S-Summ)
(Fig. 1). S2S-Summ goes beyond direct translation, generating concise and infor-
mative summaries in a different target language. By capturing the key points,
arguments, and overall meaning of the original speech, S2S-Summ mitigates
information overload and unnatural phrasing found in traditional translation
methods. Our research pioneers the exploration of this task. Our main contribu-
tions are:

a. To propose baseline cascaded models that utilize automatic speech recogni-
tion (ASR), machine translation (MT), summarization (Summ), and text-to-
speech (TTS) for this novel task.

b. A semi-synthetic dataset for the S2S-Summ task, with an emphasis on low-
resource Indic languages namely Hindi (Hi), Bengali (Bn), Gujarati (Gu),
and Tamil (Ta).
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c. To perform automatic and human evaluations on the generated summaries
from the proposed methods for a comprehensive evaluation.

2 Problem Definition

Speech-to-Speech Translation Summarization (S2S-Summ) is the process of sum-
marizing a paragraph from a source language speech (S) to a target language
speech (Zt). The model for this task is trained to optimize the log-likelihood
of the reference summary based on the input speech. Formally, it is defined as
follows: Given the dataset D = {(x, y)}ni=1, where x = {x1, x2, .., xs} is the input
speech feature vector and y = {y1, y2, .., yt} is the output speech feature vector.
The model is optimized to minimize the negative log-likelihood − log p(y|x; θ)
where the conditional probability is defined as:

p(y|x; θ) =
n∏

k=1

p(yk|y<k, x; θ) (1)

In the above equation, θ denotes the model parameters. A sequence-to-
sequence (seq2seq) model can address the problem in (1), but direct applica-
tion of the model presents challenges. These include (a) the need for the model
to learn how to align speech and text across different languages, and (b) the
requirement to produce an effective and ideally abstractive summary. Abstrac-
tive summarization involves the generation of new sentences to convey the
main ideas whereas extractive summarization involves selecting important
sentences or passages directly from the source text.

3 Related Works

Cross-lingual S2S-Summ remains largely unexplored in natural language pro-
cessing tasks. Recent progress in text-to-text and speech-to-text summariza-
tion offers some insights, but challenges like multilingual accuracy and cultural
nuances persist. This section presents works on (1) text-to-text summarization
and (2) speech-to-text summarization.

3.1 Text-to-Text Summarization

Recent advancements in summarization encompass a diverse array of methodolo-
gies. These approaches typically instantiate their encoder-decoder framework by
selecting from options such as RNN [7], Transformer [8,9], or GNN [10] as encoders,
and either non-auto-regressive [11,12] or auto-regressive decoders [13,14]. Despite
their efficacy, these models predominantly operate at the sentence level, employing
individual scoring processes that favor the highest-scoring sentence, which maynot
necessarily be the optimal choice for forming a summary. [15] proposed a graph-
based abstractive summarization method for biomedical text.

State-of-the-art methods often rely on leveraging pre-trained large sequence-
to-sequence (Seq2seq) language models such as BART and T5. These models are
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then fine-tuned using datasets specific to abstractive or extractive summarization.
However, [16] introduced a novel method that utilizes encoder-only language mod-
els like RoBERTa [17], elevating them to decoder modules. Subsequently, these
encoder-decoder models can be fine-tuned for various downstream tasks.

3.2 Speech-to-Text Summarization

Only a few studies have delved into speech-to-text summarization tasks previ-
ously. [18] employs a restricted self-attention mechanism to facilitate the pro-
cessing of lengthy input audios within a transformer architecture. Initially, the
authors train a randomly initialized model for Automatic Speech Recognition
(ASR), followed by training it for S2T abstractive summarization. Similarly, [19]
capitalizes on a Text-to-Text (T2T) abstractive summarization corpus, incorpo-
rating a text-to-speech voice synthesizer for data augmentation. Both studies
yield superior outcomes compared to robust cascade baselines. In the work of
[20], the decoder is transferred from a T2T summarizer to the S2T model to
introduce a cross-modal adapter that aligns speech and textual features. Fol-
lowing pre-training of the adapter, they fine-tune the entire S2T summarizer
on the BNews corpus and select the best-performing checkpoint. This approach
represents a significant step forward in S2T abstractive summarization, offer-
ing a promising avenue for improving summarization performance by effectively
integrating speech and text representations.

4 Dataset Synthesis

Given that the task of summarizing speech from one language to speech in
another language is a novel challenge, there is a lack of existing datasets designed
specifically for this task. Most available datasets focus on either speech trans-
lation or text summarization separately. A study on publicly available datasets
on Kaggle reveals that out of over 1581 datasets related to natural language
processing, the number of datasets that address MT is 729, audio classification
is 325, ASR is 488, S2T is 28, Text summarization in the same language is 11,
and speech to text summarization in a different language is 0.

Hence, we curate a semi-synthetic dataset for the task of summarizing speech-
to-speech translation from MuST-C [21] dataset of English to German language
ST task, which is created from TED,1 talks. As we aim to summarize En speech
to Hi, Bn, Gu and Ta speech, the transcript of the former language is summa-
rized with a pre-trained summarizer BART [22],2 trained on CNN/Daily Mail
[23] dataset to generate En summaries, which is then translated into text of
the target language using En to Hi, Bn, Gu and Ta translator, which use
Google translation API3. Further by the use of Indic-TTS [24]4 from AI4Bharat
we synthesize text summaries in Hi, Bn, Gu and Ta into speech summaries.

1 https://www.ted.com/.
2 https://huggingface.co/facebook/bart-large-cnn.
3 https://doctranslator.com/.
4 https://github.com/AI4Bharat/Indic-TTS.

https://www.ted.com/
https://huggingface.co/facebook/bart-large-cnn
https://doctranslator.com/
https://github.com/AI4Bharat/Indic-TTS


Cross-Lingual Summarization of Speech-to-Speech Translation: A Baseline 123

Table 1. Statistics of the synthetic dataset for S2TSumm task for En →
Hi,Bn,Gu, Ta language pairs. T,Xt, V & Yt are explained in §4.1.

En → Split Speech (Hrs) Para (in K) Tokens (in K)

T Xt V Yt

Hi Train 360 13.5 4663 5001 647 838

Test 49 1.6 502 598 80 95

Bn Train 360 13.5 4663 5723 647 1003

Test 49 1.6 502 673 80 102

Gu Train 360 13.5 4663 4782 647 795

Test 49 1.6 502 574 80 89

Ta Train 360 13.5 4663 6154 647 1147

Test 49 1.6 502 724 80 113

As the summaries and their speech on only the target side are synthetically
generated, we call it a semi-synthetic dataset. All the data created using the
above-mentioned models is manually validated. A total of seven annotators in
the age group of 18–28 are employed for validation among which 5 are male and
2 are female, all proficient in respective indic languages. As compared to other
models such as mT5 [25], we use BART to synthesize data since the summaries
from BART surpass the others in clarity and depth upon manual validation.

4.1 Dataset Statistics
The synthetic dataset created for S2S-Summ contains the speech (S) and its
transcripts (T ) in En language, with its translated text (Xt) in target language
(where t = h means Hi, b means Bn, g means Gu and t means Ta) along with
its summary in En text (V ), target language text (Yt) and target language

Fig. 2. Density estimate of extractive diversity scores as described in Sect. 3.2 using
kernel density estimation on En → Hi, Bn, Gu, and Ta summaries.
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speech (Zt). The summary in target language text (Yt) and speech (Zt) acts as a
reference summary for the text and speech summary generated from the models.
The detailed statistics are shown in Table 1.

4.2 Data Diversity

To extract the nature of a dataset, [26] define three measures, which we use here
for the study. In the multi-document setting, we combine the source documents
into one input by joining them together. Extractive fragment coverage (EFC) is
the measure of how many words in the summary come directly from the source
material, indicating the summary’s reliance on the original text:

EFC(T, Y ) =
1

|Y |
∑

f∈F (T,Y )

|f | (2)

In the above eq. T is raw text, Y is summary, and F(T, Y) is the set of all token
sequences that are identified as extractive. In a greedy approach, the process
marks a sequence of source tokens as extractive if it serves as a prefix for the
rest of the summary. Similarly, density (δ) measures the average length of the
extractive fragment to which each word in the summary belongs to:

δ =
1

|Y |
∑

f∈F (T,Y )

|f |2 (3)

These numbers are plotted using kernel density estimation in Fig. 2 for all
pairs of languages. A large variation on the y-axis indicates differences in the
average length of source sequences included in the summary. Meanwhile, varia-
tions along the x-axis reflect the average length of extractive fragments associated
with words in the summary. Regarding the y-axis (fragment density), our dataset
exhibits fluctuations in the average length of copied sequences, indicating diverse
styles of word sequence arrangement.

5 Methodology

We propose four different cascaded approaches for S2S-Summ as shown in Fig. 3.
All these approaches take speech as input in language s and output speech sum-
mary in language t as shown in Fig. 3. In all of the methods, the end component
used is a TTS model, hence we have different approaches based on the inter-
mediate components for each setting. All the proposed models are optimized to
minimize the negative log-likelihood for the reference translated summary.

SS-Summ-Trans: Speech-to-Speech translated summarization (SS-Summ-
Trans) is the approach of translating the textual summary of input speech in
language s to the target language t. This model can be realized by transcribing
T the speech S of language s using a pre-trained ASR model, then summa-
rizing it as V in the same language using a pre-trained Summ model, further
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Fig. 3. Proposed methods for summarizing Speech-to-Speech Translation: (a) SS-
Summ-Trans, (b) SS-Trans-Summ, (c) S2STrans/Summ, and (d) S2T-S-Summ.

translating the summary Yt into the target language t using a pre-trained MT
model, and then finally synthesizing the translated summary into speech Zt

using a pre-trained TTS model. The conditional probability distribution of the
SS-Summ-Trans model is as follows:

p(Zt|S) = p(T |S)p(V |T, S)p(Yt|V, T, S)p(Zt|Yt, V, T, S) (4)

SS-Trans-Summ: Speech-to-Speech summarized translation (SS-Trans-Summ)
summarizes the speech in language s to speech in language t by converting
speech into the transcript using pre-trained ASR models, followed by translating
the transcript text of language s into language t using pre-trained MT, then
summarizing the text of language t by fine-tuning Summ model on (Xt → Yt),
and then synthesizing the translated summary into speech Zt with a pre-trained
TTS model. SS-Trans-Summ model factors the conditional probability to include
transcripts and translations in (1) as:

p(Zt|S) = p(T |S)p(V |T, S)p(Xt|V, T, S)p(Zt|Xt, V, T, S) (5)

S2STrans/Summ: The Speech-to-Speech Translation/Summarization method
(S2STrans/Summ) concurrently summarizes and translates into the target lan-
guage t from transcriptions of input speech in language s by fine-tuning the
Summ model on our dataset. S2T-S-Summ: Summarization of direct end-to-
end speech-to-text translation (S2T-S-Summ) approach summarizes the text in
the target language t which is translated from input speech in language s with
the help of direct ST models.
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6 Experiments

This section presents the details of (1) the models and hyperparameters we follow
for our task, (2) the training configurations, and (4) the metrics used.

6.1 Models and Hyperparameters

All the methods described in Sect. 5 have Indic-TTS [24] by AI4-Bharat as the
last component to synthesize the speech in the target language. The detailed
training configurations of all the intermediate models used in all the approaches
are as follows:

SS-Summ-Trans trains the model using English speech, transcripts, and
summaries, along with translated target language summaries. For ASR, we
train Transfomer [27] from Fairseq toolkit [28] on (S → T ), which has an
input embedding dimension of 256, 12 encoder layers, 6 decoder layers, a hidden
dimension of 2048 for feedforward sub-layers, 4 attention heads, and utilizes the
ReLu activation function. For the Summ model on target language transcripts,
we employ mBART finetuned on (Xt → Yt) and mT5 many-to-many model
pre-trained on the target languages. For MT, we explore two pre-trained models
and one finetuned on our data (T → Xt): mBART [29] which is fine-tuned on
our dataset utilizes a standard Seq2Seq Transformer, madlad-400 [30] architec-
ture uses a Sentence Piece Model with 256k tokens shared between the 32-layer
encoder and decoder each, where all input sentences begin with a <2xx> token
to denote the target language and seamless-m4T [31] employs the transformer
encoder-decoder model from NLLB [32], featuring a model dimension of 1024,
FFN dimension of 8192, 16 attention heads, and 24 layers for both encoder and
decoder.

SS-Trans-Summ trains the model on a quadruple of En speech, En tran-
scripts, target language transcripts, and target language summary. To realize
this cascaded approach, we employ ASR, MT, and Summ models. We utilize the
same pre-trained Transformer model for ASR as in SS-Summ-Trans. The trans-
lation of En summaries to the target language summaries uses the same MT
models employed in SS-Summ-Trans and the summarization model employs:
BART and T5 [33] both of which are pre-trained and finetuned on (T → V ).

S2STrans/Summ trains the model on a triplet of En speech, its transcript,
and the target language summary. Again, a pre-trained Transformer is used for
training the ASR like above. We then finetune the pre-trained mBART model
for jointly training En transcript to synthesize the summary that translates and
summarizes together into the target language (T → Yt).

S2T-S-Summ trains the model on a triplet of En speech, its target language
translation, and its summary. We train the model over a pre-trained Transformer
for S2T (S → Xt) as used above for ASR, and finetune the pre-trained mBART
model for summarizing into the target language (Xt → Yt).
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6.2 Training Configuration

All the data processing for the generation of synthetic dataset and model training
for all the proposed methods and settings is done on the following machines:
NVIDIA GeForce RTX-A5000 GPU with 24 GB of VRAM and RTX-A4500 with
20GB of VRAM, respectively.

6.3 Metrics

We employ various metrics for evaluating the results of the proposed approaches.
To evaluate intermediate ASR results, we use WER [34], and to evaluate MT
results, we get BLEU score using sacrebleu [35]. For evaluating Summariza-
tion results, we use varied metrics: firstly ROGUE,5 [36] generates Rouge1 and
Rouge2 based on n-gram, RougeL on word sequences, and RougeLSum considers
new lines as well, second is F1-Score from BERTScore,6 [37] which matches the
reference and system-generated summary using cosine similarity and the third is
UniEval,7 [38] which evaluates Coherence and Consistency both of which com-
pares reference and system-generated summary, also Fluency checks the quality
of system-generated summary, and Relevance tells whether the summary gener-
ated holds important information from input sentences. All metrics are in the
range of 0–100. Although there are ways to evaluate the correctness of speech
synthesis, in S2S-Summ we assess it through the intermediate-generated text
summaries.

7 Experimental Results

Table 2 summarizes the results of all the proposed approaches for the pair En
→ Hi. In Table 3, we project only the scores of the best-performing model and
its setting for En → Bn, Gu, and Ta languages. The ROUGE metric doesn’t
support Bn, Gu, and Ta, so we use UniEval and BERTScore (BT) to evaluate
these instead. We present the metrics on MT and Summ models when compared
to the ground-truth summary of the dataset. Table 2 presents metrics for all pro-
posed approaches, but we don’t compare all outcomes due to differing settings.
Instead, we compare model configurations within the same setting across all
metrics. Due to the limitation of the speech-to-speech summarization evaluation
metric, we analyze only the text summaries for our task. In SS-Trans-Summ,
S2STrans/Summ, and S2T-S-Summ, the final metric is ROGUE (R1, R2, RL,
RLSum) since summarization is performed last. In SS-Summ-Trans, it is BLEU
because translation is performed last. UniEval and BT are also used as final
metrics for all approaches, evaluated on the predicted and reference summaries.

From Table 2 we observe that the final metrics ROUGE, BLEU, and BT
in general are incongruent with the metric UniEval. That means, qualitative

5 https://huggingface.co/spaces/evaluate-metric/rouge.
6 https://github.com/Tiiiger/bert score.
7 https://github.com/maszhongming/UniEval.

https://huggingface.co/spaces/evaluate-metric/rouge
https://github.com/Tiiiger/bert_score
https://github.com/maszhongming/UniEval
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Table 2. Results of all the model settings for the proposed methods for En Speech
to Hi Text Summary are given below. In ST-TransSumm and ST-SummTrans, Trans-
former is used for ASR with 3.84 WER. Best results are underlined for all metrics and
the result is in boldface for the final metric. (R1: Rouge1, R2: Rouge2, RL: RougeL,
and RLSum: RougeLSum from Rogue; Coh: Coherence, Con: Consistency, Flu: Flu-
ency, and Rel: Relativity from UniEval; and BT: F1-Score from BertScore. ‘-’denotes
the metric is not applicable and ‘blank space’follows the values above.)

Models MT Summ UniEval BT

BLEU R1 R2 RL RLSum Coh Con Flu Rel

Ground-truth 28.70 – – – – 80.91 82.71 86.39 82.87 95.82

ST-Summ-Trans

Transformer

+ BART + mBART 12.14 52.99 37.65 44.5851.03 74 84.23 88.41 73.36 75.17

+ BART + madlad-400 15.98 76.27 83.66 87.59 73.95 75.76

+ BART + seamless-m4T 19.25 78.26 80.28 86.33 72.99 76.85

+ T5 + mBART 6.90 35.52 18.98 28.65 33.97 75.26 84.8588.86 72.80 70.85

+ T5 + madlad-400 7.54 73.88 83.48 87.39 69.80 70.69

+ T5 + seamless-m4T 9.33 77.51 79.43 86.43 70.33 71.84

Ground-truth - 16.32 10.87 19 20.67 80.91 82.71 86.39 82.87 95.82

ST-Trans-Summ

Transformer

+ mBART + mBART 34.56 11.83 3.66 11.75 11.74 60.06 76.08 81.15 74.10 68.66

+ madlad-400 + mBART 37.06 21.56 8.07 13.5 12.48 59.86 76.45 80.06 73.92 69.07

+ seamless-m4T + mBART 51.08 12.58 14.0315.5815.50 60.09 76.40 80.91 74.01 69.65

+ mBART + mT5 34.56 5.74 1.79 5.64 5.67 79.42 81.25 86.88 50.97 66.64

+ madlad-400 + mT5 37.06 5.83 1.86 5.71 5.69 79.88 81.48 86.91 60.84 66.59

+ seamless-m4T + mT5 51.08 5.91 1.74 5.81 5.83 80.35 82.03 86.95 60.34 67.34

S2STrans/Summ

Transformer

+ finetuned mBART - 12.27 4.13 12.05 12.03 80.6582.34 85.93 71.54 74.82

+ finetuned mT5 - 3.13 0.60 3.08 3.07 77.12 84.05 89.9776.54 66.56

S2T-S-Summ

Transformer(S2T)

+ mBART 40.41 17.2169.602 14.05 13.93 79.63 81.50 86.32 69.15 72.62

+ mT5 40.41 5.09 1.49 5.02 5.03 79.33 81.18 87.24 74.26 68.66

and quantitative metrics disagree with each other. To understand the best-
performing method according to both the scores, we plot UniEval and BT of
the models performing best on BT (for each setting) on a radar graph and find
the model that covers the maximum area in the bounded region for each set-
ting as shown on Fig. 4. The scores of the best-performing model and setting
are shown in Table 3. In the first setting, SS-Summ-Trans, as seen in Table 3,
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BART + mBART performs best for En → Bn, Gu and Ta language pairs when
compared with BLEU and BT metrics. When examining the UniEval scores in
setting one, we find that BART + mBART beats all other models on all language
pairs.
In setting two, for Bn and Gu, SS-Trans-Summ, mBART + mT5 outperforms
among all models in terms of UniEval and BT, and the model seamless-m4T +
mT5 outperforms best for the language Ta. In setting three, S2STrans/Summ,
mBART performs adequately well for all languages. Similarly in setting four,
S2T-S-Summ, mBART performs better on the BT score and mT5 performs best
in terms of UniEval scores.

If summarization is done last, SS-Trans-Summ with seamless-m4T + mBART
is ideal. If translation is last, SS-Summ-Trans with BART + seamless-m4T
performs best (Table 2). Using BT and UniEval metrics, ST-Summ-Trans with
BART + seamless-m4T outperforms all models in BT, while S2STrans/Summ
with mT5 excels in UniEval. Figure 4 shows that setting one (red line) covers
the maximum area in all graphs, indicating it performs best across all language
pairs.

(a) (b) (c) (d)

Coh

Con

FluRel

BS

Coh

FluRel

BS Con

Coh

FluRel

BS Con

Coh

FluRel

BS Con

SS-Summ-Trans SS-Trans-Summ S2Trans/Summ S2T-Summ

Fig. 4. UniEval and BERTScore of best-performing model from all settings for the
proposed methods on En speech to (a) Hi, (b) Bn, (c) Gu and (d) Ta summaries
respectively shown on radar graph (Coh: Coherence, Con: Consistency, Flu: Fluency,
Rel: Relevance and BS: BERTScore).
Table 3. Results of the best performing models and setting on En → Bn, Gu and Ta
pairs.

Language Models Summ MT BT

Par R1 R2 RL RLSum Par BLEU

Bn SS-Summ-Trans Transformer

+ BART + mBART 600mn 53 37.66 44.58 51.03 611 mn 16.23 76.53

Gu SS-Summ-Trans Transformer

+ BART + mBART 600mn 53 37.66 44.58 51.03 611 mn 20.34 76.17

Ta SS-Summ-Trans Transformer

+ BART + mBART 600mn 53 37.66 44.58 51.03 611 mn 14.86 77.25
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8 Human Evaluation

For human evaluation, we compute adequacy and fluency scores as shown in
Fig. 5. Four male evaluators, aged 18–30, proficient in English and the targeted
Indic language, were employed to ensure demographic representation. The ade-
quacy score assesses how well the summary captures the key information from
the original text, while the fluency score evaluates readability and coherence in
the target language. Five hundred summaries from the best-performing models
for each language pair are manually evaluated. As can be seen in Fig. 5 the model
performs best on Hi in terms of adequacy score and Gu in fluency score. The
performance on Bn seems adequately well whereas Ta scores are comparatively
less than other languages. One possible reason for this could be due to its mor-
phologically complex nature. As Ta has many ways to represent a set of words
or sentences, the summarization can have multiple possible outputs.

Fig. 5. Human evaluation of adequacy and fluency of the best-performing model of
each language pair.

9 Conclusion

The current study introduces cascade models aimed at summarizing cross-
lingual speech-to-speech translation. Our investigation reveals that this is the
first instance of addressing such a task for any language pair. We present four
distinct approaches to tackle this task and construct a synthetic dataset contain-
ing English speech to target speech and text summaries on four Indic languages
for analysis. While envisioning the development of a dedicated dataset and fur-
ther exploration of various model configurations, our future objectives include
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the creation of an end-to-end S2S-Summ model. We extend an open challenge
to researchers to devise an evaluation metric for this task, where both trans-
lation and summarization contribute equally to the model-generated summary.
In short, the promising results of this cross-lingual multimodal task hold the
potential for advancing the convergence of natural language processing and spo-
ken language translation, paving the way for researchers to explore new avenues.
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Nikola Ljubešić1,2(B) , Peter Rupnik1 , and Danijel Koržinek3
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Abstract. Recent significant improvements in speech and language
technologies come both from self-supervised approaches over raw lan-
guage data as well as various types of explicit supervision. To ensure
high-quality processing of spoken data, the most useful type of explicit
supervision is still the alignment between the speech signal and its cor-
responding text transcript, which is a data type that is not available for
many languages. In this paper, we present our approach to building large
and open speech-and-text-aligned datasets of less-resourced languages
based on transcripts of parliamentary proceedings and their recordings.
Our starting point are the ParlaMint comparable corpora of transcripts
of parliamentary proceedings of 26 national European parliaments. In
the pilot run on expanding the ParlaMint corpora with aligned publicly
available recordings, we focus on three Slavic languages, namely Croat-
ian, Polish, and Serbian. The main challenge of our approach is the lack
of any global alignment between the ParlaMint texts and the available
recordings, as well as the sometimes varying data order in each of the
modalities, which requires a novel approach in aligning long sequences of
text and audio in a large search space. The results of this pilot run are
three high-quality datasets that span more than 5,000 h of speech and
accompanying text transcripts. Although these datasets already make
a huge difference in the availability of spoken and textual data for the
three languages, we want to emphasize the potential of the presented
approach in building similar datasets for many more languages.

Keywords: Spoken corpora · Parliamentary proceedings · Long
speech to text alignment
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including image [21], video [22], text [1], speech [4], as well as different modal-
ities [3] explicit supervision via text and speech correspondence has proven to
still be the most valuable signal in developing technologies that allow processing
of spoken data [20]. In this paper, we are tackling one of the more promising
approaches to obtain text and speech aligned data for a large number of lan-
guages, namely through parliamentary recordings and their available manual
transcripts.

1.1 Motivation

The availability of speech and text datasets differs drastically between languages,
the Common Voice project [2] being a good approximation of the overall language
distribution among such data: a few languages having very good coverage, some
languages having decent coverage, and a long tail of languages with very limited
or no coverage. The three pilot languages that we are dealing with in this paper
depict the problem of the long tail very clearly. Polish, an official EU language
with more than 40 million speakers, has 180 h of material in the latest version of
the dataset, Serbian has 12 h, while Croatian, another official EU language with
4 million speakers, is still not present in the dataset. Croatian is not only not
present in this data set, but before our efforts, there was no single open speech
and text data set available for that language [15].

A convenient source of speech and the corresponding text data for official lan-
guages are parliamentary proceedings. This is because of regulations that often
require the transcripts of parliamentary proceedings to be publicly available,
as well as because of the frequent availability of the recordings of the proceed-
ings as part of the public domain. The availability of speech data in the public
domain is especially useful as it resolves quite a number of questions related to
the biometric properties of the speech signal and the underlying privacy issues.

1.2 Prerequisites

In recent years, two iterations of the ParlaMint project [8] were funded by the
CLARIN ERIC infrastructure on language resources and technologies. The main
goal was to uniformly encode transcripts of parliamentary proceedings of vari-
ous European parliaments. With these efforts, the availability of parliamentary
transcripts for almost all official European languages has improved drastically.
The current number of national parliaments covered is 26.

As part of the third iteration of the ParlaMint project, a pilot, coined Par-
laSpeech, has been run with the goal of exploiting the improved availability of
the textual transcripts by aligning these transcripts to the recordings of parlia-
mentary sessions, ensuring the availability of text and speech datasets in lan-
guages not previously adequately covered with such data. For this pilot, the three
already mentioned languages were chosen: Croatian, Polish and Serbian. The rea-
sons for including exactly these three languages in the pilot were: (1) there is
little to no data available for these languages, (2) there is a significant amount
of transcript data available inside ParlaMint, (3) the main proponents of the
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ParlaSpeech pilot have good knowledge of both the ParlaMint datasets for these
languages, as well as knowledge of the languages themselves, (4) the recordings
from these parliaments are available through YouTube.

Before scaling to all three languages, an initial run of ParlaSpeech was per-
formed only for the Croatian language [15], resulting in the first publicly available
text and speech dataset for the Croatian language of 1,816 h in size, together
with the first ASR systems trained on a subset of available data. In this paper,
we describe the second iteration of this effort, where we took the lessons learned
from the initial iteration and scaled it up to three languages, with the obvi-
ous goal of scaling the approach further to even more languages in follow-up
activities.

1.3 Main Challenges

While dealing with the problem of aligning parliamentary transcripts to record-
ings of parliamentary sessions, the following main challenges were identified: (1)
parts of audio recordings are not transcribed, (2) some transcribed recordings are
not released to the public, (3) parts of the recordings are transcribed with sig-
nificant deviations from what has actually been said, (4) the metadata released
with the recordings and the transcripts, such as the date of the session being
recorded or transcribed, do not correspond, and (5) the order of texts in the
transcripts does not follow the order of the events in the recording.

1.4 Similar Projects

Exploiting parliamentary data to build spoken corpora or text and speech
datasets is by far not a new idea. There have been successful efforts in building
such open datasets for Swiss French and German [10], Icelandic [9], Danish [12],
Czech [13,14], Swiss German [17] Norwegian [24], and Finnish [28]. However,
this is the first project where an approach that can be scaled to many languages
is developed. A crucial component of this approach is, of course, the availability
of comparable text transcripts from the ParlaMint project.

1.5 Paper Overview

The remainder of the paper is structured as follows. In Sect. 2 the problem of
matching long sequences of text and speech is described, especially in light of
parliamentary data and its challenges. Section 3 describes the proposed align-
ment procedure. Section 4 discusses post-processing decisions motivated by the
release of each dataset in three flavors, described in Sect. 5, namely as (1) a FAIR
repository entry, (2) a HuggingFace dataset for simplifying usage for automatic
speech recognition and related tasks, and (3) a corpus in a concordancer enabling
advanced search through the dataset. The paper ends with a conclusion and a
description of future directions.
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2 Long Speech to Text Sequence Alignment

The core of the problem discussed in the paper is aligning a long audio recording
of speech to a long body of text to acquire word-level timestamps. The audio is
derived from a video archive available online, and the text is a corpus derived
from a human transcript of the audio made at an unknown point, usually by a
government entity in accordance with local laws and traditions. The length of
the video is commonly several hours, and the text usually spans a whole day’s
session of parliamentary proceedings. A single session is sometimes divided into
several video recordings. There is no guarantee of completeness or ordering in
the two sequences: there is a possibility that some information is lacking in either
sequence, and the order of chunks of tokens within the text sequence could differ
from the temporal order of the audio. Furthermore, the accuracy of the transcript
is not ideal, because the purpose of the stenography is to create a transcript that
is easy to read, rather than something that precisely depicts the audio, with all
the details specific for spoken communication, such as overlapping speech and
disfluencies.

2.1 Existing Approches

The idea of aligning long sequences is not new. Typical forced alignment suffers
from exponential growth in complexity with respect to the length of the sequence
being aligned, but there are methods to overcome these limitations. In [11], the
approach was to first perform text-to-text alignment of the actual reference to
the transcript perceived by the acoustic model. The acoustic model transcript is
acquired using an ASR system fine-tuned to the real reference, but allowing for
discrepancies through the use of an N-gram language model. The text-to-text
alignment finds regions of exact matches (i.e., speech landmarks) with gaps that
do not match. The matches are assumed to be correct and the mismatches are
recursively re-aligned, using the same procedure, until convergence. A similar
approach was used in [16] to create an alignment between audiobooks of the
LibriVox project and their original text present in Project Gutenberg. That
procedure was a bit more complex, as it included a more advanced ASR solution,
a better language model adaptation technique, and confidence-based filtering of
ASR output. The general idea remained the same.

2.2 Our Approach

This paper describes a method that is an adaptation of the above approaches
with two major upgrades: (1) the utilization of a more modern end-to-end speech
recognition system and (2) modifications of the text-to-text matching routine to
suit the requirements of the data and the purpose of the final product. More
specifically, the purpose of the older method described above is to acquire the
most accurate alignment while assuming the input data to be complete and
accurate. The latter method, on the other hand, simply looks for the creation of
a decent corpus used to train speech recognition models - completeness of the
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final product is of lesser concern. In the case of this paper, we know the data is
incomplete, but we strive to achieve as much coverage as possible because the
purpose is to index the data and allow further research in various settings (e.g.,
linguistic studies or political science studies). This is reflected in the heuristics
described below. Following is a description of the complete pipeline and all its
components as illustrated in Fig. 1.

3 Processing Pipeline Description

W2V2

VAD

Normalization

Estimate n-
gram

CTC decoding

Matching

Viterbi

Re-
segmenting

Audio

Reference
text

Logits

Speech
segments
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text
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ASR text

Segment
alignment

Word
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Final
annnotation

Fig. 1. Diagram of long speech to text sequence alignment pipeline for processing a
single audio-text file pair. Circles are intermediary data structures. Rectangles are
processes.

The procedure for aligning a large dataset begins with a collection of audio
files and a long text corpus. We iterate by audio files and need to find a chunk
of text that is reasonably long to cover the contents of that audio recording.
The corpus is divided into sections with corresponding metadata, but in our
experience, there is frequently a mismatch between the recording and transcript
metadata. That is why we utilize a statistical analysis - ratio of n-gram coverage,
comparing the reference transcripts to ASR outputs of each file to see what is
the best match. Sometimes, several transcripts are matched to a single record-
ing, and vice versa. For the remainder of this section, we will assume that the
matching between the recordings and transcript is present and start the pipeline
description from a single audio recording and transcript covering the contents of
that file.

3.1 Audio Processing

The pipeline for processing a single recording and transcription pair is designed
to facilitate mass data processing, so the intermediary results are saved in a cache
for reuse in multiple stages along the way. Such is the case with speech processing
– instead of performing ASR in one go, we first compute the Wav2Vec2-XLS-R
(W2V2) model [7] logarithmic likelihoods (logits) into a file and then use it both
for ASR decoding and Viterbi alignment, which occurs later in the process.

Except for the calculation of W2V2 logits, we also use Voice Activity Detec-
tion (VAD) to figure out which parts of the recordings contain speech that is
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likely being transcribed by the human transcribers. We use the pyannote [6]
package to extract speech segments and then remove segments with an energy
level below −45 dB RMS. This is to remove most of the background conver-
sations that are generally not transcribed. Both W2V2 logits extraction and
VAD processing are computed on the GPU and caching their outputs allows for
optimal use of the hardware. All other processes are computed on the CPU.

3.2 Text Pre-processing

At the same time, we normalize the reference text. Depending on the W2V2
model, the output of ASR may or may not contain digits, but usually does not
contain most of the symbols, punctuation or capitalization. To better accom-
modate the matching of the ASR output to the human transcript, we need to
normalize the human transcript to remove any punctuation and capitalization,
as well as convert any symbolic text into its pronounced form. This is a some-
what language-dependent procedure, and although it is well researched [5], we
had to rely on custom rule-based solutions for the languages and corpora being
prepared in this paper. Even though it is a common procedure in, e.g., text-to-
speech software, no high-quality open-source solutions existed for the languages
analyzed at the time of performing the research.

3.3 Language Modeling and Speech Recognition

The normalized text is also used to prepare the language model (LM) for the ASR
decoding phase of the procedure. We tried to train the model only on the text in
the transcript being processed, but we obtained much better results by combining
all the transcripts and creating a single LM for all the files being processed. This
is most likely due to the better statistics acquired with a larger quantity of
text. We used the SRILM toolkit [25] to train a Knesser-Ney discounted 3-gram
model with interpolation. We then use the pyctcdecode1 package to generate the
ASR output text based on the W2V2 logits and the language model. The VAD
output is also used at this stage to determine which parts of the audio should
be processed.

3.4 Matching of Automatic to Reference Text

The next step in the pipeline is to match the generated ASR output with the nor-
malized reference text. The procedure, as illustrated in Fig. 2, starts by looking
for potential matches between the two text sequences using a word histogram of
a sliding window. Next, each match is evaluated using the Levenshtein distance
to find the best match. The nonmatching prefix and suffix (so any insertion or
deletion at the start and end of sequence) is rejected, and everything else is
treated as the final match. Depending on the chosen thresholds, this method
leaves gaps in the final result. We then try to force the matches in those gaps
1 https://github.com/kensho-technologies/pyctcdecode.

https://github.com/kensho-technologies/pyctcdecode
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by using the Levenshtein comparison again. Sometimes this still leaves gaps,
particularly if they are large or if the order of the sequences does not match. In
that case, we try and repeat the whole procedure outlined above, starting with
the histogram-based search of the whole reference, but only within the remain-
ing ASR gaps. The statistics of coverage (i.e. how many words are matched in
either sequence) are computed along each phase of the procedure, which helps
in tuning the thresholds and other hyperparameters.

ASR
sliding window

Reference

Count matching
words

Chunking
(w/ overlap)

Match
candidates

Levenshtein

Best
candidate

Merge results
from all chunks

match gap match gap match
Levenshtein

Repeat from start for
each remaining gap

match matchmatch gap match

match matchmatch match match

Fig. 2. Illustration of the matching algorithm. The purpose is to find portions of the
reference that match the ASR output. Sequence and accuracy is not guaranteed.

The output of the matching is a list of audio segments and their matching
reference text. These segments can span many words, so in order to obtain time
offsets for each individual word, we need to re-align the audio to the actual
reference text rather than the ASR output obtained earlier. For this, we use a
simple Viterbi forced alignment algorithm [19] to match the character sequence
to the output of the W2V2 model. One feature of the W2V2 model is the presence
of word delimiter tokens in the output: to obtain word level offsets, it is sufficient
to look for the location of the word delimiters within the aligned sequence.

3.5 Post-processing

In the final step of the pipeline, all the information from previous stages is com-
bined to create one coherent, aligned annotation of the file. We use a mapping
between the original and normalized reference text to project the time offsets
onto the original un-normalized token sequence. We also add the ASR output,
temporally aligned with the reference sequence above. This is both for visualizing
possible errors in human transcripts (by calculating the word error rate between
the ASR output and the reference text) and for providing automatic transcrip-
tion for parts of audio that human transcribers did not transcribe. Finally, we
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map everything into chunks that were used in the original reference text corpus.
Each chunk of the original corpus contains a unique ID, which allows us to com-
bine our acoustic time annotation with other forms of annotation and metadata
present in the original text corpus.

4 Segmentation and Filtering

In this section, we describe the further segmentation and accompanying filtering
from our text and audio alignment process, presented in the previous section.
This segmentation and filtering are necessary to generate the datasets and cor-
pora that we are currently considering to be most useful for downstream usage.
We describe such three downstream cases in the next section.

The output of the alignment process from the previous section are JSON
files, one per each original audio file, consisting of three types of entries: (1) an
ASR transcription of the part of the audio file that could not be matched to
any part of the ParlaMint corpus, (2) a speech transcript from the ParlaMint
corpus that could not have been aligned with this part of this audio file, but its
surrounding transcripts could, and (3) the speech transcript from the ParlaMint
corpus together with the ASR transcription that was matched to that particular
ParlaMint transcript, along with a list of predicted word alignments consisting of
character offsets (referencing to the ParlaMint speech transcript) and millisecond
offsets (referencing to the audio recording).

To obtain streamlined datasets from this matching output, which would
be better suited for downstream applications such as aligned text and speech
datasets for training automatic speech recognition, or spoken corpora for lin-
guistic purposes, a series of additional filterings and segmentations have been
performed.

The first filtering iteration was performed at the level of speeches, removing
all ParlaMint speech transcripts without audio alignment, as well as speeches
with alignment, but with an estimated character error rate between the Par-
laMint transcript and the aligned ASR transcription higher than or equal to
60%. The aim of this filter was to remove nonaligned portions of the data, as
well as those portions where even partial alignments are very questionable.

In the next step, each speech transcript was segmented into sentences to filter
out parts of the speeches with a lack of correspondence. For each sentence covered
by word alignment information, the character error rate was calculated again
between the ParlaMint transcript and the ASR transcription, and all sentences
with a character error rate greater than 10% were filtered out. With this filter,
sentences with deviation between the spoken signal and the transcript have been
discarded.

A final filtering at the sentence level was performed in cases where the ratio
of the length of the audio in milliseconds and the length of the transcript in
characters were greater than 0.2. Namely, in some cases, the alignment process
matched a sentence to part of the audio with longer or shorter breaks in the
work of the parliament, making the audio unrealistically longer than what would



The ParlaSpeech Collection of Speech and Text Datasets 145

be expected given the length of the transcript. Given that these breaks are
mostly muted audio, such imperfections could not have been filtered out with
the previous filters based on the character error rates.

All three filtering thresholds were defined by inspecting samples of data and
manually identifying reasonable cut-off points.

To estimate the yield rate of the whole matching and filtering procedure, we
calculated the percentage of ASR transcriptions that were successfully matched
to the ParlaMint transcripts after all filterings. We performed this yield estima-
tion on the Croatian data as we are rather positive that the recordings are to
the most part covered with the ParlaMint transcripts. The yield rate for match-
ing the available audio information with the textual transcript in this particular
case was 74%. Given our experience with the data, which also includes manual
analyses of the non-aligned ASR transcriptions, the main reasons, in order of
prevalence, for parts of the spoken content not being aligned to the ParlaMint
transcripts are: (1) speech not being transcribed within the parliament, (2) tran-
scripts differing from the spoken word, (3) ASR errors, and (4) matching errors.

5 The Dataset Releases

In this section, we describe the three encodings of our datasets aimed at the
specific downstream use cases: master CLARIN.SI FAIR (findable, accessible,
interoperable, reusable) repository entries aimed at archiving all available infor-
mation, HuggingFace datasets practical for using our data on tasks such as
training automatic speech recognition and various speech classification models,
and linguistically annotated corpora that allow complex linguistically informed
searches through the datasets.

5.1 FAIR Repository Entries

As the master release of the produced datasets we have prepared jsonl files, each
line covering a single sentence from the ParlaMint corpus, with a reference to
the corresponding flac audio file, and word-level alignment containing character
offset and millisecond offset information.

In addition to the spoken and textual content and their alignment infor-
mation, a significant amount of metadata present in the ParlaMint corpus has
also been included in these datasets. Inter alia, the following information on the
speaker was included: the role of the speaker (are they speaking as a chairper-
son or an MP), the party they belong to, the political orientation of the party,
whether the party is in coalition or opposition at the time of the speech, and the
gender and their year of birth of the speaker.

We publish such prepared datasets on the FAIR (findable, accessible, inter-
operable, reusable) repository of CLARIN.SI,2, the Slovenian national node of
the CLARIN ERIC infrastructure on language resources and technologies.3

2 https://www.clarin.si/repository/xmlui/.
3 https://www.clarin.eu.

https://www.clarin.si/repository/xmlui/
https://www.clarin.eu
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The statistics on the size of each of these releases are presented in Table 1.
From the presented numbers, it is obvious that the Croatian dataset is by far the
largest. While for both Croatian and Polish, all available data were processed,
for the Serbian dataset, only 1000 audio files out of almost 4500 files have been
processed by now. We hope that we will be able to further expand the Serbian
dataset in one of the next ParlaSpeech data collection releases.

Table 1. The statistics on the size of the three ParlaSpeech datasets.

corpus HR PL RS

size (GB) 179.0 60.8 57.7

duration (h) 3110.39 1009.82 896.22

sentences 922 679 535 465 290 778

words 24 755 742 7 515 333 7 024 293

characters 150 970 948 52 724 103 42 638 259

median sentence (s) 9.62 4.94 8.74

The repository entries can be accessed through persistent identifiers for Croa-
tian4, Polish5 and Serbian6.

5.2 HuggingFace Datasets

The second release of the dataset is through the HuggingFace Datasets Hub,7,
which allows technical users to gain access to all three data sets using just a few
lines of code.

The data sets are again available separately for Croatian8, Polish9, and Ser-
bian10.

Given that parts of the available speaker metadata were included in the
HuggingFace datasets, such as the gender, age, party affiliation, whether the
speaker was in coalition or opposition during the speech, the data are useful for
so much more than just automatic speech recognition. We are looking forward
to all the interesting use cases that this data availability will produce.

5.3 Spoken Corpora via Concordancer

Finally, the third availability of the dataset is aimed at the use of linguists and
phoneticians. Each dataset has been made available through the CLARIN.SI
4 http://hdl.handle.net/11356/1914.
5 http://hdl.handle.net/11356/1686.
6 http://hdl.handle.net/11356/1834.
7 https://huggingface.co/datasets.
8 https://huggingface.co/datasets/classla/ParlaSpeech-HR.
9 https://huggingface.co/datasets/classla/ParlaSpeech-PL.

10 https://huggingface.co/datasets/classla/ParlaSpeech-RS.

http://hdl.handle.net/11356/1914
http://hdl.handle.net/11356/1686
http://hdl.handle.net/11356/1834
https://huggingface.co/datasets
https://huggingface.co/datasets/classla/ParlaSpeech-HR
https://huggingface.co/datasets/classla/ParlaSpeech-PL
https://huggingface.co/datasets/classla/ParlaSpeech-RS
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concordancer11 with the help of which the textual transcript can be searched
with the Corpus Query Language, and the recording of each search result can
be played back.

To enable more detailed searches using the Corpus Query Language, each
of the sentences in the corpus was linguistically annotated, splitting each sen-
tence into words and annotating each word with the part of speech, the mor-
phosyntactic features, and the lemma of the word. For Croatian and Serbian,
the CLASSLA-Stanza tool [27] was used, while for Polish we applied the Stanza
tool [18].

To make the playback of the recordings as user-friendly as possible, with
the median length of sentence recordings between 5 and 10 s, depending on the
language, for this release we have performed another segmentation of the data
with the aim of obtaining recordings in length between 3 and 6 s. If a researcher
requires recording of the entire sentence, it can still be accessed in the metadata
of each sentence.

The availability of the datasets through concordancers is again separated by
language, having a separate corpus for Croatian12, Polish13, and Serbian14.

The intended use of the concordancer is to simplify linguists and phoneticians’
identification of linguistic patterns that they are interested in, and accessing their
recordings that can be further processed in specific tools such as Praat [26], or
Exmaralda [23].

An example of the result of a search for the noun “tehnologija” with a pre-
ceding adjective in the Croatian corpus is presented in Fig. 3. The sought phrase
is colored red, the surrounding context is colored black, with an icon for playing
the recording of the phrase to the right, and a link to the speaker and sentence
metadata to the left.

6 Conclusion

In this paper, we have presented a robust and scalable approach to aligning
thousands of hours of recordings of parliamentary proceedings with their manual
transcripts released by the parliaments. This process includes a series of chal-
lenges, the biggest ones being the non-correspondence in either the data coverage
or the data order in any of the two data modalities. Furthermore, deviations in
the transcripts from the spoken words are a rather frequent phenomenon. The
reason for these deviations is that the transcripts are not aimed at performing
linguistic research or speech technology development, but to ensure availability
of the parliamentary discussions for the general public.

We have described three complementary approaches to releasing the final
datasets - (1) a complete, master release through a FAIR repository to ensure
maximum availability and reusability of the data, (2) the opportunistic release
11 https://www.clarin.si/ske/.
12 https://www.clarin.si/ske/#dashboard?corpname=parlaspeech hr.
13 https://www.clarin.si/ske/#dashboard?corpname=parlaspeech pl.
14 https://www.clarin.si/ske/#dashboard?corpname=parlaspeech rs.

https://www.clarin.si/ske/
https://www.clarin.si/ske/#dashboard?corpname=parlaspeech_hr
https://www.clarin.si/ske/#dashboard?corpname=parlaspeech_pl
https://www.clarin.si/ske/#dashboard?corpname=parlaspeech_rs
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Fig. 3. Example of a search result on the noun “tehnologija” with a preceding adjective
in the concordancer of the Croatian corpus. The recording can be accessed to the right,
the metadata to the left.

through the HuggingFace Datasets Hub to simplify speech technology develop-
ment, not only on the problem of automatic speech recognition, but also addi-
tional tasks such as demographic prediction due to availability of rich metadata,
and (3) the release in form of spoken corpora available through a linguistic
concordancer, which allows linguists to search the transcripts, enriched with lin-
guistic features such as part of speech, lemma, and morphosyntactic features, as
well as to listen or to retrieve the recordings of their search results.

There are limitations to our work. The first is on the side of the data that
come from the rather limited parliamentary domain and, even more, they are
filtered by the correspondence between the recording and the transcript, which
removes all the content where transcribers were performing stronger edits, such
as disagreements, disfluencies, etc. The second is on the side of the method
that requires an at least partially functioning speech encoder and related ASR
system, but also the availability of the transcripts and the recordings of the
parliamentary sessions.

With the presented results of more than 5,000 h of corresponding speech
and text in three less-resourced Slavic languages, we are of the opinion that
we have just scratched the surface of what the ParlaSpeech concept can bring
to the research community. We will primarily focus on adding additional lan-
guages to the ParlaSpeech collection, as there is a significant number of the
current ParlaMint languages that would immensely profit from the availabil-
ity of ParlaSpeech data for that language. In parallel with that, we will
use the ParlaSpeech data in both technology development and linguistic and
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communication research, especially looking out for various types of biases in the
data themselves, as well as biases that we have introduced with our matching
and filtering procedures.
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MediaParl: bilingual mixed language accented speech database. In: 2012 IEEE
spoken language technology workshop (SLT), pp. 263–268. IEEE (2012)

11. Katsamanis, A., Black, M., Georgiou, P.G., Goldstein, L., Narayanan, S.: SailAlign:
robust long speech-text alignment. In: Proceedings of Workshop on New Tools and
Methods for Very-Large Scale Phonetics Research, vol. 1 (2011)
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Abstract. This article describes the methodology for creating a new resource of
everyday Russian speech, based on audio recordings made by student volunteers
over the course of an entire day in natural communication settings (at home, in the
university, at the café, in the fitness club, etc.). The precursor to this corpus is the
well-knownORDcorpus, or the “OneDayofSpeech” corpus, forwhich recordings
were made from 2007 to 2016. Since the ORD recordings were made, certain
changes have occurred in Russian spoken language, particularly noticeable in the
speech of young people at the lexical level. The creation of the new speech resource
aims to capture this linguistic snapshot to identify new colloquial vocabulary,
as well as new meanings and connotations of known language units. The new
recordings of everyday spoken language will supplement the empirical material
of the ORD corpus and provide a foundation for various scientific, theoretical, and
practical endeavors. The article details the methodology for creating the Everyday
Student Conversations (ESC) corpus, highlights its differences from the ORD
corpus, and provides current ESC corpus statistics.

Keywords: Corpus Linguistics · Everyday Spoken Russian · Oral Discourse ·
Speech Corpus · Student Speech · Field Linguistics · Day-long Recording

1 Introduction

This article describes the methodology of creating a new multimedia language
resource—the ESC Corpus, designed for the study of everyday Russian spoken com-
munication and spontaneous speech used in both casual and professional settings. The
abbreviation ESC stands for “Everyday Student Conversations”1, indicating that the
core of this resource is the communication among young people, primarily students.
The development of this resource was initiated by the Laboratory for Language Con-
vergence at the National Research University Higher School of Economics in Saint
Petersburg in 2023.

1 In Russian publications, the corpus is also referred to as KURS, or the “Corpus of Students’
and Youth’s Spoken Language”.
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The ESC Corpus is a resource based on recordings of everyday speech interactions
made in field conditions. The immediate predecessor of the ESC corpus is the Russian
ORD corpus of everyday conversations, also known as “One Day of Speech” corpus
[1; 2], which was created using a continuous audio recording methodology specifically
developed by its authors. Volunteers who participated in the corpus recording received
a voice recorder, which they carried with them throughout their regular day, from the
moment they woke up until they went to bed. The voice recorder accompanied the
participants throughout the day, capturing all their speech interactions in various com-
municative settings—at home, at the university, at work, in cafés, in stores, in service
centers, etc. [6]. A similar recording methodology was previously used in collecting the
demographic sample of the British National Corpus for English [3] and the Japanese
ESP Corpus, which is part of the large JST/CREST project dedicated to processing emo-
tional speech [4]. This approach allowed for the collection of speech samples from the
real language environment—essentially, field recordings. The demographic balancing
of informants enabled the collection of speech material from representatives of different
social groups, thereby broadening the spectrum of communication conditions. Themate-
rials of the ORD corpus served as the basis for a series of scientific studies ranging from
describing the vocabulary, grammar, and pragmatics of everyday speech to investigating
its sociolinguistic variability and examining communicative scenarios and other aspects
of natural speech communication.

Since the ORD recordings were made in 2007–2016 [5], certain changes have
occurred in Russian spoken language, particularly noticeable in the speech of young
people at the lexical level. The creation of the new ESC speech resource aims to capture
this linguistic snapshot to identify new colloquial vocabulary, as well as new meanings
and connotations of known language units.

The ORD corpus became the prototype for the development of the new resource.
Processing audio recordings collected in its manner poses a non-trivial challenge due to
several factors inherent in field recordings of natural speech, as compared to “laboratory”
recordings made in a professional studio (or even over the phone, as is often done for
speech corpora). These factors include:

1 the presence of a significant amount of background noise (which can sometimes
overshadow the speech signal depending on the specific situation);

2 significant variation in the signal level when the distance between the speaker and the
recorder changes (e.g., when the recording device is placed on a table);

3 the informal nature of everyday conversations, which are generally not intended to
be listened to by anyone other than the participants themselves (certain conversation
fragments may be completely incomprehensible to linguists attempting to transcribe
and analyze the recorded speech);

4 the virtually unlimited thematic range of conversations, which can include both uni-
versally understood “weather talk” and very narrow topics understandable only to a
select group of professionals;

5 the number of conversation participants can change during the course of the
conversation and can also be practically unlimited;
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6 speech overlap (i.e., simultaneous speech production by several interlocutors) in nat-
ural communicative situations significantly complicates the processing of everyday
field conversations.

Additionally, as with any audio resource, obtaining transcripts—written versions of
spoken speech—poses a separate challenge, allowing the corpus to be used as a collection
of written texts. These factors explain why there is still a shortage of representative audio
resources dedicated to everyday language.

The creation of a new corpus aims to expand the empirical base for both theoreti-
cal linguistic research on spoken language and for solving practical tasks related to the
development of speech systems and artificial intelligence (AI) agents that use natural
conversational speech familiar to humans. The need for a new spoken language resource
arises from the constant evolution of everyday speech, primarily at the lexical level,
especially in the speech of the younger generation. Currently, researchers and develop-
ers have access only to the ORD corpus recordings collected from 2007 to 2016. Since
then, certain changes have occurred in Russian spoken language, particularly noticeable
in the speech of young people at the lexical level. Moreover, since the last ORD record-
ings, technical capabilities in corpus linguistics have improved, including automatic
transcription and audio processing, which can be utilized in creating the new corpus.

The newESC corpus of everydayRussian speech is intended to address the following
tasks:

– To study everyday communication language, vocabulary, grammar, and pragmatics
of spoken speech (both formal and informal);

– To create a “sounding memory” of our time and collect audio recordings that reflect
the “sound portrait” of the era;

– To model speech communication in various communicative situations, necessary for
studying the social, psychological, and cultural aspects of everyday language, as well
as for solving practical tasks in teaching communication skills to people and robotic
systems;

– To configure and test speech synthesis and recognition systems and other applica-
tions, closely approximating real-life conditions, associated with the development
of AI systems that understand language in its natural form and use it for sound
communication.

The article details the methodology for creating the Everyday Student Conversations
(ESC) corpus, highlights its differences from the ORD corpus, and provides current ESC
corpus statistics.

2 Methodology for Compiling the ESC Corpus

The ESC corpus is essentially a conceptual andmethodological continuation of the ORD
corpus. The work on creating the ESC corpus is based on the ongoing audio recording
methodology developed by the authors of the ORD corpus [1]; [5]. Volunteers wishing
to participate in the corpus recording receive a voice recorder, which they carry with
them throughout their regular day. This approach allows for the collection of speech
samples from the real language environment.
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2.1 Methodology of Audio Recording Collection

Who canBecome an Informant-Volunteer for theESCCorpusRecording? As indi-
cated by the corpus name, “Everyday Student Conversations”, the core of the resource
is student speech. This name was given to the corpus because it is being developed in
a university environment, and the majority of its respondents are students. However, as
noted in the introduction, we are also interested in the speech of young people in general,
as it is in the speech of this age group that new linguistic phenomena and neologisms
can be expected [7]. Therefore, contributions to the corpus from young people who are
not students are also welcomed.

In different countries and international organizations, the category youth encom-
passes various age groups. For the purposes of this corpus, we define the youth age
group as individuals aged 18 to 24, which is typically the age range for college and
university students in Russia. Additionally, we record the speech of young adults aged
25 to 35.

Moreover, we have decided to simultaneously collect speech fromvolunteers of older
age groups (36 and above), thus forming the basis for a sub-corpus titled “EverydayAdult
Conversations”.Wedonot impose restrictions on occupation, primary place of residence,
or other social characteristics of the recording participants. Currently, anyone over the
age of 18, including those for whom Russian is not a native language, can participate in
the ESC corpus recordings.

It is evident that this approach does not immediately contribute to a balanced corpus
material. However, it allows us to preserve unique recordings from a wide range of
speakers and, in the future, scale the resource to a national corpus of everyday spoken
Russian.

What is Recorded? The recordings must contain communication in Russian2. The
primary unit of recording obtained from informants remains their “speech day”, that is,
a collection of audio files reflecting their speech communication from the moment they
wake up in themorning until they go to bed at night. As with the ORD recordings, we ask
volunteers to choose the most suitable days for recording themselves. If, during the day,
situations arise whose recordings the experiment participants are unwilling to submit
to the corpus for any reason, these fragments are deleted3. As with the ORD corpus
recordings, the essential condition is the informed consent of all primary participants in
the conversation to the recording being made.We ask informants to notify their potential
interlocutors about the upcoming recording the day before, so that the conversation topics
do not predominantly revolve around the details of data collection for the corpus.

Unlike the ORD, in collecting data for the new corpus, we decided to allow record-
ing not only the entire speech day but also individual speech situations (e.g., “birthday
celebration” or “conversation with a friend”) as well as multiple entire days. This app-
roach increases the overall amount of speech material and the diversity of informants
represented in the corpus, enhancing its statistical representativeness.

2 The presence of speech fragments in any other languages is allowed in the recordings, but
currently, only Russian speech is being processed.

3 Experience shows that ORD volunteers rarely use this option: in cases where they anticipate
situations, they deem undesirable to record, respondents prefer to pause the voice recorder.
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In addition to face-to-face communication, the corpus also includes the informants’
conversations over the phone, via other mobile devices, and online applications.

How is the Recording Conducted? The recording methodology remains almost
unchanged compared to the material collection for the ORD corpus. The recording
is done using a professional digital recorder, which can be either worn around the infor-
mant’s neck while they move around or placed stationary on a table during indoor
recordings. The set of recording devices has been updated4. The format of the original
recordings is WAV, stereo, 16-bit, 44,100 Hz.

Additionally, considering the significant improvement in the quality of recordings
made with personal mobile devices, it was decided to allow informants to use their
own smartphones for recording. The rules for preferring continuous recordings remain
unchanged. Test experiments have shown that high-quality speech material can also be
obtained when recording with a modern phone.

Each participant who agrees to be recorded receives a kit that includes the recording
device, additional accessories (rechargeable batteries, charger, external microphone),
and an informant’smemo.Thememo includes instructions on how to use the recorder and
themain recording rules, such as: “The recording is conducted for 12–16h (frommorning
to evening) with minimal interference from the participant in the recording process.
The recorder is only stopped to change power sources (approximately every 9 h)”.
When the informant speaks on the phone or through voice messengers, the instructions
suggest using the speakerphone whenever possible so that the interlocutor’s speech is
also recorded.

To allow sociolinguistic research on the corpus material, we ask each informant to
fill out a sociological questionnaire, modeled after the one proposed by the authors of the
ORD [5]. This questionnaire includes the following characteristics: 1) gender; 2) age;
3) place of birth; 4) place of residence; 5) experience of living in a region different from
the current place of residence; 6) native language; 7) other languages spoken by the
informant; 8) parents’ profession; 9) education level; 10) acquired specialty; 11) work
experience, if any. The new item “parents’ profession” was introduced instead of the
question “social background”, which often caused confusion among ORD informants.
Similar information is also collected for all primary communicants.

Furthermore, the informant’s questionnaire includes consent to transfer data to the
ESC corpus for scientific purposes and consent to process personal data. Additionally,
the questionnaire contains an item about the informant’s agreement/disagreement on the
open publication of the speech material obtained from them, with the following possible
responses: “Yes, the recording can be published in full”, “I do not mind publishing most
of the recording”, “No, the audio recording cannot be published”. The informant’s and
primary communicants’ questionnaires are completed online using a cloud service. The
use of the corpus implies the anonymity of the data presented—unique codes are used
in place of informants’ names. When publishing transcripts, all personal information
is expected to be anonymized. Recordings that informants agree to publish openly will
also be reviewed for the presence of sensitive personal information and anonymized as
needed.

4 Currently, the recording is primarily done using Roland R09-HR, Zoom H1n, and Tascam
DR-05X voice recorders.
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During the recording process, participants are required to keep a Speech Day Diary,
briefly noting communicative events (with whom, during which period, and under what
circumstances the informant communicates throughout the day). Currently, this diary is
implemented via a Telegram bot.

Informants are also asked to complete a psychological test – the Five-Factor Person-
ality Questionnaire 5PFQ [8]; [9]. This test measures the degree of expression of each
of the five factors of the “Big Five”: extraversion, agreeableness, conscientiousness,
emotional stability, and openness to new experience [10].

In addition to the psychological test, informants are given a test to determine their
passive vocabulary [11], based on J. Read’s statistical approach [12]. This approach
assumes that the probability of a respondent knowing words used in the language with
equal frequency is approximately the same.This allows for testing the informant’s knowl-
edge not of all the words in the language, which is inherently impossible, but of only
a small number of specially selected test words, each representing a group of words of
approximately equal frequency [13]. This test is also conducted online.

Thus, it was decided to completely abandon paper documentation in creating the
corpus: all communication with informants, their questionnaires, and tests are conducted
online.

The corpus recording is conducted anonymously. After receiving audio files from
informants, their data are encrypted. Each participant is assigned a code in the format
like AF00n, where the first letter A indicates that it is informant’s code, the second letter
denotes gender F or M. This is followed by the serial code of the participant.

2.2 Principles of Speech Data Processing

Segmentation of the Original Recordings into Macro Episodes. The multi-hour
audio files obtained from the informants are listened to by experts. They remove long
pauses or noise fragments that do not contain useful information. After that, the files are
segmented into macro episodes, which are large episodes united by the place of com-
munication, its conditions, and participants (for example, “breakfast with the family”,
“work meeting”, “working with clients in the office”, “shopping in the store”, etc.) [14].
Each episode is annotated using the formal descriptionmethodology for macro episodes.
Typically, the duration of a macro episode ranges from 15 to 40 min. Each episode is
given a code name that reflects the name of the corpus, the unique informant code, and
the episode number (e.g., escAF001–01). The output file format, which predominantly
contains speech, is mono, 16-bit, 22,050 Hz.

The annotation of macro episodes is performed using the ORDmethodology [ibid.]:
the main type of communication (“private/domestic conversation”, “professional con-
versation”, “public speech”, etc.), communication conditions (e.g., “telephone conver-
sation”, “meal”, “while shopping”, etc.) are identified. Additionally, tags indicate the
presence of monologic speech, singing, reading, conflict situations, and other features
of the communicative situation.

Furthermore, for each macro episode, the social role of the informant is noted— rel-
ative (husband, wife, daughter, brother, etc.), client or service representative, teacher or
student, colleague; it is also noted when a person is talking to themselves. In addition to
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the informant’s role, their interlocutors and their relationship to the informant are indi-
cated. The place of communication is also marked: home, office, educational institution,
clinic, street, etc.

Audio files corresponding to macro episodes are the primary unit of description in
the corpus. Simultaneously with their annotation, the expert notes the quality of the
speech signal in terms of noise: 1—high-quality recording with minimal background
noise, allowing phonetic research on this material; 2—relatively good quality recording;
3—average recording quality; 4—very noisy recordings.

Preparation of Transcripts of Audio Recordings. After segmentation, the audio
recordings are transcribed to obtain transcripts.

Since speech recognition tools have significantly improved recently, it was decided
to use modern speech recognition models for obtaining transcripts when creating the
new corpus of everyday speech. During the transcription phase, the decision was made
to abandon ELAN [15], which is used for ORD transcribing in favor of using tools for
automatic diarization (segmenting the speech stream into parts corresponding to individ-
ual speakers) and automatic speech recognition with subsequent manual correction. For
pilot experiments, twomodels were used—an acoustic model developed by the company
NTR [16] and the multilingual neural network Whisper [17], created by OpenAI, the
developer of ChatGPT [18]. The results of the test transcriptions of “speech days” are
described in the works of [19–21].

The automatically obtained transcripts are then manually corrected. Experts fix pro-
gram errors related to both incorrect recognition of acoustic signals at the lexical level
and incorrect attribution of speakers. The corrected transcripts are added to the ESC
speech corpus and used for further fine-tuning of the recognition models used.

Once the transcripts of the audio recordings are obtained, any tools for automatic
text analysis can be used—tokenization, morphological and syntactic analysis, as well
as specialized annotation.

2.3 The Main Differences in Data Collection and Processing Methodology
Between the ESC and ORD Corpora

Despite the overall methodology for data collection being borrowed from the ORD
corpus, there are several key differences in creating the ESC corpus:

– Complete abandonment of paper documentation: all questionnaires, instructions, and
consents are filled out electronically online.

– Allowing the recording of one’s “speech day” on a phone that supports sufficiently
good recording quality.

– The corpus accepts not only recordings of entire speech days but also their individual
fragments and even specific conversations.

– Transcription of audio recordings is performed in a semi-automatic mode: initially,
rough transcriptions are done using speech recognition systems, which are then
reviewed and corrected by experts5.

5 Previously, during the creation of theORDcorpus, transcriptionswere donemanually by experts
using the ELAN program (http://tla.mpi.nl/tools/tla-tools/elan). Transcribing one minute of

http://tla.mpi.nl/tools/tla-tools/elan
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3 Current Statistical Characteristics of the ESC Corpus

The first audio recordings for the new corpus were obtained in the spring of 2023. At
this research stage, only students from the “Philology” program at the HSEUniversity in
Saint Petersburgwere invited to participate as the project volunteers to refine thematerial
collection and data processing methodology. Starting in 2024, the pool of volunteer
candidates was expanded beyond the university.

At the time of writing, speech material has been obtained from 70 volunteers. The
total duration of the original recordings is 900 h; 308 of these were recorded on a mobile
phone’s built-in recorder, while the rest were recorded on professional audio recording
devices. The average duration of speech data obtained from an informant is 12.9 h, with
the maximum recording duration from a single person being 62 h.

Segmentation of speech days into macro episodes and removal of fragments not
containing useful signals have been completed for 42 informants (550 h of recording).
As a result, 933macro episodes with a total duration of 380 hwere obtained. The average
duration of an episode is 24 min. The quality of the obtained speech data is reflected in
Table 1, which shows that the methodology used indeed yields a fairly high percentage
of clean recordings.

Table 1. Proportions of audio recordings of various quality levels in the ESC Corpus.

Quality Levels of Audio Recordings Percentage

Excellent (1) 58.52

Good (2) 25.40

Satisfactory (3) 9.76

Poor (4) 6.32

Out of 70 informants, 62 (6 men and 56 women) belong to Student/Youth Group,
4—to Young Adult Group (1 man and 3 women), and 4 are older informants (women).
The Student/Youth group includes students from 10 universities in Saint Petersburg and
Moscow, with the majority of informants (79%) being students from the HSEUniversity
in Saint Petersburg, where the corpus is being created.

The gender imbalance is due to the fact that the recordings began in a student philo-
logical environment, known for its gender imbalance. It is expected that further additions
to the corpus will even out this and other social disparities. The average age of student
informants is 20.5 years, most of informants are Russians, with representatives from
Kazakhstan, Belarus, and Kyrgyzstan. Half of the informants are from Saint Petersburg,

speech on the main annotation levels required approximately one hour of expert work. After
this, the transcript was checked at least twice by other experts, who made their corrections to
the initial transcription. This labor-intensive approach to converting audio recordings into text
explains why, to date, only a small portion (no more than 25%) of the extensive ORD collection
has textual transcriptions, while the majority of the recordings are still awaiting transcription.
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and almost all identify Russian as their native language, except for one informant from
Belarus.

Results of psychological testing and the passive vocabulary test have been obtained
for 70% of the informants. The vocabulary test results range from 68,000 to 106,000
words, with an average of 84,326 words.

The 933 macro episodes prepared for the ESC corpus to date are distributed across
the age sub-corpora as follows: the absolute majority of the speech material pertains
to student communication, with a small amount of recordings from young adults and
middle-aged adults (see Table 2).

Table 2. The number of macro episodes obtained from respondents of different ages.

Youth/Students Young Adults Middle-Aged Adults

868 (93.04%) 44 (4.71%) 21 (2.25%)

The statistics presented below pertain to the block of student speech. The total dura-
tion of student conversations is 356 h. These conversations were recorded in various
locations.

Almost half of the student communication (46.43%) occurs at their primary resi-
dence—at home or in a dormitory. Students also frequently communicate outdoors, at
their university, visiting friends or relatives, as well as in cafés, restaurants, and other
dining establishments. Some students work, so about 4% of the communication occurs
in a work office, and a noticeable percentage of conversations take place in public places
(see Table 3).

Table 3. Distribution of student communication episodes by location.

Rank Location Percentage Rank Location Percentage

1 Home / Dormitory 46.43 7 Public place 4.15

2 Outdoors 11.18 8 Transportation 2.42

3 College / university 10.60 9 Shops 2.30

4 Visiting friends / relatives 7.95 10 Service center 2.19

5 Сafé / restaurant 7.37 11 Medical center 0.22

6 Office 4.38 12 Unidentified places 0.81

Regarding the distribution of communicative situations encountered by students, the
majority (approximately 78.57%) relate to causal or domesic communication, similar
to the recordings in the ORD corpus. Communication between colleagues (for work-
ing students), educational communication, and client-service communication constitute
similar proportions, ranging from 5.3% to 6.8% (see Table 4).
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Table 4. Distribution of student communication episodes by communication type.

Rank Type of Communication Percentage

1 Casual / Domestic 78.57

2 Professional 6.80

3 Educational 6.45

4 Client-Service 5.30

5 Public 2.88

The variety of places and types of communication also contributes to the diversity of
social roles that students assume throughout the day. The processed episodes of the ESC
corpus are distributed across social roles as follows (see Table 5).Most often, our student
respondents communicate with friends (social role Friend), with university professors
or classmates (Student), with romantic partners (Girlfriend, Boyfriend), with parents
(Daughter, Son), and with work colleagues (Colleague). It is also worth noting some
rather unusual communicative roles such as talking to oneself (Self ) and communicating
with their pets (Pet Owner).

Table 5. Distribution of students’ social roles.

Rank Location Percentage Rank Location Percentage

1 Friend 46.43 7 Service Staff 4.15

2 Student 11.18 8 Client 2.42

3 Girlfriend 10.60 9 Self 2.30

4 Daughter / Son 7.95 10 Granddaughter / -son 2.18

5 Colleague 7.37 11 Pet Owner 0.23

6 Boyfriend 4.38 12 Others 0.81

Thus, the prepared section of the corpus demonstrates the diversity of speech domains
in everyday student communication. It can serve as a basis not only for linguistic analysis
of the speech of contemporary students but also, more broadly, as a foundation for
research in speech communication, social, psychological, and anthropological studies.

4 Conclusion

The article describes the methodology for creating a new speech resource—the ESC
corpus of everyday speech of students and young people, collected in natural communi-
cation environments. Since the recordings for the new corpus have only just begun and
will continue, the obtained statistics should be considered preliminary.



ESC Corpus of Spoken Russian 161

The variety of speech material and communicative situations that informants
encounter while recording their “speech days”, as well as the social roles they assume
during these recordings, provide a unique opportunity to use the resulting speech mate-
rial to study the vocabulary and pragmatics of students in a major Russian city. The
planned expansion of the corpus to include speakers from various professional fields,
different regions of the country, and not only students but also adults, will enhance the
representativeness of the corpus and the reliability of the theoretical and practical works
based on it. It also seems advisable to actively involve crowdsourced recordings and
increase the number of recordings available for public use. One of the goals of the cre-
ated resource could be the development of a national corpus of recordings of everyday
spoken Russian.

The creation of the corpus will allow for the acquisition of generalized statistical
characteristics of the language of contemporary students at various linguistic levels,
from phonetics to pragmatics. Comparing the new recordings with the speech material
of the ORD corpus, obtained 7 – 15 years ago, will enable the construction of formal
models reflecting changes in linguistic characteristics over time. The comparison of the
speech material from the ESC and ORD corpora will reveal other possible aspects of the
dynamics of speech behavior.
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Abstract. In recent years, audio-visual speech recognition (AVSR) assistance
systems have gained increasing attention from researchers as an important part
of human-computer interaction (HCI). The objective of this paper is to further
advance the development of assistive technologies in the AVSR field by introduc-
ing a multi-modal OpenAV dataset, intended for state-of-the-art neural network
model training. The OpenAV is designed to train AVSR models for assistance
to persons without hands or with disabilities of their hands or arms in HCI. The
dataset could also be useful for ordinary users at hands-free contactless HCI. The
dataset currently includes the recordings in two languages (English and Russian)
of 15 speakers with a minimum of 10 recording sessions for each. Along with
this we provide a detailed description of the dataset and its collection pipeline. In
addition, we evaluate state-of-the-art audio-visual (AV) speech recognition app-
roach and present a baseline recognition results. We also describe the recording
methodology, release the recording software to public, as well as open the access
to the dataset https://smil-spcras.github.io/OpenAV-dataset/.

Keywords: Audio-Visual Dataset · Human-Computer Interaction · Automatic
Speech Recognition · Data Collection ·Machine Learning

1 Introduction

Nowadays, the creation of a multi-modal assistance system that allows to control a
computer without a traditional control device but using audio-visual speech input for
giving the control commands is of great interest as well as a big challenge. Many people
are unable to operate a personal computer by a standard keyboard, touchpad, or computer
mouse because of disabilities of their hands or arms. In this paper we present an audio-
visual OpenAV dataset, intended for AVSRmodel training and creation of a multi-modal
assistance system.Using such a system could allow the equal participation of peoplewith
disabilities in information society and increase their independence from other people [1].
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In an era where technology strives to enhance accessibility and inclusivity, the devel-
opment of multi-modal assistance systems that rely on audio-visual speech input repre-
sents a significant step forward. Such systems aim to enable users to control computers
and other digital devices without relying on traditional input methods like keyboards or
mice. This advancement is particularly crucial for individuals with disabilities affecting
their hands or arms, who face substantial barriers in using conventional computer inter-
faces. These systems have the potential to democratize technology access, providing
equal opportunities and providing greater independence for users with diverse needs.

Speech recognition is an essential element of HCI, serving as a bridge that connects
human-computer communications. However, audio-only speech recognition systems
still cannot demonstrate satisfactory accuracy in acoustically noisy environments [2].
To address this problem visual speech signals that remain unaffected by acoustic noise
are used to provide supplementary information and improve overall recognition results.

The fundamental challenge in creating effectiveAVSR systems lies in integrating and
processing both auditory and visual data to improve speech recognition accuracy. While
audio-based speech recognition systems have made remarkable progress, they often
struggle in environments with high levels of background noise or when the speaker’s
speech is not clear. By incorporating visual information, such as lip movements, AVSR
systems can mitigate these issues, offering a more robust solution. Visual cues provide
context that helps disambiguate spoken words and phonemes, enhancing the system’s
ability to accurately interpret and respond to commands even in noisy conditions.

To solve the above-mentioned challenges, we provide the following novel contribu-
tions: (1) we present a new audio-visual OpenAV speech dataset, designed to train AVSR
models and create a multi-modal assistance system for persons with hands disabilities.
OpenAV consists of recordings of 15 speakers uttering the script of 26 voice control
commands in Russian with at least 10 recording sessions for each); (2) we provide a
detailed description of the recording pipeline and framework, as well as release the web-
based recording service to the public use; (3) we evaluate state-of-the-art audio-visual
speech recognition approach and present a baseline recognition results for the OpenAV
dataset.

This paper is structured as follows: following the Introduction Sect. 2 provides a
brief overview of research related to AVSR assistance systems and datasets; Sect. 3
reveals the recording methodology; Sect. 4 presents the OpenAV dataset and its main
parameters; Sect. 5 provides experimental results on AVSR task; conclusions and future
research directions are given in Sect. 6.

2 Related Works

Recent advancements in deep learning and neural network architectures have signifi-
cantly contributed to the progress in audio-visual speech recognition (AVSR) [3]. These
systems leverage both audio and visual data to enhance the robustness and accuracy
of speech recognition, particularly in challenging environments where audio data alone
might be insufficient. The integration of visual cues, such as lip movements, provides
additional context that can help disambiguate phonemes that are otherwise difficult to
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distinguish due to noise interference. This multimodal approach not only improves per-
formance in noisy settings but also makes the technology more accessible and practical
for real-world applications.

The design and development of modern AVSR systems is a data-driven process and
is inevitably affected by the amount and quality of available data. In order to develop
real-world audio-visual assistance systems, high-quality training and testing datasets are
vital.During the last decade AVSR has been a popular research direction for the speech
recognition community. Acquisition of multimodal or audio-visual speech dataset is a
challenging task due to many reasons, such as subjects, illumination, noise, head-pose,
vocabulary, resolution, etc. The lack of suitable datasets has been one of the major
obstacles to progress in the AVSR field for a long time [4].

The field of audio-visual speech recognition has made remarkable progress in recent
years, driven by advancements in deep learning and the availability of high-quality
datasets. The ongoing development of innovative architectures and fusion techniques
promises to further enhance the robustness and accuracy of AVSR systems, making
them increasingly viable for practical applications in diverse environments.

The general idea of AVSR is to recognize speech based on the processing of both
audio and video signals simultaneously. Several deep neural network architectures,
training strategies and audio-visual fusion techniques have been proposed for AVSR
[5].

The selection of a proper AV speech dataset is eventually a key task in building
speech recognition systems due to state-of-the-art solutions are usually based on data-
driven machine learning methodology [6]. The database must meet the requirements of
deep learning in terms of the number of speakers, vocabulary size, number of repetitions,
etc. Compliance with all the necessary parameters is quite challenging [7].

The researchers in theworks [8] and [9] provide a comprehensive analysis of existing
audio-visual speech databases. In this paper we refrain from repeating existing research
and refer readers to the aforementioned papers. In general, existing databases can be
divided into two groups [10].

The first group includes large-scale publicly available corpora collected from inter-
net sources, such as YouTube, television: LRW [11], LRS-BBC [12], LRS-TED [13],
MuAViC [14], MAVD [15], etc. The second group includes much smaller datasets
recorded under controlled conditions and specifically designed toward certain tasks,
e.g. analysis of frame rate influence [16], of certain language other than English [17], of
Lombard effect [18], of speech in a driving condition [19], etc.

The combination of state-of-the-art deep learning methods and audio-visual datasets
has been highly successful, achieving significant recognition accuracy results and even
surpassing human performance in many tasks [20]. However, according to our analysis
there are no publicly available AV datasets intended for speech command recognition
of HCI assistance systems which are suitable for state-of-the-art neural network model
training. There is no common benchmark dataset, especially for the Russian language.
Our goal in releasing the OpenAV dataset is to fill in this scientific gap and to provide
such a benchmark.
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3 Recording Pipeline

The pipline we used for recording the dataset is shown in Fig. 1. The core is a recording
session that is supported by our developed web-service https://cais.iias.spb.su/scripts/
speech-dataset/. To record the dataset that supports voice control functionality of the
computer we proposed to record the following vocabulary (see Table 1).

Recording bilingual datasets for AVSR is crucial for several reasons, particularly
in the context of developing more inclusive and versatile technology. As global com-
munication increasingly bridges linguistic and cultural boundaries, the need for AVSR
systems that can accurately process and understand multiple languages becomes ever
more pertinent. Bilingual datasets serve as a foundational element in building robust
AVSR models capable of operating effectively across diverse linguistic environments.

Recording 
session

Vocabulary 

Participant 
Video 

Audio 

           10 times

Developed web-
service 

Fig. 1. Dataset recording methodology.

The vocabulary includes basic functions that a user can use to control the computer.
Wemention that there are a lot of audio-based datasets for English and Russian language
that support the following functionality but at the moment the audio-visual dataset is
missing.

We used this vocabulary for every recording session. To automate the recording
procedure, we built a web-service to collect the OpenAV dataset as shown in Fig. 2. We
used the following technologies to build the web-service: Hypertext Markup Language
(HTML), Cascading Style Sheets (CSS), and JavaScript.

The development of the web-service for dataset collection was a critical component
of our methodology. This web-service not only facilitated the efficient recording and
storage of audio-visual data but also provided a user-friendly interface for managing the
recording sessions. Users could easily start, pause, and stop recordings, as well as review
and annotate the data in real-time. This streamlined process significantly reduced the
time and effort required for dataset collection, making it feasible to scale up the number
of speakers and commands recorded.

Theweb-service allows participants to perform a video recording. It shows the phrase
from the vocabulary that the participant should pronounce. The web-service use con-
nected camera to record the audio-visual data. We provide all the instructions for record-
ing audio and video for our dataset. In our opinion this demonstrates the easiest and

https://cais.iias.spb.su/scripts/speech-dataset/
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Table 1. Proposed vocabulary for OpenAV dataset recording.

Russian English Class Russian English Class

1 Левая Left Mouse
manipulator
commands

14 Новый New Grafical
User
Interface
commands

2 Правая Right 15 Открыть Open

3 Нажать
левую

Left down 16 Сохранить Save

4 Отпустить
левую

Left up 17 Вырезать Cut

5 Нажать
правую

Right down 18 Копировать Copy

6 Отпустить
правую

Right up 19 Закрыть Close

7 Двойной
клик

Double click 20 Вставить Paste

8 Вверх Scroll up 21 Печать Print

9 Вниз Scroll down 22 Вперед Next

10 Ввод Enter Keyboard
button
commands

23 Назад Previous

11 Отменить Escape 24 Выделить
все

Select all

12 Удалить Delete 25 Пуск Start

13 Выключить Shut down 26 Калибровка Calibration

Fig. 2. Developed web-service interface.

most convenient way for collecting data, since it can be accessed from all devices and
all operating systems. Participants only need an internet connection and a web browser.
We recorded FullHD video (1280x720) of 30 fps with 48 kHz for audio.
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We performdataset recording in conditions that correspond to the environmentwhere
the assistive command recognition systemwill be used. In our case it is an office environ-
ment that has mostly good lighting condition as well as an environment without heavy
acoustic noise.

4 OpenAV Dataset Description

The dataset currently includes recordings of 15 speakers in an office environment (Fig. 3).
It is worth noting that the dataset can easily be expanded with additional speakers or a
new dictionary, considering the developed recording methodology. Each speaker utters
26 voice control commands in Russian and English languages to operate their personal
computer. The dictionary categorizes commands as “Mouse manipulator commands”,
“Keyboard button commands”, and “Graphical User Interface commands”. The speakers
were positioned in a controlled office environment to minimize background noise and
distractions. These commands were carefully selected to cover a wide range of typical
interactions a user might have with a computer, from basic cursor movements and clicks
to complex sequences involving multiple keyboard inputs and interface navigation.

Fig. 3. Snapshots of the speakers during recording session.

The main parametric characteristics of the recorded dataset are depicted in Fig. 4.
In addition to the basic commands, the dataset includes variations in speech delivery,
such as different speaking rates, intonations, and accents. These variations are essential
for creating robust AVSR systems capable of handling real-world variability in speech
patterns. By incorporating such diversity, the OpenAV dataset aims to cover a wide range
of potential use cases.

A critical feature of the OpenAV dataset is the diversity of its speakers. The dataset
includes recordings from 15 different speakers, representing various genders, ages, and
speech characteristics. This diversity is essential for training AVSR models that can
generalize well across different users. Each speaker was recorded in a consistent office
environment to control for external variables, but individual differences in speech pat-
terns, accents, and facial movements provide a rich source of variability for the models
to learn from. This diversity helps ensure that the resulting AVSR systems are robust
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Fig. 4. Main characteristics of the OpenAV dataset.

and capable of performing well in real-world scenarios where speaker characteristics
can vary widely.

One of the primary benefits of bilingual datasets is their ability to improve the
generalization and adaptability of AVSR systems. Multilingual capabilities allow these
systems to be used by a broader audience, catering to speakers of different languages
without requiring separatemodels for each language. This not only enhances user experi-
ence by making technology more accessible but also reduces the development effort and
resources required to build and maintain multiple language-specific models. By train-
ing on bilingual data, AVSR systems can learn to recognize and interpret commands
in various languages, thus accommodating users in multilingual regions or those who
frequently switch between languages.

Bilingual datasets contribute to the robustness of AVSR systems by exposing them
to a wider range of phonetic variations, accents, and linguistic nuances. Language-
specific phonetic characteristics, such as the different articulatory patterns and phoneme
inventories, can affect speech recognition performance. Training on bilingual data helps
the model become more adept at distinguishing between these variations and enhances
its ability to handle cross-linguistic phonetic overlaps. This, in turn, improves the overall
accuracy and reliability of the system, making it more effective in real-world scenarios
where users may speak with diverse accents or in noisy environments.

We also explored the potential for expanding the dataset to include more com-
plex interactions and additional languages. Future work could involve integrating more
diverse linguistic elements and contextual scenarios, such as additional languages, con-
versational speech and multi-speaker interactions. This would further broaden the appli-
cability of the dataset and enhance theAVSRmodels’ ability to generalize across different
contexts.

5 Evaluation Experiments

In this section, we propose and evaluate the AVSR model architecture and recognition
pipeline. We assess the proposed NN architecture using the collected OpenAV dataset. It
has been splitted into theTrain,Validation andTest subsets of 70%, 20%and10%number
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of recordings, respectively. The method utilises two open-source libraries: MediaPipe’s
Face Mesh [21] is utilized for video preprocessing, while Librosa [22] is applied for
audio preprocessing.

The dataset boasts high-definition video and high-quality audio recordings. The
combination of high-quality audio and visual data is crucial for training effective AVSR
systems, as it allows models to accurately learn the relationship between spoken words
and corresponding visual cues.

Initially, lip region images are acquired using the MediaPipe Face Mesh algorithm.
To account for differences in lip shape, facial proportions, and articulation, all images
are normalized to a size of 88× 88× 3 by filling in missing pixels with average values.
Since each video comprises of 30 frames per second, the sequence length is 30 images.
Using Librosa, a logarithmic Mel spectrogram with 128 Mel filters is created from the
audio signal, using a short-time Fourier transform window size of 2048 and a step of
128. This results in an image with dimensions of 128× 251× 3. The dimension of 251
is a consequence of the 2-s duration of the window, the sampling rate of 16K Hz, and
the use of a Fourier window step of 128. Afterward, min-max normalization is applied
to these images.

Fig. 5. Audio-visual neural network model architecture. Visual: 3DResNet18+ SA+ BiLSTM;
Audio: 2DResNet18 + SA; Fusion: Model-level.
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The general neural network model architecture is shown in Fig. 5. The input data
for the audio-visual model comprises of two components for handling visual and audio
information, both incorporating the ResNet-18 architecture.

The trained neural network model is fed with segmented image data consisting of
60 frames, which is then spatially and temporally convoluted by the 3D convolution
layer. The MaxPooling 3D subsampling layer is utilised to extract the most signifi-
cant features from the sequences. The modified residual blocks of the ResNet18 model
extract 60 × 3 × 3 × 512 feature maps from each frame of the input sequence. The
Squeeze-and-Attention (SA) mechanism [23] is included in the final residual block. The
Average Pooling subsampling layer converts the obtained feature maps into 60 × 512
one-dimensional vectors, which are fed into the next two bidirectional Long Short-Term
Memory (LSTM) layers. The first layer is sequence-to-sequence with input and output
60 feature vectors, the second layer is sequence-to-one with output a 512-dimensional
feature vector.

The acoustic neural networkmodel architecture inputs Log-Mel spectrogram images
extracted from the audio signal. The trained neural network model convolves input Log-
Mel spectrogram images with a spatio-temporal convolution layer. In order to extract
the most significant features from the Log-Mel spectrogram, the dimensionality of the
input vector is reduced by means of a MaxPooling 2D subsampling layer. The visual
model generates a 512-sized feature vector, as does the audio model. These feature
vectors are then concatenated and passed onto the final fully connected neural network
for prediction. Both models share the same training parameters, including learning rate,
schedule, optimizer, and batch size, which allows concurrent learning from acoustic and
visual data. This method, called model-level fusion, mimics human cognitive processing
by combining audio and visual information.

The choice of model structures in this approach was determined through a series of
experiments. The fusion of both audio and visual modalities results in an accuracy of
91.54%, achieved through a model-level fusion approach.

6 Conclusion

In this paper, we have created a bilingual multi-speaker audio-visual dataset OpenAV,
designed for state-of-the-art neural network model training and intended for building
AVSR assistance systems for people with hands disabilities. The dataset could also be
useful for ordinary users at hands-free contactless HCI. The dataset currently includes
the recordings of 15 speakers with a minimum of 10 recording sessions for each in two
languages English and Russian. Along with this we have provided a detailed description
of the dataset and its collection pipeline.

In addition, we have evaluated state-of-the-art audio-visual (AV) speech recognition
approach and have presented a baseline recognition results. The fusion of both audio
and visual modalities results in an accuracy of 91.54%, achieved through a model-level
fusion approach for both languages. This in terms of recognition accuracy is comparable
to the state-of-the-art results achieved for other AV corpora.

Developing effective AVSR systems involves creating large, diverse, and high-
quality datasets that encompass various speech scenarios and environmental conditions.
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The OpenAV dataset presented in this paper is designed to address these requirements
by offering a comprehensive collection of synchronized audio and visual speech record-
ings in two languages, English and Russian. This dataset supports the training of AVSR
models capable of recognizing speech with high accuracy across different speakers. By
utilizing the OpenAV dataset, researchers can develop more robust models that push the
boundaries of current speech recognition technologies, paving the way for innovative
applications in assistive technologies and beyond.

One of the most significant advantages of the OpenAV dataset is its expandability.
The recording methodology and technological framework are designed to accommodate
additional speakers and commands seamlessly. This flexibility means that the dataset
can be continuously updated and expanded, allowing for the inclusion of new languages,
additional command sets, and more diverse speaker demographics. Such expandability
ensures that the dataset remains relevant and useful as the field of AVSR evolves and as
new requirements emerge.

In addition, recording bilingual datasets is essential for advancing AVSR technology,
making it more inclusive, versatile, and robust. Such datasets enable systems to cater
to a wider audience, handle various linguistic features and enhance performance in
multilingual contexts. As the demand for effective and accessible technology continues
to grow, bilingual or multi-lingual datasets will play a crucial role in ensuring that AVSR
systems can meet the diverse needs of users worldwide.

We have also released the recording software to the public, as well as opened the
access to the dataset for non-commercial use https://smil-spcras.github.io/OpenAV-dat
aset/.
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Abstract. The main aim of the article is to present the Bulgarian speech
resources in the CHILDES automated computerized language data exchange
system. The resources are organized into a corpus labeled Bulgarian
LabLing Corpus (https://childes.talkbank.org/access/Slavic/Bulgarian/LabLing.
html). This database is the most recent contribution to the CHILDES Slavic col-
lection, the first version of which was published in 2020. It covers longitudinal
data from 5 young children and the picture-based narratives of 121 preschoolers.
The focus in the first Bulgarian electronic corpus with children’s speech is on the
possibilities for the study of child-adult speech interaction, which is extremely
important for the adequate modeling of language ontogenesis.

Keywords: Child speech resources · CHILDES · Bulgarian LabLing corpus

1 Introduction

The necessity of studying child speech is undeniable for modern science, the irrefutable
proof of which is the wide application of ontogenetic data as evidence in solving various
problems of linguistics. Indicative of this is what Stefan Mladenov said back in 1930s:
“In general, the development of child speech provides material for illuminating and
even for resolving all major and minor issues in linguistic history, not only in the fields
of phonetics and morphology, but also of etymology, word formation, lexicology and
syntax ... Those who know nothing of the development of child speech know nothing
of the linguistic producation of adults” [1].

The importance of ontogenetic data for linguistics alone does not explain the need
to create a corpus of child speech. Moreover, the study of this exotic and peculiar phe-
nomenon has its own long and rich biography, in which, however, the problem of the
reliability of both the empirical material and the methods for its collection, systematiza-
tion and processing, has always remained open. At the same time, with the imposition
of the anthropocentric paradigm in modern humanities, significant changes are taking
place in the overall concept of the study of children’s speech, in which the focus is no
longer on the isolated study of its units and features, but on the speaking child instead.
From this point of view, the turn of scientists to the holistic paradigm, which supports
the thesis of interweaving of common linguistic and cognitive principles and rules, is
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completely understandable. This, in turn, shifts the interest from the traditional lin-
guistic explanation of linguistic rules and principles, to the search for relevant answers
from the perspective of cognitive linguistics. The study of the nature of the linguistic
cognitive system and the access to its processor is now highlighted as a key research
problem.

This raises the question of the empirical assurance of the cognitive holistic
paradigm. The possible solutions can be found in the field of modern corpus linguistics,
since it is precisely in this field that databases are produced, solid not only in terms of
their volume, but also in terms of the possibilities for complex study of speech. There-
fore, corpus studies carried out in the light of the holistic tradition in linguistics, have
dominated as a research paradigm in the last decades. And thanks to the “achievements
of modern information technologies, and the created multi-media program packages
designed to achieve various goals in the branches of applied linguistics, it became pos-
sible for the modern researcher to illustrate and visualize the results in a complex and
comprehensive manner. The accumulated research in the new multimodal linguistics,
representing one of the directions for the simultaneous multidimensional presentation
of linguistic facts and phenomena within the framework of holistic linguistics, also con-
tribute to it [2].

In the light of what has been said, the present article is dedicated to the corpus
approach in the study of children’s speech, whose advantages are presented through
the example of some modern well-functioning research platforms such as CHILDES
(https://childes.talkbank.org/) and TalkBank (https://www.talkbank.org/). More specif-
ically, the first electronic corpus of Bulgarian children’s speech (Bulgarian LabLing
Corpus) is in focus. At the same time, an attempt is made to highlight the wide possibil-
ities of both the chosen format for presenting the data in it, implemented in terms of the
interactive platforms TalkBank and CHILDES, and the corpus perspective in modern
linguistics, thanks to which there is an optimal environment for creating objective mod-
els of language, and for limiting the danger of the emergence of new myths in modern
scientific research.

In this line of thought, the question arises quite naturally as to whether it is justified
to invest effort and time in such a laborious undertaking when there are sufficiently
good alternatives in the research tradition. Could the creation of a corpus of children’s
speech not be interpreted as some fad? What is wrong with the already known and well-
functioning traditional models? In response to these questions, a brief chronological
review of existing contributions to the collection and organization of empirical data will
be offered, and in this context the place and significance of modern electronic formats
of corpus linguistics will be sought.

2 The Corpus Perspective in Child Speech Research

Child speech is an exotic and unique phenomenon that has its own long and rich biogra-
phy, in which, however, the problem of the reliability of both empirical material and the
methods for its collection, systematization and processing has always remained open.
In this sense, the present article argues that the corpus perspective could be defined as
dominant in the field of language ontogeny studies from the times of Charles Darwin

https://childes.talkbank.org/
https://www.talkbank.org/
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till the present day. In support of this, one could cite plentiful existing evidence in the
ontolinguistic tradition which supports the fact that the accumulation of empirical data
has always been, is, and will be dominant. This evidence will be presented briefly in
the present paper, in order to highlight the specifics in the evolution of the development
of the speech corpora, which are extrapolated in an adequate format for the relevant
research period. In this regard, several successive stages could be distinguished in the
history of child speech studies:

– The stage of the so-called “baby biographies” from mid-19th to the mid-20th cen-
tury, which are associated with the practice of keeping diaries of the chronological
development of child speech, which are mostly descriptive (as the detailed notes
on the speech development of their children made by philosophers, naturalists, lin-
guists, psychologists, among whom are Hippolyte Taine, Charles Darwin, D. Tiede-
man, V. Leopold, Gregoire, Jan Baudouin de Courtenay, A. N. Gvozdev, I. Geor-
gov.).

– The stage of the appearance of the first cross-sectional studies in the 1930s, in which
samples of many children of the same age could be compared, allowing researchers
to apply a variety of statistical methods, to plan and conduct experiments.

– The stage of longitudinal cross-sectional studies, the beginning of which is associ-
ated with 1960s, in which a kind of synthesis of the methodological achievements
of the two previous stages is observed, insofar as they create an opportunity to over-
come the fragmentation and randomness inherent in diaries and of the sample data.

– The stage of creation of computer systems for accumulation and automatic pro-
cessing of huge amounts of child speech data, allowing researchers to overcome the
shortcomings of the previous methods. Despite the usefulness of diaries for the study
of the ontogeny of the lexicon, they are not suitable for obtaining reliable quantitative
results. Cross-sectional studies, in turn, provide a voluminous database, but they are
unable to sufficiently account for the individual cases in language acquisition. Lon-
gitudinal studies provide a relatively accurate picture of the individual child, but the
laboriousness of data collection and the different methods of transcribing or process-
ing in general make comparison with other longitudinal studies extremely difficult,
and the study of just one single corpus could be misleading due to predetermined
individual differences in the process of acquisition.

The last stage in the research of linguistic ontogenesis can be defined as qualita-
tively new, since it is the computer systems created within its scope for the accumulation
and automatic processing of huge amounts of child speech data in recent decades cre-
ate conditions for the successful implementation of large-scale cross-linguistic projects
including multiple languages. Moreover, linguistic resources organized as corpora are
increasingly used for the purposes of modeling the language and the speech behavior
of its speakers, despite the fact that creating and maintaining computer corpora is an
extremely labor-intensive and expensive undertaking.

With the advent of modern technologies, a new, more efficient standard for their
presentation and processing is required. In this way, it becomes possible to extend the
scope of a single corpus to millions of language units, while also optimizing the options
for their annotation, unification, standardization and reuse.
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Thus, with the development of technical progress over time, card files and diaries
are replaced by electronic speech data, and the time-consuming and exhausting work of
registering, transcription and statistical processing data is supported by various techni-
cal means and software products. The creation of systems such as CHILDES and Talk-
Bank marks the apogee of the evolutionary process summarized here. The typological
diversity of the included linguistic data, the uniform transcription format, the CLAN
program resources for automatic processing, make this system an extremely useful and
convenient platform for conducting research. At the same time, it can be added that it
is precisely the optimal empirical possibilities that could guarantee that every single
linguistic study has achieved a high degree of objectivity and adequacy of the obtained
results, as well as being a solid basis for approbation of the models of language ontoge-
nesis. In the context of this, the choice of the CHILDES platform for the creation of the
Bulgarian corpus of child speech data, which is presented in this paper, is completely
understandable.

In the next part of the exposition, an attempt will be made to give an idea of the
new quality of the research from the last stage with regard to Bulgarian ontolinguistics.
Thus, quite naturally, the automatic computer system CHILDES comes into focus as
one of the most popular data exchange platforms for child speech especially one of
its corpora, the Bulgarian LabLing Corpus. The main goal is to demonstrate that this
format of the presented Bulgarian collection of child speech data is not the fruit of a
passing linguistic fad, but rather an opportunity to provide reliable empirical material
for creating adequate ontogenetic models, as well as for achieving a qualitatively new
standard of research.

At the same time, turning to CHILDES is also predetermined by the fact that, on
the example of this system, the possibilities of applying corpus linguistics in the study
of child-adult speech interaction can be highlighted as much as possible, which could
provide answers to many still open questions related to language ontogenesis and the
acquisition of the Bulgarian language at the dawn of human life.

3 Some Terminological Clarifications

Before proceeding to the presentation of the Bulgarian CHILDES corpus, it is necessary
to specify some terms related to child speech. It should immediately be noted that the
term falls into the networks of exceptional pluralism in modern linguistic terminology,
and it is associated with three different concepts in the context of the Multilevel Model
of Bulgarian Speech [3], in which the trichotomy standard - substandard - nonstandard
is embedded [4]. As a result of the specific approbation of the Model when establishing
the concepts child speech 1 (the speech of the child in the process of communicating
with adults or other children), child speech 2 (the speech of an adult to a child) and
child speech 3 (stylized child-manner speech of an adult when communication with
adults), they turned out to be related respectively to the substandard in the process of
acquisition, to the substandard, and to the nonstandard [5].

As far as the article, as mentioned in the Introduction, is focused on the adult-child
interaction, after the above clarifications, in the following exposition, attention will be
directed to the two substandard phenomena, namely – child speech 1 and child speech
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2. It is their adequate understanding that would lead to the creation of working mod-
els of language ontogenesis, insofar as the specific register for communication between
adults and children contains some important prerequisites for the successful and rapid
acquisition of language at an early age, since it is in it that the target language system
is presented in the form of a minimum input program. Thus, in the course of commu-
nication with children, adults provide input linguistic data, among which the so-called
positive and negative data clearly stand out [6].

In line with these thoughts about the significance of the so-called “Baby talk” for the
child’s mastery of language, the need to study not only child speech, but also the social
variation of language, known as adult-to-child register, naturally emerges. In the last
few decades, research contributions have been accumulated, among which longitudi-
nal studies are particularly valuable, thus creating conditions to adequately capture the
logic of language development. Undoubtedly, this was also accompanied by searches
for suitable formats of speech collections that would give optimal access to both child
speech and adult speech to children. That is why in the present paper the optimal system
for differentiated extraction of the data of the individual subjects CHILDES was chosen
as a focus of attention.

At the same time, CHILDES is an optimally open system in which, in addition to
longitudinal data, one can present data from cross-sectional studies, such as collections
of narrative samples drawn from multiple children of the same age. It is this variety of
data that characterizes the first Bulgarian CHILDES corpus (Bulgarian LabLing Cor-
pus) presented here.

4 Bulgarian Speech Resources on the CHILDES Platform –
Bulgarian LabLing Corpus

The CHILDES database contains a large amount of information on the acquisition of
multiple languages extracted from different language groups, and their number is con-
stantly growing. In the autumn of 2020, a new addition appeared in the Slavic Collection
of the CHILDES platform, namely the Bulgarian LabLing Corpus in its pilot version,
which was further developed and expanded to its final format in 2023 (see Fig. 1).

Bulgarian LabLing Corpus can be freely accessed at: https://childes.talkbank.org/
access/Slavic/Bulgarian/LabLing.html (Fig. 2).

The corpus of Bulgarian child speech presented here is the result of the extended
work of researchers from LABLING. Corpus data have been transcribed into the
CHILDES unified CHAT format [7], making them comparable to the corpora of other
languages on the platform. The CLAN program package allows to make a different type
of analysis of the entered dialogues (phonetic, morphological, syntactic) and the com-
ments to them. In this sense, CLAN provides the possibility to automatically obtain the
most diverse statistical and substantive results from the transcribed and coded data,
such as data about word frequency, lexical diversity and coherence, specific words
and forms used in the respective speech session (such as children’s language errors
as specific deviations from the norm of the respective language: units of the so-called
BABY TALK, onomatopoeia, overgeneralizations, children’s and family’s occasion-
alisms, etc.)

https://childes.talkbank.org/access/Slavic/Bulgarian/LabLing.html
https://childes.talkbank.org/access/Slavic/Bulgarian/LabLing.html
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In the structure of the Bulgarian LabLing Corpus there are two subcorpus, one of
which is longitudinal and the other cross-sectional: Corpus A with the longitudinal
data of 5 Bulgarian very young girls; Corpus B with 233 narratives of 121 preschool
children, which can be defined as cross-sectional, insofar as the subjects are further
divided by age into three groups.

Corpus A covers the transcribed longitudinal data obtained from 5 Bulgarian girls –
ALE (aged 1; 01.29–2; 04.09), TEF (aged 1; 03.11–2; 05.25), BOG (aged 2; 01.09–2;
04.11), ELI (aged 1; 01.07–1; 07.22), SIM (aged 1; 04.14–3; 01.00). The studied chil-
dren were born and at the time of the experiment lived in Northeastern Bulgaria. They
were recorded in everyday situations (playing, dressing, eating, falling asleep, looking
at picture books, etc.) in the process of their daily communication with their loved ones.
All persons registered in the database as participants in the dialogues are monolingual

Fig. 1. The Slavic Collection of the CHILDES platform.
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Fig. 2. CHILDES Bulgarian LabLing Corpus.

speakers of the Bulgarian language. Adults from the children’s environment have a good
level of education (secondary high school and university).

Corpus B contains two segments, namely the Fox-Cat Collection (including 91 chil-
dren’s stories) and the Dog-Birds Collection (142 children’s stories), in which the nar-
ratives of the 121 children based on the respective picture series are covered. At the
same time, the data are structured in view of the reference of the examined persons to
one of the three age groups – children aged 3–4 years for the first group, 4–5 years for
the second group, 5–6 years for the third group.

The first collection of Corpus B is based on two picture stories: Cat Story [8] and
Fox Story [9], each of which consists of 6 black and white drawings without a text. The
second narrative collection of Corpus B is based on two colored picture stories – Baby
Birds and Dog Story, borrowed from MAIN: The Multilingual Assessment Instrument
for Narratives [10].

In the creation of Corpus B, the selection of picture stories and their format (black
and white or colored) were not randomly selected. Specially developed materials, which
have already been used to create uniform corpora with narratives in many other lan-
guages were used, corresponding to the MAIN unified system, designed for the analysis
of child narratives [10,11].

The data in both sub-corpora of the corpus with Bulgarian child speech presented
here are transcribed in the unified CHAT format of the CHILDES system, which makes
them comparable to the corpora of other languages from the platform. CLAN programs
allow for a different type of analysis of dialogues and narrativesq as CLAN allows
to automatically obtain the most diverse statistical and substantive results from the
transcribed and coded data, such as word frequency, lexical diversity and coherence,
specific words and forms used in the respective speech session (such as: children’s lan-
guage errors as specific deviations from the norm of the respective language: units of
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the so-called BABY TALK, onomatopoeia, overgeneralizations, children’s and family
occasionalisms, etc.).

CHILDES is an extremely flexible and convenient system, whose functionalities
are available to any researcher even when the corpora are not yet published on the
platform and when there is no access to the Internet. It is sufficient to have the programs
of the CLAN package installed on the relevant computer and to have the necessary
speech data transcribed in CHILDES terms. For example, long before the Bulgarian
LabLing Corpus officially appeared, the system was used in this way in studies of the
language development of Bulgarian children, which in turn was a kind of approbation of
its applicability to our language. However, today, when the Bulgarian corpus is officially
published, researchers have the freedom to choose whether to work online in the system
itself, using the data from the Browsable transcripts section directly, or to download the
data from the Download transcripts section to their personal device.

To illustrate this Table 1 presents the main steps in the algorithm of work directly in
the platform.

Table 1 clearly shows that working directly in the platform is not only convenient,
but also extremely easy. At the same time, the CHILDES system provides many oppor-
tunities, one of which is to examine all participants in the communication. This is clearly
seen in Table 1 when comparing the sixth and seventh steps with the eighth and ninth
steps, which extract data from the same transcript about the frequency of the modal verb
must in the speech production of the examined child (SIM) and her mother (PLA). This
is just one example of the broad applicability of the Bulgarian LabLing Corpus, which
is predicated by the fact that each of the transcripts includes data on the identification
of the researched persons (demographic and linguistic parameters) and on the type of
the corresponding corpus (longitudinal or cross-sectional). See Fig. 3, Fig. 4:

Fig. 3. Transcript lines in CHAT-format of cross-section data of Corpus B.
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Table 1. Algorithm for working with CLAN programmes directly in CHILDES.
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Fig. 4. Identification data of researched persons in the transcript of the Bulgarian LabLing Corpus
in the CHILDES System.

In this case, it is not simply a matter of simple identification of the researched per-
sons, but of the possibility of extracting and analyzing the speech data of each one
of them, or of a selected group, which is extremely important for ontogenetic studies.
Access is also provided to the speech of adults to children, through which children
receive information about the system of the target language (so-called positive input
data). The results of such data analysis undoubtedly provide a solid basis for the con-
struction of adequate explanatory models of language acquisition, in which it is possible
to clearly distinguish the specific contribution of adults and their speech in the ontoge-
netic process in general, as well as in the acquisition of specific linguistic phenomena,
and also to bring out the characteristics of the specific register called the speech of
adults to children.

An additional research perspective can be found in study of the influence of the
chosen child’s siblings on the linguistic development of the respective studied child.
In this regard, their metadata is of particular importance, which is also provided in the
CHILDES system. Thus, among the participants of the interaction presented in Fig. 4
we find the elder sister (STE) of the examined child, for whom social role, gender, age,
language are indicated.

In the logic of what has been said so far, it could be summarized that the very
act of publishing Bulgarian data with child speech on the CHILDES platform is very
important and useful for researchers, as it provides them with the opportunity to study
the Bulgarian language in the context of an optimal working environment, characterized
by free access to a wide variety of data, as well as computer programs through which
the vast empirical array can be processed statistically.

At the same time, CHILDES offers one of the optimal electronic formats of mod-
ern corpus linguistics, enabling a multimodal integrated multi-aspect representation of
speech behavior, which is a guarantee for obtaining objective results, as it provides the
opportunity to observe the studied phenomenon simultaneously from different points of
view. It is especially important in the study of the speaking child phenomenon due to
the specific age characteristics and limited linguistic and communicative competence at
a very early age.
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In this regard, it is important to note the contributions of BrianMacWhinney [12,13]
who developed the interactive multimodal system of the CHILDES platform specifi-
cally for the purposes of speech analysis and its optimal multi-aspect visualization, as a
result of which a new quality is achieved in the studies of the components of non-verbal
communication and the influence of the pragmatic context in child speech. The uni-
fied annotation of the extralinguistic data that accompanies the speech of the observed
children, as well as the continuous mode of connection between the transcripts and
the corresponding audio files, create opportunities and prospects not only for an iso-
lated study of linguistic phenomena, but also for their in-depth comprehensive study in
the dynamic mode of speech communication. With the help of CHILDES, the speech
behavior of the studied children can be presented in a multimodal perspective.

McWhinney’s innovative system for an integrated presentation of speech data is
applicable to the Bulgarian corpus of child speech, since most of the transcripts are
accompanied by audio files. At a later stage they could be synchronized, visualizing
the executable audio file and its audible real-time sound implementation in SONIC
MODE, displayed as an oscillogram at the bottom of the CLAN program window, as
demonstrated in the sample in Fig. 5.

Fig. 5. Audiotranscript in SONIC MODE.

The option of multiple audio reconstruction of any fragment of the transcripts from
the corpus guarantees a full and adequate analysis in the process of research of such
complex linguistic phenomena and categories as, for example, modality, for the inter-
pretation of which intonation is important, as well as of the phonetic side of child
speech. In this regard, another advantage of CHILDES should be noted, namely the
interoperability of its CLAN software package with other speech processing systems
such as Praat, EXMARaLDA, and PHON.

5 Conclusion

The present article highlighted the benefits of the CHILDES interactive system. It is
generally recognized that it provides conditions for greater precision in the collection,
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transcribing and coding of data, and offers tools for automated analysis of large amounts
of conversational material, which significantly expands the empirical base on which
new theories are built. In addition, the unified convenient technique for annotating the
extralinguistic data that accompanies the speech of the observed persons, and the con-
tinuous mode of connection between the transcripts and the corresponding audio and
video files, create opportunities and perspectives for the study of all aspects of speech
interaction.

With the publication of the Bulgarian data on the CHILDES platform the options
for cross-linguistic research including another Slavic language are expanded. The Bul-
garian linguistic tradition is enriched with another universal, convenient standard for
the study of language ontogenesis, thanks to which comparisons with a large number of
languages could be made quickly, accurately and reliably, on the basis of which relevant
typologies and modern theories could be built.

The Bulgarian LabLing Corpus is only a separate miniature fragment of a multilin-
gual virtual mosaic, which is constantly expanded and enriched within the framework
of the two powerful systems CHILDES and TalkBank, which with their openness and
rationality have established themselves as leaders in the processes of cooperation and
globalization in the field of humanities research in general. This is a guarantee both
for a broad social validity of research results based on their corpora, and for their inte-
gration into current work programs for the creation of infrastructures for the exchange
of linguistic data and technologies aimed at overcoming the current fragmentation of
research. In this sense, the integration of the American CMU-TalkBank into the Euro-
pean CLARIN (https://talkbank.org/knowledge/), a part of which is the first Bulgarian
CHILDES corpus, created within the framework of ClaDa-BG, can be interpreted as a
promising development.
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Abstract. The article is dedicated to the results of a research project describing
the classes and functioning of multiword units in contemporary Russian everyday
speech. The concept of multiword units encompasses quite diverse linguistic phe-
nomena, making the creation of a working typology one of the project’s central
tasks. This typology is necessary for annotating corpus material and obtaining
statistical characteristics. The identified classes of multiword units include the
following units: 1) non-phraseologized collocations, 2) phraseologized colloca-
tions, 3) occasional collocations, 4) idiom forms, 5) constructions, 6) precedent
texts and their elements, 7) multi-word pragmatic markers, and 8) speech formu-
las. The article describes the methods for annotating these units using the ORD
corpus of everyday spoken Russian and presents the results of a quantitative anal-
ysis of their functioning within the annotated subcorpus. The obtained data can
be used to address both theoretical tasks in the field of lexical and grammatical
description of Russian everyday speech and numerous tasks related to processing
or generating live spoken Russian.

Keywords: Modern Russian · Everyday Speech · Oral Discourse ·Multiword
Units · Collocations · Syntax · Statistical Analysis · Speech Corpus · Corpus
Linguistics · Speech Technologies

1 Introduction

The study of spoken language, especially using a corpus approach based on recordings
obtained in natural communication settings, reveals phenomena that are not reflected in
existing dictionaries and grammars but actively function in the speech of native speakers.
These phenomena, therefore, require special documentation and analysis for linguistic
and language-teaching purposes, as well as for creating human-like dialogue systems
and artificial intelligence. This research focuses on phenomena at the intersection of
vocabulary, grammar, and syntax, which we refer to collectively as multiword units. A
number of works are dedicated to their analysis and study, for example, [1–10]. These

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
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units require not only theoretical description but also the formation of an inventory—a
lexicon (in the broadest sense of the word), in which they would be represented with the
necessary quantitative characteristics. For the codified Russian written language, multi-
word units are relatively fully described. However, in the class of multiword units used
in spontaneous spoken speech, there are still many “white spots” despite the emerging
linguistic and digital resources. For example, databases exist for the Russian language
that combine units of different types: multiword units, collocations, constructions, etc.
([11–17], etc.).

The relevance of addressing the problem outlined is connected to the fact that,
recently, linguistics has become closely intertwined with information technology and
the development of various speech applications. Solving these tasks requires not only
a coherent theory but also a large volume of annotated linguistic data. The study of
multiword units and their identification in a speech corpus involves addressing issues
related to lemmatization and the representation of their morphological, syntactic, and
semantic features.

The material for studying multiword units is the ORD corpus of Russian everyday
speech, characterized by the fact that recordings are obtained in natural communicative
situations [18, 19] and reflect the full richness and diversity of everyday speech communi-
cation—in terms of the topics of conversation [20], participants [21], and communication
conditions [22].

The approaches to searching for and identifying multiword units are diverse, relying
on both expert and automatic techniques. In our study, it seems reasonable to employ
both. The initial list of multiword units was obtained through expert methods, followed
by n-gram analysis of transcriptions of everyday spoken language to identify the most
frequent bigrams and trigrams. The results of the n-gram analysis were described in [23,
24]. However, the overall number of n-grams obtained, amounting to tens of thousands
of units, and the lack of context pose an obvious drawback for subsequent expert work.
Therefore, in this study, the basis for collecting multiword units was their expert manual
annotation, described below in Sect. 3, and relying on their empirical classification
presented in Sect. 2. The article also presents the results of automatic clustering of the
empirically obtained list of units (see Sect. 4). Finally, Sect. 5 provides preliminary
statistics on the distribution of multiword units based on the study sample.

2 Empiric Classification of Multiword Units

Theconcept ofmultiword units encompasses awide rangeof linguistic phenomena, so the
creation of their working typology is one of the central tasks of the project. This typology
is essential for the subsequent annotation and processing of thematerial. The typology of
multiword unitswas developed in several iterations. In the first stage, a pilot classification
of multiword units was used, focusing on their structural and lexical features. Based on
the results of comprehensive pilot annotation of oral speech transcriptions, taking into
account the main proposed types of multiword units, this typology was revised, and a
new scheme was proposed. This scheme currently includes eight main categories:

1. Non-phraseologized collocations,
2. Phraseologized collocations,
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3. Occasional collocations,
4. Idiom forms,
5. Constructions,
6. Precedent texts and their elements,
7. Multi-word pragmatic markers,
8. Speech formulas.

Non-phraseologized collocations are stable combinations whose perception does
not determine the imagery of the meaning.

Phraseologized collocations are stable constructswhose elements possess figurative
meanings. As a result of the interaction between the semantics of the construction com-
ponents, a certain meaning is fixed in spoken language for the unit: “ne obrashchat’ vni-
maniya” (“to ignore”), “vporyadkeveshchey” (“as amatter of course”), “doyti do ruchki”
(“to reach the limit”). This type of multiword unit is closest to traditional phraseological
units.

Occasional collocations, as the name suggests, are modifications of commonly
accepted collocations in the language.

An idiom form is considered a word form that, due to frequent use, acquires
functional and semantic significance in everyday communication (most often this is
a prepositional-case form of nouns): for example, “po ponyatiyam” (“according to the
rules”), “do figa” (“a lot”), “ne v kaif” (“not enjoyable”), “v printsipe” (“in principle”),
“ne po sebe” (“uncomfortable”), “ne gorit” (“not urgent”), and others.

The concept of a construction differs from an idiom form and a phraseologized
collocation in that the structure of the construction includes a constant component and
a variable component X: < X ni razu ne Y > (“X never Y”), < X-u ne do Y-a > (“X
doesn’t care about Y”), < nu + Acc! > (“come on + Acc!”), etc.

Elements of precedent texts refer to fragments of well-known phrases, for example,
from movies: “ikh yest’ u menya” (“I have them”) (a phrase from Lev Slavin’s play
“Intervention”), “chey tuflya” (“whose shoe”) (from Leonid Gayday film “Kidnapping,
Caucasian Style”), etc.

Pragmaticmarkers are functional units of oral discourse that help speakers structure
dialogue and mark speech intention. Pragmatic markers often have a complex structure,
thereby expanding the list of multiword units: “ya ne znayu” (“I don’t know”), “skazhem
tak” (“let’s say”), “kak govorit’sya” (“as they say”), “tak skazat’“ (“so to speak”), “nu
vot” (“well then”), “i vse dela” (“and all that”), “ili kak eto” (“or whatever”), etc.

Speech formulas are often interjectional units that reflect the speaker’s emotional
reaction or a response in a dialogue: “vot yeshchyo!” (“there you go! “), “nichego sebe!”
(“wow!”), “kak khochesh” (“as you wish”), “kak znayesh” (“as you know”).

The results of the pilot annotation showed that the proposed classification generally
well reflects the features of multiword units characteristic of spoken language, therefore
it is accepted as the main one for conducting expert annotation of these units and further
research.
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3 Expert Annotation of Multiword Units in ORD Corpus

The ORD corpus is a complex and multi-component resource used for conducting
research on Russian spoken discourse at all linguistic levels. An important result of
the ongoing research is the manual expert annotation of the corpus materials at the level
of multiword units.

3.1 Multiword Units Annotation Principles

The annotation of multiword units in the ORD corpus is carried out as follows. Experts
review the transcriptions of audio recordings, which are exported into a tabular format,
and fill in the multiword units database using a form that includes the following fields:

1. Communicative episode,
2. Speaker code,
3. Phrase,
4. Multiword unit as it appears in the text,
5. Class of the multiword unit according to the proposed typology (the Tags column in

the database),
6. Invariant (optional—filled in only when the form of the initial multiword unit was

clear without doubt),
7. New multiword unit—a note indicating whether the multiword unit was included in

the initial list.

The following annotation codes were proposed:

1. Non-phraseologized collocations—NK,
2. Phraseologized collocations—FK,
3. Occasional (non-conventional) collocations—OK,
4. Idiom forms—ID,
5. Constructions—KS,
6. Elements of precedent texts—PT,
7. Multi-word pragmatic markers—PM,
8. Speech formulas—RF.

In the Tags column, it was preferable to record only one (the main) variant of the
multiword unit’s characteristic, as, unlike pragmatic markers of spoken language, the
units under study are not prone to multifunctionality; they are primarily annotated in
terms of their formal organization.

3.2 Multiword Units Annotation Results

Four experts participated in the annotation process, one ofwhom (E1) acted as the curator
and made final corrections. The episodes of natural speech communication selected for
annotation varied in duration, and thus, differed in the volume of text transcriptions.
Therefore, multiple speech episodes were selected for some informants, affecting the
distribution of material among the experts for annotation. Each episode was annotated
by one expert. The final distribution of annotated episodes was as follows:
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– E1 – 14 episodes (7.8%);
– E2 – 20 episodes (10.26%);
– E3 – 101 episodes (51.79%);
– E4 – 60 episodes (30.77%).

The experts thoroughly reviewed the text transcriptions in the Phrase column of
the research database and recorded information about the multiword units found in
the phrases in columns created specifically for annotation. The multiword units were
recorded in the form they appeared in the fragment in a specially designated column
(Multiword units).

In total, 195 macro-episodes were annotated, with a total volume of 300,000 word
usages. The manual annotation of multiword units enabled the creation of an expanded
list of these units, preliminary statistical information on the implementation of these units
in spoken language, and the identification of the main difficulties in expert annotation
of these units.

3.3 Main Challenges in the Annotation Process of Multiword Units

Themain difficulties in the annotation process arosewith thosemultiword units that were
not included in the initial list, necessitating collective decisions on the classification of
each unit and whether the unit could be considered a multiword unit at all.

A particularly close connection was found between constructions and non-
phraseologized collocations, as the lack of imagery and figurativemeaning of the compo-
nents distanced the unit under study from phraseologized collocations. In such cases, the
determining factor was the search for a variable (X) that is defining from the conceptual
framework’s perspective.

Another problem in the annotation of multiword units was that some word combi-
nations primarily realized their grammatical meaning and syntactic valence rather than
stability and lexicalization, which prevented them from being classified as multiword
units, even though their combination could potentially be considered regular.

At the final stage of annotation, it became clear that identifying the invariant for each
realization of multiword units is a separate research task. For example, in constructions,
it was necessary to determine the fixed part and its form, and then the part that is variable.
Next, the grammatical and lexical characteristics of the potential variable needed to be
described.

In speech formulas, some components may be perceived as optional, but upon anal-
ysis, it becomes clear that only the full composition of the multiword unit realizes its
meaning. For example, the unit “da ladno” (“oh, come on”) can serve as a reaction pre-
cisely in this structural variant because identifying “da” (“oh”) as an optional part “(da)
ladno” (“come on”) causes the unit to cease being a multiword unit and loses its function
of expressing the speaker’s reaction.

Some units annotated as phraseologized collocations also exhibit variability. For
example, the multiword units “morochit’ golovu” (“to mess with someone’s head”) and
“vynosyt’ mozgi” (“to blow someone’s mind”) can be perceived as synonymous, or their
proximity can be seen as a potential to fill positions with words of a certain meaning,
allowing the multiword units to be considered as constructions. Only further expert
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work and linguistic analysis will allow the formation of a final list of invariants for each
realization of multiword units and the creation of a new classification of multiword units
in terms of their formal organization.

4 Automatic Clustering of Multiword Units

The empirically derived list of multiword units was subsequently subjected to an auto-
matic clustering procedure. Initially, automatic clustering of multiword units was carried
out based on the results of expert annotation of oral speech transcriptions for a sample
of 300,000 tokens. The clustering was performed using the k-means algorithm without
considering metadata but utilizing two different approaches to data vectorization: 1)
tf-idf (CountVectorizer from sklearn) and 2) FastText embeddings. Calculations were
performed for models with 5, 10, 15, and 30 clusters1. During automatic clustering, the
elements within each cluster were grouped around one or more keyword features.

The most semantically meaningful clusters were obtained when the sample was
divided into 30 clusters. For example:

CLUSTER #8 multiword units:
[‘million raz’ (‘a million times’), ‘desyat’ raz’ (‘ten times’), ‘inoy raz’ (‘sometimes’),

‘pervyy raz slyshu’ (‘first time I hear it’), ‘sto raz’ (‘a hundred times’), ‘paru raz’ (‘a
couple of times’), ‘kak raz’ (‘just right’), ‘lishniy raz’ (‘one more time’)].

CLUSTER #22 multiword units:
[‘ne moyo’ (‘not my thing’), ‘ne pozhalela deneg’ (‘didn’t spare the money’), ‘ne

problema’ (‘no problem’), ‘ryadom ne stoyat’ (‘don’t come close’), ‘darom ne nuzhna’
(‘don’t need it for free’), ‘ne bum-bum’ (‘don’t get it’), ‘ne svetit’ (‘not gonna happen’),
‘ne sud’ba’ (‘not meant to be’), ‘ne govorite’ (‘don’t say’), ‘sovest’ ne gryizla’ (‘didn’t
feel guilty’), ‘nikak ne doberus” (‘can’t get around to it’)].

Nevertheless, automatic clusters can sometimes contain an “exception”. For exam-
ple, cluster #19 (when dividing multiword units into 30 clusters) mainly consists of
units containing the lemma “delo” (“thing” or “matter”). However, for some reason, the
borrowed English multiword unit “vi a ze chempions” (“we are the champions”), which
belongs to the type of precedent texts, also ended up in this cluster.

CLUSTER #19 multiword units:
[‘odno delo’ (‘one thing’), ‘sovsem drugoe delo’ (‘a completely different matter’),

‘obychnoe delo’ (‘a usual thing’), ‘imeyu delo’ (‘have a matter’), ‘khoroshee delo’ (‘a
good thing’), ‘delo khoroshee’ (‘the matter is good’), ‘takie dela’ (‘such things’), ‘pony-
atnoe delo’ (‘obviously’), ‘poslednee delo’ (‘the last thing’), ‘delo poshlo’ (‘the matter
progressed’), ‘strannoe delo’ (‘a strange thing’), ‘takoe delo’ (‘such a thing’), ‘sereznoe
delo’ (‘a serious matter’), ‘svyatoe delo’ (‘a sacred thing’), ‘vi a ze chempions’ (‘we
are the champions’), ‘temnye dela’ (‘dark matters’), ‘drugoe delo’ (‘another matter’),
‘bylo delo’ (‘there was a matter’)].

1 The choice of the maximum value of the number of clusters depends on the volume of the
analysed data. In the first experiment the results of manual annotation of multiword units were
clustered, while in the second experiment the lists of n-grams obtained automatically were
processed, hence, the volume of data in the second case was larger.



Multiword Units in Russian Everyday Speech 193

At the next stage of data processing, automatic clustering was performed for the
complete list of frequent n-grams, where n takes a value from 2 to 5 for the entire volume
of existing oral speech transcripts of the ORD corpus. The clustering was conducted
using the k-means algorithm without considering metadata, but utilizing two different
approaches to data vectorization: tf-idf andFastText embeddings.Given the large number
of units studied, amounting to tens of thousands of unique types for each of the 2-, 3-,
4-, and 5-grams, it was decided to divide the research sample into 50 clusters.

For each n-gram size, four files were obtained—two txt files with clusters (where
key features are highlighted as a separate line for the tf-idf model) and two csv files with
complete lists of types and the cluster number in the second column. These tables allow
for the analysis of statistics and, if necessary, enable the data to be traced back to the
original sources.

The results show that the n-gram clusters differ significantly from each other in
structural and semantic cohesion. See, for example, clusters 1 and 45 for bigrams:

CLUSTER #1.
Types: [‘ya priedu’ (‘I will come’), ‘ya zabyl’ (‘I forgot’), ‘ya rabotayu’ (‘I am

working’), ‘ya poprobuyu’ (‘I will try’), ‘ya chitayu’ (‘I am reading’), ‘ya reshil’ (‘I
decided’), ‘ya yezdila’ (‘I went’), ‘ya vspomnila’ (‘I remembered’), ‘ya rad’ (‘I am
glad’), ‘ya kupila’ (‘I bought’), ‘ya skhozhu’ (‘I will go’), ‘ya ya’ (‘I I’), ‘ya poprosil’ (‘I
asked’), ‘kak ya’ (‘like I’), ‘ya vozmu’ (‘I will take’), ‘ya yeye’ (‘I her’), ‘ya polozhila’
(‘I put’), ‘naskol’ko ya’ (‘as far as I’), ‘ya napishu’ (‘I will write’), ‘kotoroye ya’ (‘which
I’)].

CLUSTER #45.
Types: [‘ugu kogda’ (‘mm-hmm when’), ‘mam a’ (‘mom uh’), ‘nado tuda’ (‘need to

go there’), ‘on yey’ (‘he her’), ‘zdes’ bylo’ (‘here was’), ‘ya dolzhen’ (‘I must’), ‘podozhdi
a’ (‘wait uh’), ‘vidite kak’ (‘see how’), ‘togda davay’ (‘then let’s’), ‘tri shtuki’ (‘three
pieces’), ‘interesno ya’ (‘interesting I’), ‘dumala ya’ (‘thought I’), ‘moemu a’ (‘my uh’),
‘ta m’ (‘that um’), ‘a yey’ (‘uh her’), ‘ya im’ (‘I them’), ‘ugu u’ (‘mm-hmm uh’), ‘e
potomu’ (‘uh because’), ‘ponimayesh’ ty’ (‘you see’), ‘vy tozhe’ (‘you too’)].

Even greater diversity is observed for larger n-grams. The conclusion that can be
drawn from this study is that, in the future, clustering should be performed not on the
entire array of n-grams obtained, but only on the most frequent units (the upper zone of
the n-gram frequency dictionary).

The study showed that automatic clustering, with a correctly selected number of
classes, is a useful tool for the preliminary grouping of word sequences based on their
lexicon. Since automatic clustering relies solely on the lexical composition of multiword
units without considering semantics, expert analysis is necessary for further work with
such data. A useful property of a cluster is its reliance on “key” word(s), which allows
grouping similar multiword units and can be used to search for invariant forms. For
example:

CLUSTER #30 (when dividing multiword units into 30 clusters).
multiword units: [‘vot eto vot’ (‘this one here’), ‘vot ona vot’ (‘here she is’), ‘vot eti

vot’ (‘these ones here’), ‘vot beda’ (‘what a trouble’), ‘vot etot vot’ (‘this one here’), ‘vot
tebe’ (‘here you go’), ‘vot eti samye’ (‘these very ones’), ‘vot eta bol’ vot’ (‘this pain
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here’), ‘vot takiye vot dela’ (‘that’s how things are’), ‘vot takoy vot’ (‘this kind of’), ‘vot
etu vot’ (‘this one here’), ‘vot takiye vot’ (‘these kinds of’), ‘vot takiye dela’ (‘these are
the things’), ‘vot tuda vot’ (‘over there’), ‘vot takaya vot’ (‘this kind of’), ‘vot imenno’
(‘exactly’), ‘vot etim vot’ (‘with these here’), ‘vot tak vot’ (‘that’s how it is’)].

It can be assumed that this property of clusters will be most pronounced with
a sufficiently large number of them. However, this hypothesis requires experimental
verification.

Regarding the clustering of a large number of automatically obtained n-grams, the
analysis showed that the results do not have a distinguishing function thatwould be useful
for the automatic identification of multiword units, at least for the counting methodol-
ogy used in the project. This problem might be resolved by machine learning methods
based on expert selection, but for this task, the volume of expert annotation needs to be
significantly expanded.

5 Preliminary Statistics of Multiword Units Distribution
in Everyday Conversations

In the course of the study, statistical data were obtained on the conditions of the realiza-
tion of multiword units in everyday spoken language and their distribution in specific
types of communicative macro-episodes, as well as in relation to other communication
conditions. A description of the obtained statistics was also provided.

5.1 Most Frequent Multiword Units

The overall frequency of use of multiword units in a representative sample was obtained.
The total lexicon of multiword units identified from the ORD material during manual
annotation (on a subsample of 300,000 words, 195 speech episodes) amounted to 1,088
units of various types (see Sect. 2).

The results showed that the composition of these most frequent stable multiword
units in our everyday communication is quite heterogeneous.

The most frequent unit “V PRINTSIPE” (“in principle”) (rank 1) is a lexical-
ized prepositional-case form (idiom form) or a pragmatic marker (verbal hesitative or
delimiter, primarily navigational, depending on the context).

Similarly, the unit “V OBSHCHEM” (“generally”) (rank 10) in this frequency list
can be characterized. The idiom form “V OBSHCHEM” (“generally”) as a pragmatic
marker is a verbal hesitative, delimiter of all three types (initial, navigational, and final),
and occasionally a self-correction marker, also depending on the context.

From the class of pragmaticmarkers in the top 10, there are also units “ETOSAMOE”
(“you know”) (rank 2) (verbal hesitative, self-correction marker, delimiter marker of all
three types (initial, navigational, and final), and rarely a xenopointer marker), “NA
SAMOM DELE” (“actually”) (rank 5) (verbal hesitative), and “I TAK DALEE” (“and
so on”) (rank 7) (placeholder marker).

Thus, 50% (exactly half) of the most frequent multiword units in our spoken com-
munication are primarily pragmatic markers, which are not included in this status in
traditional explanatory dictionaries, including dictionaries of Russian colloquial speech,
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nor in the “Russkiy konstruktikon” [25], nor in the “Pragmatikon” [26]. All data on
these markers (their functional characteristics) are provided here according to the Dic-
tionary of Pragmatic Markers [17]. Two of the 5 units of this type (“V PRINTSIPE”
(“in principle”) and “V OBSHCHEM” (“generally”)) are also idiom forms, constitut-
ing a separate class of multiword units. This polyfunctionality is characteristic of many
spoken language units, reflecting the overall diffuse nature of this material.

The remaining units that made it into the top 10 are speech formulas (40%)
(“NICHEGO SEBE” (“wow”), “SLAVA BOGU” (“thank God”), “DA TY CHO” (“re-
ally”), “VSE RAVNO” (“anyway”)), included in the “Pragmatikon” since they are pre-
dominantly response replicas in dialogue, and a phraseologized collocation (10%) (“VSE
VREMYA” (“all the time”)), definitely included in the “Russkiy konstruktikon”.

It should also be noted that all the most frequent multiword units in our everyday
speech are bi- and trigrams, described in [23]; [24].

5.2 Most Frequent Classes of Multiword Units

The top 5 of this frequency list include phraseologized collocations (rank 1), idiom
forms (rank 2), speech formulas (rank 3), pragmatic markers (rank 4), and syntactic
constructions (rank 5) (“delo v tom chto” (“the fact is that”), “v lyubom sluchaye” (“in
any case”), etc.).

The analysis showed that among the phraseologized collocations, the most com-
monly used units in everyday Russian speech are “VSE VREMYA” (“all the time”)
(3.67%) and “PONYATNOE DELO” (“obviously”) (2.20%) (percentage calculated
within each group); the most frequent idiom form is “V PRINTSIPE” (“in principle”)
(34.55%).

For speech formulas, the top 4 ranks include the same units “NICHEGO SEBE”
(“wow”), “SLAVA BOGU” (“thank God”), “DA TY CHO” (“really”), and “VSE
RAVNO” (“anyway”), which are in the top 10 of the overall frequency list of multiword
units.

For the group of pragmatic markers (PM), again, the top 4 positions are occupied by
units from the overall frequency list of multiword units (“ETO SAMOE” (“you know”),
“NA SAMOMDELE” (“actually”), “I TAK DALEE” (“and so on”), “V OBSHCHEM”
(“generally”)). It is also evident that the obtained data reflect the frequency of realiza-
tions of multiword units, not their base variants (invariants). In the lexicon of Russian
Pragmatic Markers [17], the realizations “ETO SAMOE” and “ETOT SAMYI” are one
marker “ETO SAMOE” (“you know”) (this “classic” form is the most frequent in our
speech and is used in any hesitative search, including when grammatical adjustment
to the desired noun is not required); the realizations “VOT TAK VOT” and “VOT ETO
VOT” are also one deictic marker “VOT (…)VOT” (“this one here”), which exists exclu-
sively as a structural model that is filled each time with a new unit: “VOT TAK VOT”
(“this way”), “VOT TAKOY VOT” (“this kind of”), “VOT OTSYUDA VOT” (“from
here”), etc. This marker simply does not have a single base (standard) form, which is
why it occupies a special place in the lexicon of pragmatic markers. Neither dictionaries
nor grammars of the Russian language highlight this construction as an independent
unit, whereas corpus material analysis shows its very high frequency (rank 19 in the list
of 60 Russian pragmatic markers).
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Among syntactic multiword unit constructions, the most common are “V LYUBOM
SLUCHAYE” (“in any case”) and “DELO V TOM CHTO” (“the fact is that”) (4.88%
each), among non-phraseologized collocations are “ODNU SEKUNDOCHKU” (“one
moment”) (5.38%), as well as “DRUGOE DELO” (“another matter”), “PO KRAYNEY
MERE” (“at least”), and “CHEGO-TO TAKOE” (“something like that”) (4.62% each).
Again, it is clear that this refers only to specific realizations ofmultiword units. For exam-
ple, alongside “ODNU SEKUNDOCHKU” the lexicon contains “ODNU SEKUNDU”
(“one second”) (rank 56). However, the expected invariant form “CHTO-TO TAKOE”
(“something like that”) was not found next to “CHEGO-TO TAKOE”. This once again
indicates that the question of multiword unit invariants is not as simple as it seems at
first glance and requires separate consideration.

Multiword units from the classes of occasional collocations and precedent texts
are predictably rare. Interestingly, a significant portion of occasional collocations units
include obscene vocabulary, although such vocabulary is also present in other groups.
Overall, both of these classes of multiword units provide goodmaterial for analysis from
various perspectives.

5.3 Part-Of-Speech Composition of Multiword Units

The entire material of the annotated subcorpus (a subsample of 300,000 words from
195 speech episodes) was automatically tagged for the part-of-speech (POS) of the
components of multiword units, allowing for the generation of frequency lists based on
this parameter.

Themost frequent POS structure turned out to be PREPNOUN (a nounwith a prepo-
sition, lexicalized prepositional-case word form, or idiom form) (14.85%). The most
typical units of this type are: “V PRINTSIPE” (“in principle”) (40.59%), “V SMYSLE”
(“I mean”) (5.61%), “V ITOGE” (“as a result”) (3.96%), “PO IDEE” (“supposedly”)
(3.63%).

Other frequent structures are ADJF NOUN (a combination of a full adjective
(including adjective-pronoun and numeral-pronoun) with a noun) (5.98%) and PREP
ADJF NOUN (the same combination with a preposition) (5.78%). The most typical
units of these two types are: “PONYATNOE DELO” (“obviously”) (9.84%), “ODNU
SEKUNDOCHKU” (“one moment”) (5.74%), “DRUGOE DELO” (“another matter”)
and “KAKAYA RAZNITSA” (“what’s the difference”) (4.92% each); “NA SAMOM
DELE” (“actually”) (23.73%), “V LYUBOM SLUCHAE” (“in any case”) (11.86%),
“DO SIKH POR” (“up to now”) (6.78%), “VO VSYAKOM SLUCHAE” (“anyway”)
and “PO KRAYNEY MERE” (“at least”) (5.08% each).

5.4 Frequency of Use of Multiword Units Depending on Speakers’ Social
Characteristics

The research sample included speech episodes from111 informants’ speech days, among
which there were 57 women and 64 men. The sample also included the speech of their
727 interlocutors, among which there were 645 women and 272 men. More than 50% of
the material studied involved domestic communication, with business communication
being the second most frequent.
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These data correlate with information about the social roles of the speakers: most
often, speakers took on the role of “friend”, with the second most common role being
“work colleague”.

It has already been noted that multiword units from occasional collocations and
precedent texts classes are predictably rare. Interestingly, occasional collocations mul-
tiword units (33 instances in the material) are used equally by both women and men: 17
uses in women’s speech and 16 in men’s speech. Of the 23 instances of precedent texts,
14 are used by women and only 9 by men.

The use of multiword units from the Non-phraseologized collocations, construc-
tions, and pragmatic markers classes is relatively evenly distributed among women
(60% of uses) and men (40% of uses). The use of phraseologized collocations is slightly
more common among women (55%), while speech formulas are more characteristic of
women’s speech (68%).

The distribution ofmultiword units across age groups does not have striking features,
as the percentage distribution is relatively even. Only a few indicators stand out:

– Older men use idiom forms less than middle and younger age groups;
– In the speech of older women, speech formulas are predominant.

The level of speech competence is determined in the ORD corpus through the cor-
relation of two indicators: the level of education and the professional activity of the
informant. The results indicate that the use of various classes of multiword units is gen-
erally more characteristic of people with an intermediate level of speech competence
(only 5 to 20% among people with a high level of speech competence).

Other features of the use of multiword units in different communication situations
were also identified and described.

6 Conclusion

The study presents a typology of multiword units for spontaneous everyday Russian
speech and provides statistical data on their realization based on the manually annotated
subcorpus of the well-known ORD corpus. Due to the labor-intensive nature of manual
annotation, only one-third of the existing transcriptions in the corpus have been annotated
to date. Therefore, the presented statistics should be consideredpreliminary, and the study
of multiword units continues along the following paths: 1) by expanding the volume of
annotated data to 1 million word usages and 2) by involving automatic analysis tools for
processing multiword units [27].

Methods for automatically identifying multiword units will rely on existing lexi-
cons, but due to the homonymy of linguistic units, they will require subsequent manual
correction. Special scripts are being created to search for new forms of constructions
[28] based on invariant structures of multiword units. In addition, modern speech tech-
nologies allow for a significant expansion of the empirical base of corpus research by
attracting new representative volumes of audio recordings. Such work is currently being
carried out on the materials of the ORD corpus [29]; [30], and conducting statistical
analysis of multiword units on extended volumes of transcriptions will allow for the
correction of quantitative data on their usage in different communication situations by
different types of speakers.
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The obtained data can be used to address both theoretical tasks in the field of lexical
and grammatical description of Russian everyday speech and numerous tasks related
to processing or generating live spoken Russian. Additionally, the research results will
form the basis of a Dictionary of Collocations and other multiword units of everyday
Russian speech.
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Abstract. In this pilot work neurophysiological correlates of textual
modulation of perception of visual stimuli using English and Russian-
language memes and control stimuli were identified using instrumental
neuroimaging methods. Memes constitute a very particular cross-cultural
phenomenon, which is a combination of textual and illustrative informa-
tion, and their effect on the functional state of the brain appears to be
little studied. By demonstrating the textual and illustrative part of the
memes separately and registering the EEG, we discovered how the text
modulates the subsequent perception of the drawing by activating the
mechanisms of visual attention. Reading the text in the native language
caused a greater response of theta activity in the associative sensory
areas of the cortex, which is associated with a better understanding of
the meaning of the text. At the same time, the perception of illustrations
to English-language memes caused a greater response of theta and alpha
rhythms in most of the considered areas of the cortex, which reflects the
processes of memory, emotional reaction and the involvement of large
neuronal resources for the integration and understanding of the whole
image of the meme.
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1 Introduction

Modern memes play an important role in cultural communication and social
dynamics. They are a combination of textual and visual information, causing
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complex cognitive and emotional reactions. We define “memetics as an interdisci-
plinary knowledge domain including, as a study object, methods for transmitting
network information with the use of concise monocode or polycode ministruc-
tures characterized by maximum network virality and popularity” [1, p. 80]. In
the process of analyzing a meme object, the following stages are distinguished:
theme, types of meme encoding: objects, actions, etc., the modality of the meme:
neutral, positive, or negative. Currently, all means of information transmission
are focused on the developments in the field of Digital Humanities, which is pri-
marily related to the process of communication, the transmission of verbal infor-
mation in various languages of the world and the development of novel ways to
enhance this process, taking into account the discursive-network basis of infor-
mation transmission. Digital Humanities has a number of additional qualities
of verbal information transmission, including speed, monocode/polycode repre-
sentation of this information, and the utmost conciseness of memetic images.
Social network discourse (SND) in memetics contributes to the development
of thematic diversity, imagery and multi-layered information structure of the
transmitted message.

From our point of view, memetics completely coincides with the func-
tions of social network discourse (SND) in the broad meaning of this con-
cept. It is worth mentioning the main distinctive features of SND, which are
also important for understanding the specifics of memetics in digital commu-
nication. The identification of verbal and paraverbal specifics of the formation
and functioning of SND in the global electronic media environment is based
on its definition as a special electronic macropolylogue, taking into account
the following types of categories of form, content and functional weight [2,3]:
a) electronic macropolylogue—SND in form: distant; mediated; in real time
(online) and deferred (offline); single—vector - polyvector; monochronous—
polychronous; b) electronic macropolylogue—SND in content: monothematic—
polythematic; information—rich (highly contextual)—information is not satu-
rated (low-contextual); provoking controversy, specific actions, deeds - not pro-
voking controversy, specific actions, deeds; c) electronic macro—polylogue - SND
by function: informing, containing the point of view of the sender of the message;
influencing, containing special linguistic means of influencing the recipient of the
message; encouraging with a certain target attitude to commit specific actions,
deeds (in particular, destructive ones, implemented according to the scheme
“incentive → pragmatic reaction in the form of a specific destructive action”),
manipulating the recipient’s consciousness; designed for a target limited group of
users—for an unlimited number of users; d) electronic macropolylogue—SND for
accounting for influence factors on the specifics of communication: psychological
and physiological (for example, age, gender, pathological, emotional, etc.); eth-
nic; socio-economic; political and geopolitical; confessional; cultural; pragmatic;
moral and ethical.

Currently, memetics is analyzed mainly in connection with social and political
topics, for example, in the works [4–11], etc. In the above-mentioned studies, the
content dominant is polycode memes, which include various manifestations of
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the real political life of a particular country. It should be emphasized that the
obtained data imply the relevance of the meme as a means of pedagogical and
sociological observation [12].

In this regard, we also studied that cognitive and neurophysiological re-coding
of the processes in the brain reinforced by the constant and long-term use of the
same foreign language stimuli-patterns, which leads to a change in the behavioral
reactions of Internet users in the process of virtual network communication,
as well as real communication [13]. Previously, we also collected a large-scale
multimodal polycode linguistic database of memes using Big Data processing
technologies and a deep annotation system for polycode texts [14].

The perception and processing of visual information in the human brain
includes several stages, from the reception of light signals by the eye to their
interpretation in the cerebral cortex [15–17]. The textual context presented
together with the visual stimulus can significantly modulate the perception of
this stimulus due to a number of cognitive and neurophysiological processes.
This effect is based on the integration of various sensory modalities and con-
textual information that occurs in the brain. The textual context can activate
relevant schemas and expectations associated with the information read in mem-
ory. Context can also change the activation of associative visual areas of the
brain due to attention processes. Thus, by registering the EEG when perceiv-
ing the consistently presented text and illustration, it is possible to assess the
induced changes in the electrical activity of certain areas of the cerebral cor-
tex when reading the text and visually perceiving the illustration. Comparing
evoked responses (event responses) during the perception of a simple descrip-
tion of an illustration with those observed in the case of an allegorical one (as
in the case of memes), it is possible to identify neurophysiological correlates of
contextual modulation of perception [18]. The notion of the induced changes in
electrical activity suggests that we are investigating changes associated with the
occurrence of some event—a stimulus or a task [18,19]. Desynchronization or
suppression of alpha-range rhythms (ERD, Event-Related Desynchronization) is
associated with activation of the visual cortex, processing and analysis of visual
stimuli, cognitive load, increased visual attention [20,21]. The opposite effect,
an increase in rhythmic activity, is called Event-Related Synchronization (ERS,
Event-Related Synchronization) [19]. In this case, the increase in amplitude is
probably mediated by the joint or synchronized behavior of a large number of
neurons. In works with visual stimuli, synchronization occurs more often in the
theta frequency range, and at the first moments of time is associated with the
processes of involuntary attention [22], and then it can occur due to the inclusion
of mechanisms of memorization or emotional response to the stimulus [23,24].
Neurophysiological studies of the perception of memes are still relatively rare,
since the memes themselves are a relatively new but rapidly developing phe-
nomenon. Thus, the EEG study of textual modulation of perception of visual
stimuli using examples of memes in two linguistic paradigms is important for
understanding the neuropsychological mechanisms of perception and integration
of multisensory information, as well as for identifying cultural and linguistic dif-
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ferences in cognitive and emotional reactions. This can have wide applications
in the fields of cognitive neuroscience, psychology, marketing and intercultural
communication.

This pilot study’s primary aim was to identify key neurophysiological pro-
cesses related to the perception of memes in Russian and English by native speak-
ers of the Russian language using the electroencephalography (EEG) method.
The proposed technique allowed us to analyze the key characteristics associated
with the processing of multimodal stimuli and understand how the linguistic
context modulates the perception of visual information.

2 Method

2.1 Stimuli Corpus

Selection of Memes. The first stage of this pilot study was the selection of
stimuli. The search across the Internet was focused on the memes of a particular
format: those containing text that defined a new context complementing and
changing the perception of the graphic illustration, and the illustration itself.
One of the requirements that determined the choice of the memes was that it
should be possible to show the text and the illustration to it on the screen not
simultaneously, but sequentially. This was necessary in order to separate the
perception of the text and the viewing of the illustration in time—this way we
could accurately synchronize the registration of the EEG with the reading of the
text and with the perception of the picture. Another requirement was that the
text itself without an illustration should not be self-sufficient. The illustration
was supposed to fully reveal the theme of the joke and complement the context
created by the text. The text or the illustration alone should not constitute a
self-contained joke. The third important condition for the selection of memes to
be more uniform is that the illustration should consist of one picture (cartoons,
for example, were excluded). A total of 20 memes in English and 20 memes in
Russian meeting the conditions and requirements outlined above were selected
for the pilot experiment.

Reference Stimuli Selection. Alongside the main collection of stimuli, 40
reference stimuli (20 stimuli with a Russian contextual description and 20 stimuli
with an English description) were selected. These stimuli contained images of
the same kind that are typically used to create memes, but the text added to
them did not create additional context, but only described the content of the
picture.

2.2 Creation of Experimental Paradigm

As it was mentioned above, memes were shown not in the traditional text +
picture format, but sequentially—first the text, and then the picture. This is
necessary in order to separate the perception of the text and the illustration
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Fig. 1. The scheme of the experiment (the sequence of stimuli was randomized)

in time and register the EEG during the reading of the text and during the
perception of the illustration.

The experimental paradigm included 20 meme stimuli in Russian, 20 meme
stimuli in English, and the same numbers of reference stimuli in Russian and
English. The design of the experiment and demonstration of stimuli was car-
ried out using the Presentation software by Neurobehavioral Systems Inc. First,
calibration samples were recorded at rest with eyes closed and open, and then
the display of visual stimuli began in a pseudo-random order. Then the text
component of the meme was shown on a gray background for 5 s, and after a
1-s pause the illustration of the meme was also shown for 5 s. After that, there
was a pause between stimuli lasting 3 to 4 s. In the case of the control stimuli,
a contextual description of the illustration was also presented first for 5 s, and
then, after a 1-s pause, the picture itself was also shown for 5 sec (see Fig. 1).

2.3 EEG Registration

The pilot study was involved one subject without any neuropsychiatric disorders
(female, 25 years old, English language proficiency level B2-C1). The 32-channel
EEG was recorded using a BrainAmp DC amplifier (Brain Products GmbH,
Germany) and Ag/AgCl electrodes arranged in accordance with the international
10–20 system (referent in position Fz). The data were recorded at a sampling
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rate of 512 Hz; the impedance was maintained below 15 kOhm; a low-pass filter
of 70 Hz, a high-pass filter of 1 Hz and a 50 Hz notch filter were used.

The registered EEG fragments were processed using the MNE-Python batch
software. First, filtering was performed to remove too high and too low frequen-
cies (the range of 2–40 Hz was left), and then the EEG signal was cleaned from
artifacts by the method of independent ICA components. The independent com-
ponents of the signal were calculated using the Infomax algorithm, topograms
reflecting the localization of the component on the scalp model were calculated
using the coefficients of the demixing matrix for each component. After detect-
ing the artifact components, which are well detected due to their properties, we
reset them. After that, we performed the reverse decomposition of the compo-
nents into an EEG signal and already received an artifact-free recording. This
method is widely used in modern EEG research.

2.4 Wavelet Transform and Analysis of ERD/ERS

After the preprocessing stage, the purified EEG was analyzed using the Mor-
laix wavelet transform, and the calculation of the ERD and ERS curves was
performed. The signals of the selected components were sliced into fragments
according to the marks of the beginning of the stimulus display. A 1-sec time
fragment was taken as the baseline (background), immediately before the stim-
ulus was given. In total, stimuli of 4 categories were presented to the subjects:
Stimuli:

– Memes in Russian
– Memes in English
– Reference stimuli in Russian
– Reference stimuli in English

According to this categorization of stimuli, three-dimensional wavelet maps were
averaged separately for each electrode. To obtain ERD/ERS curves, the MNE
Python software package averaged three-dimensional wavelet maps along the
time axis in four standard frequency ranges – delta rhythm (2–4 Hz), theta
rhythm (4–8 Hz), alpha rhythm (8–13 Hz), lower beta rhythm (13–24 Hz). Fur-
ther, the curves averaged individual areas of the cerebral cortex —‘Occipital-
parietal’, ‘Central-parietal’, ‘Central’, ‘Frontal’, ‘Temporal’. Thus, we obtained
a set of ERD/ERS curves for each category of stimuli, for selected frequency
ranges and individual cortical regions.

3 Results

The figures display averaged ERD/ERS curves for 20 similar stimuli in each
stimulus category, based on the wavelet transform of EEG fragments recorded
during their presentation. The line represents the average value at each point in
time, with the spread (standard deviation) shown around the curve at each time
point.
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3.1 ERDS Curves in Text Perception

Differences in ERDS curves for different language categories of stimuli in the
theta range in the central parietal and central regions of the cerebral cortex were
observed in the first 1.5 s of text perception (see Fig. 2). Interestingly, reading
the text in native Russian led to a greater response than reading the English
text. The central parietal regions of the brain are the integrating zones of sensory
stimuli, and there is also a Wernicke zone responsible for understanding speech.
A larger amplitude response of theta activity to a native Russian-language text is
most likely associated with a better understanding of its meaning, its figurative
representation in the associative sensory areas of the cerebral cortex responsible
for the integration of sensory information. Thus, the different response at theta
frequencies in these areas reflects the processes of processing and understanding
text in native and foreign languages.

We also obtained differences in the dynamics of the alpha rhythm in the
occipital, parietal, parietal-central, frontal and temporal regions of the cerebral
cortex when reading memes compared with descriptions of control stimuli (see
Fig. 3). At 0.5–1 s into the demonstration the perception of meme texts caused
desynchronization (suppression) of the alpha rhythm, and the perception of the
text of control stimuli caused, on the contrary, synchronization of the alpha
rhythm in these areas. Suppression or desynchronization of the alpha rhythm
always indicates visual processing, increased concentration of attention to the
task, while synchronization of the alpha rhythm indicates a decrease in attention.
The results obtained indicate that the perception of the textual part of memes
causes a stronger concentration of attention and greater involvement of these
areas of the cortex in the process of processing and analyzing visual information.

3.2 ERDS Curves During the Anticipation of Illustration

We also analyzed a one-second fragment of the pause between the submission of
the text part and the illustration to identify a possible difference in the moment
of waiting for the demonstration of the image after reading the text. We found
that after reading the text component of the memes, unlike reference stimuli,
an increased concentration of visual attention in the parietal-occipital regions
remained in the pause before demonstrating the picture (see Fig. 4). This is
clearly indicated by a lower level of desynchronization of the alpha rhythm on the
ERDS curves in the parietal-occipital visual areas of the cerebral cortex, which
can be interpreted as an increase of interest and anticipation of a subsequent
visual stimulus.

3.3 ERDS Curves During the Perception of the Illustration

The same alpha rhythm in the parietal-occipital (visual) areas of the cortex
shows that at the beginning of the demonstration of illustrations, desynchro-
nization or suppression of the alpha rhythm occurs much faster in the case
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Fig. 2. Event-related synchronization in central and central-parietal cortical areas in
theta-band during the perception of text in native and foreign languages

of memes. ERDS curves for control stimuli, on the contrary, show large syn-
chronization peaks (see Fig. 5). Thus, reading the textual part modulates the
functional state of the visual cortex and promotes its activation and retention of
visual attention for faster perception of the illustration. It can also be noted that
reading the textual part of memes arouses more interest in illustration, which
appears not to be the case with the reference stimuli.

The following figures demonstrate the behavior of theta and alpha rhythms
during the perception of illustrations at the initial stage (Fig. 6) and for the
full 5 s (Fig. 7). It can be seen that theta activity was significantly higher
at 0.5–1 s in the occipital, parietal and central regions of the cortex when
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Fig. 3. Event-related desynchronization/synchronization in occipital-parietal, central-
parietal, frontal and temporal cortical areas in alpha-band during the perception of the
text component of memes/reference stimuli
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Fig. 4. Event-related desynchronization in occipital-parietal cortical areas in alpha-
band while waiting for the demonstration of the illustration after reading the text of
the memes

Fig. 5. Event-related desynchronization in occipital-parietal cortical areas in alpha-
band at the moment of appearance of the illustration after reading the text of the
memes

perceiving illustrations specifically for English-language memes. The theta
rhythm is associated with various national brain processes, primarily with the
processes of memorization, emotional reaction, and attention processes. Here we
see that the illustration of an English-speaking mother causes a stronger surge
of theta activity, apparently associated either with an emotional reaction or
with the process of reproducing the text in English in memory. The following
figure shows the dynamics of alpha activity in the central, frontal and temporal
regions of the cerebral cortex. Here you can see that the strongest synchro-
nization also occurs for English memes, and the weakest responses occur for
categories of stimuli in native Russian. In general, it was expectable that stimuli
related to a foreign language could elicit a stronger response, since they require
more resources—attention, memory—for their processing. But it is interesting
that we received a “delayed” enhanced response of rhythms not to the percep-
tion of a foreign text itself, but to the perception of an image associated with a
foreign description. This may be another example of contextual modulation of
the perception of an illustration.
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Fig. 6. Event-related synchronization in occipital-parietal, central-parietal and central
cortical areas in theta-band at the moment of appearance of the image component of
English language memes

3.4 Limitations

Conducting research on a single participant has significant limitations, primarily
due to the high variability in individual reactions. Although this study does not
answer the question of how consistently these differences would manifest across
a larger sample, it does allow us to observe certain patterns and mechanisms
in one individual. These patterns can later be confirmed or refuted in a larger
experiment. Thus, this pilot study was designed to test the experimental method-
ology and identify preliminary findings that will help us formulate hypotheses
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Fig. 7. Event-related synchronization in central, frontal and temporal cortical areas in
alpha-band during the perception of the image component of English language memes
and reference stimuli

for a full-scale study, while also providing early insights into how illustrations
modulate text perception.

4 Conclusion

This pilot study aimed to investigate the neurophysiological correlates of how
textual modulation affects the perception of visual stimuli, using Russian and
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English as examples. To separate the perception of text and image and syn-
chronize it with EEG data, the text and image of each meme were presented
sequentially rather than simultaneously. The study also included reference stim-
uli consisting of similar images used in memes, but with descriptive text that
merely explained the image. This allowed for a comparison between the effect of
meme text, which creates a new context for the image, and descriptive text.

The findings revealed that reading Russian text elicited a stronger theta
rhythm response in the central-parietal brain regions, which is linked to bet-
ter understanding and emotional engagement compared to English text. Addi-
tionally, reading memes in both languages led to alpha rhythm desynchroniza-
tion, indicating heightened attention, while control stimuli with descriptive text
caused alpha rhythm synchronization, reflecting reduced attention.

Meme texts also maintained increased attention during the pause before the
image was shown, which was not observed with control stimuli. This modulation
of cortical function and sustained attention resulted in an earlier onset of alpha
rhythm desynchronization—signaling visual processing in the visual cortex—
when meme illustrations appeared, compared to control stimuli.

The analysis of ERDS curves showed that the perception of illustrations
in English memes caused the strongest theta rhythm synchronization, which is
associated with memory processes and emotional responses to stimuli. This may
be due to the additional cognitive effort required to process and retain phrases in
a non-native language, as the perception of English meme illustrations demanded
more cognitive resources and repeated access to working memory to integrate
the full meme (text + image).

In conclusion, this pilot study identified neurophysiological correlates of how
text modulates the perception of visual stimuli, highlighting language-related
differences in attention and memory processes. However, these results are pre-
liminary and require validation with larger samples.
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Abstract. End-to-end text-to-speech (TTS) systems allow for the generation of
high-quality computer-generated speech without relying on expert-created mod-
ules. This paper outlines initial efforts to develop a Serbian end-to-end TTS system
using the Tacotron architecture. Listening tests revealed that while Tacotron can
produce natural-sounding synthesis when properly trained, it is prone to overfit-
ting and requires extensive data to avoid frequent hallucinations and accent errors.
The use of a vocoder proved to be crucial in overall speech quality. Although the
level of Tacotron training is less critical, it still demonstrates easy overfitting with
relatively small databases. Correct accents and the absence of artifacts and hallu-
cinations are extremely important for listeners, and any issues in these areas result
in significantly lower ratings. Despite being less expressive, a controllable stan-
dard DNN-based TTS with a standard front end receives better grades because it
never hallucinates and rarely makes linguistic mistakes. Integrating expert knowl-
edge from existing pipelines can further improve synthesis quality, especially in
data-constrained scenarios.

Keywords: Speech Synthesis · Tacotron · Deep Neural Networks · Front End

1 Introduction

Text-to-speech (TTS), also known as speech synthesis, aims to generate natural, expres-
sive, intelligible speech from text mimicking human speech patterns. TTS has broad
applications in human communication and has been a long-standing research topic in
natural language and speech processing, as well as in artificial intelligence [1]. Over the
decades, TTS systems have evolved from concatenative synthesizers, via statistical para-
metric speech synthesis, to models based on deep neural networks (DNN) [2]. With the
development of deep neural networks, TTS systems have evolved fromCNN/RNN-based
models to transformer-based models, from auto-regressive models to other generative
models, from cascaded acoustic models/vocoders to fully end-to-end models [3].

Developing a human-like TTS system requires both signal processing and linguistic
background knowledge. In an attempt to bypass the need for linguistic knowledge,
TTS systems have moved to end-to-end models that can be trained from scratch on the
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paired data set of < text, speech >. Some end-to-end TTS models like WaveNet [4]
and FastSpeech 2 [5] are developed to directly generate waveforms from text. Others,
like Tacotron [6], are trained to simplify linguistic and acoustic features converting
them into linear-spectrograms, while others like NaturalSpeech [3], Tacotron 2 [7],
DeepVoice 3 [8], FastSpeech [9] and FastSpeech 2 [5], predict mel-spectrograms from
characters/phonemes. These models are augmented with a neural vocoder to generate
waveforms.

End-to-end models do not require alignment information between text and speech
and can be scaled with large amounts of acoustic data with transcripts. It can also be
easier to adapt themodel to new data. End-to-endmodels can bemore robust thanmodels
that have separate components for text analysis front-end, acoustic model and vocoder
since each component’s errors can propagate [6]. Even though these models can produce
state-of-the-art results, they suffer from slow training and inference speed, as well as
necessity for large amount of high-quality speech corpus required for training, which
proves problematic for low resource languages [10].

To the best of the authors’ knowledge the results described in this paper present the
first attempt to create an end-to-end TTS system in Serbian. There have been attempts
in creating end-to-end systems in other South Slavic languages such as Macedonian
[11, 12]. The system described in this paper is based on Tacotron 2 architecture. Since
there are no datasets in Serbian large enough to enable training the model from scratch,
the English model has been adapted using the Serbian speech dataset. To overcome the
problem in generation of Serbian accented vowels, the authors propose the usage of
previously developed expert based modules for accent prediction in Serbian [13].

The remainder of this paper is structured as follows: in Sect. 2 we will present key
components of the model architecture and challenges that occurred during the training;
in Sect. 3 we will present the results of subjective tests that have been performed for
system evaluation, and in Sect. 4, we will discuss the results we obtained. We will give
concluding remarks in Sect. 5.

2 Models and Approaches

In this section an overview of different models used in experiments will be given, as
well as the description of data used for creating TTS voices.

2.1 Tacotron

Original Tacotron-2 architecture [7] consists of 2 modules: a recurrent sequence-to-
sequence network with attention, which is used for predicting mel-spectrograms from
an input character sequence, and a WaveNet [4] based vocoder, which generates time-
domain waveform samples conditioned on the predicted mel-spectrograms. In all of our
experiments WaveNet based vocoder is replaced by more efficient and better quality
HiFi-GAN vocoder [14].



End-to-End Speech Synthesis 221

Themel-spectrogram predicting network consists of encoder and decoder with atten-
tion. The encoder consists of character-embedding layer, 3 convolution layers and bidi-
rectionalLSTMlayer. The encoder output is passed through attentionnetwork and its out-
put is further passed to an autoregressive decoder network producing mel-spectrograms
as output. In our experiments we used the implementation presented in [15].

Since the training of Tacotronmodel is data intensive and there is not enoughmaterial
in Serbian to train the model from scratch, the idea was to use Tacotron model already
trained on LJSpeech dataset and adapt it to the Serbian database. The main change
was the introduction of set of characters for Serbian language. We used Latin characters,
with the exception of digraphs LJ, NJ and DŽ, which are conventionally treated as single
letters, and replaced by Q, W and X respectively for convenience.

Although initial experiments showed promising results producing intelligible and
good quality speech, we noticed its problems, most notably those related to generating
appropriate accents. In order to mitigate these problems we extended the initial set of
characters defined for Serbian to cover accents types representative for Serbian. The
prediction of accents for the Serbian language was performed by the TTS front-end
module, based on high-quality expert system using dictionaries and morpho-syntactic
rules [13]. The description of accent used is given in Sect. 2.1.1.

We tried two different approaches for including accent information in system train-
ing. In first one a digit was added after each vowel to indicate a certain accent type
or the absence of accent (e.g. točak would be represented as to2ča0k). In the second
approach each accented vowel was presented by a different diacritic, (e.g. točak would
be represented as tòčak). More details about accent types in Serbian are given in the
following section.

2.2 A Note on Serbian Orthography

The Serbian language exhibits almost ideal phonemic orthography i.e. an orthography
in which the graphemes correspond consistently to the phonemes of the language. An
ideal correspondence between graphemes and phonemes would imply that each word
is pronounced exactly as it is written, and hence that in a text-to-speech system explicit
grapheme-to-phoneme conversion methods, based on dictionaries and/or conversion
rules, are largely unnecessary, since the spelling of a word unambiguously and transpar-
ently indicates its pronunciation. However, neither of the two alphabets used for Serbian
(Cyrillic and Latin) distinguishes between short and long vowels or rising and falling
tones in Serbian, which is why a written vowel character (e.g. “e”) can stand for any of
the 6 possible cases – a non-stressed short vowel (/e/), a stressed vowel with short falling
accent: (/ȅ/), short rising accent (/è/), long falling accent (/ȇ/), a long rising accent (/é/),
as well as post-accent long vowel (/ē/). A difference between the accents can imply a
difference between word meanings, which is why pitch accents should be considered
as relevant to the phonemic inventory. Marking differently accented vowels in the text
(with digit suffixes from 0 to 5 or with different diacritics) can be compared to the use
of explicit phonetic transcriptions in TTS systems for languages with non-phonemic
orthography, and in this research it was carried out in order to help the system establish
relationships between words and their pronunciations more easily under conditions of
data sparsity.
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2.3 Standard TTS with Neural Vocoder

Standard Serbian TTS consists of three blocks: front-end, which performs text normal-
ization and produces a set of linguistic features, aDNNbased block, which predicts some
acoustic features using linguistic features as inputs, and a vocoder. The initial system
based on the usage of deterministic WORLD vocoder is introduced in [16], while the
system using neural HiFi-GAN vocoder is presented in [17].

The DNN block for acoustic feature prediction consists of two neural networks [16],
one for prediction of phoneme durations and the other which predicts vocoder features
based on input linguistic features and outputs of duration prediction network. Both
networks consist of 3 feed-forward layers and one LSTM layer. This block was further
improved by enabling multi-speaker training and applying target speaker adaptation as
presented in [18].

2.4 HiFi-GAN Vocoder

A HiFi-GAN vocoder initially presented in [14] is a neural vocoder based on generative
adversarial networks (GAN) [19]. A generative adversarial network typically comprises
two main components: a discriminator and a generator. The generator produces data that
mimics the statistical properties of the training dataset, while the discriminator’s role is
to determine whether a given sample is real or synthetic. HiFi-GAN, however, includes
one generator and two types of discriminators. The generator in HiFi-GAN is a fully
convolutional network that utilizes transposed convolutions and takes mel-spectrograms
as input. The multi-period discriminator (MPD) consists of several sub-discriminators,
each processing equidistant samples from the input speech, i.e. operating on a different
sampling interval. This design allows theMPD to identify periodic patterns in the speech,
working under the assumption that speech can be decomposed into sinusoidal compo-
nents. Meanwhile, the multi-scale discriminator (MSD) analyzes consecutive samples
from the input speech.

The process of adapting HiFi-GAN vocoder to standard Serbian TTS is described
in [17]. The model is adapted from universal HiFi-GAN model trained on English data.
This model was not trained directly on spectrograms extracted from natural speech but
on data produced by specific guided acoustic network. In this way the model is better
adapted to the outputs of a standard Serbian TTS system.

For the purposes of Tacotron based system the corresponding vocoder was also
trained (finetuned). This vocoderwas trained onmel-spectrograms produced byTacotron
by using text from original training dataset as Tacotron input. The target samples
represent natural speech.

2.5 Training

All systems presented in the following subsections were trained using a Serbian speech
corpus of a single female voice talent. This corpus was recorded in a professional studio
and contains around 1.5 h of speech (including silent segments within utterances).

For the purposes of Tacotron training we used the same parameters as presented
in the implementation given in [15], while the HiFi-GAN vocoders were trained using
same hyper-parameter values given by the authors of original paper [14].
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Both Tacotron and HiFI-GAN models were adapted by using starting models which
were trained on LJSpeech dataset [20], which contains approximately 24 h of speech in
English.

3 Experiments

For the evaluation and comparison of the selected models, several listening tests were
performed, which will be presented in detail in following subsections. In each test 20
native Serbian speakers were included. Participants were instructed to use headphones
to clearly hear even subtle differences in synthesized speech. None of the sentences used
in tests were seen during the training of the models.

3.1 MUSHRA Test

The Multiple Stimuli with Hidden Reference and Anchor (MUSHRA) test consists of
10 sets of utterances. Each set contains five utterances for grading and a clearly marked
reference utterance. All utterances have the same linguistic content. The reference utter-
ance contains natural speech of the target speaker. Among the five utterances for grading,
one is identical to the reference utterance (hidden reference), while the other four are
synthesized using different synthesizers. One of these four synthesized utterances is
generated using the standard TTS model described in Sect. 2.2 (referred to as st_TTS),
while the other three are synthesized bymodels based onTacotron, described in Sect. 2.1.
The first one generated by the model trained with a database not containing annotated
accents (referred to as TAC_noAcc). The second one is the output of the model trained
with accent information carried by a digit suffix, detailed in Sect. 2.1 (referred to as
TAC_Acc), and the third one is the output of the model trained with accent information
introduced through different diacritics (i.e. different characters) for each accented vowel,
detailed in Sect. 2.1 (referred to as TAC_Acc1).

Listeners were asked to grade each of the five utterances by moving a slider on a
scale from 0 to 100, allowing for very fine gradation of the quality of synthesized speech.
The reference utterance served as an example of how natural speech should sound, and
the same utterance was included among the five utterances for grading to verify if the
listeners could identify and correctly rate it with a score of 100 or close enough.

The results (Fig. 1) showed that the reference utterance was graded almost 100, with
an average score of 94.5. The lowest grade was given to TAC_noAcc (41.3), followed by
TAC_Acc (50.9). The st_TTS and TAC_Acc1 received much better grades, with average
scores of 64.8 and 69.6, respectively.

3.2 MOS Test

The Mean Opinion Score (MOS) test consists of 18 utterances with different linguis-
tic content. One third of the utterances are synthesized with st_TTS, another third
with TAC_noAcc, and the rest with TAC_Acc1. Among the six utterances produced
by TAC_noAcc, half of them contain at least one incorrectly accented word, while in the
rest all words are correctly accented. Among the six utterances produced by TAC_Acc1,
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Fig. 1. Results of MUSHRA test – grades of 1–100 scale for quality of different synthesizers.

half of them contain hallucinations at the end of the utterance, while the rest are free of
hallucinations (randomly synthesized non-existent phonemes).

Listeners were asked to grade each utterance on a 1–5 scale in terms of speech
quality, i.e., its naturalness and intelligibility. A grade of 1 indicates unnatural and/or
unintelligible speech.

The st_TTS received the highest average grade, 4.7, followed by TAC_Acc1 with
4.1, and TAC_noAcc received the lowest grade, 3.0 (Fig. 2). However, when graded
separately, the utterances produced by TAC_Acc1without hallucinations had an average
grade of 4.6, almost as high as st_TTS, while those with hallucinations were graded 3.5
on average. Similarly, the utterances produced by TAC_noAcc with correctly accented
words had an average grade of 3.6, while those with incorrect accents were graded 2.5
on average. The presence of hallucinations and incorrect accents in synthesized speech
significantly lowered the perceived quality, resulting in grades lower by over 1 point.

3.3 Preference Test

In the preference test, there were 14 pairs of utterances. Each pair contained two utter-
ances with the same linguistic content but produced by different synthesizers. All utter-
ances are produced by models based on Tacotron. Eight pairs of utterances were used to
analyze the impact of training the Tacotron model for different numbers of epochs, while
the remaining pairs focused on the importance of adapting the HFG-based vocoder to
the target speaker. In the first eight pairs, one utterance was produced by a less-trained
model, while the other was produced by a more-trained model, with both utterances in
each pair produced by the same vocoder. Two out of the eight pairs were produced by
models trained with accent information, with one model trained for 250 epochs and the
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Fig. 2. Results of MOS test – grades for 1–5 scale for quality of different synthesizers.

other for 100 epochs. The rest of the pairs were produced by models trained without
accent information, trained for 100, 300, 500, and 900 epochs. Each pair of models was
compared. In the last six pairs of utterances, each pair contained one utterance produced
with a universal model of HFG and the other with an HFGmodel trained for the specific
Tacotron model used in both utterances.

Listeners are asked to choose the better, i.e. the more natural sounding utterance
between the two in each pair, but they are also allowed to choose “no preference” as
well.

The results presented in Fig. 3, show that listeners slightly prefer utterances generated
by the Tacotronmodel trained for a longer time. There is also preference in favor of using
HFG model adapted to target speaker compared to using universal HFG model as show
in Fig. 4. However, in either case the differences are not significant.

0.44 0.24 0.32

more-trained no pref less-trained

Fig. 3. Results of preference test – more or less trained Tacotron models.
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Fig. 4. Results of preference test – universal vs trained HFG model.

4 Discussion

The listening tests provided clear insights into howpeople perceive thequality of different
speech synthesizers andwhat theirmain objections are. TheMOS test showed that people
perceive standard TTS as being of very high quality, grading it 4.7 out of 5 on average.
Tacotron-based synthesizers received significantly lower grades, but a more detailed
analysis reveals some key conclusions.

Firstly, the differences in grades between the two Tacotron-based models (3.0 and
4.1) indicate that training the same model with and without explicit information about
accents in Serbian is crucial for improving the model. This is likely due to the system’s
inability to properly handle ambiguous vowel characters without sufficient data. When
comparing synthesis from the samemodel trainedwithout accent information, it received
a grade of 3.6 for utterances with correct accents and 2.5 for utterances with incorrect
accents. The presence of incorrect accents in Serbian not only impairs the naturalness
of the synthesis but can also render speech unintelligible or change the meaning of an
utterance. It is thus not surprising that the most significant objections from listeners
are related to incorrect accents. This problem is largely mitigated by providing accent
information during both training and synthesis.

Two methods for incorporating accent information were used: one involving adding
accents as additional characters, so that combinations of subsequent characters (vowel+
accent) provided full information. In the other approach we adopted, different characters
were used for each possible vowel/accent combination, thus providing full information
with just one character, although this increased data sparsity. To analyze performance,
we synthesized 50 utterances with each of the three Tacotron-based models: the one
without accent information (TAC_noAcc), the one with accents given as separate char-
acters (TAC_Acc), and the third model with different characters for each vowel/accent
combination (TAC_Acc1). TAC_noAcc produced utterances with at least one incorrectly
accented word in 74% of utterances, TAC_Acc in 6%, and TAC_Acc1 only in 4% of all
utterances. These results suggest that the proposed approaches utilizing accent predic-
tions significantly reduce the problem of incorrect accents even with a relatively small
training dataset.
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Another problematic aspect of Tacotron-based models, especially when insufficient
data is used for training, is the occurrence of hallucinations. These are manifested as
randomly synthesized non-existent phonemes, usually at the end of an utterance, or
by repeating the last phoneme from the input sentence. While hallucinations do not
greatly impact overall intelligibility and naturalness, they are extremely annoying and
negatively affect people’s perception of the synthesizer’s quality. By examining 50 utter-
ances we conclude that hallucinations occur in 56%, 74% and 94% of them, in TAC_Acc,
TAC_noAcc and TAC_Acc1, respectively. Additionally, in about 10% of utterances, the
synthesis is completely unusable as the system fails to produce anything intelligible.
The MOS test showed that people rated TAC_Acc1 synthesis at 4.6 when there were
no hallucinations, but 3.5 when hallucinations were present. The hallucination problem
can only be reduced by providing more training data in case of this model/architecture.

Although the st_TTS was graded as the best in the MOS test, likely due to the
absence of any hallucinations and incorrect accents, owing to its front-end module and
high controllability, listeners gave a slight advantage to TAC_Acc1 in the MUSHRA
test. A more detailed analysis of MUSHRA results shows that natural speech received
a grade of 94.6, which is expected, while the next highest grade was 69.6. This signif-
icant gap indicates that synthesized speech is still easily distinguishable from natural
speech, especially when directly compared with the same utterances produced by natural
speakers. The lower grades for TAC_Acc and TAC_noAcc can be attributed to the more
frequent occurrences of incorrect accents and hallucinations, as previously discussed.

However, the slightly lower grade for st_TTS compared to TAC_Acc1 (64.8 vs. 69.6)
can be explained by the more lively or dynamic synthesis produced by the Tacotron-
based model. Although st_TTS, when heard alone without any artifacts, hallucinations,
or mistakes, sounds very good (receiving a grade of 4.7 out of 5 in theMOS test), hearing
it together with Tacotron-based synthesis with the same linguistic content can highlight
its lack of expressiveness (Fig. 5).

Fig. 5. Spectrograms of utterances with the same linguistic content produced by different
synthesizers (the upper one produced by st_TTS, the lower one produced by TAC_Acc1).

Finally, as regards the results of the preference test, the lack of a clear differ-
ence between Tacotron models trained for more or fewer epochs can be explained by
Tacotron’s tendency to overfit easily, although the more trained versions were slightly
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favored. Additionally, the authors confirmed that training for more epochs did not reduce
the percentage of produced hallucinations nor did it improve accent learning.

Another conclusion from the preference test is that there is no significant difference
between using a trained or universal HFG-based vocoder, although the trained one had
a slight advantage. The authors find it more significant to use the trained version of
the vocoder. The reason is the occurrence of artifacts and slight buzzing when using the
universal HFG-based vocoder, but these issues were probably not prominent or annoying
in the short and few examples that listeners heard during the test.

5 Conclusion

In this paper, we present a TTS (Text-to-Speech) system for end-to-end synthesis in Ser-
bian, based on the Tacotron architecture. Due to the lack of a large, high-quality speech
database in Serbian, the system was created by adapting a pre-trained English model.
Initial experiments revealed issues with appropriately generating accents in Serbian. To
address this, the authors proposed two methods involving modules for accent prediction
from text. The approach using different symbols for each accented vowel produced bet-
ter results. Although the Tacotron-based system can outperform the current best Serbian
synthesizer, which uses separate front-end and DNNs, in some contexts, errors typical
of sequence-to-sequence models, such as hallucinations and repetitions, significantly
decrease the overall performance of the system.

Future work will include attempts to overcome data sparsity problems, especially
with accents, by augmenting the training set using TTS-generated data. The authors also
plan to explore newer architectures.
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Abstract. Designing expressive speech synthesis for child voice remains an unre-
solved problem. One of the major dilemmas faced by child TTS systems and child
speech synthesis is the scarcity of datasets to train opaque data-hungryDNN-based
models. Only a few datasets were proposed for the purpose of building child con-
versational AI agents, and many of them come with challenges such as noisy data
and indiscernible speech. With this in mind, we introduce the ChildTinyTalks
(CTT) dataset, comprising 2 h of speech collected from 25 kids in grades ranging
from third to fourth grade, who are telling stories and sharing their experiences.
The new dataset containing 1200 audio samples has been transcribed at the word
level, comprising 4 classes of voice expressions. To verify the effectiveness of
CTT in real-world situations, AutoVocoder models were trained and synthesized
samples were generated. The models were trained on both the LJSpeech large
scale dataset and our CTT dataset. Initial experimental results indicate that the
CTT dataset can steadily give comparable results with acoustic model trained on
a large-scale dataset with a size of less than 10% of the large dataset.

Keywords: Child Speech Dataset · Child Speech · AutoVocoder

1 Introduction

Despite the success stories in expressive Text-To-Speech TTS and speech synthesis
models for adults [1–3], designing fully expressive TTS for children remains a challenge.
One of the primary factors contributing to these successes is the use of high-quality
benchmark datasets and low rate of errors in scientific challenges [4, 5]. Nevertheless,
the limited availability of suitable training child datasets has hampered the development
of TTS and Expressive TTS systems for children. However, it is not surprising that
there is a lack of this kind of dataset, as collecting an appropriate amount of child speech
involves many difficulties [6]. Typically, children are unable to articulate all speech units
present in the language, they have limited reading skills and short attention spans. These
issues result in irregular speech styles and imperfect recording samples [7].

TheMyScienceTutorMySTDataset [8] can be considered the largest-scale available
child speech corpus for research purposes. The dataset includes 393 h of conversational
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child speech, with a total of 228,874 utterances. Approximately,197 h of the dataset were
transcribed. On the other hand, MyST comes with many problems, such as utterances
without any phonetic meaning, noisy background. Moreover, there is poor audio qual-
ity, characterized by children speaking very close to the microphone. Through manual
examination, some transcriptions were allocated to incorrect audio samples completely.
As an illustration, within the supplied transcription, there was the sentence, “No, I don’t
hearing even a candle burns”. Yet, in the actual transcription, it reads, “No, I don’t hear
anything when the candle burns”.

In the domain ofAutomatic SpeechRecognition (ASR) systems, it has been observed
that even the robust models trained on adult data exhibit suboptimal performance when
applied to child voices. This is attributed to the inherent differences between adult and
child speech. Besides less developed speech production and perceptionmodels they have
higher fundamental frequency, and shorter vocal tract length [9].

To bridge the performance gap in ASR models between adults and children, several
well-known child datasets such as CMU Kids dataset [10], OGI Kids’ Speech Corpus
[11], Tball corpus [12], Providence Corpus [13] were used for training and testing ASR
systems.However, ChildASR remains a challenging task due to various issues associated
with these datasets. These issues include the absence of correct labels, instances of
children not vocalizing, audio containing noise, difficulties in accessing the dataset [14].

To improve the performance of ASR and expressive speech synthesis models, we
need to use high-quality child datasets for training or adapt the existing acoustic models.
To this end, we propose the ChildTinyTalks (CTT) dataset. CTT stands as an expressive
child dataset, encompassing 2 h of speech gathered from 25 students in grades spanning
from third to fourth grade. These students engage in storytelling and recounting their
experiences. The new dataset containing 1200 audio samples has been transcribed at
the word level, comprising 4 classes of voice expressions. The source of the dataset is
TEDxKid recordings [15].

Our paper is organized in the following way. In Sect. 2, we provide an overview of
existing child datasets and popular techniques to address the problem of child dataset
scarcity. Section 3 highlight our data collection and labelling. In this chapter, we also
give a description and present key statistics of our dataset. Section 4 includes our baseline
AutoVocoder speech synthesis model and a comparative study between the performance
of the AutoVocoder trained on both our CTT dataset and the large-scale LJ Speech
dataset [16]. In Sect. 5, we give the accuracy metrics and report the results of training
our baseline model using both datasets across both objective and subjective testing
benchmarks. Finally, Sect. 6 sums up our conclusions.

2 Related Work

The most attractive datasets for training child TTS and ASR models are: MyST, CMU
Kids dataset [10],OGIKids’ SpeechCorpus [11], Tball corpus [12], and ProvidenceCor-
pus [13]. However, each of them comes with its own set of limitations. For instance, they
lack expressive styles, which are crucial for training expressive child TTSmodels.More-
over, the absence of explicit correctness labels, audio samples without transcriptions and
noisy data.
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To fill this gap, many studies have aimed to tackle these challenges by adapting the
acoustic features of child speech to align with those of models trained on adult speech
[17]. Most of them used transfer learning approaches from adult to child speech and
found it to be very helpful [18–20]. Maximum Likelihood Linear Regression (MLLR)
[21], and stochastic feature mapping (SFM) [22] have been employed as adaptation
methods, proving beneficial for adapting to child speech. The trend indicated that as
the age of the child speaker increased, there was a reduced need for data adaptation.
Consequently, younger children encountered more mismatch with adult speech. Other
efforts have attempted data augmentation setups to increase training data by adding child
speech. In general, this has not proven fruitful [23, 24].

For expressive child speech, a few studies have focused on exploring emotions in
children’s stories [25, 26]. To address the limited availability of child datasets, we intro-
duce the CTT dataset. It has been transcribed at the word level, comprising four classes
of expressive styles: sadness, excitement, happiness, and neutral.

3 ChildTinyTalks (CTT)

3.1 Description

The main idea of crawling speakers on YouTube was inspired by [27, 28]. They exclu-
sively utilizeYouTube as their primary source of data. CTT includes over 1200 utterances
from 25 speakers extracted from TEDx Talks for Kids events uploaded to YouTube. We
formulated a hypothesis suggesting that there are several YouTube channels, featuring
children speaking. Typically, these channels are visually distinguishable, either by exam-
ining a grid of video previews or automatically through clustering sequences of audio
speaker embeddings from videos. Based on this idea, we focused on TEDx Talks for
Kids events, as this channel offers high-quality content recorded in a silent environment.
Additionally, the speakers range in age from 6 to 11 years.

The key statistics of our dataset are described in Table 1. The gender distribution for
CTT dataset is 52% and 48% for boys and girls respectively.

The language is only American English. The percentage of styles is 30% sad, 35%
excited, 15% happiness and 20% neutral. Ten children from 6 to 7 years, fifteen children
from 8 to 11 years.We intend to make CTT publicly available, but it requires agreements
with the TEDx for Kids copyright holder, which are currently in progress.

3.2 Data Collecting and Filtering

The TEDx YouTube channel has been processed and filtered based on the number of
available child videos, focusing on ages ranging from 6 to 11 years old. Audio was
extracted from all TEDx for Kids videos that passed filtration phase.

3.3 Expressive Styles in ChildTinyTalks

CTT is a high-quality expressive speech dataset that includes both expressively rendered
and presenting speech. The dataset covers four classes of expressive styles (sadness,
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Table 1. ChildTinyTalk CTT description.

Dataset Statistics

Number of POI 25

Number of Utterances 1200

Number of hours 2

Number of filtered Videos 100

Number of videos per POI 3

Avg. Number of utterances per POI 48

Avg. Length of utterances [s] 6.71

excitement, happiness, and neutral), so it can be used to build expressive child synthesis
models. These four speaking styles are uttered by girls and boys in the English language.
We offer illustrative audio samples from the CTT dataset and showcase vocoded samples
achieved by baseline models are available online1.

Table 2. Examples of captions in ChildTinyTalk CTT.

Style Caption

Sadness No one would invite him to their birthdays or include him in their group of
friends it made both me and Ben really sad

Excitement I feel good knowing I can do something for others to make them feel happy

Neutral Number one think on the positives like I did in my room

Happiness You’re right it was amazing I even got, to do a campaign for red nose day it’s,
where everyone comes together to get rid of child poverty

3.4 Data Preprocessing

All audio files were decoded to and downsampled to mono wav format (sampling rate:
22.05 kHz, 16 bit PCM quantization) commonly used for speech and voice recogni-
tion tasks. We performed downsampling of the source signals of the audio channel of
MP4 44.1 kHz in FLAC encoding. We entirely omitted any visual information from the
TEDx channel. Sometimes, the audio files may contain substantial periods of silence,
we removed all such silence regions, leaving only a small fraction at the beginning and
end of the audio samples roughly 4 s. Audio samples with a significant amount of noise
or crosstalk were removed with the help of Praat software [29]. The samples have been
transcribed at the word level. We corrected obvious spelling errors in the transcriptions.
We attempted to preserve explicitlymispronouncedwords to the greatest extent possible.

1 https://github.com/shaimaalwaisi/ChildTinyTalks-CTT-dataset.

https://github.com/shaimaalwaisi/ChildTinyTalks-CTT-dataset
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To ensure consistent Mel-spectrograms later in the training process, the lengths of
audio signals are trimmed to averaging 5.5 s. To address scenarios where the audio signal
is shorter than the desired segment size, it is padded with zeros to match the specified
segment size. This guarantees uniform lengths for all audio signals presented to the
neural model. For longer segments than 5.5 s, the excess portions are typically trimmed
to ensure that all audio signals conform to the specified length. This approach maintains
consistency across the dataset and ensures that the neural model processes inputs of
uniform length.

4 Experiments

To demonstrate the efficiency of CTT in real-world situations, AutoVocoder models
were trained and used for test waveform generation [30]. The baseline AutoVocoder
[30] model was trained on both the LJ speech dataset and our CTT dataset. The compar-
ison with the adult dataset, LJSpeech, was conducted due to the limited availability of
comparable expressive child speech datasets. AutoVocoder is a voice encoder designed
for training on speech waveforms with low computational cost.

We chose AutoVocoder due to its state-of-the-art capabilities in speech synthesis. It
has demonstrated outstanding results, particularly in fine-tuning for child speech [31].
The encoder in AutoVocoder starts by converting time-domain signals into frequency-
domain representations using a differentiable Short-Time Fourier Transform (STFT).
From the resulting complex spectrum, four components magnitude, phase, real, and
imaginary are extracted and treated as distinct channels, which are then processed by
a convolutional residual network. This network consists of 11 basic blocks, each con-
taining two 2D convolutional layers (kernel size 3), 2D batch normalization, and ReLU
activation.Residual connections are applied to sum the input andoutputwhen the channel
countsmatch.Thefirst fiveblocks operatewith four input andoutput channels, themiddle
block reduces the output to one channel, and the last five blocksmaintain the single chan-
nel structure. A final linear layer compresses the dimensionality of each frame to match
the size of a typical mel spectrogram frequency dimension. The decoder mirrors this
process to reconstruct the waveform. Crucially, the architecture is non-autoregressive,
allowing each frame to be processed independently, reducing computational load and
speeding up waveform generation (Fig. 1).

The configuration of the AutoVocoder involved Adam optimizer, a Batch Size of 16,
and Learning Rate set at 0.0002. Training was conducted on a server running Ubuntu
16.04.7 LTS, with NVIDIA-SMI and CUDAversion 11.4 for efficient utilization of GPU
type NVIDIA TITAN Xp. The audio samples in the dataset have been split into 80%
for the training set and 20% for the testing set. The training set was used to train the
Autovocoder on the features of both groups of children, The validation set from both
age groups was used to evaluate and fine-tune the model’s performance during training.

4.1 Objective Test

Mel-Cepstral Distortion MCD (dB): We utilized the mel-cepstral distortion (MCD)
[32] as a distance metric to objectively evaluate the overall synthesized sound quality.
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(a) Ground truth Boy 11 years old Ground truth Girl 6 years old

(b) CTT_ AutoVocoder Boy CTT_AutoVocoder Girl

(c) LJSpeech_ AutoVocoder Boy LJSpeech_ AutoVocoder Girl

HAVE YOU EVER BEEN TO A RESTAURANT AND 
TWO PEOPLE ARE ON A DATE THEY DON'T EVEN 
LOOK AT EACH OTHER

YOU'RE RIGHT IT WAS AMAZING I EVEN GOT, TO 
DO A CAMPAIGN FOR RED NOSE DAY IT’S,
WHERE EVERYONE COMES TOGETHER TO GET 
RID OF CHILD POVERTY

Fig. 1. Example of melSpectrogram and F0 comparison between reference and child audio syn-
thesized for a boy and a girl:(a) ground truth spectrogram and F0, (b) CTT_AutoVocoder spec-
trogram and F0 Trained on our dataset CTT, and (c) LJSpeech_ AutoVocoder spectrogram and
F0 trained on LJ speech 1.1 dataset. The horizontal axis gives the time dimension for the audio,
while the left vertical axis represents the frequency dimensions. The right vertical axis represents
the fundamental frequency.

It is commonly used to quantify the difference between two time-aligned mel-cepstral
sequences. MCD is a common measure employed to quantify the dissimilarity between
two time-aligned mel-cepstral sequences. For both models, we conducted an average
MCD calculation across twelve synthesized sound samples, encompassing both girls
and boys. The samples synthesized by AutoVocoder trained on the CTT dataset and
the corresponding ground-truth samples, as shown in Table 2. The synthesized speech
generated by the AutoVocoder closely aligns with the characteristics of the ground-truth
reference speech. MCD values are calculated based on the following equation:

MCD = 1

N

∑N

j=1

√
∑D

i=1

(
yi,j −

′
y i,j

)2

, (1)
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where
′
y i represents the ith coefficient of the generated MCCs, while yi denotes the ith

coefficient of the ground truth MCCs.
The smaller the MCD between the synthesized and original mel-cepstral

sequences, the higher the similarity between the synthesized and original speech.
CTT_AutoVocoder, trained on the CTT dataset, exhibited comparable results to the
LJ_AutoVocoder, trained on24hof adult sounddata. Themodel trained onCTTachieved
anMCD value of 1.84 for girl audio samples. For boy audio samples, the MCD value for
CTT_AutoVocoder was 2.05. For LJ_AutoVocoder, the MCD values across all speakers
were 1.97 for boys and 2.13 for girls.

Table 3. Mel-cepstral distortions mcd (db) average results between the transformed and original
mel cepstral sequences for 12 samples produced during the experiments by both models.

Systems Boy Girl

CTT_AutoVocoder 2.05 1.84

LJSpeech_AutoVocoder 1.97 2.13

F0 Root Mean Square Error (F0-RMSE): In comparing log F0 values between the
ground truth and synthesized waveform, we utilized F0 root mean square error (F0-
RMSE) [33] as an evaluation metric. The F0-RMSE values for each model across 12
samples are reported inTable 3. TheF0-RMSE is computed using the following equation:

RMSE =
√

1

N

∑N

i=1

(
F0i −

′
F 0i

)2

. (2)

In the above equation, N represent the total number of frames in the speech, the term
′
F 0i denotes the fundamental frequency F0 at the ith frame of the generated waveform,
and F0i represents the F0 value at the ith frame of the ground truth. Waveform. The
smaller value of F0-RMSE implies a lower prediction error. In our evaluation, we calcu-
lated RMSE values by comparing the ground truth waveform’s fundamental frequency
(F0) with the synthesized waveform’s. F0-RMSE is used to evaluate the performance of
the acoustic model, while AutoVocoder serves as the waveform generator (Table 4).

Table 4. F0 Root Mean Square Error (F0-RMSE): values for both models as an average over 12
samples for both genders.

Systems Boy Girl

CTT_AutoVocoder 2.96 3.23

LJSpeech_AutoVocoder 3.00 3.19

It was observed that both models exhibited convergent results in terms of F0-RMSE.
Across all evaluated metrics, the AutoVocoder trained on the CTTDataset demonstrated
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exceptional performance in synthesizing highly quality sounds. It exhibited a remarkable
ability to closely approximate the quality of the original sound.

4.2 Subjective Listening Test

A MUSHRA (Multiple Stimuli with Hidden Reference and Anchor) style evaluation
[34] was used to compare the performance of AutoVocoder trained on both the CTT and
LJSpeech Datasets. MUSHRA is more sensitive to small differences in audio quality
and allows participants to directly compare multiple stimuli, making it ideal for fine-
grained analysis of expressive child speech. Since expressive speech synthesis requires
careful evaluation of nuances like emotion, tone, and clarity, MUSHRA provides a more
detailed and precise evaluation framework. Each MUSHRA screen presented 4 stimuli
to the listener for evaluation. These were CTT_AutoVocoder, LJSpeech_AutoVocoder,
lower-anchor: low-pass filtered at 3.5 kHz, and ground truth. Twelve unseen samples
during the training phase are used in the listening test. Twenty three listeners were
instructed to evaluate and rate the stimuli based on the provided conditions. Listeners
were instructed to find the ground truth within those 4 samples and assign it a score
ranging from (highly not similar, not similar, intermediate similar and highly similar),
whilst rating all samples. Figure 2 shows the mean naturalness scores for the models.

As illustrated in Fig. 2, the MUSHRA test results demonstrate a comparable prefer-
ence among listeners for the synthesized sound samples produced by both AutoVocoders
across genders Specifically, there is a similar preference for the audio samples generated
by the CTT_AutoVocoder and LJspeech_AutoVocoder.

Fig. 2. TheMUSHRAscores for theMeannaturalness are presented for (a)Ground truth (b)CTT_
AutoVocoder (c) LJSpeech_ AutoVocoder (d) Lower anchor, with the average results shown. A
higher value indicates better overall quality.

The preferences of listeners indicated that the CTT_AutoVocoder exhibited a sig-
nificant similarity to the ground truth in the MUSHRA test results. Notably, 76% of
respondents perceived the CTT_AutoVocoder as very similar to the ground truth audio
samples.
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5 Conclusions

In this paper we introduced a new expressive CTT dataset for child speech synthesis and
TTS applications. CTT includes over 1200 utterances from 25 children extracted from
TEDx Talks for Kids events uploaded to YouTube. The age varies from 6 to 11 years.
To verify the effectiveness of CTT in real-world situations, AutoVocoder models were
trained and synthesized samples were generated. The models were trained on both
LJSspeech large scale dataset and our CTT dataset. The experimental results indicate
that the CTT dataset can steadily give comparable results with acoustic model trained
on a large-scale dataset with a size of less than 10% of the large dataset.

Additionally, the dataset introduced here has the potential to be used forASR systems
that often struggle with child speech.

The limitations of our dataset are its small size, and the fact that it is not publicly
available yet. However, the dataset is accessible for research purposes. We hope that our
new dataset will be adopted, alongside other child datasets as a benchmark in the speech
processing research community to train models for child speech. In future work, we
can further augment the dataset through augmentation techniques, employing it in the
development of fully expressive child text to speech synthesis and enhance the duration
by increasing the number of hours. We will focus on addressing age-based differences
in TTS performance, as speech synthesis models.
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Abstract. The study is concerned with comparison of rhythmic features inmono-
logues of Australian (AusE) and New Zealand (NZE) speakers. Methodology is
designed to capture the advantages of both the traditional approach and the ‘new
paradigm’ metrics to account for the two national varieties of English. The tra-
ditional for Russian linguistics description of rhythm as a hierarchy of linguistic
units (ip, foot, syllable) provided data on common rhythm structure with dialect-
specific differences in syllable durations, which suggested the Australian speech
habits of prolonging unstressed syllables. By applying the metrics collected in
Correlatore [15], we found that unmonitored monologues’ rhythm could be cat-
egorized differently from reading reported in previous research. AusE speech
demonstrated features of ‘controlling’ syllable-based rhythm, in contrast with the
‘compensating’ accent-based rhythm of NZE speakers. The metrics proved to be
dialect-, style- and tempo-sensitive, and suitable for comparison of varieties of the
same language.

Keywords: Australian English · New Zealand English · Rhythm Metrics ·
Accent-Based Rhythm · Syllable-Based Rhythm

1 Introduction

Theaimof the present study is to compare rhythmic features in two lesser-knownvarieties
of English, namely Australian English (AusE) and New Zealand English (NZE). These
varieties are known to be very similar, and research confirms that speakers of other
varieties, such as British English and American English may not be able to distinguish
speakers of the two varieties in question [14]. Nevertheless, special research in prosody
revealed that there are differences between them, though nuanced rather than categorical,
which might be showing different trends in the two varieties [4].

It is generally accepted that Australian intonation patterns are marked by the
monotony of pitch variation, by a narrow pitch range and a high frequency of level
tones as well as levelled out sliding patterns in the preterminal parts of ip [21]. Widely
commented is the use of rising tones in narratives, the so-called High Rising Tone (HRT)
in statements, which is typical both of AusE and NZE [13]. It is indisputable that Aus-
tralianEnglish has features ofBritish south-eastern lowclass pronunciation habits,which
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is confirmed by the retrospect data gathered about Cockney and its prosody. In particu-
lar, the accent-based rhythm of today’s Cockney English in the South-East of England
was brought and preserved in the territory of Australia, while in NZE it is language
contact with mora-based rhythm of Maori which is expected to affect the pronunciation
of Pakeha (the population of European origin).

New developments of the two varieties are reported being concerned with Greek and
Italian speakers in Australia, as opposed to Maori speakers in New Zealand [14]. These
two groups appear to be reference groups for the innovations which might influence the
development of prosody – and pronunciation in general – in either country. AusE is noted
for new tendencies due to Greek and Italian residents’ influence, compared with NZE
having the powerful impact of Maori, one of the indigenous peoples in New Zealand
[14]. The socio-historical backgrounds of the two varieties are different, especially since
the times of migration and settlements were different. Nevertheless, AusE might be the
one which had more impact on NZE than the Maori language contact.

AusE and NZE exhibit a number of nationally specific temporal characteristics.
As evidenced by previous research data, for instance, NZE has a faster tempo than
AusE [16]. As a result, accentuation which is due to prominence of stressed syllables
compared with unstressed syllables might be achieved by different acoustic means in
the two varieties. It was also found that the choice of the acoustic correlate of accented
syllables’ prominence was gender-specific. Australian men proved to rely to a greater
extent on intensity, while Australian women rely more on pitch. Common for both
genders was contrastive duration of stressed and unstressed syllables, which also served
as a feature of prominence. Given the importance of duration, we set ourselves the task
to verify the point of timing in accentual prominence in AusE and NZE.

The previous findings of a specifically rhythmic experiment based on a large group
of speakers [5] confirmed the accent-based rhythm of Pakeha, i.e. the white population
or people of European origin, compared with the Maori, which is closer to syllable-
based [19]. To be exact, the Maori language is mora-based, but the smaller and more
detailed quantifying of syllables might be very similar for the mora-based and syllable-
based rhythm. Further research aimed at measuring Australian rhythm included the
combination of three metrics and was backed up by Szakay’s data [5]. The results
demonstrated that AusE is undoubtedly accent-based, with Pakeha values being very
close to it, while Maori is definitely syllable-based. The data on NZE borrowed from
Szakay [19] appeared to be fruitful and productive, as it can show the comparison
between the two varieties, suggesting that further developments of New Zealand rhythm
might be in the line of becoming more syllable-based. This tendency is mostly typical
of speakers who are greatly involved in the Maori culture, which probably was not the
case of the Pakeha speakers, whose values were close to AusE accent-based data.

Before covering the methodology details, one more idea should be made clear. The
whole point of the research undertaken in the two varieties is to show that, like other
authors [10, 11], we do not approve of oversimplification in categorizing the two varieties
of the same language as either accent-based or syllable-based. We predict that there
may be certain tendencies for change in the direction of either category which become
transparent depending on the parameters of the research. It is crucial to understand that
we deal with certain grades of one and the same quality placed in a continuum that could
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vary according to the context of the situation, i.e. display its adaptability to style and
individual speech habits.

2 Methodology

The Material. The novelty of the present study is that the two varieties were to be
compared on the basis of homogeneous material of natural unmonitored speech of short
narratives. We collected the data through internet: 12 volunteers from Australia (6) and
NewZealand (6) agreed to record their 2minmonologues about themselves or an episode
in their language learning. The total time is 24 min produced by 7 men and 5 women,
young people, aged 20–28. Personal names were elicited or changed and geographical
place names were clarified.

The Traditional Method. The aim of the present research is to cover as many features
of rhythm as possible catching the advantages of the two approaches. One is traditional
for Russian linguistics; it defines rhythm as a periodicity of linguistic units, such as the
syllable, the foot (also known as accent group / rhythmic group / stress group), and the
ip (which stands for a pause-to-pause period of phonation, also known as ‘syntagma’,
or ‘intonation phrase’ in the present-day terminology). The advantage of the traditional
linguistic division into ips, feet and syllables consists in the fact that we get a hierarchy
of linguistic units. The results confirmed that each little element (such as the syllable, for
instance) is nested within the foot, and the foot is nested within the ip. Therefore, there
is a certain rhythmical arrangement of linguistic units having a syntactically determined
structure. It was also stated that rhythm units were biologically and cognitively deter-
mined, with ip duration being constrained by breathing, syllable duration being similar
to heartbeat and the supra-phrasal unit bearing on one topic. For each member in the
hierarchy a certain range of timing was established: for ip it was 1–2 s, for the foot it
ranged from 400 ms to 1000 ms, and the average syllable duration was set at 200 ms [1].

Measurements. In the current researchmeasurementswere performedmanually in Praat
[3] and included the duration of ips, feet and syllables. Additional measurements were
concerned with accented and unaccented syllables’ duration. The division into three
degrees of accentual prominence (primary, secondary and unstressed) was based on two
national dictionaries, the Australian and the New Zealand ones [6, 9], supported by
audio-visual observations made by two experienced labelers with 81.5% agreement.

Average syllable duration (ASD) is taken to represent the rate of articulation which
proved to be significant for comparing the two dialects.

The New Paradigm Method. Segmentation and annotation of the speech signal into
vocalic and consonantal intervals was done manually in Praat [3] as suggested by pre-
vious research in [15], using CV annotation system in which consonants are marked as
C, vowels and approximants as V, with # for a pause. The aligned and annotated speech
samples were saved in TextGrid format which was then fed into the Correlatore program
[15]. The new paradigm metrics, which are collected in Correlatore, include the deltas
[17], the PVIs [12], the Varcos [8], and last but not least, the CCI method [2]. The lat-
ter divides speech samples into the so-called ‘compensating’ and ‘controlling’ types of
rhythm. The ‘compensating’ type means compensating the length of the sounds within
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a syllable, as well as compensating the length of the adjacent feet, or adjacent syllables
in a foot. It is common knowledge that the more syllables are included into the foot, the
more compressed and therefore shortened their length or duration will be. Compensat-
ing features are included in the accent-based rhythm. ‘Controlling’ means having more
or less equal length of syllables, which is more obvious in the case of syllable-based
rhythm of most other languages. The authors argued that their method might suit the
comparison of dialects of the same language; they also predicted that the outcome may
be style- and tempo-dependent, as well as reflecting individual speakers’ speech habits
[2].

Factors which Affect Rhythm. Already within the framework of the traditional approach
it was found that the interplay of different speech units’ timing could have its impact on
the rhythmic patterns of one language. The first most noticeable factor was discourse
type, or style, which was demonstrated by prose reading, verse and spontaneous speech
[1]. Another factor was time in language acquisition and human speech development
across the lifespan [18]. D. Crystal, for instance, titled his paper “Documenting rhyth-
mical change” and argued that one particular individual could develop and vary one’s
timing in different situations and at different periods of life. The author also gave exam-
ples of socially motivated change in English rhythm, like syllable timing in Airspeak
spoken between pilots and ground service or rap performance popular today with the
young [7]. In the present corpus we collected speech samples of one particular discourse
type and limited the age of speakers to the young people aged 20–30.

Combining the Two Approaches. In our methodology we follow the wholistic view of
the language structure aiming at collecting maximum of relevant information on rhythm,
starting from the major composition of recurrent speech units and finishing with fine-
grained comparisons of syllables, their vocalic and consonantal constituents, and their
relative durations. In other words, we hypothesize that by combining the traditional and
the latest approaches we can achieve a fair view of what constitutes the identity of AusE
speakers compared to NZE speakers in rhythm.

Statistical Analysis. Finally, to prove the reliability of the obtained data as well as to
draw reasonable conclusions, statistical analysiswas used. The performed tests in Jamovi
include the Shapiro-Wilk’s normality test, one-way ANOVA (non-parametric), Welch’s
one-way ANOVA, and the Games-Howell post-hoc test [20].

3 Results

3.1 The Results of the Traditional Approach

Our first observation is concerned with the total amount of ips, feet and syllables, as
well as their relative durations. As predicted, the hierarchy of the rhythmic units is
preserved in both Australian English and New Zealand English. The linguistic units
are hierarchically structured at phrasal, clausal, word and syllable levels: an ip consists
approximately of two feet (for AusE in the range of 2.0–2.6, for NZE in the range of
2.0–2.5); a foot likewise consists of two syllables (for AusE in the range of 2.0–2.6,
for NZE in the range of 2.0–2.4). That symmetrical arrangement (see Fig. 1) of similar
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proportions does not show, however, the difference between the two national variants in
articulation rate, which could be relevant for rhythm perception.

Fig. 1. Median duration of ips, feet and syllables.

By applying the Shapiro-Wilk’s normality test and one-way ANOVA (non-
parametric) we found that average syllable duration (ASD) data as one of the basic
features of tempo (together with pause duration) gave evidence of NZE average syllable
duration being shorter, which is a sign of faster tempo (see Fig. 2).

Fig. 2. Median ASD.

Furthermore, a number of polysyllabic words were selected from the soundingmate-
rial both by Australian speakers (26 words) and New Zealand speakers (13 words) in
order to calculate the duration of accented and unaccented syllables. Three degrees of
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word stress were differentiated, namely primary stress, secondary stress and unstressed
syllables. Average and median values were computed and compared statistically [20]
to examine the contrast in their duration (see Table 1). The contrast between syllables
bearing primary stress and those bearing no stress was of the main importance.

Table 1. Duration of accented and unaccented syllables in polysyllabic words.

primary stress
(in sec)

secondary stress (in sec) unstressed
(in sec)

Australia 0.204 average
0.212 median

0.176 average
0.176 median

0.160 average
0.150 median

New Zealand 0.207 average
0.189 median

0.150 average
0.145 median

0.150 average
0.124 median

Syllables with primary stress, secondary stress and unstressed ones exhibit contrast-
ing average durations both in Australia (F = 4.04, p = 0.036) and in New Zealand (F
= 4.26, p = 0.026) according to Welch’s one-way ANOVA. However, when it comes
to comparing the duration of primary stressed syllables to unstressed syllables, a less
sharp contrast is observed in AusE (44 ms) as compared to NZE (57 ms), which signals
AusE being closer to syllable-based rhythm while NZE to accent-based rhythm. The
significance of the obtained results was tested by means of the Games-Howell post-hoc
test, which confirmed the difference between primary stressed syllables and unstressed
syllables in AusE (p= 0.014), as well as in NZE (p= 0.056, marginal). As for the differ-
ence between syllables bearing primary stress and secondary stress, a sharper contrast is
observed in NZE (57 ms, p = 0.027), with a less sharp one in AusE (28 ms, p = 0.520,
marginal). Finally, the comparison of syllables bearing secondary stress and unstressed
ones yielded no significant differences either in AusE and NZE.

We can, therefore, state with confidence that application of the first traditional app-
roach yielded relevant linguistic information: a) about the hierarchy of linguistic units
whose durations of dual nature appear to be rhythmically structured, which is a feature
shared by both AusE and NZE; b) in AusE average syllable duration is greater, which
is a sign of slower articulation rate, while a lower articulation rate level in NZE testifies
to a relatively faster tempo; c) rhythmically valid are comparisons in contrast between
accented and unaccented syllables; our preliminary results suggest that AusE does not
make that contrast impressive enough to produce the effect of prominence due to accent
timing.

3.2 The Results of the Modern Approach

The data obtained by applying the metrics are presented both numerically and visually
by means of scattergrams. Figure 3 reflects the relatively greater saturation with vowels
and greater variability of vocalic intervals in the speech signal in AusE, as compared
with NZE.
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Fig. 3. %V – �C.

Categorical differences between the two national varieties are best revealed by the
CCI metric: most of the AusE speakers’ scores cluster above the bisecting line, whereas
most NZE speakers’ scores are located below the bisecting line. The expected interpre-
tation of the results is that we received evidence that AusE tends to be syllable-based
in narratives, while NZE remains in the accent-based category. Despite faster articula-
tion rate NZE speakers produce higher vocalic fluctuations, probably at the expense of
unstressed vowels’ reduction (see Fig. 4).

In the group of NZE speakers, however, we can observe two outliers whose speech
habits are different from the general trend. We can account for those cases by assuming
that the individual variability is associated with greater involvement in Maori culture
and communication, as was suggested by previous research [19].
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4 Conclusions and Discussion

The present study demonstrated the complex nature of speech rhythm which could be
measured along different lines by selecting a number of dimensions: the major division
into syntactically relevant units at syllable, word and clause levels, on the one hand,
and phonologically relevant vowels and consonants in the syllable, on the other. Both
the hierarchy of linguistic units and the relative proportions of vowels and consonants
within and between the syllables prove to be rule-based, specific for rhythmic structures
of particular varieties in the same language. By looking at vowels and consonants’
variability we can observe the mechanism of constructing rhythmic units of a higher
order.

Fig. 4. vCCI – cCCI.

AusE and NZE are two national varieties of the same language whose populations
had their specific socio-demographic origins and language contacts which affected their
speech habits, including rhythm. Nevertheless, in reading their common feature is the
accent-based English rhythm, as evidenced by previous research data [5, 19], while in
monologues spoken in a relaxed manner Australian speakers tend to produce higher
scores in average syllable duration (slower tempo), less contrast between stressed and
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unstressed syllables, and, as a result, display syllable-based rhythm. NZE speakers,
unless they are involved in the Maori culture, tend to preserve accent-based rhythm in
monologues despite their faster tempo.

The multidimensional approach showed the mechanism of inter-level dependence,
the bond between the segmental and the suprasegmental rhythm components.

The present research demonstrated the influence of discourse setting and the style of
speech on rhythm measurements in AusE and NZE. Other factors which affect rhythm
might be age and gender, mentioned in the previous research data. The limitations of
the present research consist in a relatively small number of speakers. Further research
might provide data on a larger corpus of respondents from both countries engaged both
in reading and speaking.
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Abstract. This study aims to investigate the perception of speech rate
in Russian. The goal is to examine the impact of pauses duration, artic-
ulation rate, as well as speaker’s and listener’s gender on speech rate
perception. The relevance of this study lies in its potential to improve
speech synthesis systems by understanding how speech rate perception
varies, particularly between genders. The novelty of the research is in
its comprehensive analysis of the impact of gender, articulation speed,
and pauses on speech rate perception based on Russian language mate-
rial. The material of the current study consists of recordings of 2 texts
read by 55 native Russian speakers. The series of auditory perceptual
experiments contained both natural and modified stimuli. The results of
the experiments revealed the impact of speaker’s gender on speech rate
perception, but no impact of listener’s gender. We also found the effect
of pauses duration on overall speech rate perception. The results of the
study showed that we can describe the speech rate perception through
its intrinsic characteristics, such as pausing and articulation rate. We
also proposed a model of speech rate perception in Russian language.
Although this study did not focused on the effect that speech style and
other factors may produce, the data obtained allow identifying important
patterns in listener’s behavior, that can be applied in natural language
processing, as well as in artificial intelligence systems.

Keywords: Speech rate · Articulation rate · Perception · Gender

1 Introduction

The perception of speech rate is a complex process, necessitating the considera-
tion of human perceptual characteristics and an analysis of both linguistic and
social dimensions. Speech rate is composed of articulation rate and pauses and is
influenced by extra-linguistic, paralinguistic and language-relevant factors [28],
which create its complex structure.

Summarizing findings from various studies, it becomes evident that percep-
tion results from the interplay of numerous factors affecting an individual. The
perception of time and speed, in particular, is unique among sensory experiences
because there is no specific organ responsible for it [25]. Major theories of time
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A. Karpov and V. Delić (Eds.): SPECOM 2024, LNAI 15299, pp. 251–264, 2025.
https://doi.org/10.1007/978-3-031-77961-9_19

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-77961-9_19&domain=pdf
http://orcid.org/0009-0006-4008-5100
http://orcid.org/0000-0003-1792-6064
https://doi.org/10.1007/978-3-031-77961-9_19


252 A. Ananeva and U. Kochetkova

perception include biological [2] and cognitive [21] perspectives. Understanding
perception necessitates familiarity with basic psychophysical laws, such as the
Weber-Fechner law or Stevens’ law [1,20,30]. The perception of speech rate can
be aligned with the latter, requiring the determination of an exponent that could
describe speech rate perception.

Researchers have found that the perception of speech rate is influenced by
various factors, including gender, age, speech and hearing disorders, and listener’s
own speech rate, among others [4–6,9,15,24]. The discrimination threshold for
speech rate is about 5% [8,23], indicating high sensitivity to changes in rate.
Produced speech rate is a factor that directly influences perception: those who
speak slowly tend to overestimate the speech rate of others, particularly among
those who speak relatively slower [24].

Additionally, men are perceived as speaking faster than women [9]. There
is also a correlation between individual and perceived speech rates with the
listener’s gender. Men who speak faster tend to underestimate the speech rate
of women, and vice versa. Some authors suggest that speech rate perception is
more closely related to voice pitch than to the speaker’s gender [5].

When discussing speech rate, it is important to introduce a number of con-
cepts. First and foremost, it is necessary to distinguish between articulation rate
and speaking rate or overall speaking rate. In the first case, the rate is measured
without considering pauses; that is, only the time spent directly on articulation
is counted. Speaking rate, on the other hand, refers to the total time required to
produce all elements of speech, including pauses.Therefore, pausing and articu-
lation rate [10–12,14,18] are the main characteristics of speech rate that largely
determine its perception. Therefore, the perceived speech rate can be described
as a function of these two elements. Lane and Grosjean [12] came up with the
following formula after conducting several experiments based on English mate-
rial:

E′ = A−2 + 6P−0.2 − 10 (1)

The coefficient corresponding to articulation rate is –2, and –0.2 for pausing,
which demonstrates the impact of the two components. These data enable the
construction of the model which describes speech rate perception with an accu-
racy of up to 0.96. The authors suggest that the model is applicable for almost
any language.

The present study aims to find differences in the perception of speech rate,
which depend on the gender of speakers and describe the models of speech rate
perception that is suitable for Russian language.

2 Gender Influence on the Perception of Speaking Rate
and Articulation Rate

2.1 Methodology and Materials

Four pairs of speakers (male and female) with approximately the same overall
speech rate were selected from 53 recordings of a text read by native Russian
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speakers from the CoRuss corpus for the first experiment. CoRuss is a corpus
of Russian spontaneous speech which consists of dialogues between, monologues
and reading of a short phonetically balanced text [13]. As the difference in tempo
between pairs is less than 0.5%, which is less than the threshold of distinction [23],
there are no objective indicators that speakers speak at different speeds. Two
phrases identical for each pair of speakers were selected from the recordings.
Recordings in pairs were brought to the same duration by increasing or decreas-
ing the length of pauses at the beginning or the end. Participants were asked
to listen to eight pairs of recordings (two of each speaker’s recordings), ranging
in duration from 7 to 13 s, and to determine which of them sounded faster. The
survey was conducted using the SoSci Survey platform. A total of 37 auditors
participated in the experiment: 25 females and 12 males aged from 16 to 52.

For the second perceptual experiment we selected recordings of the speakers
with the similar articulation rate. For each pair of speakers, phrases of 2 to 5 s
in length were selected. In most cases, they consisted of 1 syntagm, so there
were no pauses in them. To minimize the pause influence (if there are any) the
recordings were modified: the duration of all pauses within the selected fragments
was brought to the same length by adding or removing part of the pause. All
audio recordings were equalized to the same duration. Twenty-six people took
part in the survey: 12 men and 14 women aged from 18 to 25.

2.2 Results

The results show no significant influence of speaker’s or listener’s gender on the
perception of overall speaking rate. However, a deeper analyses of the results of
each question showed that men tend to have difficulties rating the recordings
presented if one of them contains more hesitation elements. Only 8% of women
found it difficult to give an answer for question 7, which includes a great amount
of hesitation pauses, while almost half of men did. This distribution can be called
unusual, as in all other questions the percentage of men or women who found it
difficult to give an answer does not differ much (Table 1).

Table 1. The results of statistical analysis.

Criteria Method p-value

Participant gender influence on perception of speaking rate χ2 p = 0,31
Pause lengths influence χ2 p < 0,001
Speaker gender influence on perception of speaking rate t-test p = 0,32
Participant gender influence on perception of articulation rate χ2 p = 0,28
Speaker gender influence on perception of articulation rate t-test p = 0,009

It is likely that the fact that the pauses were filled with extraneous sounds
rather than emptiness made the male participants hesitate in their response.
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Such an observation stands in contradiction with the claim that men are better
at discriminating sound in noise [17,19]. Obviously, then, speech noise is of a
different nature and, accordingly, is processed by different mechanisms.

It should be noted that some participants reported that it was often difficult
for them to estimate the rate because it is unclear whether to focus on the length
of pauses, the number of pauses, or the speed of articulation. Nevertheless, it
can be assumed that the majority relied on the length of pauses: the bigger the
difference in relative pause length between the recordings presented, the more
participants choose the same option as the fastest one. In order to compare
the phrases with each other, the ratio of pause time and articulation time per
number of syllables was calculated, since the phrases differ in duration. Chi-
square method showed a strong connection between the answers of participants
and relative time spent on pauses. Thus, despite the fact that articulation tempo
is considered a significant factor in speaking rate estimation, it appears that the
role of this factor was markedly reduced when the two recordings are compared
directly.It is much easier for a person to analyze the duration of a pause.

Participant’s gender influence on the perception of articulation rate was not
found either. However, the gender of the speaker has an impact on how a person
perceives rate which corresponds with some previous studies [4]. Figure 1a shows
that in a greater number of cases it is the male voice that is evaluated as faster.
Comparison of responses of male and female groups of auditors (Fig. 1b, 1c)
confirms both conclusions - the gender of the auditor has no effect on the choice
(the distribution of responses in the male and female groups is approximately
the same), and men are perceived to be faster.

3 A Multilinear Model of Speech Rate Perception

3.1 Methodology and Materials

To determine which aspect of speech rate (articulation rate or pauses) has the
most significant impact, an experiment was designed. Two native Russian speak-
ers, one male and one female, both aged 22 were asked to read a text titled Pop
Fan from Grosjean and Lane’s works [11,12,15] translated into Russian:

“Что касается меня я вполне обычный пятнадцатилетний подросток
не совсем сумасшедший и ничем не лучше других я слушаю
радио Люксембург мои волосы модно уложены и я ношу свитера с
воротником поло но я не считаю себя большим поклонником поп-
музыки”

The text contains 39 words and 89 syllables. The speakers were instructed to
read the text at normal, slow, and fast rates. Initially, punctuation was omitted
to avoid influencing their natural pause patterns. After that, they read it again
with intentional pauses inserted at various points. The total recording time was
9min for the male speaker and 9min 30 s for the female speaker. The recordings
were segmented into pauses and speech intervals using WaveAssistant software,
and a Python script was written to analyze the segmented data.
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Fig. 1. Ratio of answers of a) all participants, b) women, c) men, blue indicates the
number of answers “male voice is faster”, orange - “female voice is faster”, gray - “difficult
to answer”. (Color figure online)

We selected samples reflecting slow, medium, and fast articulation rates for
each speaker from the recordings. Each sample was then modified to include 3, 7,
and 10 pauses by either adding or removing pauses as needed. In some instances,
we transferred pauses along with the final syllable of the preceding word from
a similar articulation rate recording to maintain natural intonation pattern. All
modified recordings underwent auditory analysis to ensure natural speech flow.

A Python program was developed to adjust the pause duration automatically.
The average pause durations were set to 0.26 s, 0.49 s, and 0.72 s for the female
speaker, and 0.24 s, 0.48 s, and 0.71 s for the male speaker, corresponding to the
speaker’s average pause duration ± 2 standard deviations.

The longest pause was Pause 4, while Pauses 2, 8, and 10 were the shortest,
reflecting the text’s semantic structure. Each pause was represented by a segment
of zero-value signal replacing the original pause, with a minimum duration of 150
ms [29].

A total of 27 audio recordings for each of 2 speakers were created for a
perceptual experiment. Due to the additional pauses, the rate of some recordings
was altered. These differences did not exceed 3%, ensuring comparable tempo
within each group. The durations of all recordings were standardized to eliminate
reliance on absolute time metrics.

Participants were instructed to rate the recordings presented using Stevens’
magnitude estimation method [26]. The instructions were following:
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“The first recording has a standard speech rate and the second recording
has a changed rate. The standard one is rated as 10, and your task is to
rate the changed one. In other words, the question is: if the first recording
is rated as 10, how would you rate the second one? Use whatever values
seem appropriate to you - fractions, decimals, or integers. For example, if
the modified seems 7 times faster than the normal, put 70. If it sounds five
times slower, put 2; if 20 times slower, put 0.5, etc.
Try not to think about the sequence; your task is to assign an appropriate
score to each recording, regardless of how you, evaluated any previous
stimulus. Listen carefully to the first recording. Then listen to the second
one and give a score. You can play the audio recordings several times.”

The first recording had a standard speech rate - average speed, 7 pauses, and
average pause duration. Participants then rated the tempo of the second record-
ing relative to the first. They listened to the standard recording every time before
a new one. The experiment was divided into three parts, each presenting various
stimuli with different articulation rates, pause numbers and durations. The order
of recordings was randomized for each participant.

A preliminary test with seven participants confirmed the clarity of the task,
with no reported difficulties. Participants also provided information on their age,
gender, native language, and musical training.

3.2 Results of the Experiment with the Female Speaker

The first stage of the experiment focused on the female speaker. It involved 10
participants (6 women and 4 men, aged 19 to 23). Figure 2 illustrates the distri-
bution of responses for each participant. The vertical axis represents participant
ratings, and the horizontal axis represents recordings from the fastest (highest
speech rate, fewest short pauses) to the slowest. Each group of recordings with
the same articulation rate is highlighted in a different color.

The minimum rating was 1, given twice by the same participant, while the
maximum rating was 40, given once. Interestingly, recordings with objectively
the highest or lowest articulation rates were not always rated as the fastest or
slowest ones. It is evident that within groups of equal articulation rates, ratings
decreased with increasing pause duration. In some cases recordings with lower
articulation rates were rated faster due to the use of pauses. Nonetheless, the
graphs show that responses from all participants generally decrease with increas-
ing articulation rate or decreasing pause duration. In the comparison of two
identical stimuli (the same recording presented twice), 7 out of 10 participants
rated it as 10, while the other three rated it higher, giving 11, 13, and 15.

The recording with the closest average rating to 10, with the least variation
(seven ratings of 10, two of 11, and one of 10.5), was the one with a medium
speech articulation and 7 pauses, but with shorter pause durations than the
standard. This suggests that participants tend to rate speech tempo as faster
than it actually is.
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Fig. 2. Distribution of speech rate ratings by each participant for the female speaker.
Blue group represents recordings with fast articulation rate, orange - medium, green
- slow. Within each group, audio recordings are arranged by increasing total pause
duration. (Color figure online)

Fig. 3. Ratings grouped by a) articulation rate, b) total pause duration for the female
speaker.

Figure 3 presents the results grouped by articulation rate (3a) and total pause
duration (number of pauses × duration) (3b). The data indicate that articulation
rate had a more significant impact on participant ratings, compared to pause
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duration. However, single outliers, such as in the second box in Fig. 3a, show
that shorter pause durations could compensate for medium articulation rates,
making the overall tempo perceived as faster.

To test the model presented by Lane and Grosjean [12] with the data received,
we used the least squares method. The average rating for each recording was
calculated, and the results were analyzed using Excel. The R2 coefficient was
0.73, indicating a moderate fit. Thus, the proposed model may not be entirely
suitable for the Russian language.

The model coefficients were recalculated in order to fit the data. Speech
rate and total pause duration were normalized per word, resulting in average
articulation times from 308 to 369 ms per word, and pause times from 61 to 168
ms. Average ratings were then calculated for three speech rate levels and nine
pause levels.

Using Python, the data was plotted on a logarithmic scale, and a least squares
approximation line was fitted (Fig. 4). The resulting coefficients were -0.22 for
pauses and -5.3 for articulation rate, yielding the model:

E′ = 0.03A−5.3 + 6.02P−0.22 − 10 (2)

Fig. 4. Speech tempo perception as a function of articulation time (orange line) and
pause time (red line) for the female speaker. (Color figure online)

Figure 5 shows the relations between the results predicted by two models and
those which were obtained in the experiment. This model had an R2 of 0.9, a sig-
nificant improvement over Lane and Grosjean’s formula (1) with R2=0.7. This
discrepancy could be due to various factors, including differences in measure-
ment units (words vs. syllables) and the specific characteristics of the Russian
language.

The findings suggest that to neutralize articulation rate (i.e., make fast speech
appear slow), pause duration must be significantly increased. Conversely, to make
speech with many pauses sound fast, a smaller increase in articulation rate is
required.
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Fig. 5. Relation between rate estimates predicted by a multilinear model and those
obtained in the experiment (green corresponds to the initial model, orange - the one
that was recalculated) for the female speaker. (Color figure online)

3.3 Results of the Experiment with the Male Speaker

The second stage of the experiment involved the male speaker, with the same ten
participants (4 men and 6 women, aged 19 to 23). The distribution of responses
appears to be similar to the previous experiment, with ratings ranging from 1
to 40 (Fig. 6). In the task with identical stimuli, 4 out of 10 participants rated it
higher than 10: 11, 12, 17, and 20. We observed the similar distribution in the
previous experiment but with less variation.

The recording with the closest average rating to 10 and the least variation was
the one with a medium articulation rate and stimulus-equivalent pause duration,
but with the maximum number of pauses. Interestingly, the maximum rating
(40) was given not only to the fastest recording but also to a recording with
the average articulation rate and the minimum number of maximum-duration
pauses. This suggests that the participant made a judgment within the first few
seconds, unaffected by pause duration.

Overall, we did not observe any great differences in the rating distributions
between the two speakers. However, participants independently determined their
rating boundaries, leading to varied patterns-some with more spread out ratings
and others with a straight line pattern (Fig. 2 and 6).

The median rating for medium articulation rate, as shown in Fig. 7a, was
11, with the spread not significantly different from the high rate, unlike for
the female voice. This could be partly explained by the smaller difference in
articulation rate (7.3% for the male voice vs. 10% for the female voice). The
average rating for the slowest articulation rate was 2 points lower. Using this
data, Lane and Grosjean’s model [12] yielded an R2 of 0.69, while the model
from the female speaker’s data yielded R2 of 0.81, a better result.

The articulation times for the male speaker ranged from 310 to 334 ms per
word, and pause times from 15 to 128 ms. Based on average ratings for 3 speech
rate levels and 9 pause levels, the data was plotted on a logarithmic scale, and a



260 A. Ananeva and U. Kochetkova

Fig. 6. Distribution of speech rate ratings by each participant for the male speaker.
Blue group represents recordings with fast articulation rate, orange - medium, green
- slow. Within each group, audio recordings are arranged by increasing total pause
duration. (Color figure online)

Fig. 7. Ratings grouped by a) articulation rate, b) total pause duration for the male
speaker.

least squares approximation line was fitted (Fig. 8), then the model was derived
as:

E′ = 0.02A−5.61 + 5.6P−0.23 − 10 (3)
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As shown in Fig. 9, this model explained the data with an R2 of 0.87. The
pause influence coefficient was similar to previous experiments, while the articu-
lation rate exponent was close but differed more from the original model.

Fig. 8. Speech tempo perception as a function of articulation time (orange line) and
pause time (red line) for the male speaker. (Color figure online)

3.4 Comparison of Results

The two experiments showed no significant differences in ratings for male or
female voices. Despite the male voice having a higher articulation rate with
fewer pauses, the relative scales allowed the comparison. In most cases (18 out
of 27 for the female speaker and 17 for the male speaker), participants clearly
determined that the recording was faster or equal to the stimulus, or slower or
equal. Ambiguous ratings were given to recordings representing extremes (fastest
with longest pauses and vice versa). This indicates that for some participants,
speech rate was the decisive factor, while for others, it was pauses. We did not
find any clear pattern in rating distribution. The obtained models are in many
respects similar and equally different from the one proposed by Grosjean and
Lane [12]. Combining the results from the first and second experiments allows
us to further refine the coefficients, the model takes the form:

E′ = 0.09A−4.2 + 5.9P−0.22 − 10 (4)

Obviously, extending the range of input data and increasing the number of
subjects would further refine the coefficients needed to mathematically describe
speech rate perception.
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Fig. 9. Relation between rate estimates predicted by a multilinear model and those
obtained in the experiment (green corresponds to the initial model, orange - the one
that was recalculated) for the male speaker. (Color figure online)

4 Discussion and Conclusion

This study explored the perception of speech tempo, focusing on factors such
as speaker and listener gender, articulation rate, and pauses. Our experiments,
conducted with recordings of Russian text readings, yielded significant insights
into these aspects.

Key findings indicate that male voices are generally perceived as faster, con-
sistent with prior research [4]. This perception disparity did not extend to overall
speech tempo, suggesting that pause duration may play a more crucial role. Lis-
tener gender showed no significant effect, although men found it more challenging
to judge tempos when hesitation and filled pauses were present.

The application of Stevens’ magnitude estimation method was effective, with
participants consistently overestimating speech tempo. This aligns with the idea
that speech rate perception can be described through its components, such as
pause duration and articulation rate. The pause coefficient closely matched pre-
vious studies by Lane and Grosjean [12], while the articulation rate coefficient
did not, possibly due to language system differences or external factors affecting
the experimental material.

Despite these variances, coefficients obtained from experiments with two
speakers were relatively consistent. The data suggest that while individual fac-
tors influence perception, overarching patterns remain identifiable.

Future research should expand the dataset and explore spontaneous speech
contexts to further refine the models. These findings enhance our understanding
of speech tempo perception and underscore the importance of considering both
linguistic and social factors.
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Abstract. The article examines the perception and extraction of keyphrases in
both written and spoken text. Experiments were performed on the dataset includ-
ing transcripts and audio recordings of lectures by Russian-speaking participants
of the project “Postnauka”. The results show that automatedmethods for keyphrase
extraction have limited accuracy, with statistical algorithms performing the worst
and generative AI models, such as ChatGPT, showing a closer resemblance to
human perception. Additionally, while there is some overlap between keyphrases
extracted from written and oral texts, spoken text presents greater variability.
Experiments using synthesized speech indicate that listeners rely heavily on con-
tent, rather than acoustic cues, when understanding spoken text. Acoustic analysis
reveals that keyphrases are distinguished by longer duration, wider pitch range,
and higher energy, aligning with previous findings in other languages.

Keywords: Keyphrase Extraction · Perception · Russian Language · Expert
Annotation · Acoustic Analysis

1 Introduction

This research presents a comparative analysis of perceptual experiments designed to
study keyphrases in written and spoken texts. Experiments were conducted on a dataset
comprising transcripts and audio recordings of lectures delivered by Russian-speaking
participants of the project “Postnauka”. Based on this material, several hypotheses were
tested.

We hypothesized that human perception of oral and written text differs in terms
of keyphrase extraction. Additionally, we expected that manually extracted keyphrases
would differ from those obtained using various automated methods. Furthermore, we
investigated the hypothesis of a prosodic specificity of keyphrases. The article presents
the results of our research on keyphrases, examining both their perception and acoustics.

In modern linguistics, communication is viewed as a multimodal multi-level pro-
cess that uses various modes of expression, with speech communication serving as the
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foundation for verbal interaction between people. The process of transmitting informa-
tion can be performed through oral and written speech, which are not considered equal.
Oral speech is historically primary, meaning it existed before written language. Written
language emerged as a way to record and preserve oral language. Oral speech allows
for the use of intonation, pausing, and other forms of paralanguage that are absent in
written communication.

Perception of the content of written and oral text differs, including at the level of
highlighting keyphrases. Manual keyphrase extraction is a labor-intensive task, making
automation essential for large datasets.

The increasing volume of multimedia data (videos, music, podcasts, lectures, etc.)
consumedby individuals in their daily lives necessitates efficient approaches for indexing
and browsing these multimedia documents. As such data may contain audio information
describing the main content, automatic keyphrase extraction from speech has become
increasingly relevant [1].

AutomaticSpeechSummarization (SSum)findswide application in various domains,
including extracting vital information from news broadcasts [2], podcasts [3], clinical
conversations [4], and business meetings [5]. Notably, keyphrase extraction from oral
text often serves as a crucial step within SSum techniques.

Keyphrases in spoken text are characterized by a certain prosodic specificity, which
creates the foundations for comparison of the strategies for extracting keyphrases inwrit-
ten and oral text. To the best of our knowledge, the association between keyphrases and
prosodic features remains relatively unexplored for the Russian language. A significant
amount of research has focused on keyphrase extraction from text, but far fewer studies
have been conducted on spoken language data. Even fewer studies utilize information
from audio signals, such as prosodic features.

Within this study, both written and oral texts were examined, the keyphrases in which
were identified manually and automatically. This approach was chosen to determine
algorithms that would better replicate the mechanisms of selecting keyphrases by native
speakers.

2 Related Work

Keyphrases are considered in various scientific fields, including computer and cogni-
tive linguistics, psycholinguistics, computer science, information retrieval, philological
studies, and others. Keyphrases carry the most important information about the text,
presenting it in a compressed format, and contribute to the structuring, classification,
summarization, and quick assessment of document content [6, 7]. This suggests that
keyphrases directly participate in the process of text perception.

Studies have shown keyphrases are prosodically distinct. Research on spoken Rus-
sian has revealed that pauses are less likely to occur before keyphrases compared to other
words but more frequent after keyphrases [8]. Keyphrases can also be characterized by a
longer duration, a wider pitch range and higher energy. However, this research is limited
to English and Mandarin Chinese, further investigation is required for other languages
[1].

It is also worth mentioning the concept of a prosodically highlighted word. This
refers to words receiving accentual emphasis, signifying their perceptual prominence
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within a phrase through prosodic means [9]. Keyphrases may, but do not necessarily, be
prosodically highlighted [10].

As previously stated, the task of keyphrase extraction from speech often arises as a
component of Speech Summarization (SSum), where the goal is to generate a concise
summary of spoken content, either in the form of speech or text, while preserving core
meaning and avoiding loss of crucial information [11].

SSum models can be categorized into transcript-based and acoustic-based.
Transcript-based models utilize Automatic Speech Recognition (ASR) to transcribe the
audio, then apply text summarization techniques [12, 13]. Consequently, keyphrases
are extracted from the recognized text data, and their identification employs the same
methods applicable to extracting keyphrases from written text.

While transcript-based methods benefit from advancements in text summarization,
their accuracy depends on the availability and quality of ASR, which can be unreliable
in noisy environments or with low-resource languages. Such models also suffer from
the absence of acoustic information conveying the speaker’s emotions.

Approaches to acoustic-based speech summarization are less prevalent and remain
under-explored in the scientific literature. One of the recent proposed approaches is
E2E (end-to-end) Sum which generates abstractive summaries directly from speech,
bypassing ASR errors and utilizing acoustic information. Despite promising results,
such models require substantial training data and tend to produce unnatural sentences
in data-scarce scenarios [12].

Current three-stage method, ESSumm (extractive speech-to-speech summarization),
avoids the need for ASR entirely [11]. It utilizes a pre-trained Wav2Vec2.0 model
to extract audio features, employs k-means clustering for phoneme probability rep-
resentation, and leverages Latent Semantic Analysis to assess segment importance. This
approach enables real-time summarization of spontaneous conversations and potential
output generation in audio format.

Therefore, the task of automatic keyphrase extraction from speech is primarily
viewed as a component within speech summarization and, depending on the summa-
rization model, can be implemented either through keyphrase extraction methods from
written text or by leveraging acoustic signal processing.

3 Experimental Dataset

The experimental dataset developed for our study includes audio recordings of speech
by Russian-speaking lecturers from the project “Postnauka”1. Each audio recording
presentedwithin the project is accompanied by a textual transcript. For the case discussed
in this paper, we selected two audio recordings of male2 and female3 speakers. Narrators
are professional lecturers who work with audiences of different ages. The topics of their
short lectures deal with general linguistics. Accordingly, in the first lecture, the existence
of grammatical genes is discussed, along with the concept of universal grammar, the

1 https://postnauka.ru.
2 https://postnauka.org/video/57524.
3 https://postnauka.org/video/61500.

https://postnauka.ru
https://postnauka.org/video/57524
https://postnauka.org/video/61500
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principle of finding structure in chaos, and the acquisition of new words by children.
The second lecture is dedicated to lexical collocations, in particular, to bag of words
models and logarithmic transformations in linguistics.

The choice of the given dataset is due to the fact that lectures belong to the popular
science style and are intended for a wide audience of non-specialists, which allows for
involvement of informants in keyphrase annotation irrespective of their professional
specialization.

Readability of the texts was evaluated using several metrics adapted for the Russian
language4. Both texts have approximately the same level of complexity, comparable to
that of a high school student, college student, or university graduate.

Audio recordings synthesized from the transcripts of the lectures were also used
as material. The Free Text to Speech tool5, which is freely available and utilizes the
Microsoft AI Speech Library, was employed to generate the synthesized samples. The
choice of this toolwas based on its accessibility. The service requires no prior registration
and allows for an unlimited number of speech synthesis from text, as well as enables
the downloading of the resulting audio recording in MP3 format. Two neutral voices
(male and female) for Russian language synthesis are available, as well as the option to
customize additional parameters, which were not utilized in this study.

The first text, corresponding to the audio recording of the female speaker, consists
of 8 paragraphs (1.191 graphic word). The second text, from the male speaker, has 10
paragraphs (1.436 graphic word). The audio version of the first text lasts 12 min, while
the second text is 13 min in duration. Each audio recording is accompanied by manual
annotations for phrases and words. The first synthesized audio recording has a duration
of 10 min. The second audio recording lasts 12 min.

4 Experimental Procedure

During the study, keyphrases were extracted automatically and manually by the partic-
ipants of the perceptual experiments based on written and oral texts (either natural or
synthesized). Table 1 shows parameters of the experiments.

Additionally, acoustic characteristics of the keyphrases were calculated. For this
analysis, the extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) was
employed [14]. For further details on this feature set, refer to Sect. 5.4.

In this study, the following algorithms were used for automatic extraction of
keyphrases in written text: (1) statistical (Chi-square, Log-Likelihood, PMI-test, T-test),
(2) hybrid linguostatistical (RAKE,RuTermExtract, SpaCy), (3)machine learning-based
methods (KeyBERT). The list of methods is not limited to those mentioned above. In
this study, algorithmic implementations of statistical methods from the NLTK library
were used.

Before the procedure of keyphrase extraction the text was preprocessed to represent
it in a format suitable for subsequent recognition: tokenization (identifying word forms
in the text) and removal of stop words. It is worth noting that stop words are discourse

4 https://github.com/SergeyShk/ruTS.
5 https://www.text-to-speech.online.

https://github.com/SergeyShk/ruTS
https://www.text-to-speech.online
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Table 1. Experimental parameters.

Parameter Automatic keyphrase
extraction

Expert annotation

Functional style of the text Popular science style Popular science style

Functional register of the text Written Written and oral

Length of keyphrases Limitations depend on the
method

Unigram, bigram, or
trigram

Size of the list of keyphrases 1…10 1…10

Keyphrase ranking method In descending order of
importance

In descending order of
importance

markers that depend on specific texts and tasks. An attempt was also made to lemmatize
the texts, but lemmatization worsened the results achieved for our dataset as it restricted
the output.

Keyphrases were also extracted using ChatGPT, a neural language model based on
artificial intelligence developed by OpenAI. These results were considered as a relative
benchmark in subsequent stages when comparing the results obtained automatically and
through perceptual experiments.

The top 10 results from the keyphrase extraction methods were analyzed.
Manual annotation was obtained as a result of a series of perceptual experiments

involving Russian-speaking participants (readers and listeners). The oral texts were pre-
sented as both natural and synthesized speech samples. The Google Forms platform was
used to create and conduct the research.

Participants in the experiment, based on written text material, were required to iden-
tify 10 keyphrases from the text after reading, which convey the main content of the
document, and rank them frommost important to less important. In the experiment using
oral text material, listeners performed a similar task after listening to an audio recording.
The surveys were designed in such a way that participants had the opportunity to read
the text or listen to audio recordings several times.

Table 2 provides information about the participants.
It is known that the number of keyphrases in a set can vary within a fairly wide

range, but for optimal processing of oral text, a small set of keyphrases is preferred [6,
9]. Therefore, the allocation of exactly 10 keyphrases allows for some flexibility in terms
of relevance.

The instructions specified a restriction on the type of phrases that could be chosen
as keyphrases − participants could select unigrams, bigrams, or trigrams (keyphrases
consisting of one, two, or three words, respectively).

The results of keyphrase extraction were also compared to annotations for prosodi-
cally highlightedwords, obtained from5expert phoneticians.Keyphrase sets and prosod-
ically highlightedword setswere generated independently for the same texts. The experts
were required to listen to the audio recordings and mark the prosodically highlighted
words in the text while listening.
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Table 2. Information about the participants.

Material on which the
experiment is based

Number of the participants Average age of the participants

First and second written
texts

69 (49 female, 20 male) 25

First natural oral text 50 (32 female, 18 male) 21

Second natural oral text 52 (30 female, 22 male) 23

First synthesized text 50 (33 female, 17 male) 27

Second synthesized text 48 (26 female, 220 male) 29

5 Results and Discussion

5.1 Keyphrase Extraction Results Using Automatic Methods on Written Text
and Manually from Written and Natural Oral Text

Whenapplying automatedmethods, statisticalmethodswere clustered based on the prox-
imity of their keyphrase extraction results. Among the methods discussed, Chi-square -
PMI-test and Log-Likelihood - T-test pairs exhibited close groupings. Similar keyphrase
groups ultimately yielded pairs of statistical methods, as well as hybrid linguostatistical
methods RuTermExtract and SpaCy. A similar pattern was observed when working with
both texts.

The keyphrase sets extracted using various automatic methods demonstrated limited
overlap. To evaluate their alignment with actual human perception, experiments were
conducted with participants.

We compared the results of keyphrase extraction using automatic methods in written
text with those manually extracted by participants in experiments using both written and
natural oral texts. The complete list of manually extracted keyphrases was reviewed for
spelling errors and typos.

Table 3 summarizes the overlap between keyphrases identified by participants and
those extracted by various automatic algorithms for different text types (written and
oral). It shows (1) the number of total responses, (2) the number of unique keyphrases
identified in each text type, (3) the top 10 most frequently identified keyphrases in each
text, (4) the percentage of responses accounted for by those top 10 keyphrases, (5) which
algorithms successfully identified some of the same keyphrases as participants.

It is also noteworthy that while the keyphrase sets identified by participants for the
same text presented in written and spoken forms exhibited a degree of overlap, they
demonstrated different relative frequency patterns.

Table 4 compares keyphrase extraction in written and oral texts. It shows that oral
texts generally resulted in lower relative frequencies of keyphrase extraction and fewer
keyphrases achieving a high frequency. The relative frequency of keyphrase extraction
was lower for the oral texts. For example, the keyphrase “универсальная грамматика”
(“universal grammar”),which ranked second in both sets (text 1), had a relative frequency
of 0.080 for the written text and 0.069 for the oral text.
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Table 3. Manual keyphrase extraction overlap with automatic methods.

Experiment Total
responses

Unique
keyphrases

Top 10
keyphrases

% the top 10
of total
responses

Overlapping
automatic
methods (number
of matches)

Written text 1 660 137 341 51.67% Chi-square,
PMI-test (1);
Rake, KeyBERT,
SpaCy (2);
RuTermExtract
(4); ChatGPT (6)

Written text 2 660 157 307 46.52% Log-likelihood,
T-test (1);
KeyBERT,
SpaCy (2);
RuTermExtract;
ChatGPT (4)

Oral text 1 490 166 198 40.41% Chi-square,
PMI-test, Rake
(1); KeyBERT,
SpaCy (2);
RuTermExtract
(5); ChatGPT (6)

Oral text 2 490 189 146 29.8% Log-likelihood,
T-test, Rake,
KeyBERT (1);
RuTermExtract
(2); ChatGPT (3)

Table 4. Comparison of keyphrase extraction results in written and oral texts.

Text Number of
overlapping
keyphrases

Relative frequency of the
keyphrases

Keyphrases with
frequency > 0.05

Text 1 (written & oral) 7 Oral < written 4 (written) = 4 (oral)

Text 2 (written & oral) 5 Oral < written 4 (written) > 2 (oral)

Based on the results obtained for the second text (greater variability in keyphrase
sets; lower relative frequency values for keyphrases compared to the first text), it can
be inferred that it presented a greater challenge for participants’ comprehension, despite
both texts having the same readability level.

When comparing the keyphrase sets generated by various automatic methods and the
results of perceptual experiments, statistical algorithms exhibited the least satisfactory
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results, with matches to participant responses only observed in isolated cases. This is
attributed to the inherent limitations in the applicability of statistical methods. Chat-
GPT demonstrated the highest number of matches with the responses provided by the
participants.

While keyphrase sets extracted from identical written and oral texts exhibit some
overlap, they display significant variation in the relative frequencies of keyphrases. This
suggests that oral texts tend to produce more diverse keyphrase sets compared to written
texts.

5.2 Keyphrase Extraction from Synthesized Texts

The sets of the 10 most frequent keyphrases extracted from both oral texts – natural
and synthesized – were compared. The results of the comparison for the first text are
presented in Table 5, with matching keyphrases highlighted in bold italics.

Interestingly, listeners of the synthesized text demonstrated greater consistency in
choosing keyphrases: the relative frequency formatching keyphrases is higher or approx-
imately the same in the results for the synthesized text as can be clearly seen in Table 5.
As with the first text, the relative frequency for keyphrases extracted from the second
synthesized text is higher than for analogous keyphrases extracted from the natural oral
text. These coincidences suggest that audiences relied on the content level of the texts
when selecting keyphrases, while the acoustic component did not exert a significant
influence.

Table 5. Comparison of Keyphrase Extraction Results from the First Oral Text – Natural and
Synthesized.

Natural text Synthesized text

Keyphrase Relative frequency Keyphrase Relative frequency

Грамматические гены
(grammatical genes)

0.076 Грамматические гены
(grammatical genes)

0.086

Универсальная
грамматика (universal
grammar)

0.069 Универсальная
грамматика (universal
grammar)

0.078

Когнитивный взрыв
(cognitive explosion)

0.055 Когнитивный взрыв
(cognitive explosion)

0.076

Грамматический взрыв
(grammatical explosion)

0.053 Грамматический взрыв
(grammatical explosion)

0.054

Структура (structure) 0.029 Мнемотехника
(Mnemonics)

0.048

Структура в хаосе
(structure in chaos)

0.029 Структура (structure) 0.028

Ищи структуру в хаосе
(look for structure in chaos)

0.027 Структура в хаосе
(structure in chaos)

0.028

(continued)
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Table 5. (continued)

Natural text Synthesized text

Keyphrase Relative frequency Keyphrase Relative frequency

Эксперимент (experiment) 0.027 Эксперимент (experiment) 0.026

Ноам Хомский (Noam
Chomsky)

0.020 Языковые высказывания
(language statements)

0.026

Язык (language) 0.020 Ищи структуру в хаосе
(look for structure in chaos)

0.024

Table 6 compares the results of keyphrase extraction from both spoken texts,
synthesized and natural.

Table 6. Comparison of keyphrase extraction results in natural and synthesized texts.

Text Number of
unique
keyphrases

Top 10
keyphrases
(number of
responses)

Percentage of
total responses

Overlap with natural
text

Synthesized text 1 163 237 47.4% 8 out of 10
keyphrases in the
top 10 set

Synthesized text 2 106 241 50.2% 7 out of 10
keyphrases in the
top 10 set

For natural oral texts, the ratio of unique keyphrases to the total number of responses
was 40.41% for the first text and 29.8% for the second as shown in Table 3. Similar
metrics for synthesized texts were higher −47.4% and 50.2%.

Previously, analyzing the second natural text, we hypothesized that despite its read-
ability level comparable to the first text, it might have beenmore challenging to perceive,
as less consistency was observed among listeners when extracting keyphrases. How-
ever, since the ratio of unique keyphrases to the total number of keyphrases is 1.5 times
higher for the same synthesized text, it is likely that the perception of the synthesized
text enhanced the consistency among listeners. Some increase in consistency was also
observed for the first text. It can be assumed that listeners were either more attentive
when analyzing the content of the synthesized speech or were not influenced by certain
characteristics that affected perception in the case of the natural text. However, further
analysis on a larger corpus is required to refine this hypothesis.
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5.3 Keyphrase Extraction Results and Prosodically Highlighted Words

To test the hypothesis that keyphrases possess a certain prosodic specificity, the results
of keyphrase extraction identified by participants from the spoken texts (natural speech
samples) were compared with annotations for prosodically highlighted words.

Comparing presents a significant challenge. One issue arises from the fact that cer-
tain words and phrases are repeated multiple times within the text. While annotations for
prosodically highlighted words allow for precise identification of which repeated word
the expert intends, keyphrase extraction does not involve isolating specific segments.
Additionally, keyphrases can consist of multiple words, while prosodic highlighting
typically applies to individual words, even if they are adjacent within the text structure.
These characteristics hinder the direct comparison of such datasets. Due to the above-
mentioned reasons, we do not present the results of analyzing the inclusion of keyphrases
within the sets of prosodically highlighted words, but instead analyze the inclusion of
prosodically highlighted words within the sets of keyphrases.

The auditory analysis conducted by expert phoneticians resulted in a complete set
of 350 prosodically highlighted words for the first text and 263 elements for the second
text. Since over half of the words in these sets (61% for the first and 52% for the second)
were highlighted by only one expert, the decision wasmade to consider only those words
selected by at least two experts.

Table 7 compares prosodically highlighted words with manually extracted
keyphrases in two oral texts.

Table 7. Keyphrase Extraction Results & Prosodically Highlighted Words.

Text Prosodically
highlighted word
selected by at least 2
experts

Number of
extracted
keyphrases

Overlap
(prosodically
highlighting &
keyphrases)

Concordance
coefficient

Text 1 103 166 27.18% 0.00113

Text 2 169 189 22.94% 0.00187

While there are some overlapping words, less than 30% of the prosodically high-
lighted words coincided with keyphrases, meaning that a significant portion of the
analyzed set of prosodically highlighted words was not included in the set of keyphrases.

This suggests that prosodic highlighting alone is not a strong indicator of keyphrase
status, and that other factors likely contribute to human perception of keyphrases. The
table also highlights the low agreement between experts regarding prosodic highlighting,
as indicated by the concordance coefficient.

5.4 Acoustic Analysis of the Keyphrases

This study investigated the acoustic correlates of keyphrase extraction by human lis-
teners. An acoustic analysis was conducted on words, phrases up to three words, and
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sentences in natural oral texts. The aim was to investigate the presence of acoustic
correlates associated with the extraction of these units as keyphrases by human listeners.

Acoustic features were extracted using the OpenSMILE library6 and the eGeMAPS
v0.2 feature set. This set was chosen for its efficiency, offering a minimal number of
significant features, facilitating rapid feature extraction and simplifying interpretation.
The eGeMAPS set encompasses a total of 88 parameters. The parameters for this feature
setwere selected based on factors such as: (1) their ability to reflect physiological changes
in voice production associated with the transmission of emotional states, (2) their proven
value in previous research, (3) the availability of automatic extraction methods, and (4)
their theoretical significance.

While more comprehensive feature sets, such as ComParE [15], could potentially
provide a more complete understanding of the speech processes, eGeMAPS v0.2 was
deemed sufficient for this study’s objectives.

Analysis revealed weak positive or negative Pearson correlations between certain
acoustic features and keyphrase extraction, as presented in Table 5.

Notably, accounting for the position of the keyphrase within a sentence and the
duration of pauses before and after keyphrases and other words did not reveal any
significant correlation with their extraction by listeners. This is despite the correlation
between keyphrases and pauses after themnoted in [8]. Further investigation iswarranted
to understand the discrepancies between these findings.

Table 8 reveals a slight but consistent correlation with spectral and frequency char-
acteristics, suggesting that keyphrases in Russian may be characterized by wider pitch

Table 8. Acoustic analysis of the keyphrases.

Acoustic feature Meaning of the
acoustic
feature

Pearson correlation

The first text The second
text

Both texts

alphaRatioUV_sma3nz_amean The arithmetic
mean of ratio
of the summed
energy from
50–1000 Hz
and 1–5 kHz

−0.1627 −0.1148 −0.1347

F0semitoneFrom27.5Hz_sma3nz_pctlrange0–2 The
logarithmic F0
on a semitone
frequency
scale, starting
at 27.5 Hz
(semitone 0).
Percentile
range of 0 to
20-th
percentiles

0.2373 0.1783 0.1847

(continued)

6 https://audeering.github.io/opensmile-python/.

https://audeering.github.io/opensmile-python/
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Table 8. (continued)

Acoustic feature Meaning of the
acoustic
feature

Pearson correlation

The first text The second
text

Both texts

F0semitoneFrom27.5Hz_sma3nz_stddevNorm The
logarithmic F0
on a semitone
frequency
scale, starting
at 27.5 Hz
(semitone 0)
(normalized
standard
deviation)

0.2563 0.1685 0.1995

F1frequency_sma3nz_stddevNorm The center
frequency of
the first
formant
(coefficient of
variation)

0.1307 0.1596 0.1417

F2bandwidth_sma3nz_stddevNorm The bandwidth
of the second
formant
(coefficient of
variation)

0.1359 0.1415 0,1194

F2frequency_sma3nz_stddevNorm The center
frequency of
the second
formant
(coefficient of
variation)

0.1151 0.1487 0.1178

F3bandwidth_sma3nz_stddevNorm The bandwidth
of the third
formant
(coefficient of
variation)

0.1413 0.1428 0.1087

F3frequency_sma3nz_stddevNorm The center
frequency of
the third
formant
(coefficient of
variation)

0.1509 0.1074 0.1090

hammarbergIndexUV_sma3nz_amean The ratio of the
strongest
energy peak in
the 0–2 kHz
region to the
strongest peak
in the 2–5 kHz
region

0.1685 0.1189 0.1392

(continued)
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Table 8. (continued)

Acoustic feature Meaning of the
acoustic
feature

Pearson correlation

The first text The second
text

Both texts

jitterLocal_sma3nz_stddevNorm The deviations
in individual
consecutive F0
period lengths
(coefficient of
variation)

0.1785 0.1507 0.1536

loudness_sma3_stddevNorm The estimate of
perceived
signal intensity
from an
auditory
spectrum
(coefficient of
variation)

0.1720 0.1766 0.1756

MeanVoicedSegmentLengthSec The mean
length of
continuously
voiced regions
(F0 > 0)

0.1660 0.1080 0.1273

shimmerLocaldB_sma3nz_stddevNorm The difference
of the peak
amplitudes of
consecutive F0
periods
(coefficient of
variation)

0.1653 0.1450 0.1466

slopeUV500-1500_sma3nz_amean The linear
regression
slope of the
logarithmic
power
spectrum
within the two
bands (500 and
1500)

−0.1186 −0.1693 −0.1395

spectralFluxV_sma3nz_stddevNorm The difference
of the spectra
of two
consecutive
frames
(coefficient of
variation)

0.1844 0.2267 0.1921

(continued)
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Table 8. (continued)

Acoustic feature Meaning of the
acoustic
feature

Pearson correlation

The first text The second
text

Both texts

StddevVoicedSegmentLengthSec The standard
deviation of
continuously
voiced regions
(F0 > 0)

0.17757 0.165537 0.166571

range and higher energy, similar to findings observed in previous research on English
and Mandarin [1].

6 Conclusion and Future Work

This study investigated how the perception of written and oral text content differs at the
level of keyphrase extraction. A series of experiments were conducted using materials
from popular science lectures presented in both written and spoken formats, with the
latter employing audio recordings of natural and synthesized speech.

Keyphraseswere extracted fromwritten texts using various automated algorithms. To
obtainmanual annotation of keyphrases, perceptual experimentswere organized. In total,
269 auditors participated in the surveys. For spoken texts, annotation of prosodically
highlighted words was also obtained, with 5 expert phoneticians involved in the task.

The study yielded several findings.

1. Sets of keyphrases obtained using different automated methods demonstrate lit-
tle overlap with each other. Statistical algorithms show the lowest effectiveness in
keyphrase extraction that coincide with those identified by auditors. The generative
AI model ChatGPT shows results closest to actual human perception.

2. Sets of keyphrases extracted from the same written and oral texts partially overlap,
but demonstrate differences in relative frequency of keyphrases, indicating greater
variability in sets extracted from oral texts.

3. Experiments using neutral synthesized texts indicate that listeners primarily rely on
the semantic content of the text when comprehending spoken language, rather than
solely on acoustic features. This suggests that automatic identification of keyphrases
within the speech stream without relying on text may be a challenging task. Further
research with a larger dataset is necessary to confirm this finding.

4. Analysis of data obtained from the perceptive experiment on keyphrase extraction
and audio analysis of the original lectures have confirmed that keyphrases might
be characterized by longer duration, wider pitch range and higher energy as shown
earlier in similar studies on Mandarin Chinese and English.

The results obtained in this study can serve as a foundation for further development of
automatic summarization algorithms for spoken texts. Existingmethods for summarizing
spoken texts primarily focus on keyphrase extraction from recognized textual data. In
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this regard, summarization algorithms capable of keyphrase extraction directly from the
audio signal are particularly interesting. Developing such models requires considering
both the characteristics of human perception of oral texts and the acoustic characteristics
of the speech signal.
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Abstract. The goal of the study was to assess children’s ability to manifest emo-
tions in facial expressions and speech by humans, automatic and using Likert scale
scores. To achieve this goal, two studies were conducted. The first study performed
a perceptual and automatic analysis of the emotions “joy - neutral - sadness - anger”
in typically developing (TD) children; the second - compared emotion recogni-
tion in four groups of children - TD, autism spectrum disorders (ASD), intellectual
disabilities (ID) and Down syndrome (DS) by expert and automatic, and analyzed
Likert scale scores for completing test tasks. The participants of the study were
110 children aged 5 - 16 years, 18 adults. The original dataset containing video
and audio fragments of children’s emotional states was used. Experts recognize
the emotions of children from all groups by video and speechmore accurately than
automatic classifications, with higher UAR values for TD children by audio and
video in a perceptual experiment and by audio in the automatic classification of
emotions. Differences in the classification accuracy of emotions in children with
ASD, ID, and DSwere identified. Sadness and anger states are automatically clas-
sified poorly by audio and video in children with ASD, ID, and DS. The novelty
of the results lays in the obtaining normative data on the recognition of emotions
in TD children and in comparative data on groups of TD children, children with
ASD, ID, DS.

Keywords: Emotional State · Perceptual and Automatic Recognition ·
Children · Video · Audio Modalities · Likert Scale Scores

1 Introduction

In recent decades, the use of artificial intelligence and neurotechnologies in medicine
has been an actively developing area. A special place in medical practice is occupied
by the development of technologies for early diagnosis, rehabilitation, training, and the
creation of assistive and alternative communication systems using artificial intelligence.
Conversational agents, virtual assistants, and educational robots are developed for adults
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A. Karpov and V. Delić (Eds.): SPECOM 2024, LNAI 15299, pp. 281–294, 2025.
https://doi.org/10.1007/978-3-031-77961-9_21

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-77961-9_21&domain=pdf
http://orcid.org/0000-0002-6073-0393
http://orcid.org/0000-0002-6293-009X
http://orcid.org/0000-0001-7494-8329
http://orcid.org/0000-0002-2797-2948
http://orcid.org/0000-0003-1695-3618
https://doi.org/10.1007/978-3-031-77961-9_21


282 E. Lyakso et al.

and children with Down syndrome (DS) [1, 2], for children with autism spectrum dis-
orders (ASD) [3, 4] and intellectual disabilities (ID) [5]. Assessing the development
of the emotional sphere of children, identifying specific features of the manifestation,
regulation, and recognition of emotions is one of the important diagnostic components.

The development of the emotional sphere of typically development (TD) children is
studied on the material of different cultures [6–8]; the specifics of the formation of dif-
ferent levels of the emotional development in children, depending on age, was described
[9]. Educational programs, books, movies, cartoons, and gadgets are aimed at the age of
children. For children with atypical development or developmental disorders, the situa-
tion is more complicated. Each disease has its own development profile, including the
emotional sphere of the child. In the case of developmental disorders and/or atypical
development of the child, there may be a discrepancy between the internal state and the
external manifestation of emotions [10], a discrepancy in the manifestation of emotions
in facial expressions and voice [11].

IndividualswithASD tend to experience difficultieswith emotion regulation [12, 13].
It was noted, that there are significant and broad-ranging deficits in emotion processing
in ASD, present across a range of stimulus domains and in the auditory and visual
modalities [14]. ASD is characterized by impairments in the recognition of emotional
and non-emotional facial features, as well as in the recognition of emotions in faces and
othermodalities [15]. The emotions of childrenwith IDhave not been studied sufficiently
[16]. The focus is on the needs and emotions of children with severe disabilities [17].
Many works are devoted to studying the recognition of emotions by adults and children
with Down syndrome (DS) through facial expression [18], by facial expression and
vocalizations [19]. Studies on the manifestation of emotional states by children with
DS are few [20, 21], which may be due to traditional views that perceive people with
DS as friendly, sociable, charming individuals with a positive mood [22]. The studies
for children’s emotion classification by voice and facial expressions using the original
dataset obtainedwhenperforming standardized test tasks by childrenwith developmental
disorders are absent.

The methodological approach Child Emotional Development Method (CEDM)
developed for assessing the emotional sphere of children allowed us to obtain data
on the reflection of emotions in the facial expression, voice and speech of TD children,
children with ASD, ID, and DS, to create a dataset and obtain scores for the test tasks
completed by children.

The purpose of the study was to assess children’s ability to manifest emotions in
facial expressions and speech by humans, automatic, and using Likert scale scores.

2 Methods

2.1 Experimental Design

To achieve this goal, two studies were conducted. In the first study, a perceptual and
automatic analysis of the emotions “joy - neutral - sadness - anger” of TD children was
carried out according to the approaches we used assessing emotions by audio and video
in children with DS [23], ASD, and ID [24]. The second study was made to compare the
recognition of emotions in children of four groups -TD,ASD, ID, andDS - by experts and
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automatically. Testing of childrenwas carried out according to a standardized protocol of
the CEDM [25] and to assess the recognition of children’s emotions by facial expressions
and speech, recordings of identical test tasks performed by all children were used. The
implementation of test tasks was assessed on a Likert scale [26]. Therefore, along with
the assessment of children’s ability to manifest emotions in facial expressions, voice and
speech by humans and automatically, Likert scale points were used (Fig. 1).

Fig. 1. The design of the experiment.

2.2 Participants of the Study

The participants of the study were 110 children aged 5 - 16 years: 25 children with ASD,
25 children with ID, 35 children with DS, and 35 TD children. The choice of children
was carried out in accordance with the selection criteria for testing by СEDM [25]. The
number of children in age groups (5–7 years, 8–11 years, 12–14 years, 15–16 years) was
the same for each group of participants. The CARS scale, which indicates the severity of
autistic disorders, was completed by the parents of children with ASD and ID (autistic
disorders may accompany intellectual disabilities as concomitant symptoms); for ASD
children scores – 30 - 43 points, mild to moderate severity of autistic disorders, for
children with ID - mild to moderate impairment. 14 adults – experts (age 36.7 ± 13 y;
7 - male, 7 - female) participated in the study, 4 other experts analyzed dataset.

2.3 Data Collection

Video and audio recordings of emotional expression were made in the laboratory con-
dition for TD children, in the Medical Center (St. Petersburg, Russia) (for ASD & ID
children), and in the child center of the public organization “Down Center” (St. Peters-
burg) (for children with DS) in a testing of the Child Emotional Development Method
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(CEDM) [25]. The duration of testing was from 1 to 2 h, which was determined by
the psychoneurological state of the children and the characteristics of their behavior.
The testing scheme was constant [25] regardless of the group of children. Children with
ASD, ID, DS were tested in the presence of their parents.

The recording was carried out in a room measuring 18 m2 - 25 m2, without a special
noise-absorbing wall covering, but with soft puzzle mats on the floor.

For video recording of facial expression of children, a SONY HDR-CX560 video
camera (maximum resolution 1920 × 1080 at 50 frames per second) was used, which
was located at a distance of 1 m from the child’s face. To record children’s speech,
Marantz PMD660 tape recorder with a SENNHEIZER e835S external microphone was
used. The microphone was set at a distance of 30–50 cm from the child’s face. Audio
files were saved in.wav format, 48000 Hz, 16 bits.

The parents of the children participating in the study signed an informed consent
approved by the Ethics Committee of St. Petersburg State University.

2.4 Dataset

The original dataset containing video and audio fragments of children’s emotional states
was used. From the records of testing children according to the CEDM, two specialists
selected the video fragments during which the child demonstrates facial expressions
corresponding to one of the four emotional states (joy, neutral, sadness, anger). Only
those video clips were selected when the child’s face and entire head were completely
in the frame and were not covered by hands or toys. All video fragments were annotated
by two experts in the state of “joy- neutral (calm) - sadness - anger”. We selected only
video clips for which the agreement between experts was 1.0 [27]. The audio fragments
contained children’s speech (the segments with the speech of adults were removed)
corresponding to video fragments.

2.5 Likert Scale

By video, two experts scored for children’s performance of test tasks (Cohen kappa
coefficient, k = 1.0 [27]) on a 4-point Likert scale [26] “1 = none, 2 = slightly, 3 =
moderate, 4 = perfect.” The criteria for scoring were: points for emotions recognition:
1 – does not perform the test; 2 – up to 49% correct answers; 3- more than 50% correct
answers; 4 - all correct answers. More details are presented in the earlier publication on
testing the methodology [25].

2.6 Perceptual Study

Video and audio tests were created for the perceptual experiment. 50 video fragments
were selected from the dataset for TD children and a video test was created. For TD
children, the selection of fragments of recordings when performing test tasks CEDM,
their annotation and number were carried out similarly to the previously used approach
for children with ASD, ID [24], and DS [23]. The duration of the fragments was from 3
to 30 s. Before each video fragment, the number was inserted. The pause between the
fragments was 10 s. Each video fragment was included in the test once.
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The video test was presented to a group of adults (experts) without sound from a
personal computer monitor. When watching the test, experts noted the emotional state
of the children, choosing one of the four proposed categories.

The audio test contained children’s speech corresponding to the video fragments.
Each speech signal was repeated once in the test, the pause between speech signals was
5 s. The audio test was presented to experts (the same that watched the video) in an open
field. There was no preliminary training of adults. The video and audio tests were used
for automatic analysis.

2.7 Automatic Analysis of Facial Expression and Emotional Speech of Children

Analysis of Facial Expression Using Convolutional Neural Network. For prepro-
cessing, the video records were split into series of frames (static images) with FFmpeg
[28], a free and open-source software project consisting of a suite of libraries and pro-
grams for handling video, audio, and other multimedia files and streams, and then each
frame was processed with OpenCV face detector via Deepface [29], a lightweight face
recognition and facial attribute analysis framework. Since the video segments with a sin-
gle child contained only a small number of frames without a detected face, we applied
a sliding window to filter out the empty frames, timestamp the segments, and map them
to the labels. For the face emotion detection, we used the Deepface default model based
on the VGG-face infrastructure.

Analysis of Emotional Speech Using Recurrent Neural Network (RNN). For the
audio records, the segments with utterances of a single child were manually clipped via
Audacity [30], a free and open-source digital audio editor and mapped to the labels.
For the speech emotion detection, we used a simple recurrent neural network with two
recurrent and two fully-connected layers with 128 RNN and dense units each trained on
a combination of The Ryerson Audio-Visual Database of Emotional Speech and Song
(RAVDESS), Toronto Emotional Speech Set (TESS), and Berlin Database of Emotional
Speech (EMO-DB) datasets. We did not apply any additional transfer learning or fine-
tuning.

Confusion matrixes were prepared. We calculated recall, precision, F-1 score for
each emotion, Unweighted Average Recall (UAR) - for all emotions [31].

3 Results

3.1 Study 1: Perceptual Experiment

Recognition by Experts of the Emotional State of TD Children by Facial
Expression. An analysis of the results of the perceptual experiment showed that by
video fragments of TD children, experts recognize the joy (97% correct answer), anger
(69%), and neutral (63%) states better than the sadness state, confusing it with the neutral
state (45%) (Table 1). The Unweighted Average Recall (UAR) was 0.67.
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Table 1. Confusion matrix for recognition by experts of the emotional states of TD children by
video fragments (% of expert’s answers).

joy neutral sadness anger

joy 97 2 1 0

neutral 7 63 25 5

sadness 3 45 39 13

anger 6 19 6 69

Recall 0.97 0.63 0.39 0.69

Precision 0.86 0.49 0.55 0.79

F1-score 0.91 0.55 0.46 0.74

UAR = 0.67

Note: The column headers indicate predictions

Table 2. Confusionmatrix for recognition by experts of emotional states by speech of TDchildren
(% of expert’s answers).

joy neutral sadness anger

joy 80 15 4 1

neutral 10 82 7 1

sadness 4 24 70 2

anger 4 17 7 72

Recall 0.80 0.82 0.70 0.72

Precision 0.82 0.59 0.80 0.95

F1-score 0.81 0.69 0.74 0.82

UAR = 0.76

Recognitionof theEmotional State ofTDChildrenbySpeech. The experts recognize
all emotions in children’s speech with great accuracy, with better recognition of the joy
and neutral states (Table 2). The UAR was −0.76. They confused sadness and anger
mainly with the neutral state.

3.2 Study 1: Automatic Analysis of Facial Expression

Analysis Using Convolutional Neural Network. By the video of TD children, the
neutral and joy states were classified better than the anger and sadness states (Table 3).
UAR for TD children was −0.43. The performance is above chance level.
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Table 3. Confusion matrix for automatic classification of emotional states of TD children by
video fragments, %.

joy neutral sadness anger

joy 51 35 6 8

neutral 3 66 23 8

sadness 5 52 31 12

anger 3 47 26 24

Recall 0.51 0.66 0.31 0.24

Precision 0.76 0.51 0.3 0.38

F1-score 0.61 0.57 0.31 0.29

UAR = 0.43

3.3 Study 1: Automatic Analysis of Speech

Analysis Using Recurrent Neural Network. For the audio, the joy and neutral states
were classified better than the anger and sadness states (Table 4). UAR for TD children
was −0.5. The performance for audio is higher than for video.

Table 4. Confusion matrix for automatic classification of emotional states of children by audio,
%.

joy neutral sadness anger

joy 62 15 23 0

neutral 8 54 23 15

sadness 29 14 43 14

anger 10 30 20 40

Recall 0.62 0.54 0.43 0.4

Precision 0.57 0.5 0.43 0.5

F1-score 0.59 0.52 0.43 0.44

UAR = 0.50

3.4 Study 2: Recognition of the Emotional State of TD Children, Children
with ASD, ID, DS: Comparative Data

Experts identified the emotions of children from all groups by video and speech more
accurately than automatic analysis, with higher UAR values for TD children by audio
and video in a perceptual experiment and by audio in the automatic classification of
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emotions (Fig. 2). UAR values for children of different groups did not differ significantly
in emotion recognition in the video by experts and automatic. Experts identified emotions
more accurately in the audio test for TD children vs children with ASD, ID, and DS.

Fig. 2. The Unweighted Average Recall for emotions recognized from video and audio of TD
children, children with ASD, ID, DS by experts and automatic.

Experts recognize all emotions from video and audio in children of all groups,
but with varying accuracy (Fig. 3 A.C). All emotions in all groups of children are
automatically classified by video (Fig. 3 B), with worse recognition of the anger state;
by audio - all emotions are classified in TD children; in children with ASD, ID, and DS
- only the neutral state is classified with greater accuracy (Fig. 3 D).

Experts better recognized the joy state from the facial expressions of TD children
and children with ID, the neutral state in children with ASD and DS, and worse – the
state of sadness in all groups of children (Fig. 3 A). Recognition of the anger state in
TD children, children with ASD and ID does not differ significantly; experts recognized
worse anger from the facial expressions of children with DS.

By the video of ASD, ID and DS children, the joy state was classified automatic
better than the neutral, anger and sadness states; the neutral state was classified better in
TD children; anger state is poorly classified in all groups of children (Fig. 3 B).

Experts recognized the emotions of children of all groups from audio, with the higher
accuracy for all emotions in TD children, for anger - in children with ASD and DS. The
joy state is worse recognized in the speech of children with DS (Fig. 3 C).

For the audio of TD children, all emotions were automatic classified with perfor-
mance is above chance; of ASD, ID and DS children, the neutral state was classified
better than the joy, anger, and sadness states. By audio of children with ASD, the joy
and sadness states were not classified automatically, the anger state – for children with
ID, the sadness state – for children with DS (Fig. 3 D).

Likert Scale Scores for Test Tasks Completed by Children. Children received scores
on a Likert scale for completing test tasks in which they naturally (spontaneous) showed
different emotions (conversation with the experimenter, playing with toys, сo-op play,
telling a story based on pictures “Tale of the little Lion”) and for “acting” expressions of
emotions. “Acting” play is the test task in which a child is asked to express the emotions
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Fig. 3. Recognition of the emotional states of TD children, children with ASD, ID and DS by
their facial expressions and speech by experts and automatic, %.

“joy – neutral – sadness – anger” in the voice and in the facial expression. In test tasks
with spontaneous expression of emotions, children with ASD had the lowest scores
compared to children with DS, ID and, especially, TD, for the expression of emotions
(1–4 points) and for a fully completed test task (Fig. 4 A).

Emotions manifestation by the voice in “acting” play was a more difficult test task
for children of all groups compared to manifesting emotions in facial expression, with
higher scores in TD children (Fig. 4 B). Children with DS had the lowest scores for the
test task – emotions expression in voice and facial expressions; children with ASD had
lower scores than children with ID and TD.

3.5 Emotional Portrait of Children: Summary

For TD Children. Experts recognized all emotions by video and audio with great
accuracy, sadness - worse by video with less accuracy in automatic classification of
sadness and anger states. On the Likert scale, high scores for completed test tasks,
spontaneous emotions, emotions in facial expressions and voice when performing test
tasks in “acting” play were obtained.

For Children with ASD. Experts recognized by video joy and a neutral states with
great accuracy, anger -worse, sadness – poorly. The joy statewas classified automatically
with greater accuracy, neutral state and sadness - worse, with the worst recognition for
the anger state. By audio, experts recognized all emotions well, with more accurate
recognition of the anger state; in automatic classification, the neutral state was better
classified, anger was poorly classified, and joy and sadness were not recognized.
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Fig. 4. Likert scale scores for: A - scores for test tasks in which children naturally (spontaneously)
expressed different emotions. Dark columns - total points for the test task, light columns - points for
reflection different emotions during performing the test task. B - points for “acting” play – emotions
manifestation in facial expressions (dark columns) and in speech & voice (light columns).

On the Likert scale, the lowest scores are for completed test tasks and spontaneous
emotions; in “acting” play test tasks, children express emotions in their voice and facial
expressions (worse than in their voice), but better than children with DS and worse than
children with ID.

For Children with ID. Experts better recognized by video joy, neutral, anger states,
worse – sadness state. All emotions were automatically classified by video, with the
highest accuracy for joy and sadness states, worse – for neutral, and worst – for anger
state. By audio, experts recognized all emotions, with worse recognition of anger. The
neutral state was automatically classified, joy and sadness were classified worse, and
anger was not classified.

On the Likert scale, scores for completed test tasks and spontaneous emotions were
higher than for children with DS and ASD, lower than those for TD children. In “acting”
play test tasks, children showed all emotions well in facial expressions and voice; scores
were higher than those of ASD children and children with DS.

For Children with DS. By video, experts recognized joy, neutral, and sadness states,
withworse recognition of the anger state; automatic system classified all emotions, better
- joy and sadness, worse - neutral, and worst - anger state. By audio, experts recognized
all emotions, with the worst recognition of joy; automatic system classified neutral state
with great accuracy, worse – joy and anger, does not recognize sadness.

On the Likert scale, scores for test tasks and spontaneous emotions were higher than
for children with ASD, lower than for children with ID. In test tasks for “acting” play,
children with DS showed emotions poorly in facial expressions and voice; their scores
were lower than those for ASD and ID children. Scores for test tasks and spontaneous
emotions were higher, in test tasks for “acting” play there were low scores for the
manifestation of emotions in facial expressions and voice.
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4 Discussion and Conclusion

The present work is part of the investigation on the formation of emotions in children
with typical development and children with developmental disorders. Children’s ability
to express emotions in facial expressions, voice and speechwas estimated through human
assessment, automatic classification, and Likert scale scores. The paper presents the
results of two experimental studies – the recognition of emotional states of TD children
by humans and automatically, comparative analysis of the recognition of the emotional
states of children with different groups (TD, ASD, ID, DS) by video and speech. For
the correct comparison of the results, a unified approach to the collection and analysis
of material [25] was used.

Different approaches to the analysis of the recognition of the emotions in children -
a perceptual experiment, automatic classification by facial expression and speech, and
Likert scale scores revealed that the emotions of TD children are recognized better vs
ID, ASD, and DS children. This result was expected, but it is important as a control with
which data for children with ASD, ID, and DS can be compared. Experts and automatic
systems classified emotions more accurately by the audio in TD children compared to
childrenwithASD, ID, andDS. Sadness and anger states in TD childrenwere recognized
less accurately than joy and neutral states, which may be due to cultural specificity [32]
and upbringing [33].

The question of the correctness of comparing the manifestations of emotions in
children with ASD and TD children is discussed [34, 35]. It was shown that the facial
expressions of children with ASD are considered unusual, which is represented in the
questionnaires used for autism diagnosing [34]. The emotions of children with ASD
are more diverse than the emotions proposed in the questionnaire of the perceptual
experiment and are more reminiscent of the complex emotional manifestations of adults
[35]. Therefore, in this study, we use data on TD children as a baseline, and compare
the expression of emotions in children of different groups - ASD, ID, and DS.

We assumed that the low accuracy of recognition of any emotion in one modality
could be compensated by more accurate recognition in another modality. Thus, for each
emotional state of the child of each developmental disorder - ASD, ID, and DS, the
correct classification ranges were obtained. Likert scale scores for completed test tasks
would be used to further assess the development of emotions in children. Additionally,
since scores are assigned for each test task completed, they can more accurately indicate
which task the child is performing worse or better. The final result would be a judgment,
based on taking into account the range of accuracy of emotion classification and scoring,
which category the analyzed emotional manifestations belong to – closer to TD, closer
to ASD, closer to ID or DS. But the results showed the following:

For children with ASD the neutral state was automatically classified with great
accuracy by video and audio, poorly – anger state. Anger, which is poorly recognized
by video, can be supplemented by recognition by audio. Joy and sadness states are well
classified only by video.

Automatic recognition of emotions in children with ID from video can be supple-
mented by recognition from the audio modality, since from video - the neutral state is
poorly recognized, but from audio – good. The joy and sadness are good recognized
from video and poorly from audio; anger is recognized only by video.
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For children with DS, the joy state was automatically classified with great accuracy
by video (correspond with data [21]), neutral state – by video and audio. The states of
sadness and, especially, anger are poorly classified by video; the state of sadness is not
classified by audio. The results of automatic classification also correspond to scores on
a Likert scale.

Thus, emotions with a negative valence - sadness and anger - are automatically clas-
sified poorly by audio and video in children with ASD, ID, and DS, which is consistent
with the works about difficulties in classifying emotions in individuals with ASD [36]
and ID [37]. Based on audio, children’s neutral state is classified with great accuracy.

At least two questions arise. First, why is anger automatically classified poorly, but
recognized well by people? For European culture, the expression of anger is socially
unacceptable; children are taught not to show negative emotions [6]. Automatic classi-
fication methods have shown that negative emotions among representatives of different
cultures are well recognized [38]. People, knowing the nuances of the manifestation of
anger, rely on weakly expressed characteristics of facial expressions or voices to recog-
nize anger. Second, what could be the reason for this - whether it is due to the approaches
used for automatic classification or the material, especially for the video modality? Pre-
viously, we raised the question of using photographs to recognize emotions by facial
expression [35], but such an approach would significantly simplify the task. It is known
that the movement of facial features provides additional unique temporal information
that contributes to more accurate emotion recognition [39]. This poses the task of finding
new algorithms for classifying the emotions of children with developmental disabilities
based on their facial expressions and speech. The novelty of the results lays in the obtain-
ing normative data on the recognition of emotions in TD children and in comparative
data on groups of TD children, children with ASD, ID, DS.

Limitation: 1. Small number of audio and video fragments for automatic classification.
2. We used existing software to classify the emotional states of TD children and children
with DS, ASD, ID for the purpose to compare the data.

Future: 1. Multimodal classification models (Audio (voice and speech) + Video) 2.
Creation new approaches for automatic classification of emotional state of children with
atypical development, taking into account their psychoneurological state.
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Abstract. Multiple sclerosis (MS) is a chronic autoimmune neurode-
generative disease, affecting the central nervous system. The disease can
induce various symptoms, such as adversarily affecting the speech of the
subject in various ways, therefore allowing the use of automatic speech
analysis for the detection of MS and for monitoring the condition of
the patient. Owing to data scarcity, however, deep neural networks are
usually not employed for this task as classifiers, but are used as fea-
ture extractors. This is the case for self-supervised networks such as
wav2vec 2.0 as well, where a straightforward source of embeddings (used
as features) are the last layers of the convolutional (lower) and fine-
tuned (higher) blocks. In this study we investigate whether extracting
the embeddings from some other, inner layer of the fine-tuned (trans-
former) block can help improve MS detection performance. Tested on
two speech tasks, we found that the lowest one-third of the 24 fine-tuned
layers proved to be the most suitable for feature extraction, which led to
statistically significant improvements in the AUC scores for both speech
tasks.

Keywords: Multiple sclerosis · Pathological speech processing ·
Wav2vec 2.0 · Feature extraction

1 Introduction

Multiple sclerosis (MS) is a chronic autoimmune neurodegenerative disease,
affecting the central nervous system, which can result in various cognitive and
linguistic impairments of the subjects [29]. The progression of MS may vary con-
siderably from subject to subject, and it can change over time. Several changes
may occur as the disease progresses: an increase in disability (affecting walking,
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balance, coordination, and other physical abilities of the patient); an increase
in fatigue; sensory changes (affecting the ability to feel cold, heat and touch)
and changes in cognitive and language functions. Noting these points, auto-
matic speech analysis might contribute to detect the disease in an automatic,
contact-free and (relatively) cheap way, or serve as a screening technique.

In the past decade, automatic speech analysis has developed into a broad area
within speech technology. It includes computational paralinguistics, which seeks
to automatically identify different speaker traits and states, such as emotion
recognition [13,21], speaker age and gender determination [22], assessing the
degree of sleepiness [15], whether the speaker has cold [33], or the presence of
stuttering [12]. It also includes pathological speech processing tasks, where the aim
is to automatically decide whether the speaker is suffering from a specific disease
such as Parkinson’s Disease [17,19], Alzheimer’s Disease [16,27], mild cognitive
impairment [25] or depression [9,18]. After the deep learning revolution, deep
networks also found their way into the pathological speech processing area [9,
17,27].

Nowadays, with the emergence of self-supervised learning, perhaps the most
widely-used speech processing network type is wav2vec 2.0 [2]. Besides direct
speech processing applications [6,24], evaluating the network on a specific speech
utterance and noting the activations of a specific hidden layer (i.e. the embed-
dings) and using these vectors as features (and thus, the whole network as a
feature extractor) is a common approach as well [7,26]. Due to the scarcity of
resources in the pathological speech processing area, deep networks are rarely
used as classifiers there, but they primarily serve as feature extractors [7,27,30].

To employ neural networks (including those with a wav2vec 2.0 architecture)
as feature extractors, one has to choose a specific layer to take the embeddings
from. A wav2vec 2.0 network has two main blocks: the lower convolutional one
and the higher fine-tuned one, and the straightforward sources of embeddings are
the last layers of each block [20]. In this study, however, we investigate whether
some inner layer of the fine-tuned block might supply better features. For this, we
take a network fine-tuned on the target language (in our case, Hungarian), and
test the embeddings taken from all of the inner layers of the fine-tuned block as
machine learning features to distinguish multiple sclerosis patients from healthy
control (HC) subjects.

2 The Hungarian Multiple Sclerosis Corpus

All the tests were carried out at the Neurology Department of Uzsoki Hospital,
Budapest, Hungary, and at the Research Center for Linguistics of the Hungarian
Research Network, Budapest, Hungary. The study was approved by the Ethics
Committee of the Uzsoki Hospital, and it was conducted in accordance with the
Declaration of Helsinki. In the current study we use the recordings of 23 MS sub-
jects (5 males and 18 females) and 22 healthy controls (6 males and 16 females).
All 23 MS subjects belonged to the relapsed-remitting MS subtype (RRMS). All
the speakers involved in the study were native Hungarian speakers. The MS and
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HC groups displayed no statistically significant difference in their demographic
attributes (age in years, gender (male / female) and years of education).

The protocol for collecting the speech samples from the subjects was quite
extensive, involving 17 different speech tasks. In the current study, due to space
limitations, we use the recordings of two spontaneous speech tasks: in the Opin-
ion task the subjects were asked to share their opinions about vegetarianism,
while in the Narrative Recall speech task the subjects listened to a two-minute-
long historical anecdote that was unknown to them beforehand, and they had
to summarize the story heard as accurately as possible. Although participants
have to produce coherent, complex narratives in both tasks, there are some sig-
nificant differences in the cognitive requirements of these task. Namely, in the
Narrative Recall task the speakers had to rely significantly on their working
memory, and they had to inhibit irrelevant information, compared to the clearly
simpler Opinion speech task.

The recording was performed with a Sony PCM-A10 digital dictaphone using
a tie clip microphone with a sampling rate of 48 kHz; later the recordings were
converted to 16 kHz mono with a 16 bit resolution.

3 Wav2vec 2.0

wav2vec is a convolutional neural network (CNN) designed to process raw audio
signals as input and generate representations suitable for automatic speech recog-
nition (ASR) systems. The model is trained in a self-supervised manner, during
which it learns to predict future observations for the given speech sample [28].
This self-supervised training allows the model to be pre-trained on large, unan-
notated corpora, enabling subsequent fine-tuning for specific audio processing
tasks such as ASR for low-resource languages [24] or paralinguistic appications
(e.g. emotion detection [26]). The wav2vec 2.0 architecture further enhances
this approach by incorporating masking during training. Specifically, raw audio
is encoded using a block of convolutional neural networks, and small segments
of the resulting latent speech representations are masked, akin to masked lan-
guage modeling. These masked representations are then processed by a quantizer,
which selects speech units from an inventory of learned units, and a transformer
network, which incorporates information from the entire utterance [2]. Figure 1
shows the layout of the (fine-tuned) wav2vec 2.0 structure.

3.1 Wav2vec2 for Feature Extraction

The outputs from the multi-layer convolutional block are the sequence of
extracted feature vectors of the last convolutional layer, while the outputs from
the second (fine-tuned) block comprise the sequence of the hidden states of the
last layer of the block. These two types of feature vectors may carry relevant
information for a large range of speech processing tasks, so they are quite pop-
ular as features [8,20]. Of course, these embeddings are at the frame level, so
the number of these vectors is proportional to the length of the utterance. To
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Fig. 1. The fine-tuned wav2vec 2.0 framework structure. Source: https://ai.meta.com/
blog/wav2vec-20-learning-the-structure-of-speech-from-raw-audio.

employ them as utterance-level features, they have to be aggregated over the
whole recording. To do this, taking the mean and/or the standard deviation of
the values over the whole utterance is a generally accepted solution [10,27,32].

In this study we, however, focus on the inner layers of the fine-tuned block.
Since in a standard XLSR-53 network (see e.g. [1]), there are 24 such transformer
layers, we have 24 options of feature extraction. Besides the standard assump-
tions that lower-laying layers capture lower-level phenomena (e.g. silence, noise,
acoustic conditions), while higher-level layers tend to capture high-level (e.g.
phonetic) information, we do not have any further guidance. Due to this, in our
experiments we tested the activations taken from all 24 layers for the two speech
tasks for multiple sclerosis detection.

4 Experimental Setup

4.1 Feature Extraction

We used the wav2vec 2.0 model wav2vec2-large-xlsr53-hungarian. The base
of this model is the XLSR-53 model pre-trained by Facebook on the audio data
of 53 languages simultaneously, and it was ensured that the quantization module
of the wav2vec 2.0 neural network also delivers multilingual quantized speech
units [1]. This base model was then fine-tuned by the user jonatasgrosman [11]
on the Hungarian part of the Mozilla Common Voice 6.1 corpus (8 h). The last
layer of the convolutional block of this model consists of 512 neurons, while all the
layers of the fine-tuned block have 1024 neurons. By using mean and standard
deviation of these frame-level embedding vectors, we obtained 1024 and 2048
utterance-level features, convolutional and fine-tuned embeddings, respectively.
Since we focused on the fine-tuned embeddings, in most of our experiments we
had feature vectors with a length of 2048.

https://ai.meta.com/blog/wav2vec-20-learning-the-structure-of-speech-from-raw-audio
https://ai.meta.com/blog/wav2vec-20-learning-the-structure-of-speech-from-raw-audio
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4.2 Utterance-Level Classification

We employed the approach common in pathological speech processing studies
(e.g. [3,14,31]): due to the low number of examples (subjects) from a machine
learning perspective, we did not define separate training, development and test
sets, but used cross-validation. Each fold consisted of the data of one MS and one
HC speaker, leading to 23 folds overall. Classification performance was measured
using the Area Under the ROC Curve (AUC) metric, also commonly applied in
pathological speech processing studies [3,10].

We employed Support Vector Machines (SVM) for classification, using the
LibSVM [5] library. We employed the nu-SVM method with a linear kernel; the
value of C was tested in the range 10{−5,...,1}. The optimal value for the C meta-
parameter was determined by the technique called nested cross-validation [4]: for
the speakers of 22 folds in the training subset of the actual CV step, we performed
another cross-validation. We chose the C value that gave the highest AUC score
in this “inner” cross-validation loop; the “final” SVM model was then trained on
the data of 22 folds with this C value, and it was evaluated on the data of the last
fold (i.e. two speakers). With this procedure we sought to avoid the bias in our
scores that would have been present if we had used standard cross-validation.

To measure the robustness of the AUC scores, we repeated each classification
experiment five times, using a different random seed value when assigning the
speakers to specific folds for cross-validation. In the results, we report the mean
of the five AUC scores. When inspecting robustness, we calculate the standard
deviation (Std.) of the five AUC values, and report the range (i.e. [min,max]) of
the scores as well.

5 Results with the Embeddings of the Last Layers

Table 1 shows the results obtained for both speech tasks when we used the
embeddings from the last layers of the convolutional and the fine-tuned blocks.
In general, the results are acceptable, with AUC values lying between 0.654 and
0.824, and mean AUC scores between 0.707 and 0.806. Focusing on the mean

Table 1. AUC values obtained for the two speech tasks, when using the embeddings
from the last layers of the convolutional and the fine-tuned blocks. AUC is reported
as the average (Mean) of the five values measured with the five random speaker fold
assignments, along with the standard deviation (Std.) and the range ([ min, max ]).

Speech task Embedding type AUC

Mean Std. Range

Opinion
Convolutional 0.707 0.032 [ 0.654, 0.737 ]

Fine-tuned 0.736 0.025 [ 0.698, 0.763 ]

Narrative Recall
Convolutional 0.724 0.008 [ 0.712, 0.733 ]

Fine-tuned 0.806 0.014 [ 0.787, 0.824 ]
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AUC values (averaged over the five classification runs, constructing the folds
from different speaker pairs), we can see that the embeddings taken from the
last layer of the fine-tuned block outperform those from the convolutional block.
Furthermore, the Opinion speech task was less effective for detecting multiple
sclerosis than the Narrative Recall task, since the mean AUC values were higher
for both embedding types. When inspecting the standard deviations and the
ranges of the AUC scores, we also see that the variance was definitely smaller for
the Narrative Recall speech task than for the Opinion task, suggesting a more
robust classification performance. Of course, as the main focus of our inves-
tigation is the embeddings taken from the inner fine-tuned layers, the values
presented in Table 1 serve only as reference values.

6 Results with the Embeddings of the Inner Layers

Fig. 2. Mean AUC values (bars) and the [min, max] range (error bars) obtained when
using the embeddings from the last layer of the convolutional block (Conv.), and when
using the hidden layers of the fine-tuned block, for the Opinion speech tasks.

Figure 2 shows the mean AUC values obtained for the Opinion speech task
for the last layer of the convolutional block (Conv) and for all the layers of
the fine-tuned block (1. . . 24). (Of course, the 24th layer is the last layer of the
fine-tuned block, i.e. that shown in Table 1) Quite surprisingly, the embeddings
taken from any inner layers (i.e. 1. . . 23) outperformed both those taken from the
convolutional layer and those taken from the last fine-tuned layer. The difference,
measured by the Mann-Whitney U test (see [23], also known as the Wilcoxon
rank-sum test), was statistically significant in almost all cases, with only three
exceptions (the embeddings of the 15th, 16th and the 23th layers relative to the
last layer of the fine-tuned block). In general, lower layers tend to work better
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Fig. 3. Mean AUC values (bars) and the [min, max] range (error bars) obtained when
using the embeddings from the last layer of the convolutional block (Conv.), and when
using the hidden layers of the fine-tuned block, for the Narrative Recall speech task.

than those in the higher regions of the fine-tuned block, and we measured the
highest mean AUC score with the 2nd layer.

We observe similar tendencies for the Narrative Recall task (see Fig. 3),
although here the last layer of the fine-tuned block was more competitive.
The inner layers outperformed the convolutional embeddings statistically sig-
nificantly in 20 cases (with the exception of the 16th, 18th and 22nd layers), but,
compared to the last fine-tuned layer, the improvement (if any) was statisti-
cally significant only in 6 cases (lying in the 1. . . 9 region). This suggests that
it is worth exploring the inner hidden layers of the fine-tuned block for feature
extraction, and that the lower hidden layers of this block might be more useful
than those higher up in the wav2vec 2.0 structure, at least for detecting multiple
sclerosis.

Table 2 shows the AUC values measured for some specific inner layers of the
fine-tuned block; * and ** indicate a significant difference, p < 0.05 and p < 0.01,
respectively, while “—” means there is no statistically significant improvement
compared to the reference values. Symbols before and after the slash symbol
(i.e. “/”) show the difference compared to the last layer of the convolutional
and the fine-tuned block, respectively. For the Opinion speech task, we obtained
the best results with the 2nd hidden layer (mean AUC value of 0.847), while
this was the 4th layer for the Narrative Recall task. Both variations brought
significant improvements over both reference values (with p < 0.01), with abso-
lute improvements of 0.111 and 0.060, Opinion and Narrative Recall speech
tasks, respectively. Inspecting the standard deviation and range values, we can
also see that classification models relying on the embeddings of these inner lay-
ers as features are somewhat more robust, having smaller standard deviation
scores. In particular, for the Narrative Recall speech task, when we used the
embeddings from the 4th hidden layer, the five AUC values fell into a narrow
range (0.866, 0.874).
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Table 2. Area Under the ROC Curve (AUC) values obtained for the two speech tasks,
when using the embeddings from specific fine-tuned layers. Here, * and ** indicate
a statistically significant difference (p < 0.05 and p < 0.01, respectively), while “—”
indicates there is no such difference.

Speech task Embedding type AUC

Mean Std. Range

Opinion

Fine-tuned (#2)**/** 0.847 0.018 [ 0.818, 0.866 ]

Fine-tuned (#4)**/** 0.800 0.023 [ 0.777, 0.826 ]

Fine-tuned (#6)**/** 0.802 0.019 [ 0.779, 0.824 ]

Fine-tuned (#8)**/** 0.818 0.008 [ 0.806, 0.826 ]

Last convolutional 0.707 0.032 [ 0.654, 0.737 ]

Last fine-tuned 0.736 0.025 [ 0.698, 0.763 ]

Narrative Recall

Fine-tuned (#2)**/— 0.808 0.022 [ 0.789, 0.838 ]

Fine-tuned (#4)**/** 0.868 0.004 [ 0.866, 0.874 ]

Fine-tuned (#6)**/** 0.860 0.016 [ 0.832, 0.872 ]

Fine-tuned (#8)**/— 0.821 0.010 [ 0.814, 0.838 ]

Last convolutional 0.724 0.008 [ 0.712, 0.733 ]

Last fine-tuned 0.806 0.014 [ 0.787, 0.824 ]

Lastly, Table 3 shows the mean, standard deviation and range of all the AUC
values obtained for the lower, middle and top one-third of the fine-tuned lay-
ers. (In this table the range property is calculated by taking the 5th and 95th

percentiles of the 40 AUC scores.) We can say that all three blocks significantly
outperformed the convolutional layer, which is not surprising—as it appears that
the convolutional embeddings are just too low-level to serve as a base for effective
multiple sclerosis detection. Regarding the comparison with the last layer of the
fine-tuned block, however, the lowest region of the fine-tuned block is the only
one that is sufficiently robust. Although for the Opinion speech task, all three
regions gave an improvement with a p < 0.01 significance level, for the Narrative
Recall speech task only the layers #1. . . #8 brought a significant improvement
(p = 0.0377). The middle region (layers #9. . . #16) were just on par with the
last hidden layer, while the topmost one-third of the fine-tuned layers actually
led to a significant decrease in the AUC values. This, in our opinion, suggests
that the embeddings from the lower layers are, in general, more suited for auto-
matic multiple sclerosis detection, but they still have to come from the fine-tuned
block, as embeddings from the convolutional block performed the worst of all
configurations tested for both speech tasks.
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Table 3. Area Under the ROC Curve (AUC) values obtained for the two speech tasks,
when using the embeddings from specific regions of fine-tuned layers. Here, * and **
indicate a statistically significant difference (p < 0.05 and p < 0.01, respectively), while
“—” indicates there is no such difference.

Speech task Embedding type AUC

Mean Std. Range

Opinion Fine-tuned (#1. . . #8)**/** 0.820 0.028 [ 0.778, 0.867 ]

Fine-tuned (#9. . . #16)**/** 0.783 0.022 [ 0.749, 0.827 ]

Fine-tuned (#17. . . #24)**/** 0.773 0.025 [ 0.729, 0.810 ]

Narrative Recall Fine-tuned (#1. . . #8)**/* 0.832 0.040 [ 0.740, 0.872 ]

Fine-tuned (#9. . . #16)**/— 0.798 0.026 [ 0.741, 0.828 ]

Fine-tuned (#17. . . #24)**/— 0.762 0.033 [ 0.719, 0.817 ]

7 Conclusion and Discussion

In this study we investigated whether multiple sclerosis could be automatically
detected from the speech of the subjects. For this, we built a workflow consisting
of a wav2vec 2.0 model for feature extraction and an SVM model for classifi-
cation. We used the speech recordings of 45 native Hungarian speakers (23 MS
patients of the relapsing-remitting subtype, and 22 healthy controls), performing
two spontaneous speech tasks. Besides using the last layers of the convolutional
and the fine-tuned blocks of the wav2vec 2.0 model, we experimented with the
other hidden layers of the fine-tuned block as potential sources of the embedding
vectors. We found that most inner layers were indeed more effective than the
final layers of the two blocks: we achieved statistically significant improvements
over the convolutional embeddings in 43 cases out of 46, while the last fine-tuned
layer was significantly outperformed in roughly half the cases (i.e. 26 times out of
46). Regarding tendencies, we found that the lower-lying hidden layers were more
effective for both speech tasks, indicating that lower-level information might be
more suitable for multiple sclerosis detection than high-level one, but the convo-
lutional layers alone cannot capture this information. The reason for this might
lie in the efficiency of transformers, which are present only in the fine-tuned
block.

Of course, the information stored by the independent layers is not mutually
exclusive. Therefore, it might be worth using the embedding vectors obtained
from different hidden layers in some way, as this combination might improve the
classification performance further. However, a fair validation of such combination
algorithms might require more subjects than our 45 (which, in other respects, is
a fair number of speakers in the pathological speech processing area). Still, we
aim to perform such combination experiments in the near future.
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Abstract. Depression is a frequently occurring mental health disorder
globally, and early detection is critical for effective treatment. In this
paper, we explore the effectiveness of machine learning techniques in
cross-cultural depression detection using audio signals from Chinese and
English-speaking populations. We investigate the influence of temporal
context length, feature sets, and classifiers on classification performance
across two single and two cross-corpus settings. Our results show that
hand-crafted features offer advantages in single and combined dataset
settings, while deep learning-based features, particularly from emotion
recognition tasks, demonstrate superior cross-dataset generalization. The
optimal length of a temporal context strongly depends on the specific
dataset. These findings highlight the importance of considering dataset-
specific characteristics and feature selection in developing reliable and
culturally adaptable models for depression detection. In the cross-corpus
settings on MENHIR and CMDC datasets, we obtained the best F1
scores of 0.77 and 0.63, respectively. Future research should focus on
enhancing model performance and data accessibility to ensure effective
inclusion across diverse populations, ultimately contributing to better
mental health outcomes globally.

Keywords: Depression recognition · Deep embeddings ·
OpenSMILE · Cross-corpus analysis · CMDC · MENHIR

1 Introduction

Major Depressive Disorder (MDD) is a serious mental disease characterised by
prolonged periods of low mood, loss of interest in pleasures, and reduced energy.
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This condition may negatively affect all aspects of a person’s life, including their
emotional, physical, and social well-being. Even the life expectancy of people
with depression is 7.9 years shorter than that of others [21]. Meanwhile, the
World Health Organization (WHO) reported that in 2023 about 5% of the adult
population in the world suffered from depression [29].

The duration and effectiveness of treatment depend largely on the timely
detection of MDD [11]. However, root-causes such as unawareness of those
affected [33] or concealment because of discrimination fear [3] as well as insuffi-
cient availability and access to mental health services [26] are counterproductive
for early detection and treatment.

To tackle the problem of early depression detection, various signals are con-
sidered in existing works. One of them is the speech signal. Acoustic speech
characteristics of a person with a depressive disorder differ significantly from
those of a healthy individual [2,7]. This finding suggests that it is possible to
develop systems for automatic MDD detection through voice recordings, as the
acoustic description of a speech signal gives us insight into how people speak.

Given that depression affects people regardless of their origin and place of
residence, it seems timely to develop tools that can work equally effectively
irrespective of language and cultural differences to increase awareness and sup-
port early detection. However, available public data is sparse, and models are
often language-dependent. For a general improvement of society’s mental health,
language-independent tools for depression detection are needed.

Modern Machine Learning (ML) techniques enable more and more possibil-
ities to develop reliable and effective systems for the automatic recognition of
depressive disorders based on speech. As a rule, when using ML for MDD detec-
tion, it is necessary to choose an appropriate classification algorithm, feature set
and the size of a temporal context.

To address this need, we have performed a systematic comparison of dif-
ferent temporal contexts, feature sets, and classifiers to detect MDD. We have
also explored cross-corpus applications using Chinese and English-speaking data,
striving to cope with data sparsity and language dependency.

2 Related Work

In this section, we describe the state-of-the-art in acoustic-based automatic
depression detection with a focus on temporal context, audio features and cross-
cultural application.

2.1 Temporal Context

The length of the temporal context during depression prediction from a speech
signal is one aspect that has been shown to have a high impact on detection
performance. For example, Aloshban et al. investigated the possibilities of rec-
ognizing depression from short passages of speech, less than 10 s in length, and
showed on the DAIC-WOZ dataset that the effectiveness of such systems is
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comparable to systems that use entire recordings [1]. Meanwhile, Dumpala et al.
showed on the same dataset that as the temporal context increases, recognition
accuracy also increases [6]. The discrepancy between these two works may be
explained by a different approach to dividing the signal into parts. In the first
paper, the division took place into semantic parts, and in the second paper, the
division occurred simply by time in seconds. He et al. took windows of 20 s and
achieved a Root Mean Square Error (RMSE) of 9.0 for both the AVEC2013 and
AVEC2014 datasets [13], while Niu et al. obtained lowest RMSEs of 9.5 and 9.13
by using a temporal context of two seconds for these two datasets, respectively
[19]. Overall, the amount of context length required seems to be dependent on
each specific dataset used, which poses a challenge for cross-dataset applications.

2.2 Audio Features

Most commonly, the main efforts when developing ML systems for MDD detec-
tion are concentrated around the search for the most informative features.
With the evolution of ML, the types of used features also change. Different
hand-crafted features played a key role and showed their effectiveness in many
studies aiming to solve the MDD recognition task [8,14,24]. They represent
domain knowledge and human expertise meticulously engineered from raw data
to be informative for a specific task and have the advantage of interpretabil-
ity. Recently, along with the success and rapid growth of neural networks (NN)
that was especially driven by architectures such as CNN and RNN [13,15,31],
heuristic features have become increasingly used, namely coefficients from the
last layers of NNs, called embeddings. Their main drawback is the impossibility
of interpretation in contrast to hand-crafted ones. Recently, with the develop-
ment of transformers, their success is only being consolidated, which may also
be beneficial for cross-cultural applications [16,25,32].

2.3 Cross-Cultural Application

Depression detection from speech is a widely studied topic [12,18,30]. Existing
work shows that speech analysis for depression detection is a promising approach,
but overcoming language and cultural barriers is crucial for providing equitable
mental healthcare [9,17]. The lack of training data for each certain language
creates the need to explore the possibilities of cross-dataset applications. Further,
the difficulties in collecting, storing and sharing mental health-related data, and
other ethical issues limit the possibilities of increasing the data available for
analysis. There are only a few existing datasets, especially when focusing on a
specific language.

The DAIC-WOZ is the most popular dataset [10]. It was used for the
Audio/Visual Emotion Challenges (AVEC) in 2016, 2017, and 2019 [22,23,27].
The AViD-Dataset was used for AVEC in 2013 [28]. Some other available datasets
include CMDC, MODMA, and MENHIR [4,5,34]. The most common languages
are English (DAIC-WOZ, MENHIR), Chinese(CMDC, MODMA) and German
(AViD).
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In this work, we aim to push language and culture-independent automatic
detection of depression by building upon acoustic information from the speech
signal. In particular, we investigate the application of trained classifiers on
a foreign-language dataset. This approach aims to identify methods that can
enhance the development of classifiers capable of reliable performance across
diverse populations and to address the limited amount of available data.

3 Datasets Description

In this section, we describe two datasets that have been used in our work, namely
the Chinese Multimodal Depression Dataset (CMDC) and the Mental Health
Monitoring through Interactive Conversations (MENHIR). Datasets represent
Chinese and English, respectively, and contain voice recordings from subjects
with and without diagnosed MDD.

3.1 CMDC

The CMDC dataset has been created to address the challenge of undiagnosed
depression in China [34]. It includes raw audio recordings from a semi-structured
interview study with diagnosed individuals. CMDC comprises recordings from
78 subjects, including 26 with MDD and 52 without. It also contains extracted
visual features from 45 subjects but without original videos included. The visual
features are not considered in this work. All dialogues are in Chinese.

3.2 MENHIR

The MENHIR dataset has been collected within the MENHIR project which
aims to help people with mental illness by means of conversational technolo-
gies [5]. It contains audio recordings in English from 51 subjects. Among them,
31 belonged to the group with active MDD, while the remaining 20 were part
of a control group with no history of MDD issues. The interview consisted of 14
questions taken from the Warwick-Edinburgh Mental Wellbeing Scale.

4 Methodology

In this section, we describe our approach to examine the impact of the temporal
context lengths, feature sets, and classifiers on the classification performance in
the same and cross-culture settings. The schematic representation of our app-
roach is shown in Fig. 1. We extracted all features by applying sliding windows
with different lengths. Then we trained classifiers on each feature set separately.
Finally, we tested all models using stratified 10-fold cross-validation in four eval-
uation settings.
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Fig. 1. The pipeline of the proposed approach.

4.1 Data Preprocessing

The CMDC dataset includes preprocessed audio files. The speaker diarisation
has already been done by the authors of the data. All dialogues in the dataset are
divided into separate files based on the twelve questions asked to the participants
in the experiment. Therefore, we did not make any changes to the original audio
files before extracting the features.

Regarding the MENHIR dataset, we used the markup provided by the
authors to perform the diarisation. After that, we extracted all the features
in the same way as with the CMDC dataset.

4.2 Temporal Context

We used sliding windows with different window lengths for feature extraction.
Taking into account the distribution of record lengths from both datasets, we
took temporal context length of 3, 5, 8, 15, 30, 40, and 50 s, which allows us to
keep all subjects represented by at least one audio record within our experiment.
Window shifts for all window lengths were equal to half the window lengths.

4.3 Classifiers

We took six well-established classification algorithms: Random Forest (RF),
Decision Tree (DT), AdaBoost (ADA), k-Nearest Neighbors (KNN), Support
Vector Machine (SVM), Multi-Layer Perceptron (MLP). For all the algorithms,
implementations from the scikit-learn library were used [20]. While we primarily
utilized default hyperparameter settings, some specific choices were made as
follows:
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– RF with max depth=5 and n estimators=10
– DT with max depth=5
– ADA with n estimators=50
– KNN with n neighbors=5
– SVM with kernel=”rbf”
– MLP with max iter=200, alpha=0.5

4.4 Feature Sets

We chose the feature sets listed in Table 1 for our study. We included deep
learning embeddings from models taken from HuggingFace1, along with hand-
crafted features extracted through the openSMILE toolkit2. The deep learning
models included Base960, Large960, Large960-lv60, Libri100, and LargeHuBert,
which were trained on the Librispeech dataset for Automatic Speech Recognition
(ASR). They represent the speech signal using learned features suitable for var-
ious ASR tasks in different languages including English and Chinese. The Emo-
tionMSP model is based on the Wav2Vec2-Large-Robust model and is trained
for emotion recognition. ComParE 2016 and eGeMAPSv02 are hand-crafted fea-
ture sets specifically designed for audio analysis. We applied PCA on ComParE
2016 for a dimensionality reduction, saving 95% of the initial variance.

Table 1. Feature sets used in our study with their full name, short name, and size.

Full Name Short Name Size

facebook/wav2vec2-base-960h Base960 768

facebook/wav2vec2-large-960h Large960 1024

facebook/wav2vec2-large-960h-lv60-self Large960-lv60 1024

patrickvonplaten/wavlm-libri-clean-100h-base-plus Libri100 768

facebook/hubert-large-ls960-ft LargeHuBert 768

audeering/wav2vec2-large-robust-12-ft-emotion-msp-dim EmotionMSP 1024

openSMILE ComParE 2016 Functionals ComParE 2016 6373∗

openSMILE eGeMAPSv02 Functionals eGeMAPSv02 88
∗PCA is applied, retaining 95% of the variance.

4.5 Evaluation

Combining seven context lengths, eight feature sets, and six classifiers results in
336 combinations. We tested all of them using stratified 10-fold cross-validation
in two single and two cross-corpus settings. Since we aim to identify promising

1 https://huggingface.co/models Accessed: 2024-05-24.
2 https://scikit-learn.org/stable Accessed: 2024-05-24.

https://huggingface.co/models
https://scikit-learn.org/stable
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approaches for cross-cultural depressive disorder detection, we focus on the mod-
els’ performance in identifying the depressive disorder class, while not taking into
account the effectiveness of recognizing people without a depressive disorder in
this work. We took the F1 score as a performance metric, which balances preci-
sion and recall. Final evaluations are done on the subject level, by averaging the
predictions from all windows of a certain subject. If the average value exceeds
0.5, then the positive MDD class is assigned.

To analyze models in both the same-culture and cross-cultural cases, using
data from the English and Chinese datasets, we have defined the following set-
tings:

– Single considers test and training samples coming from the same dataset.
– Combined mixes training parts of both datasets, followed by separate testing

on each testing part of the individual dataset.
– Cross involves training the model on the training part of one dataset and

testing it on the testing part of another.
– Cross Full utilizes the training portion of one dataset and the other entire

dataset for testing.

Hence, it is feasible to directly compare the outcomes of Single, Combined,
and Cross with each other. The Full Cross setting provides additional insights
into model performance with a larger test set, reflecting real-world and cross-
cultural settings with potentially increased data availability.

4.6 Baseline

As benchmarks, we consider a dummy classifier that always predicts the true
class and results reported on CMDC and MENHIR from other researchers, as
presented in Table 2. There are no studies for MENHIR that used acoustic fea-
tures for depression prediction. Zubiaga and Justo leveraged linguistic features
and obtained the F1 score of 0.93 [35]. The highest F1 score of 0.94 reported by
the authors of the CMDC dataset was achieved using a combination of acoustic
and linguistic features [34].

5 Results

In this section, we present the results of our experiments. We start by considering
all three parameters separately, averaging the F1 scores across the two remaining
parameters, and at the end, we present the best combinations. In Fig. 2-4, the
bottom black horizontal line of the box plot represents the minimum value, the
first, second (median), and third lines within the box correspond to the 25th,
50th, and 75th percentiles, respectively, the top line represents the maximum
value, and the mean F1 score is indicated by dots. When discussing the values
of the F1 score in the further course of this work, we refer to the mean F1 score.
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Table 2. Benchmarks on CMDC and MENHIR datasets in four test settings.

Setting Dataset Classifier F1

Single CMDC Dummy 0.50

Baseline 0.94

MENHIR Dummy 0.57

Baseline 0.93

Combined CMDC Dummy 0.50

MENHIR Dummy 0.57

Cross CMDC Dummy 0.50

MENHIR Dummy 0.57

Cross Full CMDC Dummy 0.48

MENHIR Dummy 0.56

5.1 Temporal Context

Figure 2 presents the performance of different context lengths. We can observe
that on the CMDC dataset, the best context lengths are 30 and 40 s. They
achieved the best results in all four settings namely 0.67, 0.70, 0.47, and 0.50 F1
scores in Single, Combined, Cross, and Cross Full settings respectively.

For MENHIR the best context length in Single and Combined settings is 5 s
with 0.84 and 0.81 F1 scores respectively. In Cross and Cross Full settings the
longer context length of 40 s worked out better achieving 0.38 and 0.40 F1 scores
respectively.

Fig. 2. Context lengths’ performance, averaged by feature set and classifier, on CMDC
and MENHIR datasets using the F1 score.

These findings indicate that for the CMDC dataset, a window length of
approximately 30–40 s is the most effective choice. In contrast, for the MENHIR
dataset, the optimal context length varies significantly depending on the specific
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usage setting. On the contrary, the results in the Cross and Cross Full settings
are worse than those of the dummy classifier. This suggests that when an unsuit-
able combination of feature set and classifier is used, the context length does not
generally offer the opportunity to improve performance for cross-cultural appli-
cation.

5.2 Features

Figure 3 illustrates the performance of various feature sets. Several notable pat-
terns emerge from the data. In the Single setting, hand-crafted features consis-
tently achieved the highest performance across both datasets. Specifically, the
eGeMAPSv02 feature set attained an F1 score of 0.95 on the CMDC dataset,
while the ComParE 2016 feature set reached the highest F1 score of 0.89 on
the MENHIR dataset. In the Combined setting, eGeMAPSv02 outperformed all
other feature sets, with F1 scores of 0.95 on CMDC and 0.84 on MENHIR.

Fig. 3. Feature sets’ performance, averaged by window length and classifier, on CMDC
and MENHIR datasets using the F1 score.

Conversely, results from the Cross and Cross Full tests indicated an opposite
trend, where hand-crafted features performed worse. Instead, the EmotionMSP
feature set achieved the best F1 score of 0.59 on the MENHIR dataset. Addi-
tionally, the Libri100 feature set attained the highest F1 scores of 0.50 in the
Cross setting and 0.52 in the Cross Full setting on CMDC.

This contrast highlights the varying effectiveness of feature sets depending
on the setting, suggesting that the choice of feature set is crucial for optimal
performance across different contexts, but we can note the potential of Emo-
tionMSP since it has significantly higher results in Cross and Cross Full settings
on the MENHIR dataset.

5.3 Classifiers

Figure 4 presents the performance of different classifiers. We can conclude that
ADA and MLP showed the most prospective performance. ADA achieved the
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highest scores on both datasets in Single and Combined settings. MLP obtained
the best F1 scores of 0.43 and 0.45 in Cross and Cross Full settings on MENHIR.
Meanwhile, on the CMDC dataset RF showed the best F1 score of 0.48 in the
Cross setting and KNN with the 0.51 F1 score outperformed other classifiers in
the Cross Full setting.

Fig. 4. Classifiers’ performance, averaged by window length and feature set, on CMDC
and MENHIR datasets using the F1 score.

5.4 Best Configurations

Table 3 presents the optimal combinations of window lengths, feature sets, and
classifiers across all four settings, as determined by their F1 scores. Several note-
worthy trends are observed.

Window length: In both the Single and Combined settings, the most common
window lengths among the top-performing combinations are 3, 5, 8, 15 s. In the
Cross and Cross Full settings, the optimal context length varies depending on
the dataset. For the CMDC dataset, the best window lengths are 30 and 40 s,
whereas for the MENHIR dataset, a window length of 3 s suffices.

Features: In the Combined setting, only hand-crafted feature sets appear
among the top-performing combinations. Conversely, in the Single setting, hand-
crafted and EmotionMSP feature sets are represented among the best-performing
combinations. We also note that EmotionMSP appeared to be the best feature
set in Cross and Cross Full settings for both datasets.

Classifiers: In both the Single and Combined settings, numerous combinations
yielded the highest F1 scores, precluding the selection of a single best configu-
ration. When examining the classifiers, it is evident that only the MLP, SVM,
and ADA classifiers are part of the best-performing combinations in the Com-
bined setting. In contrast, the Single setting includes all six classifiers among its
top-performing combinations. SVM appears to be the best among all classifiers
in Cross and Cross Full settings.
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Table 3. Best found combinations of context length, feature set, and classifier by F1
metric.

Setting Test Dataset Window length (sec) Feature set Classifier F1

Single CMDC 15 ComParE 2016 MLP 1.00

30 ComParE 2016 MLP 1.00

MENHIR 3 LargeHuBert SVM 0.94

3 ComParE 2016 DT 0.94

3 ComParE 2016 KNN 0.94

5 EmotionMSP RF 0.94

5 EmotionMSP SVM 0.94

5 ComParE 2016 DT 0.94

5 ComParE 2016 ADA 0.94

5 ComParE 2016 KNN 0.94

8 EmotionMSP RF 0.94

8 EmotionMSP ADA 0.94

8 EmotionMSP MLP 0.94

8 EmotionMSP SVM 0.94

8 ComParE 2016 KNN 0.94

15 EmotionMSP ADA 0.94

15 ComParE 2016 KNN 0.94

Combined CMDC 3 ComParE 2016 MLP 0.99

3 ComParE 2016 SVM 0.99

3 eGeMAPSv02 ADA 0.99

5 ComParE 2016 MLP 0.99

5 ComParE 2016 SVM 0.99

5 eGeMAPSv02 ADA 0.99

8 ComParE 2016 MLP 0.99

8 ComParE 2016 SVM 0.99

8 eGeMAPSv02 ADA 0.99

15 ComParE 2016 MLP 0.99

15 ComParE 2016 SVM 0.99

15 eGeMAPSv02 ADA 0.99

30 ComParE 2016 MLP 0.99

MENHIR 3 eGeMAPSv02 SVM 0.97

Cross CMDC 30 EmotionMSP SVM 0.60

MENHIR 3 EmotionMSP MLP 0.71

Cross Full CMDC 40 EmotionMSP SVM 0.63

MENHIR 3 EmotionMSP SVM 0.77
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When moving from the Single to Combined setting the best performance
increases for the MENHIR dataset, but slightly decreases for the CMDC dataset.
It shows that extending the training set of CMDC with samples from MENHIR
badly influences the models. This may be due to differences in language as well as
the quality of the MENHIR dataset. On the other hand, expanding the training
set of MENHIR with samples from CMDC made it possible to improve the
quality of the models.

All the best combinations in each setting give better results than the corre-
sponding benchmarks listed in Table 2.

6 Discussion

The results of our work show that existing models are not suitable for recognizing
depression in different contexts and languages without preliminary fine-tuning of
models. We found that models trained on the CMDC dataset have the potential
to predict MDD on MENHIR without preliminary fine-tuning. However, models
trained on the MENHIR dataset did not work well on average, except those using
the EmotionMSP feature set, and only some of the best combinations achieved
promising results. This may be due to various factors, including the limitations of
the datasets used for training. One notable challenge in this regard was related
to the MENHIR dataset. The target and control groups in this dataset had
different acoustic characteristics, which were not caused by differences in the
subjects’ mental state but by differences in the quality of the audio recording
equipment. This may partly explain the low performance in the Cross and Cross
Full settings on the CMDC dataset.

An important consideration when evaluating the datasets used in this study
is their specificity to clinical interviews centred around the condition being inves-
tigated. Unlike datasets that cover a broader spectrum of general speech appli-
cations, these datasets are derived from interactions that are inherently focused
on the clinical context. This specificity means that both the semantics of the
responses and the acoustic features encoded in the speech signals are likely to be
influenced by the subject matter of the interviews. In general, this is a domain’s
problem, since data collection from people with mental illnesses is fraught with
ethical limitations and it cannot be carried out completely in out-of-laboratory
conditions.

7 Conclusion

In conclusion, our study shows the importance of considering dataset-specific
characteristics when designing ML models for cross-cultural depression detec-
tion. While longer temporal contexts improve the classification quality on CMDC
and the best results on MENHIR are achieved with shorter context lengths.
Hand-crafted features offer advantages in Single and Combined settings, and
EmotionMSP shows superior for generalization in Cross-corpus settings. ADA
and MLP classifiers have proven effectiveness in Single and Combined settings,
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but Cross-corpus applications may require more nuanced approaches. Therefore,
further research efforts should focus on improving model performance consider-
ing further datasets and increasing data accessibility to ensure inclusion across
diverse populations.
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Abstract. This paper introduces a novel approach for depression
classification, utilizing multimodal token merging (ToMe) within a
speech spectrotemporal transformer framework. The model’s efficacy is
evaluated with log-mel spectrograms and autocorrelation tempograms
extracted from depressed and non depressed speech. The results demon-
strate the effectiveness of ToMe when integrated with attention mecha-
nisms of audio spectrogram transformer (AST) models, such as AST and
data efficient image transformer (DeiT) encoders. This underscores the
importance of the token pruning mechanism utilized in the study. Addi-
tionally, a multimodal dual-channel architecture is introduced, featur-
ing two distinct feature modalities extracted from speech: spectrograms
and autocorrelation tempograms. The novel ToMe dual-channel AST
and ToMe dual-channel AST with DeiT encoder models demonstrate
remarkable performance on two different datasets, namely the EATD-
Corpus (Chinese) and DAIC-WoZ (English), providing promising results
for depression detection.

Keywords: Log-mel spectrogram · Autocorrelation tempogram ·
Vision transformer · Token merging (ToMe)

1 Introduction

Depression is a psychological disorder requiring swift intervention and assess-
ment. It may manifest as prolonged episodes of sadness, emptiness, or irritability,
alongside noticeable mental and physical changes that persist for at least two
weeks, severely affecting a person’s ability to carry out daily activities [3]. With
the escalating interest in affective computing applications, the task of depression
detection [8] from speech [5] continues to be a challenging yet crucial endeavor.
Speech-based analysis [1] has emerged as a valuable modality for understand-
ing emotional states and mental health conditions. The human voice carries
nuanced information, including pitch, tone, and rhythm, which can reflect the
speaker’s emotional well-being. Additionally, it offers a cost-efficient and remote
method of evaluation, while ensuring the patient’s identity and privacy are safe-
guarded, making it an excellent option for this purpose. Previous research has
c© The Author(s), under exclusive license to Springer Nature Switzerland AG 2024
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demonstrated the efficacy of utilizing speech features for emotion recognition
[9], paving the way for exploring their application in depression detection. Cur-
rently, diagnosis heavily depends on methods like interviews and surveys, which
are susceptible to biases and potential misdiagnoses [11]. Speech analysis offers
a promising alternative as it directly reflects emotional and cognitive states,
providing a more objective approach [17].

To extract meaningful features from the speech data, log-mel spectrograms
have been employed in this work. It is commonly used in speech processing. How-
ever, such traditional spectral representations may not fully capture the tempo-
ral dynamics and rhythmic patterns present in depressed speech. To address this
limitation, autocorrelation tempograms [14] have been utilized as an additional
feature representation. Tempograms, commonly used in music analysis [14] for
rhythm and tempo estimation, offer insights into the temporal structure of audio
signals. By computing the autocorrelation of speech frames over time, a tempo-
ral representation that highlights recurring patterns and rhythmic elements in
speech is obtained. To process and understand the complex patterns within the
extracted speech features, we turn to state-of-the-art vision transformers archi-
tectures [7] that have shown exceptional performance in vision related tasks.
Their adaptation to speech-based analysis for depression classification has been
put forward in this work. The proposed methodology employs a dual-channel
audio spectrogram transformer (AST) [12] architecture to concurrently process
log-mel spectrograms and autocorrelation tempograms, thereby capturing both
spectral and temporal dependencies in speech associated with depression. The
integration of token merging in attention mechanisms across successive layers
facilitates a more robust feature representation and also makes the model com-
putationally faster, as the number of tokens keeps reducing, promoting enhanced
feature extraction. For this purpose, a dual-channel approach with Token Merg-
ing (ToMe) [4] is proposed, where the ToMe is applied in AST and AST with
data-efficient image transformer (DeiT) [30] encoders. This approach aims to
combine the two features for better detection of depression-indicative patterns.

1.1 Related Works

Researchers have utilized different methods to effectively categorize speech sam-
ples as either indicating depression or not. Various spectral, glottal, and prosodic
features have proven to be effective in this task [17]. Machine learning (ML) clas-
sifiers such as decision trees, BayesNet, and random forest have been used with
features like MFCCs, jitter, and cepstral coefficients to perform the classifica-
tion [32]. Low-Level Descriptors (LLDs) and their statistical measures have been
employed as features in ML algorithms such as support vector machines (SVM),
logistic regression (LR), and gaussian mixture models (GMM) to develop clas-
sification systems [34]. Features based on rhythm, such as rhythm formants,
which are commonly used to study variations in speaking style within a lan-
guage, have also proven useful in the classification of depressed speech [18]. Apart
from the ML-based classifiers, researchers have also come up with deep learning
(DL) techniques such as convolutional neural networks (CNNs) and recurrent
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neural networks (RNNs) for evaluating depression severity [35]. Furthermore,
researchers have investigated deep learning architectures that utilize combina-
tions of CNNs and RNNs applied to spectrograms [28] and a combination of
transformers and CNNs [20]. Convolutional autoencoders [27] and deep learnt
features from waveform or spectrograms also exists in literature [24]. In addition
to ML and DL-based systems, end-to-end solutions such as DepAudioNet have
also been created and documented in the field [21].

This paper makes two major contributions: firstly, it introduces a novel
DL-based architecture that integrates the concepts of ToMe, AST, and DeiT
encoders for classifying depressed speech. Secondly, it suggests using autocorela-
tion tempograms alongside log-mel spectrograms to improve classification perfor-
mance by capturing both temporal and rhythmic features: autocorelation tem-
pograms for rhythm and log-mel spectrograms for spectral content.

The paper is structured as follows: Sect. 2 describes the proposed methodol-
ogy and classification system. Section 3 describes about the datasets used, exper-
imental settings, model architecture and outlines the obtained results. Finally,
the work is concluded in Sect. 4, giving some future work directions.

2 Proposed Method

In this section, feature extraction steps along with the description of the pro-
posed deep learning model and the end-to-end classification system have been
discussed. The model parameters and exact experimental setting are presented
in the next section.

2.1 Features Extraction

Log-mel spectrogram extraction involves converting speech signals into a visual
representation that emphasizes frequency and time information. It is extracted
from speech by collecting the frequency components in the Mel scale, followed
by a logarithmic operation, and plotting it over time. Apart from that, the
autocorrelation tempogram, typically used for music analysis, is employed as a
feature. The process for extracting it for speech is as follows:

The raw speech signal is represented as a discrete-time waveform x[n], where
n represents the sample index. Given the magnitude spectrogram X(f, t) of the
speech signal, where f represents frequency and t represents time, the spectral
flux F (t) at time instant t is calculated as:

F (t) =
∑

f

|X(f, t) − X(f, t − 1)|2 (1)

Next, the onset strength envelope O[n] is derived from the spectral flux [14]
by smoothing it using a Gaussian filter. The onset strength envelope O[n] is
then divided into frames of fixed duration using a Hamming window. Let Ok[n]
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represent the k-th frame of the onset strength envelope. Mathematically, this
can be expressed as:

Ok[n] = O[n] · w[n − k · Δ] (2)
where w[n] is the Hamming window function and Δ is the frame shift.

Fig. 1. Autocorrelation tempogram of phrase “I was” uttered by a depressed (top) and
a non-depressed individual (bottom).

Finally, autocorrelation is computed and normalized for each frame Ok[n] to
measure the self-similarity or periodicity within the frame. The autocorrelation
function Rk[m] [14] for the k-th frame is calculated as:

Rk[m] =
∑

n

Ok[n] · Ok[n − m] (3)

where m represents the lag or time shift. Figure 1 shows the autocorelation tem-
pograms for a depressed and non-depressed individual uttering a common phrase,
taken from the DAIC-WOZ dataset and the difference observed is marked inside
the green box. Such abrupt gradient changes are observed across multiple sample
pairs; however, this difference may not necessarily be associated with depression.
It can be due to the different speech properties associated with various speakers,
speaking rates, phonemes preceding and following the common utterance, etc.
These features are extracted for all the speech samples and they serve as the
input to the deep learning model, discussed in the next sub-section.
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2.2 Dual-Channel Multimodal Fusion with Token Merging

To advance the feature extraction capabilities, a dual-channel multimodal clas-
sifier is proposed along with fusion mechanism involving ToMe across multiple
layers. The model architecture, shown in Fig. 2, consists of two parallel processing
streams, Mspec and Mtempo, corresponding to the spectrogram and tempogram
channels, respectively. For the spectrogram channel, the input features have
dimensions of size (768, 3, 16, 16), indicating a 3-channel input with a spatial
resolution of 16× 16 and processed through 12 encoder layers. The output layer
of the spectrogram channel has dimensions of size (2, 768), signifying a linear
transformation to a 2-class output. Similarly, for the tempogram channel, the
input features also have dimensions of size (768, 3, 16, 16), with the same spatial
resolution and the same number of encoder layers, i.e. 12. The output layer of
the tempogram model is also identical to that of the spectrogram model, with
dimensions size (2, 768).

In the dual-channel model, the combined features from both channels are
concatenated and passed through an output classifier layer. The output classifier
layer has dimensions size (2, 4), indicating a linear transformation from the
concatenated feature space to a 2-class output and the AST produces feature
representations for both channels: Fspec,i is the feature representation extracted
by the AST for the spectrogram channel. Ftempo,i is the feature representation
extracted by the AST for the tempogram channel. ToMe is introduced in each
block and modified attention mechanism introduced by Meta Research [4] is
used.

To integrate information across tokens within each layer, a token merging
operation is applied with a reduction parameter r controlling the number of
tokens per layer, the choice of optimal r value is chosen based on accuracy cal-
culated on combined spectrogram and tempogram dataset split into training
and validation set as shown in Fig. 3, enables efficient fusion of token-level infor-
mation. F ′

spec,i represents the merged token-level features for the spectrogram
channel at layer i and is given as:

F ′
spec,i = M(Fspec,i, r) (4)

Similarly, F ′
tempo,i represents the merged token-level features for the tem-

pogram channel at layer i and is given as follows:

F ′
tempo,i = M(Ftempo,i, r) (5)

The output classifier combines the predictions from both the branches. It takes
a concatenated representation of the outputs from the spectrogram and tem-
pogram classifiers as input, resulting in a 4-dimensional feature vector, given by
final joint feature representation, Fjoint, constructed by concatenating or adding
token-level features from each channel across all layers.

Fjoint =
N⊕

i=1

F ′
spec,i ⊕

N⊕

i=1

F ′
tempo,i (6)
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This vector is then fed into a fully connected layer, which produces the final
classification decision by mapping the combined features to a binary output
space of size 2, enabling the model to intricately capture hierarchical and cross-
layer relationships in both channels.

Fig. 2. Proposed Method. Raw speech signals serve as the initial input to the aug-
mentation process. The variability in window sizes is used during log-mel spectrogram
and autocorrelation tempogram extraction using librosa library [23]. ToMe attention
is introduced between multi-head attention and MLP to incorporate token merging.

3 Experiments and Results

3.1 Datasets

Distress Analysis Interview Corpus/Wizard-of-Oz (DAIC-WoZ) dataset [13] is
a public depression dataset available in English that contains recordings and
transcripts of depressed and non-depressed individuals with 189 sessions in total,
each labeled with a PHQ-8 score [16]. It consists of 30 depressed and 77 non-
depressed speakers with 5068 training samples and 2679 test samples. The total
duration of this dataset is roughly 14.5 h. Since the training and testing split
has already been specified in the dataset, we have opted not to conduct any k-
fold cross-validation during experimentation. The study also employs a Chinese
dataset known as Emotional Audio-Textual Depression corpus (EATD-corpus),
which consists of speech recordings from individuals classified as either depressed
or non-depressed [29]. The dataset includes a total of 162 different speakers,
with 30 classified as depressed and 132 as non-depressed. The categorization is
based on the indexed Self-Rating Depression Scale (SDS) score (Raw SDS score
multiplied by 1.25). The total duration of the dataset is around 2.26 h. Each
individual provided three responses, leading to a total of 57 depressed samples
and 192 non-depressed samples. Likewise, each individual in the testing set also
provided three responses, resulting in a total of 33 depressed samples and 204
non-depressed samples. The exact details of both the datasets are presented in
Table 2.
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Fig. 3. Token Merging and Reduction. (a) Training Loss at different ’r’ values. (b)
With r = 16, validation accuracy of model is maximum around 84.3%. (c) With ToMe at
r = 16, similar patches are merged in each transformer block, 16 tokens will be reduced
per layer and after last layer 11 token will be left from spectrogram channel (d) 11
token from tempogram channel and fed to fully connected layer(FC) for classification.

3.2 Experimental Setup

The Pytorch [26] framework is used to implement the model. The EATD-
Corpus and DAIC-WoZ dataset display inherent class imbalance, featuring fewer
depressed samples compared to non-depressed samples in both the training and
test sets. To mitigate this imbalance, we employed a data augmentation tech-
nique by generating multi-resolution spectrograms [10] and tempograms for each
speech utterance with varying window sizes. At input layer of AST, for the
depressed class in the training set of EATD-Corpus, six distinct log-mel spectro-
grams and tempograms were extracted for each speech utterance, using window
sizes of 25 ms, 75 ms, 100 ms, 400 ms, 600 ms, and 800 ms, effectively augment-
ing the sample count by a factor of six. Similarly, for the depressed category in
DAIC-WoZ, four window sizes of 25 ms, 100 ms, 400 ms and 800 ms were used,
quadrupling the total sample count. The GPU used is Nvidia Tesla P100, the
optimizer is Adam, the learning rate is kept as 3 × 10−4 with a batch size of 32.
During training, early stopping epoch mechanism is used, with maximum num-
ber of epochs 50 and waiting patience 3. In the end, the average of prediction
results of all features of the subject is regarded as final depression score. The
F1-score, recall and precision are used to evaluate the performance.

3.3 Comparison of Training Time and Throughput

To evaluate the performance of the model on the DAIC-WoZ dataset, a com-
parison of training time and throughput between the baseline benchmark and
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the proposed model is conducted, which is shown in Table 1. 50 runs were per-
formed to ensure statistical robustness. The batch size was set to 32, and the
input size was determined based on the default configuration of the model. The
model demonstrated a significant improvement in throughput, achieving nearly
a twofold increase compared to the baseline benchmark and reduced training
time.

Table 1. Comparison of Training Time and Throughput.

Metric Baseline Proposed

Throughput 170.49 im/s 316.85 im/s

Throughput Improvement – 1.86×
Training Time 6.52 h 3.82 h

3.4 Results and Discussion

Performance Evaluation on DAIC-WoZ Dataset: A comprehensive anal-
ysis of various methods for depression classification using audio features was
conducted, focusing not only on their overall performance but also on their inter-
nal architecture contributions. As can be seen from Table 3, among the evalu-
ated methods, the Gated Recurrent Units (GRUs) Model [29] introduced in 2022
stood out with its remarkable F1 score of 0.77 and perfect recall (1.00), indicating
its robust capability to accurately detect depression. The internal architecture of
the GRU Model, leveraging GRUs, likely facilitated the effective capture of tem-
poral dependencies in the speech data, leading to superior performance. Al Hanai
and others [2] demonstrated notable precision of 1.00, suggesting a high propor-
tion of true positive predictions among all positive predictions. Additionally,
the proposed ToMe models, with AST and DeiT encoders, exhibited competi-
tive performance, with F1 scores of 0.74 and 0.77, respectively. These models
introduced novel ToMe mechanisms and dual-channel architectures, enabling
the effective integration of spectrograms and autocorrelation tempograms, along
with attention mechanisms tailored for multimodal data fusion, thereby enhanc-
ing their ability to capture complex patterns indicative of depression across dif-
ferent modalities.

Performance Evaluation on EATD-Corpus Dataset: The results for
the EATD-corpus is presented in Table 4. The Multi-modal LSTM [15] model
achieved an F1 score of 0.49, indicating moderate performance in capturing the
balance between precision and recall. These traditional machine learning mod-
els employed feature engineering techniques tailored to the characteristics of the
speech data, enabling them to discern patterns indicative of depression. Further-
more, the GRU Model [29] outperformed the aforementioned methods with an
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Table 2. Datasets Overview.

Dataset DAIC-WoZ EATD-Corpus

Language English Chinese

Depressed Speakers 30 30

Non-Depressed Speakers 77 132

Duration (Hours) 14.5 2.26

Training Samples 5068 249

Test Samples 2679 233

Total 7747 482

F1 score of 0.66, showcasing its ability to effectively capture temporal dependen-
cies in the audio sequences using GRU’s. The BiLSTM+Attention model [16]
also demonstrated competitive performance with an F1 score of 0.65, leveraging
BiLSTM units enhanced with attention mechanisms for feature representation.
The proposed models, exhibited substantial improvements in performance, with
F1 scores of 0.87 and 0.90, respectively.

Table 3. Results of Experiments on DAIC-WoZ dataset.

Feature Method F1 score Recall Precision

Audio DepAudioNet [22] 0.52 1.00 0.35

Multi-modal LSTM [15] 0.63 0.56 0.71

GRU Model [29] 0.77 1.00 0.63

Valtar et al. [31] 0.46 0.86 0.32

Al Hanai et al. [2] 0.67 0.50 1.00

Wei et al. [33] 0.61 0.66 0.59

Lam et al. [19] 0.56 0.78 0.44

BiLSTM+Attention [16] 0.73 0.72 0.78

Audio Proposed (AST) 0.74 0.74 0.74

Proposed (AST-DeiT) 0.77 0.77 0.78
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Table 4. Results of Experiments on EATD-Corpus.

Feature Method F1 score Recall Precision

Audio Multi-modal LSTM [15] 0.49 0.56 0.44

SVM [29] 0.49 0.41 0.54

RF [29] 0.50 0.53 0.48

Decision Tree [29] 0.45 0.44 0.47

GRU Model [29] 0.66 0.78 0.57

BiLSTM+Attention [16] 0.65 0.60 0.70

Audio Proposed (AST) 0.87 0.87 0.89

Proposed (AST-DeiT) 0.90 0.90 0.91

4 Conclusion and Future Work

This paper presented a novel depression classification approach leveraging mul-
timodal token merging within a speech spectrtemporal transformer framework.
Introducing the ToMe models and a multimodal dual-channel architecture
yielded promising results, particularly with ToMe dual-channel AST and ToMe
dual-channel AST with DeiT encoders. Out of the two models presented, the
ToMe dual-channel AST with DeiT encoders performs better, achieving an F1-
score and recall of 0.90 and a precision of 0.91 for the EATD-Corpus. The model
also performs better on the DAIC-WoZ dataset, achieving an F1-score and recall
of 0.77 and a precision of 0.78. The study proves to be effective in outperforming
all existing models for the EATD corpus and surpassing most models for the
DAIC-WoZ dataset.

In future, other token pruning mechanisms based on similar representations of
speech along with more advanced augmentation techniques such as DeepSMOTE
[6] and SpecAugment [25] can be incorporated within the proposed framework
for obtaining potential improvements in the overall performance for similar tasks.
With the availability of datasets in different languages, it would be interesting
to perform cross-language depression classification to build a more robust, real-
world classification system that is independent of language.
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Abstract. AI has recently started to gain popularity in most spheres of our daily
life, including healthcare. While most AI-based solutions have been proposed
for physical-related medical conditions, only few of them target mental health.
AI-based solutions can support the diagnosis of mental disorders from clues that
a human doctor may not be able to recognize, for example the biomarkers of
depression. Previous studies in the area of automatic detection of depression from
different media, like audio-visual data, ECG, or transcribed speech exists. In this
research, we focus on the detection of depression from audio data. We use only
low-level audio features and their physical characteristics, while we do not include
any semantic information carried by the speech. We performed a qualitative anal-
ysis on the selected set of features that proved to be important for recognizing
depression. Such an analysis revealed the dependence between gender and the set
of relevant features for depression detection. We discovered differences and sim-
ilarities between sets of strong predictors between gender. Formants have shown
to be important to describe the articulation level for both male and female voices.
Control over the voice is a better predictor for male voices, while monotony is bet-
ter described with formants for male voices and withMFCC and energy for female
ones. This highlights the importance of gender inclusivity in mental healthcare
and depression diagnostics in particular. Experiments carried out while running
this study achieved a value of F1 of 65% for depression detection for female voices
and 67% for male voices.

Keywords: Machine Learning · Speech Analysis · Depression Detection

1 Introduction

Depression is a mental disorder affecting 280 million people worldwide (World Health
Organization, 2023). Depression tremendously decreases the quality of life and if left
untreated can even lead to a lethal ending. It is considered comparably disabling to
chronic disorders such as arthritis and asthma, but with lifetime risk being 30% for men
and 40% forwomen (Andrews&Titov, 2007). Thewidespread and serious consequences
of depression make it crucial to learn to correctly diagnose it and track its severity over
the period of treatment.
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Current diagnostics methods are mostly based on questionnaires, i.e. self-reported
symptoms.While the patients themselves are the only source of truth about their thinking,
experiencing symptoms is very personal and recognising them for the first time can be
very challenging for correct reporting. Not surprisingly, depression is usually massively
misdiagnosed by primary healthcare providers, with the rate of missed cases reaching
50% (Gómez-Gómez et al., 2022).

Depression causes changes in the brain that are reported to be seen on EEG (Zang
et al., 2022), meaning there are physical changes to the brain that could indicate the
presence of the condition and be used for unbiased diagnostics. Physical markers, if
informative enough, would be a more reliable source of information than the reported
symptoms and would be easier to track and compare reliably over time.

Depression has been shown to affect the speech centre of the brain, which makes
speech a strong biomarker of Depression (Almaghrabi et al., 2023). There are multiple
studies that develop Machine Learning (ML) models capable of detecting depression
from speech characteristics. At the same time, recording speech is very accessible nowa-
days with the ubiquity of mobile devices. A tool for recognising depression from speech
would mean a significant step towards delivering mental health help at low cost and
without the need for human professionals or special equipment.

This study aims at investigating the properties of a human’s voice and the predictive
power of those properties towards diagnostics of depression.We concentrate on low-level
properties and features selection, as those can be helpful for understanding the actual
changes that depression causes in the patient’s brain. For this research we used a publicly
available dataset containing records of patients’ interviews and their depression status.
We extracted a set of low-level audio features from the audio records of those patients’
interviews, and then we run a series of experiments on different ML models trained
on this dataset. The results have been analysed, as well as the intermediary discoveries
about features’ relative importance and gender importance for detection of depression.
The most performing ML model achieved a 65% F1 score with female voices only and
a F1 score of 67% with male voices only.

2 Related Work

AI has shown impressive potential in aiding healthcare systems, includingmental health,
by increasing accuracy of diagnostics, optimizing costs, improving patients’ education
and trust towards the healthcare provider (Alowais et al, 2023).

In case of depression detection, this potential can be further exploited by using the
features that would be challenging to detect for a human doctor. Traditionally depression
is diagnosed by asking a patient to file a questionnaire and then analyzing their answers
against a predefined scale (Tolentino and Schmidt, 2018). There are no known physical
tests for depression detection. Depression has been shown to affect the speech center
of the brain, which makes speech a strong biomarker of depression (Almaghrabi et al.,
2023). Especially changes in the voice have proven to be strong biomarkers and can be
objectively measured by extracting low-level audio features.

Speech characteristics have been consistently and successfully modeled with
different Machine Learning (ML) algorithms for automatic depression detection.
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An automated detection of voice changes that people with depression develop is
detailed in a study where participants were asked to take a questionnaire (PHQ-9) and
record two short speech samples (Zhang, 2020). The authors analyzed low-level acoustic
features such as sound formants, pitch, pause-to-speech ratio etc. from 535 collected
audio files and employed aGradient Boosting treeMLmethod to predict depression from
those features. The research concluded that prosody features are not strongly predictive
of psychomotor disturbances, while some audio features like e.g. spectral slope, spectral
flux, unvoiced speech segment length, loudness, MFCC’s 1 and 3, mean pause length,
pause variability, and pause-to speech ratio are.

Another related study that uses voice as a biomarker for depression detection is
presented in (Shin, 2021). The authors recruited 93 participants and classified them to
not depressed, minor depressive episode and major depressive episode. The participants
were asked to answer a questionnaire to evaluate their mental state. Later, a 30 to 50-min
interview with them was recorded. Voice recordings were processed to extract voice
features, tempo-spectral and acoustic features. Then four Machine Learning methods
were applied to classify the records. Amulti-layer perceptron is the model that produced
the best results obtaining an AUC of 65.9%, a sensitivity of 65.6%, and specificity of
66.2%. The authors extracted seven features showing statistical significance: spectral
centroid, spectral roll-off, formant BW2, sq mean pitch, standard deviation pitch, ZCR
and voice portion.

A gender dependent vowel level formant analysis in context of depression detection
was performed in (Cummins, 2017). Using theDAIC-WOZdataset, they extracted vowel
level formants information from the audio data, combined those features with informa-
tion about gender of the participant, and trained a linear classifier to predict depression.
The maximum F1 score achieved during this study was 63%. The research again con-
firms that there are detectable changes in speech in case of depression. Its uniqueness is
in adding a gender variable to the input, highlighting the importance of gender specific
analysis of mental health issues. They also highlighted the low number of datapoints in
the dataset, which drove the choice of cross-validation as means of evaluating the model
performance. The choice of a linear model is also remarkable as it is more interpretable
than more sophisticated ML models such as artificial neural networks and deep learning
techniques in general. These findings seem to indicate that there is a benefit of using
simpler models if the goal is to find real correlations between features and depression
(as opposed to high performance of the resulting model).

3 Methodology and Evaluation Criteria

Depression affects the brain in general, and in particular the speech centers. That means
that the audio wave the patients produce with their vocal tract can have different char-
acteristics from those of unaffected people. Training an ML model on low-level audio
features can help discover those dependencies: if depression can be detected from a
change in voice, that means that this change is most probably related to depression.
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3.1 Data Preparation

The DAIC-WOZ database (Gratch et al, 2014) was used for this research. It consists of
189 recorded interviews with participants of different depression statuses. The dataset
contains audio recordings with transcripts, some pre-extracted features and demograph-
ical data (gender). For each participant, the response to the depression diagnosis ques-
tionnaire (PHQ-8) is provided, together with a summary score and a binary score (a
thresholded summary score) used as a target variable to signify the depression status.

The dataset is split into train, dev and test parts, with 107, 35, and 47 participants
respectively. The training set is used for model development, dev for model selection
(including between approaches). As we did not sign a EULA, we did not obtain test set
labels from the dataset owners. Due to the lack of target labels in the test set, we use dev
in the testing phase for reporting final scores. Out of 142 participants in train and dev
tests combined there were 63 female subjects and 79 male subjects, respectively. Out
of the 63 female participants, 24 (≈ 38%) had positive depression status. Out of the 79
male participants, 18 (≈ 23%) had positive depression status.

3.2 Preprocessing

Before extracting features, we split the records into 20 s fragments, with only partici-
pants’ speech used (transcripts are used for that). We discarded fragments shorter than
1s, as well as the interviewer’s speech. We extracted the features over 10ms sliding
windows with 2.5ms overlaps, which aligns well with the values used in similar works.

Due to the different number of male and female recordings, and since the recordings
themselves are of different lengths, the number of fragments is different for the genders.
This resulted in 736 fragments for female individuals and 1099 for male individuals.

We carried out Z-Score data normalization for computational stability. The applica-
tion of normalization is used as hyperparameter, i.e. it was either applied or not applied
depending on settings and in combination with other hyperparameters.

Eventually, we calculated the F1 score to estimate the model prediction quality.
Precision and recall contribute equally to the target F1 score. One or another can be
prioritized by applying different confidence thresholds at inference time. In this work,
recall is prioritized over precision, while targeting the highest F1 score during model
selection. We used the hyperparameter scale_pos_weight to determine the priority. This
hyperparameter indicates the relative weight of positive examples. As the F1 score is
calculated as a harmonic mean of precision and recall, in case of equals score, we select
the model with higher recall according to the hyperparameter value.

3.3 Feature Extraction

Low-level audio features are extracted using two publicly available Python libraries:
PyAudioAnalysis (Giannakopoulos, 2015) and OpenSmile (Eyben, Wöllmer and
Schuller, 2010). PyAudioAnalysis extracts features that are used for depression classifi-
cation based on audio-visual features (see Table 1). OpenSmile is capable of extracting
several sets of features. We only selected OpenSmile’s “eGeMAPS” and OpenSmile’s
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“ComParE” feature sets that include formants, loudness, MFCC, F0 (fundamental fre-
quency) and other features.Due to an overlap between sets,we removed highly correlated
and/or redundant features.

For each of the features, we then calculated these additional statistical features: the
mean, standard deviation, as well as the 5th and the 95th percentile to represent soft
minimum and maximum while also avoiding outliers. Beside the initial 238 values per
time window, this results in 954 additional features.

4 Models

4.1 Feature Selection

Feature selection is important not only to reduce the required computational power
and simplify the model, but also to avoid the “curse of dimensionality” that leads to
overfitting (Li et al., 2017). With more features being used, data becomes sparse in the
new feature space, and more datapoints are needed to develop a reliable model. Hence,
our strategy behind our feature selection was to pick a subset of features that have the
highest predictive power, but at the same time to exclude the ones that are less valuable
or are redundant, meaning that can be inferred from other features.

The optimal number of features depending on the dataset size varies between classi-
fication algorithms and features correlations but it is estimated to be n-1 (where n is the
number of samples i.e. the size of the dataset) for uncorrelated features and sqrt(n) for
highly correlated features (Hua et al., 2004). To account for more and less conservative
choices and taking into consideration sample sizes for both genders, we selected 16,
32 and 64 features and then compared the results obtained with these different feature
sets. We used Recursive Feature Elimination (RFE) as a feature selection algorithm. We
employed an implementation provided by the scikit-learn ML library to train a Logistic
Regression model on an iteratively smaller subset of features until the desired number
of features was achieved. We have carried out this procedure twice, separately for both
genders.

The resulting 16 feature set for female voices and for male voices are presented
in Tables 1 and 2, respectively. Feature names are abbreviated. Full names and some
additional explanation of the concrete features can be found at (Opensmile, 2024).

To create the 32 feature sets for both female and male voices, we added 16 more
features to the already defined 16 feature sets. This results in the two following sets listed
in Tables 3 and 4, respectively.

Since no methods have shown best results per hyperparameters with 64 feature
datasets, we omit to list the 64 feature sets.

4.2 Gender Considerations

Algorithmic fairness is an important consideration forML development and has received
lots of attention with the rise of AI technologies (Shrestha and Das, 2022). One of the
directions of it is gender fairness: making sure that the AI model does not discriminate
users based on their gender. That could happen e.g. if the data the model was trained on
was biased and the model learnt to represent this bias.
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Table 1. 16 feature dataset for female voice.

Feature extractor Feature Statistics

OpenSmile slope500-1500_sma3, mfcc3_sma3, F1bandwidth_sma3nz,
mfcc_sma_11

mean

mfcc_sma_4 std

audspecRasta_lengthL1norm_sma, mfcc_sma_13 p5

HNRdBACF_sma3nz p95

PyAudio energy_entropy, mfcc_1, mfcc_9, mfcc_11,
delta_energy_entropy

mean

delta_spectral_centroid std

chroma_7 p5

delta_chroma_9 p95

Table 2. 16 feature dataset for male voice.

Feature extractor Feature Statistic

OpenSmile alphaRatio_sma3, F1frequency_sma3nz,
hammarbergIndex_sma3, voicingFinalUnclipped_sma,
pcm_fftMag_fband1000-4000_sma,
pcm_fftMag_spectralSlope_sma

mean

mfcc_sma_8 std

pcm_fftMag_fband250-650_sma,
pcm_fftMag_fband1000-4000_sma,
pcm_fftMag_spectralHarmonicity_sma

p5

pcm_fftMag_fband1000-4000_sma,
pcm_fftMag_spectralSlope_sma, jitterLocal_sma,
logHNR_sma

p95

PyAudio mfcc_4 mean

spectral_spread std

The dataset we use includes gender information for each participant. This turns out
to be very important to consider during the analysis because of a few findings:

• The distribution of depression statuses per gender is different both in the dataset and
in reality. That means that the model would over- or under diagnose representatives
of one gender, which is not inclusive.

• Men tend to have lower voices than women, so the audio features are more similar
within one gender. A side effect of this difference is that is one gender has lower
depression rate, it might make the model learn to predict gender instead as it would
have large predictive power in that case.
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Table 3. 32 feature dataset for female voice (to be added to features in Table 1).

Feature extractor Feature Statistic

OpenSmile audspecRasta_lengthL1norm_sma,
pcm_fftMag_spectralFlux_sma

mean

mfcc2_sma3, mfcc_sma_9, mfcc_sma_12,
mfcc_sma_13

std

mfcc_sma_6 p5

mfcc_sma_10, logRelF0-H1-H2_sma3nz p95

PyAudio mfcc_4, mfcc_6, mfcc_7, delta_energy,
delta_chroma_1

mean

delta_chroma_1 p5

Table 4. 32 feature dataset for male voice (to be added to features in Table 2).

Feature extractor Feature Statistic

OpenSmile mfcc_sma_4, mfcc_sma_6, mfcc_sma_8 Mean

pcm_fftMag_fband1000-4000_sma, mfcc_sma_2, mfcc3_sma3 Std

F2frequency_sma3nz p5

F3bandwidth_sma3nz p95

PyAudio chroma_3 Mean

chroma_12, delta_mfcc_9, delta_mfcc_13, delta_chroma_8 Std

delta_spectral_flux, delta_mfcc_2 p5

delta_spectral_entropy p95

• During feature selection, we discovered that different features correlate more with
depression status between genders. That aligns with another research (Hönig et al.,
2014) that shows that spectral features are more useful for detecting male sleepiness
(0.40 vs. 0.20), while prosody is more useful for detecting female sleepiness (0.33 vs.
0.21). For depression there is only a slight but similar tendency with spectral features
for males 0.31 vs. for female 0.26 and prosody for female voices 0.35 vs. male voices
0.33.

The gender imbalance is not only present in automatic diagnostics but also in report-
ing. Previous research (Angst and Dobler-Mikola, 1984) shows that in general women
tend to report more symptoms while men more likely forget symptoms, frequency and
length of less recent depressions more readily. Moreover, women have a preference to
see a physician or proceed to self-medication much more often than men (Angst and
Dobler-Mikola, 1984), even though the reasons, being them either biological or social,
are not clear. There is also a gender difference in the ways people distinguish between
real and reported presence of symptoms i.e. whether men really suffer from depression
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symptoms less often or tend to underreport them. If the latter is the reason, automatic
diagnostics would be initially complicated at development stage because of imbalanced
data, but would lead to less biased results, as the automatic feature extraction would not
suffer from underreporting gender-related symptoms.

To account for that gender related difference, we split the dataset into two parts
according to the participant’s gender and the analysis was performed for the two genders
separately. Different features were then extracted and provided to differentmodels. From
the user perspective, they will be asked to provide their gender together with the voice
sample, and the program would call a corresponding ML model.

4.3 Model Selection

We considered a wide range ofMLmodels for solving the problem. Eventually, we focus
on the following three ones:

• Artificial Neural Networks (ANNs) with fully connected layers, notably Multi-layer
Perceptron (MLPs), trained on statistical features

• Support Vector Machine (SVM) trained on statistical features
• XGBoost trained on statistical features

Selection between themodels was performed based on the experimental results, with
quality (F1) being the main criteria. Time performance was not considered as a selection
criterion, for it is not targeted in this research.

Another criterion that was not considered initially but the selected model happened
to possess is explainability. That characteristic is very important for interpreting the
research results. Since the model is able to provide information about what features are
the most important, from this information we can infer the real changes to the voice that
most probably predict the depression status.

5 Results

For each model, we run a series of experiments with varying hyperparameters. Models
have been trained on train set for each gender and quality assessment were measured
using a dev set. We carried out hyperparameter tuning for both genders independently.

5.1 Multi-layer Perceptron

We tuned the following hyperparameters of our fully connected ANNs:

• The number of features used: 16, 32 or 64
• The number of fully connected layers
• The dimensionality of the layers
• Normalization i.e. whether to apply data normalization to the input

The hyperparameters combinations and corresponding F1 scores are represented in
Table 5 for female voices and Table 6 for male voices.

This model leads to a highest achieved F1 value of 0.38 for female voices and 0.48
for male voices, respectively.
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Table 5. Hyperparameters tuning of MLPs for female voices.

Features used Layers Dimensionality Data
normalized

Precision Recall F1

64 5 32 no – – 0.0

64 5 32 yes 0.31 0.14 0.20

32 5 32 no 0.38 0.38 0.38

32 5 32 yes 0.34 0.13 0.19

16 5 16 no 0.25 0.18 0.21

16 5 16 yes 0.31 0.18 0.23

16 3 16 no 0.20 0.11 0.14

16 3 16 yes 0.20 0.10 0.13

Table 6. Hyperparameters tuning of MLPs for male voices.

Features used Layers Dimensionality Data
normalized

Precision Recall F1

64 5 32 no – – 0.0

64 5 32 yes 0.13 0.02 0.03

32 5 32 no 0.13 0.04 0.06

32 5 32 yes 0.10 0.01 0.02

16 5 16 no 0.0 0.0 0.0

16 5 16 yes 0.56 0.42 0.48

16 3 16 no 0.74 0.32 0.44

16 3 16 yes 0.29 0.13 0.18

16 7 16 yes 0.51 0.45 0.48

16 7 16 yes 0.46 0.41 0.47

5.2 Support Vector Machine (SVM)

We tuned the following major hyperparameters for SVM training and classification:

• Number of features used: 16, 32 or 64.
• C: a hyperparameter controlling overfitting.Responds for the allowedmargin between

the classes at cost of some misclassified instances.
• Kernel: a function defining the distance between input vectors. Using different kernels

allows to model non-linear dependencies.

The hyperparameters combinations and corresponding F1 scores are represented in
Table 7 for female voices and Table 8 for male voices.

The highest F1 achieved was 0.26 and 0.48 for female and male voices, respectively.
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Table 7. Hyperparameters tuning of SVM for female voices.

No. of features C Kernel Precision Recall F1

16 1.0 linear 0.3 0.23 0.26

32 1.0 linear 0.31 0.19 0.23

64 1.0 linear 0.27 0.21 0.23

16 1.0 rbf 0.0 0.0 0.0

32 1.0 rbf 0.0 0.0 0.0

64 1.0 rbf 0.0 0.0 0.0

16 1.0 sigmoid 0.0 0.0 0.0

32 1.0 sigmoid 0.0 0.0 0.0

64 1.0 sigmoid 0.0 0.0 0.0

16 0.1 linear 0.28 0.19 0.22

16 0.5 linear 0.31 0.22 0.26

16 0.25 linear 0.30 0.20 0.24

Table 8. Hyperparameters tuning of SVM for male voices.

No. of features C Kernel Precision Recall F1

16 1.0 linear 0.45 0.51 0.48

32 1.0 linear 0.28 0.31 0.29

16 1.0 linear 0.35 0.42 0.38

32 1.0 linear 0.52 0.42 0.46

64 1.0 linear – – no converge

16 0.1 linear 0.41 0.44 0.42

16 0.5 linear 0.46 0.50 0.48

32 0.5 linear 0.33 0.29 0.30

5.3 Xgboost

We tuned the following hyperparameters of the XGBoost model:

• Number of features: 32 or 64. In case of XGBoost, 32 features subset is the first
32 features of the 64 features set, which gave the best results. They are all from the
OpenSmile feature sets.

• Number of estimators: the number of decision trees in the ensemble.
• Maximum depth: the maximum depth of each decision tree in the ensemble.
• ETA or learning rate: weight of the new trees added to the ensemble. Setting it to a

lower value helps decrease overfitting.
• Gamma: minimum loss reduction for splitting the decision tree.
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• Subsample: ratio of the dataset that is used for building each new tree.
• Scale_pos_weight: the relative weight of the positive examples. Setting it to a higher

value means prioritizing Recall over Precision.

The hyperparameters combinations and corresponding F1 scores are represented in
Table 9 for female voices and Table 10 for male voices.

Table 9. Hyperparameters tuning of XGBoost for female voices.

No. of
features

estima-tors max_depth eta gamma sub-sample scale_pos_weight Precision Recall F1

32 100 5 0.3 0 1 2.5 0.29 0.24 0.26

32 100 3 0.3 0 1 2.5 0.27 0.17 0.20

32 200 5 0.3 0 1 2.5 0.30 0.24 0.27

32 200 5 1e−3 0 1 2.5 0.43 0.43 0.43

32 200 5 1e−3 10 1 2.5 0.43 0.44 0.43

32 200 5 1e−3 10 0.5 2.5 0.36 0.36 0.36

32 200 5 1e−3 10 0.75 2.5 0.4 0.4 0.40

32 200 4 1e−3 10 1 2.5 0.44 0.53 0.48

32 200 3 1e−3 10 1 2.5 0.47 0.58 0.52

32 100 3 1e−3 10 1 2.5 0.46 0.62 0.52

32 100 3 1e−3 10 1 3.5 0.45 0.70 0.54

32 100 3 1e−4 10 1 3.5 0.46 0.73 0.57

32 100 2 1e−4 10 1 3.5 0.49 0.94 0.65

32 100 2 1e−4 10 1 2.5 0.50 0.9 0.65

64 100 5 0.3 0 1 2.5 0.34 0.22 0.27

64 100 3 0.3 0 1 2.5 0.31 0.20 0.24

64 100 3 1e−2 0 1 2.5 0.42 0.44 0.43

64 50 3 1e−2 0 1 2.5 0.48 0.54 0.51

64 50 3 1e−3 0 1 2.5 0.45 0.61 0.52

64 50 3 1e−3 0 1 3.5 0.45 0.61 0.52

64 50 2 1e−3 0 1 2.5 0.42 0.58 0.49

64 100 2 1e−3 0 1 2.5 0.42 0.58 0.49

64 100 2 1e−3 0 0.5 2.5 0.45 0.4 0.42

64 100 2 1e−3 10 1 2.5 0.42 0.58 0.49

As it can be evinced from Tables 9 and 10, the highest F1 achieved was 0.65
for female voices and 0.67 for male ones. In case of female voices, the 32 fea-
tures used leading to the highest F1 score were all from OpenSmile and were the
following ones: alphaRatio_sma3, slope500-1500_sma3, mfcc2_sma3, mfcc3_sma3,
mfcc4_sma3, mfcc4_sma3, F0semitoneFrom27.5Hz_sma3nz, HNRdBACF_sma3nz,
logRelF0-H1-H2_sma3nz, jitterDDP_sma, mfcc_sma_9_, logRelF0-H1-A3_sma3nz,
F2frequency_sma3nz, pcm_fftMag_fband1000-4000_sma, shimmerLocaldB_sma3nz,
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F1bandwidth_sma3nz, mfcc_sma_4_, audspecRasta_lengthL1norm_sma,
pcm_fftMag_spectralVariance_sma,mfcc_sma_3_, pcm_fftMag_spectralFlux_sma,
shimmerLocal_sma, jitterDDP_sma, pcm_fftMag_spectralEntropy_sma,
audspecRasta_lengthL1norm_sma,mfcc_sma_2_, pcm_fftMag_spectralKurtosis_sma,
pcm_fftMag_spectralFlux_sma, mfcc_sma_6_, pcm_fftMag_spectralKurtosis_sma and
pcm_fftMag_spectralRollOff25.0_sma. In case of female voices, the 32 features used
leading to the highest F1 score were all from OpenSmile and were the following ones:
alphaRatio_sma3, hammarbergIndex_sma3, mfcc1_sma3, mfcc3_sma3, mfcc3_sma3,
mfcc4_sma3 F0semitoneFrom27.5Hz_sma3nz, HNRdBACF_sma3nz, logRelF0-H1-
A3_sma3nz, logRelF0-H1-A3_sma3nz, F1frequency_sma3nz, F2frequency_sma3nz,
logHNR_sma, F2bandwidth_sma3nz, F3bandwidth_sma3nz,
voicingFinalUnclipped_sma, logHNR_sma, audspec_lengthL1norm_sma,
audspecRasta_lengthL1norm_sma, mfcc_sma_2_, pcm_fftMag_fband250-
650_sma pcm_fftMag_fband1000-4000_sma, mfcc_sma_4_, pcm_fftMag_fband1000-
4000_sma, pcm_fftMag_fband1000-4000_sma, pcm_fftMag_fband1000-4000_sma,
mfcc_sma_4_, jitterLocal_sma, pcm_fftMag_spectralVariance_sma,
mfcc_sma_6_, pcm_fftMag_spectralSlope_sma, pcm_fftMag_spectralSlope_sma and
pcm_fftMag_spectralHarmonicity_sma.

Table 10. Hyperparameters tuning of XGBoost for male voices.

No. of
features

estima-tors max_depth eta gamma sub-sample scale_pos_weight Precision Recall F1

32 200 2 1e−4 0 0.5 5.5 0.57 0.79 0.67

32 200 2 1e−3 0 0.5 5.5 0.57 0.79 0.66

32 200 3 1e−3 0 0.5 5.5 0.57 0.74 0.64

32 200 3 1e−3 10 0.5 5.5 0.57 0.74 0.64

64 100 5 0.3 0 1 4.7 0.14 0.06 0.08

64 100 3 0.3 0 1 4.7 0.13 0.05 0.06

64 100 3 1e−2 0 1 4.7 0.44 0.38 0.40

64 100 3 1e−2 0 1 5.5 0.48 0.54 0.50

64 200 3 1e−2 0 1 5.5 0.42 0.42 0.42

64 200 3 1e−3 0 1 5.5 0.60 0.66 0.63

64 200 2 1e−3 0 1 5.5 0.54 0.78 0.63

64 500 2 1e−3 0 1 5.5 0.52 0.78 0.62

64 200 2 1e−3 0 1 5.5 0.51 0.79 0.62

64 200 2 1e−2 0 1 5.5 0.44 0.57 0.50

64 200 2 1e−4 0 0.5 5.5 0.56 0.79 0.66

5.4 Comparison of Results Over the Models

The best achieved F1 was shown by the XGBoost model and resulted in 65% for female
voices and 67% for male voices. This is comparable to results of similar research in the
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field accounting for the type of input data (audio) and only using low-level audio features.
As XGBoost shows the highest F1 among all ML models, its highest explainability also
makes it the best candidate for the final model to use in classification and production.

5.5 Gender Importance

Gender has been discovered to be an important factor in depression diagnostics, to a level
that different features are most useful for different gender. In the smallest 16 features
set, there is a zero intersection between genders. That result highlights the complex
nature of mental health issues, as well as an increased need for inclusivity in research
and providing care.

5.6 Feature Importance

There are features that seem to be relevant for both genderswhen it comes to the detection
of depression and there are also gender-specific ones. Below is presented the explanation
of what those features describe physically and how those align with common beliefs of
depressed speech.

Features Common for Both Genders. F1 formant proved to be an important feature
for depression detection for both genders (but in different statistical forms). Practically,
F1 is a formant that covaries with themouth opening and closing cycles. These cycles are
the articulatory basis of speech rhythm and play a crucial role in speech comprehension
(He, Zhang and Dellwo, 2019). Hence, this feature correlates with speech being better
or worse articulated.

Harmonic to Noise Ratio (HNR), has also shown predictive power for both genders.
HNR is a ratio between the clean voice and the sub product noise coming from the air
interacting with vocal cords and other parts of the vocal tract. It can be used to evaluate
the general health of the voice, e.g. detect laryngeal pathologies (Teixeira, Oliveira and
Lopes, 2013).

Features More Important for Male Patients. F2 and F3 formants turned out to have
crucial importance for male gender only. Those formants are dependent on articulation.
F2 depends on front and back position of the tongue while F3 is important for quality and
clarity of pronounced phoneme (Prica and Ilic, 2010). This aligns with the judgement of
speech changes towards more incomprehensive and less articulated during depression.

Alpha Ratio and Jitter also turned out to be more important for diagnosis in male
voices. Alpha ratio evaluates the relationship between low harmonics and those above
1000Hz, and it is associated with spectral slope, the delivery of information about the
source as well as the filter and voice quality. Hypofunctional voices are associated with
low Alpha ratio values, while hyper functional voices are associated with high Alpha
Ratio values (Marsano-Cornejo and Roco-Videla, 2023). Jitter evaluates perturbation
of the fundamental frequency by comparing one cycle with another (Marsano-Cornejo
and Roco-Videla, 2023) and can be used to describe the voice stability. The importance
of those features for depression detection in male voices may indicate how the disease
affects the patient’s ability to control their voice.
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The Hammarberg index is the intensity difference between higher and lower fre-
quency bands. It is also described as a measure of vocal effort and signifies the intensity
of the voice, also used for emotions recognition (Schmidt, Janse and Scharenborg, 2016).

A few magnitude spectrum features related to the F0, or fundamental frequency,
turned out to have predictive power of depression for male voices too. F0 variation can
be thought of as what is removed by speaking in monotone (Brown and Bacon, 2010),
which also aligns with the belief of speech of depressed patients being monotonous.

FeaturesMore Important for Female Patients. MFCC turned out to bemostly impor-
tant for female gender. MFCC, or Mel Frequency Cepstral Coefficients, audio features
that are known to describe vocal tract characteristics and are used in word separation
and emotion recognition (Abdul and Al-Talabani, 2022). As a spectral feature, it can be
corresponding to the speech being more monotonous in depressed patients.

Energy entropy and a delta of it proved to be relevant for the problem for female
voices. This is a measure of abrupt changes in audio signal. In case of voice this might
indicate whether the speech is monotonous or rather expressive, with lots of changes to
the loudness.

Spectral centroid frequency (SCF) is the average frequency for a given sub-band,
weighted by the normalized energy for this sub-band. This feature is affected by changes
in pitch and harmonic structure and contains formants information (Kua et al., 2010).

6 Conclusion and Discussion

This research achieved F1 of 65% for depression detection for female voices and 67%
for male voices. In another study (Vlasenko, 2017) that utilized an experimental setting
similar to the one we employed for our research, the best F1 score of 100%was reported
for female speakers. Such a result significantly exceeds the results in our current work
and we could not replicate it. The difference in results is likely due to the authors
using Vowel Level formant features. To extract such features, they performed a phonetic
transcription of the speech and then identified the phoneme borders. In our approach,
we instead calculated the formant features over the whole sound sample.

Features responsible for articulation and overall voice health proved to be important
for both male and female voices. Depression in male voices could be better predicted
by formant and harmonic features, responsible for monotony and ability to control the
voice. For female voices, monotony also proved to be important, but is better predicted
via MFCC, energy entropy and spectral centroid features.

The study also revealed the significance of gender for determining a set or features
with high predictive power towards depression detection. It would be interesting to
analyze the influence of other demographic characteristics in this context, for example
age, level of education and marital status.

Another potential direction of further research is to investigate whether the changes
in speech persist for different languages and whether the same low-level audio features
would preserve predictive strength for languages other than English. While there are no
reasons to doubt that depression symptoms themselves would still be present in non-
English native speakers, such an analysis would help distinguish linguistic features from
pure sound formation ones.
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To more reliably track the changes in the voice, collecting data from different peri-
ods of the same patient’s treatment would open an opportunity to distinguish personal
voice characteristics from depression biomarkers, and also extract the features more
reliably. For example, the speech of depressed people is often described as retarded and
monotonous. While with current data the only baseline is average speaking pace, in case
of the same patient it would be possible to compare whether they are really speaking
slower than their normal pace or it is a personal characteristic.

While our study treated the problem as binary classification, it would be interesting
to verify whether voice properties are granular enough to predict the actual score on
the depression questionnaire, i.e. predict not only a binary label but also a quantitative
value. The same idea can be extended and applied to predicting rubrics: e.g. instead of
predicting the depression status as a whole, target only tiredness, depressed moods, and
/or other specific rubrics of the depression questionnaire.
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Abstract. Dysphonia is a condition characterized by difficulties in voice
production caused by functional, psychological, and neurological factors.
Accurate diagnosis of dysphonia is crucial for determining the proper
treatment procedures and follow-ups. The previous approaches primar-
ily focused on sustained vowels and manual feature extraction, which
does not represent everyday speech usage. It raised questions regarding
the usability of these methodologies when applied in real-life scenarios.
Also, differentiating between organic and functional dysphonia remains
an unexplored area in speech pathology. In this paper, we propose an app-
roach based on Web-scale Supervised Pretraining for Speech Recognition
(Whisper). Features extracted from the pre-trained transformer-based
Whisper encoder in both Base and Large variations were used to train
machine learning models such as Support Vector Machine, Random For-
est, and Multi-Layer Perceptron. We also proposed an architecture based
on a 1-dimensional convolution neural network (1DCNN). Our proposed
method showed high performance and surpassed previous approaches
on the same dataset in binary and multiclass classification. It achieved
95.51% accuracy in binary classification and 76.40% in multiclass clas-
sification, outperforming previous methods. These results emphasize the
effectiveness of our model in capturing speech characteristics at the utter-
ance level and distinguishing between dysphonia subtypes.

Keywords: Dysphonia · Whisper · Speech embeddings · Speech
disorder

1 Introduction

Although human speech is the primary communication medium between individ-
uals, it also contains essential information regarding the speaker’s health status,
sex, emotional state, and identity [10,20]. As speech is the outcome of a complex
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process involving different human organs, any condition that affects these organs
will have an impact on the produced speech. Voice pathology can result from
various factors, including organic, structural, and functional [3,33]; these con-
ditions affect the vocal folds responsible for producing speech. Voice pathology
refers to a condition in which there are abnormalities in overall voice quality,
pitch, and loudness in an individual’s speech compared to those of the same age,
sex, and cultural background [19]. The percentage of the population affected
by this condition is around 10% in the general population, but it is higher in
individuals with extensive vocal fold usage, reaching almost 50% [2,16,26].

Dysphonia refers to difficulties with voice production, resulting in changes in
voice quality. It is important to note that while hoarseness is a symptom reported
by patients, dysphonia is a clinical diagnosis made by healthcare professionals
[15]. Generally, dysphonia is categorized into two subtypes: organic dysphonia,
which is the consequence of neurodegenerative diseases and structural condi-
tions. Functional dysphonia results from the improper functioning of the vocal
folds with no correlation to neurological disease [7]. These speech-related condi-
tions can significantly affect an individual’s quality of life, potentially limiting
their professional performance and restricting their ability to engage with others.
Therefore, proper diagnosis of these conditions is crucial.

Diagnosing dysphonia involves various procedures. The first technique is
an invasive procedure that utilizes methods such as laryngoscopy, stroboscopy,
and laryngeal electromyography, performed by specialized healthcare profession-
als and voice therapists. The main issues with these protocols are their time-
consuming nature, high cost, and the discomfort they often cause patients, which
is why many individuals avoid undergoing these procedures when needed [27,30].
An alternative approach involves using speech and signal-processing techniques
combined with machine learning (ML) and deep learning (DL). These tech-
niques have gained considerable attention from clinicians and academics due to
their non-invasive, inexpensive, and objective nature. The methodologies typi-
cally consist of three main steps: first, collecting and acquiring speech samples;
second, feature extraction, which can sometimes be bypassed when using DL
techniques; and third, training the model to distinguish between normal and
dysphonic speech.

Some research that falls into the ML category has primarily focused on using
sustained vowels for building the detection system, including [9,13,17,18,32]. A
mixture of VGG16 and a Support Vector Machine (SVM) was presented in [24].
They utilized features extracted from the sustained /i/ vowel using VGG16 to
train the SVM classifier, achieving an accuracy of 96.7%. Other studies have
investigated the effectiveness of algorithms such as K-nearest neighbors (KNN),
SVM, and random forest (RF) with features extracted from vowels /a/, /i/,
and /u/ produced at a normal, high, low pitch [8]. While highly accurate, these
approaches do not reflect everyday speech usage and might downgrade perfor-
mance when applied in real-life scenarios. This leads other researchers to utilize
continuous speech instead of sustained vowels, which capture more variation
in speech signals and represent real-life speech usage. In [29], an accuracy of
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89% was achieved using continuous speech samples in binary classification. A
combination of features from vowels and sentences was proposed to estimate the
severity of dysphonia [34]. The issue with traditional ML approaches is that they
rely on manual feature extraction, which is time-consuming and requires back-
ground knowledge to determine the best-performing features for specific speech
disorders and languages.

In recent years, voice pathology detection systems have shifted to adapt-
ing deep learning (DL) networks and embedding feature features from general
speech processing models. Some research has adopted Convolutional Neural Net-
works (CNNs), including [1,6,12,14], with accuracies ranging from 71% to 98%.
A mel-spectrogram extracted from sustained vowels was used with a CNN for
binary classification of dysphonia and achieved an accuracy of 92%. A combina-
tion of Bi-directional long short-term memory (biLSTM) and CNN models was
proposed in [1,12] and trained using the raw waveform from a speech signal.
The models achieved an accuracy of 98.6% and 71.36%. Other researchers used
embedding features from self-supervised models, such as in [11] for Parkinson’s
detection and [25], which utilized self-supervised models for dysphonia detection,
achieving the highest accuracy of 94% in binary classification.

Despite the limited research available on differentiating between functional
and organic dysphonia using speech samples combined with ML and DL, it
is crucial to make this distinction due to the different treatment procedures
required for each dysphonia category. Functional dysphonia may require voice
therapy or psychological intervention, while organic dysphonia may necessitate
medical intervention or surgery. The similarities in effects these subtypes have
on speech signals may explain the challenges in distinguishing between them. To
our knowledge, only [4,29] have performed classifications between organic and
functional dysphonia, achieving accuracies of 75% and 73.26%, respectively.

Existing studies in the literature have several limitations. They mainly
focused on sustained vowels and manual feature extraction, which is expensive,
time-consuming, and requires background knowledge. Moreover, using sustained
vowels neither captures all speech variation nor reflects everyday speech usage,
which limits their usability in real-world applications. DL approaches require
large datasets, which are not available in the speech pathology domain due to
the data and patient privacy, and this leads these methodologies to not perform
well in detecting voice pathology. Also, the differentiating between functional
and organic dysphonia remains the primary unexplored area.

In this paper, we propose a non-invasive method that eliminates the manual
feature extraction method to enhance the classification performance of dysphonia
diagnosis in both binary and multiclass classification. Our approach is based on
the embedding feature from the transformer encoder part of the Web-scale Super-
vised Pretraining for Speech Recognition (Whisper) model. This transformer-
based speech processing model is able to capture various acoustic and speaker-
related features in a non-invasive manner and outperform conventional acoustic
features in distinguishing between normal and dysphonic speech. Our contribu-
tions to the paper are as follows.
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– Adopt Whisper encoder in both Base and Large variations using a transfer
learning approach for diagnosing dysphonic speech.

– Propose a custom 1DCNN on top of the Whisper transformer encoder for
both binary and multiclass dysphonia classification.

– Our proposed approach outperformed previous related work in the literature
in both binary and multiclass cases.

The remaining sections of this paper are as follows. In Sect. 2, we include a
detailed explanation of the dataset used in the experiment and the architecture of
our custom 1DCNN model. Section 3 will explain the results achieved, followed
by the discussion section in Sect. 4. The conclusion and future work will be
described in Sect. 5.

2 Materials and Method

2.1 Datasets

The study utilized a Hungarian dataset containing speech samples from both
healthy control (HC) and those with organic (OD) and functional dysphonia
(FD) groups. Native Hungarian speakers were tasked with reading a translated
tale, “The North Wind and the Sun,” in a clinical office at the Head and Neck
Surgery Department of the National Institute of Oncology. Three Experts in the
same department categorized patients into organic and functional dysphonia,
and labels were determined by the average of three. The recordings were in
PCM audio format with a 16 and 44 kHz sampling rate and 16-bit quantization,
and the duration of one speech sample was about 45 seconds. Permission was
obtained for the use of speech samples in research.

The dataset consists of a total of 441 speech samples, including 178 samples
from individuals with OD (98 females and 81 males), 83 FD (62 females and
21 males), and 178 from HC (93 females and 86 males). Although the original
sampling rates varied, all speech samples were resampled to a 16 kHz rate to
align with the Whisper feature encoder used in the experiments. Figure 1 shows
each class’s distribution of male and female samples.

The dataset was separated into training and testing sets, ensuring represen-
tative samples for each class were included in the test set. The ratio between
the training and testing sets was 80% and 20%, respectively. The 80% of the
training set was used for 5-fold cross-validation for hyperparameter and model
selection.

2.2 Whisper Model

Whisper is an encoder-decoder model based on the standard transformer archi-
tecture in [31]. The model was trained using weak supervision on a large-scale
dataset, encompassing up to 680,000 hours of multilingual data, and trained
using a multitasking approach, including speech recognition, speech activity
detection, speaker diarization, and more. Log-magnitude mel-spectrograms were
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Fig. 1. Sex Distribution of Each Class in the Dataset.

extracted using a 25-millisecond window and a 10-millisecond overlap, and the
training utilized the AdamW optimizer with a linear learning rate decay, gra-
dient norm clipping, and a batch size of 256. Whisper models come in various
sizes, reflecting the number of transformer layers utilized. The Tiny model, the
smallest, contains 4 transformer layers. The Base model includes 6 layers, and
the Large model consists of 32 transformer layers [22]. In our experiment, we
adopted the Base and Large models, which have 39 million and 1550 million
parameters, respectively.

2.3 Proposed Method

This paper utilized two variations of the Whisper encoder, Base and Large model.
The pre-trained versions of two models were utilized using the SpeechBrain
toolkit [23] and the Transformers library from Hugging Face. These models can
process variable-length speech signals and convert them into fixed-length speech
embeddings. The Base and Large models have dimensions of 512 and 1280,
respectively.

The model will extract the log mel-spectrogram from each sample, which will
serve as the input for the encoder part of the model. During this process, the
parameters of the encoder layers are kept frozen. This technique involves trans-
ferring knowledge from one domain to different domains and datasets, a method
known as transfer learning. Transfer learning has shown promising results, espe-
cially when the dataset size is insufficient for training the model from scratch
or fine-tuning the model. The output of the encoder section will be a matrix
with a shape of 1× 1500×Dim, indicating the batch size, timestep, and feature
dimensionality, respectively. After applying average pooling along the timestep
dimension, we get a feature vector of shape 1×Dim, representing a feature vector
capturing speech characteristics relevant to the overall speech sample, whether
healthy or dysphonic.

In this study, we used this feature vector to train various ML algorithms,
namely SVM with both rbf and linear kernels, RF, and MLP. Additionally, we
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Fig. 2. Architecture of the proposed method.

proposed an architecture based on a 1-dimensional convolutional neural network
(1DCNN). Figure 2 illustrates the architecture of the proposed method.

The CNN architecture consists of five CNN blocks. The first block has a
kernel size of 5, an input channel of 1 (reflecting the single channel in our input
feature vector), and 64 output channels. The convolution layers are followed by
batch normalization, max-pooling with a kernel size of 2 and a stride of 2, and a
dropout layer to prevent overfitting. The remaining four blocks follow the same
structure but with a kernel size of 3 and an increasing number of channels: 128,
256, 512, and 1024, respectively. After applying adaptive global average pooling,
a feature vector of size 1024 dimensions is obtained and fed to a linear layer
with softmax activation function output neurons of 2 and 3, representing the
two classes in the dataset for binary and multiclass classification, respectively.
The PyTorch framework was used for training and development.

Finding the best hyperparameters of the ML algorithm performed using grid
search and 5-fold cross-validation in scikit-learn library [21]. The best hyper-
parameters were used to train the ML algorithms on the full training set, and
the performance of the trained model was evaluated on an independent test set.
Table 1 shows the best hyperparameter obtained for binary/multiclass classifi-
cation.

Table 1. List of best hyperparameter values of each algorithm.

Algorithms Model size Best Hyperparameters

SVM-rbf Large C: 2.0/3.0, gamma: 0.401/0.201
Base C: 1.5/9.0, gamma: 0.201/0.201

SVM-linear Large C: 2.0/1.5
Base C: 1.0/1.0

RF Large max-depth: 5/None, min-samples-split: 5/20, num-estimators: 100/50
Base max-depth: None, min-samples-split: 2/10, num-estimators: 200/500

MLP Large layer-sizes: (50, 50)/(200,200), max-iter: 1000/1000, Adam, lr: 0.001, batch: 4/4, loss log
Base layer-sizes: (200, 200)/(100,100), max-iter: 1000/1000, Adam, lr: 0.001, batch: 4, loss log

1DCNN Large Adam, lr: 0.001, loss: cross-entropy, dropout:0.1, batch-size: 16, epochs: 100
Base Adam, lr: 0.001, loss: cross-entropy, dropout: 0.1, batch-size: 16, epochs: 100
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2.4 Evaluation Metrics

The evaluation of the proposed method was conducted using standard classifica-
tion metrics, including accuracy, sensitivity, specificity, and F1 score. Accuracy
measures the model’s overall ability to correctly classify speech samples into both
classes (positive and negative). Sensitivity, also known as the true positive rate
(TPR), is the probability that the model correctly identifies positive samples,
given that the individual is truly positive. Specificity, or the true negative rate
(TNR), is the probability that the model correctly identifies negative samples,
given that the individual is truly negative. The F1 score is the harmonic mean
of precision and recall, providing a balanced metric that accounts for both false
positives and false negatives, particularly useful in cases of class imbalance.

3 Results

Results reported in this section are from an independent test set; for all the
experiments, a manual seed was applied to ensure the same test set was used for
fair performance comparisons between the models. Table 2 reports performance
metrics for different ML algorithms and our proposed model using the Base
and Large Whisper encoder. Rows represent different ML algorithms, and the
columns represent metric results using both Base and Large encoders. Bold val-
ues represent the highest performance between ML algorithms, while bold and
underlined denote the best performance achieved. Overall, all ML algorithms
demonstrated good performance. The accuracy metrics range from 87.64% to
95.51%, indicating the Whisper encoder’s capabilities to capture dysphonic-
related features in speech samples.

Table 2. Test set results for different ML algorithms.

ML Accuracy F1 score Sensitivity Specificity
Base LargeBase LargeBase LargeBase Large

SVM-rbf 88.76 93.26 0.912 0.947 88.14 91.53 90.00 96.67
SVM-linear 88.76 93.26 0.912 0.947 88.14 91.53 90.00 96.67
RF 87.64 92.13 0.901 0.938 84.75 89.83 93.33 96.67
MLP 89.89 91.01 0.922 0.935 89.83 98.31 90.00 76.67
1DCNN 92.13 95.51 0.937 0.966 88.14 94.92 100 96.67

As seen in the table, in the Base model, all algorithms except 1DCNN
achieved comparable performance, with the lowest accuracy of 87.76% by RF
and the highest accuracy of 89.89% by MLP. Notably, both SVM-rbf and SVM-
linear achieved the same performance across all metrics, indicating that the
choice of kernel type does not significantly impact the results.
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We observed performance improvements across all ML algorithms when com-
paring the results achieved using the Large Whisper model to the Base model.
The Large model consistently delivered better accuracy and F1 scores in all
ML algorithms. The difference in performance between the two models ranges
from 1.12% to 4.5% in terms of accuracy in MLP and SVM algorithms, respec-
tively. The proposed 1DCNN model trained on speech embeddings from a Large
Whisper encoder achieves the highest accuracy, illustrating the impact of the
Larger model characterized by a greater number of transformer layers and train-
able parameters. This scalability improves the models’ capacity to capture more
distinctive features in dysphonia-related speech samples.

When comparing the results of our proposed 1DCNN architecture to off-the-
shelf ML algorithms, we observe that our architecture consistently outperforms
other algorithms in both variations despite the limited training data available.
The model achieves an accuracy of 95.51% and an F1 score of 0.966, demon-
strating outstanding performance in dysphonia detection.

Confusion Matrices A and B from Fig. 3 illustrate the performance of the pro-
posed method with Base and Large Whisper encoders in classifying the speech
sample into two classes: HC (Healthy Control) and Dys (Dysphonia), respec-
tively. Columns represent the actual labels, while rows represent the predicted
labels by the model. The values in the matrix starting from the top left repre-
sent True Negative (TP), False Positive (FP), False Negative (FN), and True
Negative (TN), respectively. The diagonal values indicate the number of correct
predictions. Summing the values in each column will provide the total number
of samples in that particular class in the test set.

Fig. 3. Confusion matrix of 1DCNN model with Base and Large Whisper encoder.

From the analysis of the confusion matrices, it is evident that speech embed-
ding from the Whisper Large encoder approach outperforms Base. It shows
higher accuracy in correctly predicting instances. FN indicates that the model
predicted the speech sample as healthy, but in reality, it is dysphonic speech. In
this case, the Base model has 7 FN, whereas the Large model has only 3 FN.
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This indicates that the Larger encoder is more effective at correctly identifying
patterns for distinguishing between two classes, highlighting its superiority in
capturing speech characteristics associated with dysphonia.

Moreover, we also conducted multiclass classification. In this scenario,
we trained ML algorithms using extracted speech embeddings to distinguish
between HC, OD, and FD. When evaluating the results in Table 3, it is clear
that the performance of the Large and Base speech encoder models aligns closely
across all evaluation metrics. Only SVM-rbf and RF with the Large Whisper
encoder achieve slightly better performance compared to their Base counter-
parts. In contrast, the MLP performs worse with the Large model. These results
suggest that both models capture similar speech characteristics for distinguish-
ing dysphonia categories. Consequently, it can be inferred that the complexity
of the larger model does not grant a significant advantage over the Base model
for this specific classification task.

Table 3. Multiclass Test set results for different ML algorithms.

ML Accuracy F1 score Sensitivity Specificity
Base LargeBase LargeBase LargeBase Large

SVM-rbf 71.91 73.03 0.690 0.667 69.80 69.76 85.65 85.87
SVM-linear 70.79 70.79 0.673 0.649 68.47 67.80 85.04 84.83
RF 69.66 73.03 0.612 0.685 65.99 70.47 84.13 85.99
MLP 69.66 67.42 0.648 0.661 66.92 66.10 84.30 83.33
1DCNN 76.40 76.40 0.751 0.753 75.1475.62 88.00 88.12

The confusion matrices from Fig. 4 compare the classification performance
using the Base and Large Whisper models for HC, FD, and OD. The Large
model demonstrates a slight improvement in correctly classifying HC (28 vs. 27).
However, it performs slightly worse in correctly classifying FD samples (25 vs. 27)
and exhibits a higher misclassification rate for FD, with more FD samples being
predicted as OD. Both models struggle to distinguish between OD and FD. They
predict 8 samples as FD while they are OD, likely due to overlapping acoustic
features. Overall, the Large model provides minor improvements, particularly in
HC and OD classification, while performing worse in classing FD.

Comparing the results obtained from our proposed method in binary and
multiclass classification tasks with other machine learning classifiers, we observe
that the proposed 1DCNN significantly outperforms other algorithms, achieving
an almost 9% absolute difference compared to MLP when using speech encoded
from the Larger Whisper. These findings highlight the superior ability of 1DCNN
to effectively handle complex, encoded speech data. Notably, 1DCNN maintains
consistent performance with both Base and Large models, unlike MLP, which
demonstrates a decrease in accuracy with the Larger model.

Comparing these results with other studies, we examine the outcomes of
three recent publications that employed the same datasets. Figure 5 illustrates
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Fig. 4. Confusion matrix of multiclass classification.

comparisons of our best-performing model with related works. The x-axis repre-
sents different methods employed in the same dataset, and the y-axis represents
achieved performance.

Our proposed method clearly outperforms previous works by a large margin,
especially in the case of the Large encoder. Our 1DCNN with Large Whisper
speech encoder achieves more than 95% accuracy and F1 score, which is an
absolute improvement of more than 4%, 5%, and 9% compared with the results
achieved by [4,5,28], respectively.

Moreover, in the multiclass classification comparison with other previous
work, only [4] performed three-class classification. Looking at the Table 3, in the
case of using the Base Whisper, only 1DCNN outperforms previous related work.
Although the Larger Whisper model leads to improved performance in SVM-
Linear and RF, they do not outperform the previous approach. Figure 6 illus-
trates a comparison of our best-performing algorithms with previous approaches.
As can be seen from Fig. 6, our proposed method outperforms previous related
work, achieving improvements of more than 3% and 6% in both accuracy and
F1 score, respectively.

To summarize our findings, the proposed 1DCNN model utilizing the Large
and Base Whisper speech encoder significantly outperforms previous method-
ologies in both binary and multiclass dysphonia classification tasks. The results
demonstrate the Whisper encoder’s efficacy in capturing dysphonic features,
with the Large model consistently yielding higher performance in all classifica-
tion metrics across all ML algorithms. These findings highlight the effectiveness
of Whisper’s speech embeddings combined with 1DCNN in capturing dysphonia-
related characteristics and improving dysphonia detection performance.
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Fig. 5. Performance comparison of the proposed method with other related works in
binary classification.

4 Discussion

Transfer learning has been shown to have a significant impact on improving
accuracy in domains where the available dataset is sparse. Several approaches
have proposed the use of transfer learning for diagnosing dysphonia, but they
have primarily focused on computer vision models, which may not perform opti-
mally due to the mismatch between visual data and speech tasks. In this paper,
we adopted the transfer learning approach using the Whisper encoder, a robust
speech processing architecture trained on extensive speech datasets, to capture
speech characteristics at the utterance level. Our results demonstrated the capa-
bilities of the Whisper encoder for diagnosing dysphonia.

Our results from binary classification show that the Large variant of the
Whisper model often leads to better accuracy across all ML algorithms. However,
utilizing the Large variant does not increase classification performance when
classifying HC, OD, and FD. This indicates that a larger number of transformer
layers and model parameters capture similar features related to distinguishing
between dysphonia subtypes and do not provide a more discriminative feature
set. Another reason might related to the limited number of speech samples in
the training dataset, which is not sufficient to capture more diverse features for
better distinguishing between FD and OD. Our proposed 1DCNN architecture
outperforms other ML algorithms utilizing both Base and Large Whisper models
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Fig. 6. Performance comparison of the proposed method with other related works in
multiclass classification.

in binary and multiclass experiments, highlighting the superior capabilities of
1DCNN in processing speech embeddings compared to other ML methods.

Comparing the results achieved with previous related works, our proposed
method employing both Base and Large Whisper models significantly outper-
forms other related work in binary and multiclass classification. This high-
lights the capabilities of Whisper models combined with 1DCNN to distinguish
between healthy and dysphonic speech as well as between different dysphonia
categories.

The improved performance of our proposed method, especially in binary clas-
sification, demonstrates significant potential for clinical applications. Enhanced
accuracy in identifying dysphonia can offer healthcare providers more precise
diagnostic tools for pre-screening patients, potentially leading to earlier inter-
ventions and personalized treatment plans, thus improving patient outcomes.

This approach can be integrated into early diagnostic phases, such as during
general practitioner visits or through mobile devices at home, offering a cost-
effective complement to clinical expertise. While clinicians may benefit from
these computational techniques, their role should be to augment, not replace,
professional judgment in diagnosis.

Although the proposed approach achieves promising results, it also has some
limitations. The dataset used in this study is relatively small and may not capture
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all the diversity in the dysphonia population. Future studies should validate
the model with larger and more diverse datasets to ensure its robustness and
applicability across different populations.

5 Conclusion

In this paper, we adopted the Whisper speech encoder for binary and multiclass
classification of dysphonic speech and proposed a custom 1DCNN. Our find-
ings from the binary classification task show that utilizing the Larger Whisper
encoder variant performed better than the Base counterpart, outperforming pre-
vious approaches on the same dataset. While the Large model outperformed the
Base in binary classification, our results from multiclass classification imply that
both models of Whisper exhibit similar performance. This suggests that the addi-
tional transformer layers in the Large model do not capture more discriminative
features related to dysphonia categories. Moreover, our custom 1DCNN model
outperformed classical ML algorithms, even with a limited number of speech
samples. The proposed method achieved 95.51% accuracy in binary classifica-
tion and 76.40% accuracy in multiclass classification, significantly surpassing
previous approaches using the same dataset. This highlights the superior capa-
bility of our 1DCNN model in distinguishing between healthy and dysphonic
speech, as well as differentiating between dysphonia categories.

In conclusion, the Whisper speech encoder, particularly when combined with
our custom 1DCNN architecture, shows significant promise in improving the
accuracy of dysphonia classification. Future research could explore the optimiza-
tion of the model architecture further and adopt it in multilingual scenarios by
training the model width datasets from diverse languages.
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Abstract. The article proposes a modification of the methodology for assessing
the quality of pronunciation of a patient’s syllables in the process of speech reha-
bilitation. A modification of the technique consists in applying an approach that
allows the use of recordings of healthy speakers to assess the quality of pronun-
ciation of various phonemes. To assess the quality of pronunciation, we use the
distance between two files with recordings in wav format; the smaller the distance
between twofiles, themore similar they are considered.Distance calculationmeth-
ods discussed included DTW, EDR, ERP, LCSS, MSM, and Euclidean distance.
The accuracy of the method was tested using values obtained using the instan-
taneous energy envelope and the Gilbert envelope, in the first case ERP was the
most accurate method, in the second EDR. It was revealed that the LCSS and ERP
methods perform calculations much longer than other methods and do not have
high accuracy, as a result, they are not included in the list of the best calculation
methods. The hypothesis that the two means were equal was also tested using the
Mann-Whitney method to confirm that the distance between the healthy speaker
recording and the preoperative patient recording differs from the distance between
the healthy speaker recording and the recording of the patient after surgery. As a
result, it turned out that the most accurate and fastest method for calculating the
distance between two records is EDR. Analysis of the results obtained showed that
this approach is applicable to solving the problem of speech analysis, but requires
significant improvements and subsequent research due to the low accuracy of the
put forward theories.
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1 Introduction

Statistics of oncological diseases of the organs of the speech tract [1] show that the
number of cases with this localization does not decrease every year. Therefore, research
and development of speech rehabilitation methods and speech assessment algorithms in
medicine remain relevant areas now. Assessment of the speech quality in rehabilitation
allows you to track the degree of speech recovery after surgery and quantify speech
intelligibility, and as a result, adjust the treatment method of an individual patient [2] if
it needs.

In accordance with the clinical recommendations adopted at the moment, the assess-
ment of pronunciation and speech quality in the process of speech rehabilitation does
not have a single methodology, and the available instructions are based on the speech
therapist expert assessment, namely assessment by listening to the patient speech. Pre-
viously, a speech assessment technique based on an automated algorithmic comparison
of syllable pronunciation records of the same patient at different stages of speech reha-
bilitation was proposed by the authors and implemented in some medical institutions.
As a reference (the state of speech to which it is necessary to return in the process of
rehabilitation), the patient recordings of speech before surgical intervention in the organs
of speech production are used. The available technique makes it possible to evaluate dif-
ferent recordings based on the calculation of the similarity metric between the patient’s
recordings before surgery with recordings after rehabilitation. This provides a quantita-
tive assessment of speech restoration during the patient’s speech rehabilitation process
[3]. In this methodology, speech assessment means the calculation of two indicators: an
assessment of the pronunciation of syllables to assess the correctness of the pronuncia-
tion of individual minimum units of speech and an assessment of the pronunciation of
phrases to assess the permeability of speech. This study will focus specifically on the
assessment of syllable pronunciation.

However, this technique has a significant drawback: the need for reference records
for each patient, which will be considered as high-quality speech. High-quality speech
means speech with correct pronunciation of the phonemes and other speech units of
the Russian language, taking into account the original features of the speaker’s speech.
That is, if a person initially has rhotacism, his speech is considered high-quality for the
purpose of speech rehabilitation assessment of his case. Because within the framework
of speech rehabilitation, there is no goal to achieve ideal pronunciation of phonemes,
but the task is to return to the preoperative speech level. The specificity of the studied
disease implies that in some cases, at the time of admission of the patient to the hospital,
his speech is already not high-quality, distorted by the presence of neoplasms. And
for such patients there is no way to record high-quality speech, which will become
a reference for evaluation in the rehabilitation process. Therefore, it is proposed to
refine the methodology within the framework of an approach to assessing the patient’s
speech based on a comparison with the speech of a group of healthy speakers. This
work is an attempt to exactly expand the methodology for assessing the pronunciation
of syllables, therefore the algorithms used (signal processing, calculation of similarity
metrics) and the recorded and analyzed speech material (list of recorded syllables and
list of problematic phonemes) are the initial parameters and are not studied in this work.
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2 Proposed Approach

The assessment according to the proposed approach is calculated as the average value
of the distances between the recording of a syllable pronounced by the patient and
recordings of the same syllable pronounced by healthy speakers. The proposed method
takes into account the fact that a person can pronounce the same unit of speech in different
ways and it is to account for this error that not one healthy speaker is used, but several
healthy speakers.

According to the calculation algorithm, an audio recording containing the pronun-
ciation of one syllable is converted into a sequence of numeric values. To test the appli-
cability approach, we indicate that the patient’s records may belong to three “interme-
diate points” in the treatment and rehabilitation process: “before surgery” - speech was
recorded before surgery, “after surgery” - speech was recorded after surgical interven-
tion, but before rehabilitation procedures, “after rehabilitation” - speech was recorded
after a full or partial set of speech restoration training. The algorithm involves calculating
the metric between two sequences. Themetric is selected based on two criteria: accuracy
and performance (calculation speed). The accuracy of the method must be determined
based on their hypothesis that the distance from the recording of a healthy speaker to
the recording of a patient “before surgery” it will be less than the distance from the
recording of a healthy speaker to the recording of the patient “after surgery”. According
to the original methodology, it is assumed that speech before surgery is of the highest
quality (intelligible, if we use the definitions of speech therapists), speech after surgery
is of the lowest quality, and during the rehabilitation process speech should become of
higher quality and approach the preoperative level (but in most cases not reach it). This
approach to assessing the level of speech quality is confirmed by oncologists and speech
therapists based on observation data of patients.

The method that shows the most correct results is considered the most accurate. The
calculation speed is defined as the time required to find the distances between all the
syllable entries pronounced by the patient and all the healthy speaker entries. Accuracy
is a more important criterion, as it shows the applicability of this metric in the approach,
however, the speed of calculations is also being investigated in view of the need for an
assessment within a limited period of time (as part of a patient’s session with a speech
therapist or oncologist).

2.1 Dataset of Speech Recordings

Two sets of recordings were generated to assess the applicability of the approach: a
set of patient recordings and a set of healthy speaker recordings. Each recording is an
audio file in mono format with.wav extension with a sampling rate of 12,000 Hz with a
recording of the pronunciation of one syllable.

Each patient has at least one recording session in each of the rehabilitation stages.
A session means a set of recordings the pronunciation of syllables according to the
list of syllables for recordings, which consists of 30 syllables: 10 syllables containing
each of the problematic phonemes at the beginning of the syllable. This set of syllables
obviously does not cover all linguistic units of the Russian language, but it takes into
account the most problematic phonemes for the considered localization of the disease
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of the patients studied. A problematic phoneme is the phoneme that most often changes
in pronunciation after surgical intervention in the organs of speech production. Each of
the problematic phonemes occurs in a given set of syllables at least 15 times. Patient
recordings were made by speech therapist or oncologist at Blokhin Research Institute
(Moscow, Russia). All patients were diagnosed with tongue cancer and one of two
surgical options: hemiglossectomy without tongue reconstruction and hemiglossectomy
with tongue reconstruction. The study set of patient records contains records of 27
patients.

The set of recordings of healthy speakers also consists of recordings of syllable
pronunciation sessions according to the same list (for the possibility of comparing the
same syllables in the patient and healthy speakers). The database of recordings of healthy
speakers consists of 14 people: 7women and 7men, the age of the speakers is in the range
from 35 to 65 years. These recordings were selected from an existing set of recordings
of syllables from healthy speakers in accordance with the age range of the patients (the
age range of the speakers coincides with the age range of the patients). This range also
coincides with the most common age of patients with oncological diseases of the speech
apparatus is just the age from 35 to 65 years [4]. In this study, only existing recordings
was used. If the possibility of using this approach to assessment is confirmed, the need
to expand the set of audio recordings of healthy speakers of the required age will be
considered and the issue of forming a criterion for selecting a list of healthy speakers
for various situations will be investigated.

2.2 Algorithm for Evaluating the Speech Quality

To assess the quality of the patient’s speech, an algorithm was developed as shown in
Fig. 1. This algorithm was developed taking into account its possible inclusion in the
speech assessment methodology.

One patient session (30 records) and all records of the database of healthy speakers
are submitted for input. For each recording with a syllable, the distances from the corre-
sponding file with each of the recordings of the same syllable of all healthy speakers are
calculated. After it, the average value of distances for each syllable is calculated. This set
of values is assessments for different syllable in session. A set of assessments is entered
into the database, and the average of these values is calculated as the session score. The
assessment of the session numerically reflects the quality of the patient’s speech as part
of the assessment of the pronunciation of syllables.

2.3 Similarity Metrics and Distance Measures

To implement the approach into the methodology, it is necessary to determine the best
method (metric or measure) for finding the distance between two records based on
comparing the values obtained using metrics that were studied earlier as part of the
construction of the initial methodology. The following methods of finding the distance
between two sequences were chosen: DTW, ERP, EDR, MSM, LCSS and Euclidean
distance. 4 of the 5 proposed metrics are distance metrics, which are interpreted as “the
smaller the value, themore similar the sequences”, the LCSSmetric is a similaritymetric
(the more values, the more similar the sequences).
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Fig. 1. Algorithm for evaluating the quality of speech.

To calculate the values of the estimates, programs were written in Python [5], each
programcalculates the distancebetween14healthy speakers and all records of 27patients
using DTW, ERP, EDR, MSM, LCSS, and Euclidean distance methods.

• DTW (Dynamic Time Warping) is an algorithm for dynamic transformation of the
timeline: This method is used to compare time frames of different lengths, allowing
you to calculate the distance between them, taking into account pos-sible distortions
in the timeline [6].
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• ERP (Edit Distance with Real Penalty) - An algorithm for editing the distance using
a penalty: This method calculates the minimum number of operations (insert, delete,
replace) required to transform one row into another, used to compare sequences [7].

• EDR (Edit Distance on Real Sequences) - Edit distances for real sequences: This
method is similar to the ERP algorithm, but it is designed toworkwith re-al sequences
of numbers, not just text [8].

• MSR (Multi-Scale Matching) - Multiscale matching: This method allows you to
compare the two time series, taking into account different time scales and amplitude
changes [9].

• LCSS (Longest Common Sequence) is the longest common subsequence: This
method finds the largest common sequence of elements between two sequences [10].

• The Euclidean distance is a classical metric that measures the Euclidean distance
between two points in n–dimensional space and is often used to compare between
points in the function space [11].

All calculations carried out by the programs used 2 different envelopes of the audio
signal: the instantaneous energy envelope and the Gilbert envelope.

• Instantaneous Energy Envelope [12] is a signal analysis method that is used to study
changes in signal energy over time. This method involves calculating the instanta-
neous power of the signal, then integrating the instantaneous power to produce instan-
taneous energy, and finally isolating the envelope of the received instantaneous energy
signal. This method is often used in acoustics, speech processing, and equipment
diagnostics.

• The Gilbert Envelope [13] is a signal analysis method that is used to extract informa-
tion about the amplitude and phase of a signal. The Gilbert envelope is the envelope of
a signal constructed using the Gilbert frequency transform, which is a mathematical
transformation used to represent a signal as a complex number. Then, the module of
the complex number is extracted to obtain information about the amplitude of the sig-
nal, and the argument of the complex number to obtain information about the phase
of the signal. First, the signal undergoes a Gilbert transformation, and then the enve-
lope is obtained by combining the original signal and the resulting transformation.
This method is often used in telecommunications, signal processing and automatic
control.

Currently, both types of envelopes are used to calculate quantitative estimates using
a method for assessing the quality of syllable pronunciation, without a clear preference
for one of them. Therefore, it is not possible to select only one type of envelope for
analysis in this study.

3 Results

3.1 The Metrics Results

To determine the most accurate metric in algorithm for calculating the distance between
two recordings, 2 hypotheses are tested. The first hypothesis looks like this: the distance
between the recording of a healthy speaker and the recording of the patient before surgery
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is less than the distance between the recording of a healthy speaker and the recording of
the patient after rehabilitation, and the largest value is the distance between the recording
of a healthy speaker and the recording of the patient after surgery. The second hypothesis
is a simplification of the first assumption: the distance between the recording of a healthy
speaker and the patient before surgery is less than the distance between the recording of
a healthy speaker and the recording of the patient after surgery. The second hypothesis
was introduced for analysis after studying audio recordings by speech specialists, who
determined that it was impossible to clearly establish the fact of speech improvement
after rehabilitation measures due to the characteristics of the disease.

As a result of the analysis of the obtained values, themost accurate methods for using
the instantaneous energy envelope were identified. Results were analyzed for each of
hypothesis, and also with dividing all patients into two groups by gender and by surgical
intervention. Results for algorithm with instantaneous energy envelope are shown in
Table 1. Results for algorithm with Gilbert envelope are shown in Table 2. The tables
present only the best (most accurate) calculated metrics, as well as the Percentage of
agreement between quantitative values and the proposed hypothesis for the best metric.
Surgical intervention 1 is hemiglossectomy without tongue reconstruction, and Surgical
intervention 2 is hemiglossectomy with tongue reconstruction.

Table 1. Results of checking the accuracy for algorithmwith an envelope of instantaneous energy.

All data Divided by gender Divided by diagnosis

Hypothesis
1

Hypothesis
2

Hypothesis 1 Hypothesis 2 Hypothesis 1 Hypothesis 2

Мale Female Мale Female Surgical
intervention
1

Surgical
intervention
2

Surgical
intervention
1

Surgical
intervention
2

ERP ERP ERP ERP EDR ERP ERP LCSS ERP LCSS

17% 50% 15% 22% 55% 65% 30% 15% 20% 22%

Table 2. Results of checking the accuracy for algorithm with the Gilbert envelope.

All data Divided by gender Divided by diagnosis

Hypothesis
1

Hypothesis
2

Hypothesis 1 Hypothesis 2 Hypothesis 1 Hypothesis 2

Мale Female Мale Female Surgical
intervention
1

Surgical
intervention
2

Surgical
intervention
1

Surgical
intervention
2

EDR EDR EDR EDR EDR DTW EDR EDR Euclid EDR

21% 59% 19% 27% 64% 70% 27% 19% 27% 19%

Based on the data presented in the table, it can be concluded that the MSM method
has never shown the best result in accuracy, as a result in the future It is not considered in
research. The LCSS and ERP method performed distance calculations between all files
of healthy speakers and all files with patient records of 14 patients in about 5–6 h, the
remaining methods performed calculations in an average of 10 min, as a result, LCSS
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and ERP distance calculation methods are not considered in further research, since their
calculation speed indicator is low.

Since the study showed that the ERP method is not suitable in terms of speed, the
Gilbert envelope is further used, where the methods that have shown high accuracy are
EDR, DTW and Euclidean separation. It is obvious that even the “best” metrics show
a rather low agreement accuracy, which shows the need to refine this approach to its
further use in the methodology for quantitative assessment of speech quality.

3.2 Hypothesis About the Median Difference

A proposal was put forward to test the applicability of this approach based on an analysis
of the statistical significance of the differences in the sample of distance values in pairs
of various combinations of “healthy speaker” and “patient at various stages of rehabili-
tation.”. To test the hypothesis of the median difference between the sample of healthy
speakers and the samples between healthy speakers and patients before surgery, healthy
speakers and patients after surgery, and healthy speakers and patients after rehabilitation,
the Mann-Whitney statistical criterion was tested. The sample between healthy speakers
was formed as follows: the distance between the first and second speaker, between the
first and third speaker, and so on was calculated. As a result, distance data was obtained
between 30 recordings of fourteen speakers usingDTW, EDR,MSM, Euclidean distance
methods, in total, the sample consisted of 5,278 values using one distance calculation
method. SPSS Statistics, a computer program for statistical data processing, was used
to calculate the Mann-Whitney criterion. To calculate the criterion, a sample of healthy
speakers consisting of 5278 values was submitted to the program input, as well as a sam-
ple of values between healthy speakers and the patient in three variants - before surgery,
after surgery and after rehabilitation. In accordance with theMann-Whitney test, the null
hypothesis of equality of medians was formulated. As a result, 14 results were obtained,
each of which showed that all combinations of samples at a significance level of 0.05
were different, since the null hypothesis was rejected. As a result, themedians of all sam-
ples are different. However, the analysis also revealed that when considering the range
of distance values between healthy speakers and the range of distance values between
a healthy speaker and a patient before surgery, these ranges are intersecting. That is,
it cannot be stated that the distance between healthy speakers is always less than the
distance between a healthy speaker and a patient before surgery. From all these results
we can conclude that this calculation technique makes it possible to obtain different
quantitative estimates of speech for each state of speech of speakers and patients.

4 Conclusion

As a result of the study, the approach for modification of method for assessing the
quality of speech was proposed. This approach is about an assessment of the quality
of speech by finding the distances between the patient’s syllable recordings and the
recordings of syllable of healthy speakers. A database of recordings of healthy speakers
was collected, consisting recordings of 14 people: 7 women and 7 men aged 35 to
65 years. The following calculation metrics and measures were chosen to calculate the
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distances between the patient’s records and the recordings of healthy speakers and:DTW,
EDR, ERP, MSM, LCSS, Euclidean distance. Two types of envelope were chosen for
analysis: the instantaneous energy envelope and the Gilbert envelope.

As a result of the analysis, summary tables were compiled reflecting the accuracy
of each of the selected methods for calculating the distances between two records. It
was found that when using the instantaneous energy envelope, ERP is the most accurate
method, and when using the Gilbert envelope, EDR is the most accurate method. The
distance calculation time was also taken into account, as a result, the LCSS methods and
the ERP method showed a calculated time of results 35 times longer, compared with
other distance calculation methods, as a result, the ERP and LCSS methods were not
considered in the further study.

A hypothesis was put forward about the median difference samples values in pair
“healthy speaker–healthy speaker” and in pair “healthy speaker–patient”. To confirm the
hypothesis put forward, the Mann-Whitney criterion was tested. As a result of testing
the hypothesis, the null theory of equality of samples was rejected, and a conclusion
was made about the difference between samples in various combinations of a healthy
speaker and a patient at different stages of treatment.

This approach currently does not show sufficient accuracy for its full implementation
in the speech assessment methodology and needs additional refinement. However, the
results obtained show the possibility of using this approach after additional research. As
a direction for further work, it is proposed to study the optimal number and composition
of participants in a group of healthy speakers (for example, only male healthy speakers
for a male patient) or to determine the criterion for selecting an “ideal” healthy speaker
from the group for comparison with the patient (for example, with the most matching
voice characteristics).
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Abstract. This paper presents a study aimed at enhancing the classi-
fication accuracy of patients’ spoken answer selections to German medi-
cal Patient-Reported Outcome Measures (PROM) questionnaires within
a multimodal dialog system. We collected 1,737 speech data samples
for training and evaluation through a lab experiment, employing tex-
tual priming as opposed to the visual priming utilized in prior research.
For classification, we compare results from utilizing sentence embeddings
against results from prompting various Large Language Models. We con-
duct a comparative analysis of approaches in terms of prediction perfor-
mance, efficiency, hardware restraints, budget, inference time, and data
privacy. Further, we investigate if adding the survey item text as con-
text improves the classification. Results show the highest accuracy for
gpt-4 prompting, and indicate that including the questionnaire item text
alongside user utterances is beneficial for LLM prompting. Additionally,
we find significant positive correlations between accuracy and certain
prompt characteristics.

Keywords: Text classification · Speech-to-text · German medical
questionnaires · Large language models · Prompt engineering

1 Introduction

Patient-Reported Outcome Measures (PROM) surveys (see Fig. 1) are utilized in
rehabilitation clinics and other healthcare settings to assess changes in patients’
subjective health [5]. However, conventional survey methods, whether on paper
or digitally, often yield low data quality and response rates in clinical set-
tings [6,7]. Answering surveys with multimodal dialog systems with voice inter-
faces [4] are a promising approach to address this issue, because patients can
answer in a more natural way that is less exhausting. It can help to assure that
they choose the answer option that fits best to their situation by avoiding mis-
understandings and fatigue from reading and ticking a document for a longer
time. Therefore, we propose implementing a multimodal dialog system with a
voice interface for answering PROM surveys. Depending on the preference, users
should be able to tick answers on a tablet app, or interact with a voice interface
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Fig. 1. A health-related PROM item about the ability to solve difficult problems
despite complaints.

to answer on survey items with speech. To increase the user experience, system
users should not be limited to use the predefined answer option text exactly,
but also free formulations that describe it (like synonyms or answers embed-
ded in phrases or sentences). First, the implementation of such a voice interface
requires deriving text from audio (Automatic Speech Recognition [ASR]). Sec-
ond, it requires classifying the recognized text into the predefined answer options
defined by the PROM survey (Natural Language Understanding [NLU]), which
is the focus of this paper’s investigations.

To train and evaluate, we collected 1,737 speech data samples from subjects
in a lab study, all answering a PROM survey according to a pre-marked answer
on the response scale. The aim of the experiment was to evaluate various clas-
sification approaches, using sentence embeddings (SE) [2] and Large Language
Model (LLM) prompting [8]. Through this, we aimed to investigate our hypoth-
esis that integrating survey item texts improves prediction performance.

2 Related Work

LLMs can be harnessed for many downstream tasks. For this, current research
investigates the best methodologies to prompt LLMs to optimize LLM down-
stream task performances [9]. We want to apply this trend to our classification
problem by adding the survey item text as additional context to the prompt.

In Harnisch and Hillmann [3], an empirical speech answer dataset is collected
for a PROM questionnaire, and a sentence embedding classification approach is
proposed and evaluated on the transcribed dataset. Participants were instructed
to respond to the questionnaire items based not on their actual situation, but
according to a randomly selected, visual priming on an ordered emoji-scale refer-
ring to different steps of happiness with the current health situation. The data
collection approach and experimental setup from this prior work, are adopted
and modified with changing the priming from visual to textual indication. In
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addition, we add LLM prompting as classification approaches, and investigate
the effect of added survey item text as additional context information.

3 Method

In this study, we want to evaluate classification approaches using different
datasets. One of those datasets is created by our own experiment, which is also
described in this method section.

3.1 PROM Questionnaire Items

In this paper, we investigate 92 standardized German PROM questionnaire items
[1]. This is motivated by them being relevant to our project partner rehabilita-
tion clinic, where field experiments are planned. All 92 PROM items share 13
different answer scales Si (see Fig. 1), describing a spectrum from optimal to
suboptimal health conditions. These scales vary in structure: 11 comprise five
textual descriptions, one scale includes four textual descriptions, and another
spans from 0 to 10 numerically. This selection of PROM questionnaire items is
the same as used in the previous work [3].

3.2 Classification Datasets

We use three different datasets to evaluate various classification approaches.
Firstly, we use the dataset DV [3], which was collected through a visual priming
experiment. Secondly, we create the dataset DT by collecting data from a lab
experiment with textual priming. The procedure of the experiment is described in
Sect. 3.3. With those two datasets, we evaluate SE combined with linear classifi-
cation layers, and LLM Prompting for classification of user utterances answering
medical PROM survey items.

Thirdly, we use the same set of augmented text dataset DA like Harnisch and
Hillmann [3] for training of the approach SE

′
A (see Table 2) to get insights on the

helpfulness of augmented data in terms of performance. DA was generated from
23 manually created templates combined with original answer option texts.

3.3 Empirical Collection of DT

To collect our dataset DT , we conducted an experiment with 19 participants who
were on average 33.6 years old (10 male, 9 female). 6 participants had a mother
tongue next to or other than German.

Our experiment approach resembles that of Harnisch and Hillmann [3].
PROM questionnaire items were presented to participants, and they were
instructed to select an answer via voice according to a pre-defined priming on an
answer scale. Therefore, we can assume that the ground truth of each recorded
speech data point matches exactly the priming we made at this point in the
experiment. This approach was chosen due to ethical concerns associated with
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Table 1. Answer Option Scales.

Answ. Scale Lang. Answer options

S1 DE ausgezeichnet, sehr gut, gut, einigermaßen, schlecht

EN excellent, very good, good, moderately, bad

S2 DE vollständig, größtenteils, halbwegs, ein wenig, überhaupt nicht

EN fully, mostly, halfway, a little, not at all

S3 DE überhaupt nicht, ein wenig, mäßig, ziemlich, sehr

EN not at all, a little, moderate, quite, very much

S4 DE nie, selten, manchmal, oft, immer

EN never, rarely, sometimes, often, always

S5 DE keine Müdigkeit, schwach, mäßig, stark, sehr stark

EN no tiredness, mild, moderate, severe, very severe

S6 DE ohne jede Schwierigkeit, mit geringen Schwierigkeiten,
mit einigen Schwierigkeiten, mit großen Schwierigkeiten,
kann ich gar nicht

EN without any difficulty, with low difficulty,
with some difficulty, with great difficulty,
I can’t at all

S7 DE überhaupt nicht, kaum, mäßig, ziemlich, kann ich gar nicht

EN not at all, barely, moderate, quite, I can’t at all

S8 DE sehr schlecht, schlecht, mäßig, gut, sehr gut

EN very bad, bad, moderate, good, very good

S9 DE ich bin überhaupt nicht zuversichtlich, ich bin ein wenig zuversichtlich,
ich bin etwas zuversichtlich, ich bin ziemlich zuversichtlich,
ich bin sehr zuversichtlich

EN I’m not confident at all, I am a little confident,
I am somewhat confident, I am somewhat confident,
I am very confident

S10 DE kann ich gar nicht, mit großen Schwierigkeiten,
mit einigen Schwierigkeiten, mit geringen Schwierigkeiten,
ohne jede Schwierigkeiten

EN I can’t at all, with great difficulty,
with some difficulty, with low difficulty,
without any difficulty

S11 DE nie, selten (einmal), manchmal (2-3 mal), oft (einmal pro Tag),
sehr oft (mehrmals pro Tag)

EN never, rarely (once), sometimes (2-3 times), often (once a day),
very often (several times a day)

S12 DE trifft gar nicht zu, trifft eher nicht zu , trifft eher zu,
trifft völlig zu

EN not applicable at all, rather not applicable, rather applicable,
fully applicable

S13 DE 0 (keine Schmerzen), 1, 2, 3, 4, 5, 6, 7, 8, 9,
10 (schlimmste vorstellbare Schmerzen)

EN 0 (no pain), 1, 2, 3, 4, 5, 6, 7, 8, 9,
10 (worst imaginable pain)
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Table 2. Dataset information.

Dataset DA [3] DV [3] DT

source generated with templates empirically
collected

empirically collected

priming method – 5-point happiness
emoji scale

original text descriptions

n (data points) 1,467 1,793 1,737

words/n 5.79 16.34 11.07

characters/n 37.31 97.66 68.40

assessing sensitive health data of participants. Since the actual health data of
the subjects is irrelevant to our study and arises ethical questions, priming was
used to ensure that participants do not need to reveal their health status and
sensitive information unnecessarily. In addition, this made possible to receive
equally distributed data over the different answer option classes. This comes
with the cost of potentially less realistic data, as the participants had to imagine
themselves in a fictional health status.

The difference to the experiment of Harnisch and Hillmann [3] lies in the
priming method. Instead of priming the subject by highlighting a specific emoji
on an emoji answer scale, we use a verbal priming method to communicate the
answer that the subject is supposed to choose (see Fig. 2). Our aim was to receive
more realistic responses with this priming method change, as users may orientate
themselves heavily on the displayed text options in real world usage.

Fig. 2. Textual priming within lab study for DT . The survey item text is at the top,
in the middle are all answer option texts, with one being highlighted.

3.4 Speech-to-Text Conversion

For further processing, spoken utterances from our experiment are transformed
to text with a German Automatic-Text-Recognition (ASR) model [3], with a
Word Error Rate (WER) of 17.1% and a Character Error Rate (CER) of 6.5% [3].
Despite this project related ASR model from a German startup is not openly
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accessible for the reader, we decided on using it, because it will be the one used
in the coming field experiments of our MIA-PROM research project.

3.5 Classification with SE and Contextual Linear Layers

This SE approach was already introduced in prior work [3]. It consists of the
LaBSE [2] sentence embedding, followed by classification through a linear layer.
For every survey answer option scale of the PROM survey (see Table 1), one
linear layer is trained. Because the dialog system always knows which is the
current question, it can derive which linear layer to use for current user utterance
classification.

Before calculating embeddings, our SE approach combines questionnaire item
text and user utterance, whilst SE

′
only contains the user utterance (see Fig. 3).

This enables us to investigate whether an integration of survey text for answer
classification is beneficial or not.

Fig. 3. Comparison of the sentence embedding (SE(′)) approaches for scale Si answer
classification. For SE the additional questionnaire item text is separated with the [SEP]
token.

SE and SE
′
are both trained solely on DT , but for SE

′
A we additionally used

the augmented dataset DA. In this paper, all approaches denoted with an ′ are
without the use of the questionnaire item text, whilst all other approaches make
use of it.

3.6 Classification with LLM Prompting

We wanted to tackle the task with a limited hardware setting (see Sect. 3.7) that
could be realistic for real-world use in medical applications. Thus, we could not
make experiments with larger models locally. We selected llama31, llama22,
Mistral3 and gemma4 and run them with the ollama Python framework. With
help of the OpenAI API, we also tested larger LLMs with gpt-3.5-turbo5,

1 https://ollama.com/library/llama3.
2 https://ollama.com/library/llama2.
3 https://ollama.com/library/mistral.
4 https://ollama.com/library/gemma.
5 https://platform.openai.com/docs/models/gpt-3-5-turbo.

https://ollama.com/library/llama3
https://ollama.com/library/llama2
https://ollama.com/library/mistral
https://ollama.com/library/gemma
https://platform.openai.com/docs/models/gpt-3-5-turbo
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and gpt-4-turbo6 (denoted as “gpt-3.5” and “gpt-4” in the following for bet-
ter readability). In Table 3, the number of parameters for gpt-4, and gpt-3.5 is
estimated7,8.

In our prompting template (see Fig. 4), we integrated a short task description,
the survey item text, the user utterance, and all answer option texts with their
ID.

Fig. 4. Prompt template for answer classification with questionnaire item text.

With gpt-3.5-turbo
′
, we excluded the item text to measure the contribution

of it to the prediction performance. Find this template in Fig. 6 in the appendix.

3.7 Hardware

Training and inference of approaches was conducted on a laptop with a 4GB
GDDR5 vRAM Quadro T2000 GPU.

3.8 Evaluation

Besides accuracy, we calculate the neighbor-accuracy, which also considers neigh-
boring scale responses as correct, motivated by options being ordered. This is
only used for evaluation purpose and never part of any training objective.

SE results stem from 5-fold cross-validation of the evaluation dataset, aver-
aged over 10 different seeds.

We put emphasis on comparing approaches on DT , while comparing DV and
DT with a subset of approaches.

6 https://platform.openai.com/docs/models/gpt-4-turbo-and-gpt-4.
7 https://blog.wordbot.io/ai-artificial-intelligence/gpt-3-5-turbo-vs-gpt-4-whats-

the-difference/.
8 https://the-decoder.com/gpt-4-architecture-datasets-costs-and-more-leaked/.

https://platform.openai.com/docs/models/gpt-4-turbo-and-gpt-4
https://blog.wordbot.io/ai-artificial-intelligence/gpt-3-5-turbo-vs-gpt-4-whats-the-difference/
https://blog.wordbot.io/ai-artificial-intelligence/gpt-3-5-turbo-vs-gpt-4-whats-the-difference/
https://the-decoder.com/gpt-4-architecture-datasets-costs-and-more-leaked/
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4 Results

When comparing all tested approaches (see Table 3), we generally find SE and
OpenAI LLM prompting approaches to outperform LLM prompting performed
locally. By fair margin, gpt-4 has the highest accuracy with 65.6%. We receive
the highest neighbor-accuracy with our SE approach, with 82.3%. This stems
from the low gpt-4 performance on S4 which makes up 508 of 1737 data points
(see Tables 5 and 6 in the appendix).

Table 3. Comparison of DT classification performance plus further relevant informa-
tion of SE and LLM prompting approaches. Number of parameters for gpt-4, gpt-3.5
is estimated. Costs are Dollar per token.

DT (n = 1737) SE
′
A SE

′
SE gpt-4 gpt-3.5 gpt-3.5

′
llama3 llama2 Mistral gemma

Accuracy 0.590
±0.010

0.587
±0.010

0.573
±0.010

0.656 0.575 0.549 0.543 0.329 0.554 0.492

Neighbor-acc. 0.787
±0.008

0.808
±0.007

0.823
±0.005

0.791 0.779 0.750 0.727 0.634 0.777 0.758

Params [B] 0.5 0.5 0.5 1,800 (?) 154 (?) 154 (?) 8 7 7 9

Time [s] 0.4 0.4 0.4 6.7 2.3 2.3 82.2 28.5 34.4 35.8

Disk [GB] 1.9 1.9 1.9 – – – 4.7 3.8 4.1 5.0

Cost [$] – – – 0.0060 0.0002 0.0002 – – – –

Data privacy Yes Yes Yes No No No Yes Yes Yes Yes

Table 4. Comparison of DV classification performance of SE and LLM prompting
approaches.

DV (n = 1793) SE
′
A SE

′
SE gpt-4 gpt-3.5 gpt-3.5

′
gemma

Accuracy 0.511
±0.012

0.505
±0.008

0.495
±0.010

0.562 0.485 0.468 0.405

Neighbor-acc. 0.776
±0.009

0.789
±0.010

0.799
±0.008

0.793 0.784 0.743 0.747

For gpt-3.5, the integration of item text results in a performance increase
of +2.6% for accuracy and +2.9% for neighbor-accuracy. For SE, this results in
a performance change of –1.4% for accuracy and +1.5% for neighbor-accuracy.

In relation to their parameter size, the SE approaches are most efficient, lead-
ing to the lowest inference time and (local) disk space requirement. In contrast
to SE or local LLM prompting approaches, the OpenAI API costs money, and
data has to be sent to a remote server.
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4.1 Influence of Item Text and User Utterance Length
on Performance

From further analysis, we find significant correlations for gpt-3.5 and parts
of the prompt. Item text length correlates positively with accuracy (15%) and
neighbor-accuracy (20%). Item text being formulated as a question correlates
positively with accuracy (11%) and neighbor-accuracy (19%). Further, we find
a positive correlation for the length of user utterance and neighbor-accuracy of
9%.

4.2 Comparison of DT and DV

Comparing evaluation results of DT and DV (see Tables 3 and 4), we can observe
similar relative differences between the different approaches. But in absolute
numbers, all accuracy scores of all approaches listed in Table 4 are 8.5% lower
for DV than for DT in average.

5 Discussion

In this study, we wanted to investigate whether integrating survey item texts
improves prediction performance of different text classification approaches.
Higher scores for gpt-3.5 than gpt-3.5

′
indicate that this hypothesis holds

true. However, for the sentence embedding classification approach, we find lower
accuracy with this additional context (despite higher neighbor-accuracy). This
could be due to noise in the data, or that the survey item text integration may
only be beneficial for the LLM classification approach.

The results of the present study show that gpt-4 has the highest accuracy.
However, unlike SE or local LLM prompting approaches, the OpenAI API costs
money and data is sent to a remote server. Therefore, working with sensitive
health data leads to severe ethical questions in regard to data privacy when
using OpenAI LLMs.

The higher performance metrics for DT in contrast to those for DV indicates
that DT is more realistic and less noisy than data from prior work [3]. This can
be explained by the main difference of the two datasets, the priming method.
Priming verbally with a word on a verbal scale instead of an emoji on an emoji
scale should lead to more precise responses, because the same emojis were used
for different scales and left more space for interpretation.

The models llama2 and Mistral, that we selected, both often use English
within their answer and reasoning, indicating possible difficulties with the Ger-
man language. gpt-4 and Mistral sometimes refuse to answer when they are
confident that the user utterance is not precise enough or does not give enough
information. gemma’s reasoning is sometimes contradictory (an example can be
found in the appendix – Fig. 5).
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5.1 Limitations

Our lab experiment, in which participants were primed to provide formulations
for answer options highlighted by us, poses a notable limitation, as given answers
may vary from real-world usage of participants responding to voice interface dia-
log systems with their own health status to fill out medical surveys. Furthermore,
the evaluation data derived from the experiment exhibits noise, likely provoked
by participants being irritated from the varied formulation of item descriptions
– some positive and others negative.

The results may be influenced by the relatively small number of participants,
which is not representative of the general population.

Moreover, this experiment was conducted by assessing 92 standardized Ger-
man PROM questionnaire items, because they are relevant to our project part-
ner rehabilitation clinic. Therefore, the results do not necessarily apply to other
(health) questionnaires.

A significant constraint arises for our discussion about hardware restraints,
which may vary across different scenarios. Deploying larger LLMs could enhance
classification accuracy without reliance on external APIs. Because we put effort
to optimize a selection of suitable classification approaches for the integration
of questionnaire item texts for survey answer classification, we had to limit the
amount of models tested.

6 Conclusion

To conclude, we find gpt-4-turbo to have the highest accuracy, but this app-
roach has severe drawbacks with its high inference time, costs, and challenges
with data privacy. Therefore, our SE approach is more suitable to classify user
utterances, because it has the highest neighbor-accuracy overall, and is also fast
enough to give user feedback. Still, the SE approaches need to learn every distinct
answer option scale, in contrast to the LLM prompting variants. This requires
new pre-training if surveys are added to the system with unlearned answer option
scales.

The integration of survey item texts within classification approaches is ben-
eficial for LLM prompting, especially for longer item texts being formulated as
a question. But we could not find clear results for the SE approach.

If the response of a participant does not match the priming at all, it is most
likely because of confusion or a misunderstanding. These occurrences should
be removed, as they have no meaningful contribution. We plan on cleaning the
dataset DT in the future in order to reduce noise of the data. If this is successful,
we will make the dataset publicly available afterwards.

6.1 Ethical Considerations

The participants were informed about the procedure of the experiment and had
the option to quit at any time if they wished to do so. The PROM questionnaire
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collects sensitive and personal health data. However, because the actual health
data of the participants was not relevant for this study, they were instructed
to answer according to a highlighted word on the answer scale rather than how
they actually felt.
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Education and Research (Germany) under grant no. 16SV9018 for the joint research
project MIA-PROM in the research program Interactive Technologies for health and
Quality of Life.
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A Appendices

This appendix lists tables and figures with further details to our main research
description.

A.1 LLM Prompting

Figure 5 shows an example response of gemma with unlogical reasoning. Figure 6
displays the German prompting template without survey item text. The English
translation of templates with and without item text can be found in Fig. 7 and
Fig. 8.

A.2 Performance per Answer Option Scale

Table 5 and Table 6 contain performance metrics of our evaluation experiments
separately per answer option scale, on DT and DV respectively.

Fig. 5. Example for unlogical reasoning of gemma.
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Fig. 6. Prompt template for answer classification without questionnaire item text.

Fig. 7. Translated prompt template for answer classification with questionnaire item
text.

Fig. 8. Translated prompt template for answer classification without questionnaire
item text.
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Table 5. Comparison of DT classification performance of SE and LLM prompting
approaches, per answer scale.

DT (n = 1737) SE
′
A SE

′
SE gpt-4 gpt-3.5 gpt-3.5

′
llama3 llama2 Mistral gemma

S1 (n=114) Accuracy 0.630
±0.033

0.538
±0.038

0.447
±0.025

0.772 0.658 0.640 0.623 0.228 0.719 0.465

Neighbor-acc. 0.892
±0.025

0.844
±0.028

0.791
±0.022

0.912 0.921 0.886 0.851 0.605 0.921 0.877

S2 (n=57) Accuracy 0.640
±0.050

0.502
±0.049

0.412
±0.046

0.807 0.702 0.719 0.667 0.281 0.719 0.526

Neighbor-acc. 0.785
±0.032

0.777
±0.028

0.715
±0.072

0.965 0.965 0.947 0.825 0.614 0.947 0.772

S3 (n=435) Accuracy 0.642
±0.022

0.632
±0.020

0.606
±0.019

0.715 0.651 0.634 0.602 0.366 0.614 0.623

Neighbor-acc. 0.854
±0.008

0.850
±0.018

0.851
±0.014

0.876 0.867 0.862 0.811 0.708 0.841 0.885

S4 (n=508) Accuracy 0.456
±0.020

0.584
±0.015

0.655
±0.015

0.427 0.364 0.346 0.380 0.301 0.348 0.317

Neighbor-acc. 0.567
±0.026

0.688
±0.021

0.775
±0.013

0.480 0.467 0.453 0.484 0.522 0.484 0.533

S5 (n=19) Accuracy 0.555
±0.057

0.270
±0.046

0.245
±0.035

0.737 0.684 0.579 0.526 0.368 0.579 0.632

Neighbor-acc. 0.925
±0.040

0.710
±0.097

0.695
±0.069

0.895 0.895 0.842 0.737 0.842 0.895 0.842

S6 (n=74) Accuracy 0.672
±0.043

0.627
±0.032

0.555
±0.057

0.797 0.689 0.757 0.676 0.419 0.743 0.541

Neighbor-acc. 0.899
±0.029

0.903
±0.026

0.889
±0.039

0.986 0.973 0.959 0.892 0.676 0.959 0.878

S7 (n=94) Accuracy 0.625
±0.048

0.546
±0.072

0.413
±0.050

0.830 0.660 0.564 0.521 0.479 0.596 0.670

Neighbor-acc. 0.854
±0.034

0.816
±0.047

0.800
±0.040

0.915 0.894 0.787 0.681 0.660 0.894 0.926

S8 (n=19) Accuracy 0.465
±0.105

0.170
±0.078

0.190
±0.062

0.789 0.684 0.684 0.737 0.526 0.632 0.526

Neighbor-acc. 0.975
±0.034

0.705
±0.101

0.720
±0.078

1.000 1.000 0.947 1.000 0.947 0.947 0.947

S9 (n=152) Accuracy 0.643
±0.029

0.598
±0.030

0.523
±0.034

0.730 0.684 0.618 0.664 0.283 0.651 0.553

Neighbor-acc. 0.917
±0.020

0.926
±0.019

0.888
±0.020

0.928 0.908 0.908 0.928 0.599 0.928 0.829

S10 (n=76) Accuracy 0.732
±0.037

0.642
±0.049

0.605
±0.045

0.855 0.750 0.724 0.724 0.303 0.671 0.645

Neighbor-acc. 0.876
±0.029

0.879
±0.034

0.910
±0.047

0.961 0.947 0.961 0.934 0.750 0.974 0.868

S11 (n=95) Accuracy 0.683
±0.034

0.649
±0.033

0.562
±0.043

0.832 0.695 0.695 0.600 0.316 0.642 0.558

Neighbor-acc. 0.913
±0.023

0.899
±0.023

0.852
±0.039

0.989 0.968 0.884 0.779 0.600 0.916 0.811

S12 (n=76) Accuracy 0.720
±0.044

0.660
±0.048

0.742
±0.062

0.750 0.645 0.526 0.579 0.368 0.645 0.368

Neighbor-acc. 0.950
±0.022

0.954
±0.025

0.974
±0.018

0.974 0.974 0.763 0.803 0.829 0.961 0.671

S13 (n=18) Accuracy 0.125
±0.072

0.060
±0.054

0.130
±0.087

0.000 0.000 0.000 0.000 0.000 0.056 0.000

Neighbor-acc. 0.505
±0.085

0.375
±0.068

0.505
±0.088

0.722 0.611 0.556 0.556 0.611 0.722 0.556
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Table 6. Comparison of DV classification performance of SE and LLM prompting
approaches, per answer scale.

DV (n = 1793) SE
′
A SE

′
SE gpt-4 gpt-3.5 gpt-3.5

′
gemma

S1 (n=119) Accuracy 0.616
±0.023

0.578
±0.035

0.557
±0.038

0.664 0.605 0.580 0.529

Neighbor-acc. 0.923
±0.019

0.913
±0.020

0.902
±0.019

1.000 1.000 0.958 0.882

S2 (n=60) Accuracy 0.478
±0.051

0.483
±0.048

0.357
±0.055

0.700 0.700 0.667 0.417

Neighbor-acc. 0.845
±0.029

0.787
±0.035

0.710
±0.033

0.950 0.983 0.950 0.817

S3 (n=457) Accuracy 0.573
±0.017

0.567
±0.017

0.556
±0.019

0.650 0.527 0.501 0.551

Neighbor-acc. 0.826
±0.019

0.834
±0.020

0.836
±0.012

0.902 0.867 0.803 0.877

S4 (n=539) Accuracy 0.411
±0.029

0.448
±0.019

0.502
±0.015

0.345 0.291 0.321 0.232

Neighbor-acc. 0.642
±0.018

0.688
±0.025

0.751
±0.014

0.482 0.501 0.532 0.551

S5 (n=20) Accuracy 0.355
±0.088

0.210
±0.109

0.270
±0.081

0.800 0.600 0.450 0.550

Neighbor-acc. 0.715
±0.067

0.680
±0.081

0.580
±0.110

0.900 0.850 0.800 0.900

S6 (n=80) Accuracy 0.619
±0.071

0.604
±0.068

0.546
±0.032

0.738 0.688 0.675 0.388

Neighbor-acc. 0.905
±0.031

0.924
±0.025

0.881
±0.022

0.988 0.975 0.963 0.875

S7 (n=100) Accuracy 0.573
±0.059

0.525
±0.046

0.467
±0.047

0.650 0.520 0.390 0.490

Neighbor-acc. 0.883
±0.026

0.887
±0.029

0.867
±0.035

0.980 0.950 0.620 0.840

S8 (n=20) Accuracy 0.585
±0.071

0.210
±0.073

0.275
±0.087

0.850 0.750 0.650 0.600

Neighbor-acc. 0.980
±0.024

0.735
±0.100

0.885
±0.087

1.000 1.000 0.950 1.000

S9 (n=144) Accuracy 0.540
±0.045

0.520
±0.032

0.454
±0.044

0.562 0.549 0.479 0.465

Neighbor-acc. 0.831
±0.028

0.837
±0.026

0.826
±0.033

0.903 0.896 0.882 0.799

S10 (n=72) Accuracy 0.616
±0.042

0.545
±0.033

0.533
±0.045

0.722 0.667 0.764 0.514

Neighbor-acc. 0.845
±0.040

0.843
±0.036

0.824
±0.038

0.986 0.958 0.944 0.861

S11 (n = 90) Accuracy 0.452
±0.046

0.428
±0.035

0.399
±0.036

0.589 0.522 0.544 0.267

Neighbor-acc. 0.721
±0.039

0.766
±0.039

0.751
±0.036

0.922 0.900 0.789 0.722

S12 (n = 72) Accuracy 0.532
±0.053

0.460
±0.031

0.428
±0.044

0.750 0.625 0.486 0.347

Neighbor-acc. 0.845
±0.031

0.833
±0.026

0.821
±0.021

0.889 0.917 0.819 0.639

S13 (n = 20) Accuracy 0.200
±0.089

0.195
±0.104

0.115
±0.059

0.350 0.200 0.250 0.250

Neighbor-acc. 0.245
±0.104

0.235
±0.087

0.180
±0.040

0.500 0.350 0.400 0.400
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