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CROSS-LINGUAL TRANSFER LEARNING DOES NOT IMPROVE
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Abstract: In addressing the particular linguistic challenges posed by patients suffer-
ing from aphasia, a language disorder, this paper proposes a fine-tuning approach
to enhance the speech recognition capabilities of existing models. The available
aphasic research data in German is highly limited. To address this constraint, we
propose a cross-lingual transfer approach to utilize English data to improve per-
formance in German. This advancement aims to support the development of a
therapy platform tailored for patients with aphasia. For the base speech recognition
model, we choose to use OpenAl’s Whisper model, and for fine-tuning, we make
use of TalkBank’s AphasiaBank. The experimental findings demonstrate that the
transcription of aphasic audio with Whisper is less successful than non-aphasic
audio. However, fine-tuning the transcription in the respective language resulted in
an enhancement of its quality. In contrast, fine-tuning the transcription in another
language and expecting a transfer of the learned aphasic speech properties led to a
deterioration in its quality.

1 Introduction

The prevalence of aphasia, a language disorder predominantly caused by brain damage from
strokes [1], is estimated to be 100,000 patients in Germany. A third of the patients having a
stroke are diagnosed with aphasia [2]. With the number of patients increasing with demographic
change, the need for speech and language therapy often exceeds the resources [3], especially
in rural areas. In addition to regular in-person meetings with speech and language therapists,
in which spoken interactions are trained (such as buying bread in the bakery or medicine in the
local pharmacy), patients may benefit from automated platforms for such interaction trainings
that lead to a higher training load (and, similarly, higher training outcomes). Existing platforms
[4, 5, 6] do not offer interactive communicative exercises or only linear dialogues. We propose
a setting to train dialog interaction as shown in Figure 1 and have tested it in a Wizard-of-Oz
(WOZ) setting, which we intend to fully automate in the future.

Full automation of the system, of course, raises the question of whether state-of-the-art
speech recognition can handle our patients’ speech, specifically the special forms of aphasia
symptoms, such as phonemic and semantic paraphrasis, neologisms and meaningless sentences.
Additionally, we investigate if and how modern speech recognition can be fine-tuned towards the
specifics of aphasic speech. Corpora of aphasic speech data are scarce, especially for German,
most likely due to data privacy concerns with this vulnerable group of people. In practice, there
are very little available data to fine-tune on. We assess whether cross-lingual transfer learning
can help overcome this problem by employing English aphasic speech data for our purpose. We
find that cross-lingual transfer learning based on English aphasic speech for German aphasic
speech is inferior to the baseline model. However, using just the little aphasic speech data that
are available for German already helps to improve recognition even in the cross-speaker and

cross-domain condition.
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Figure 1 — Exemplary structure of the planned training platform.

2 Data

This section outlines the data used in the experiments reported below, including a description
of the overall setup of our ultimate dialogue training platform, the steps taken to acquire the
preliminary data, and the methods for transcription and annotation. We also describe the data
that we use from other sources.

2.1 Data Collected for This Study

The setting for our ultimate system is depicted in Figure 1 in which a patient interacts with a
dialog system and is also presented with a visualization of a task environment (in this case: a
bakery). The patient also receives instructions about the task that is supposed to be trained (in
this case: buying a baguette). During interaction, the dialog system may alter the display of the
environment (e. g., highlight some product). The dialog system will also have access to the task.
While this could greatly simplify the interaction, the educational nature of the system implies
that it will not fully simplify the interaction but use the task information to keep the complexity
of the dialogue interaction at a level that it deems optimal wrt. the patient’s training objective.

2.1.1 Therapist and Wizard-of-Oz Dialogues

We performed a data collection with three aphasia patients over multiple experimental rounds
a few weeks apart. The patients were tasked with performing two different everyday dialogue
scenarios. In the first experimental round, participants worked through their tasks with a speech
and language therapist (SLT) (the second author), and another researcher working the audio and
video equipment. In the second round, we used the Wizard-of-Oz paradigm [7] to explore the
functionality of our intended system with target group users (specifically, the dialogue interaction)
before the full system is ready (in particular: high-quality speech recognition for aphasic speech).
The SLT in this case guided the users in cases of trouble and the technical researcher (the first
author) worked the WOZ system. The prototype of the speech therapy platform was developed
using the DialogOS software [8].

Unfortunately, our IRB terms do not allow us to publicly share the speech data from our
pilot study. However, we will amend those terms to be able to publish data for a main study in
which we hope to investigate the automated system with a broader user population.
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Table 1 — Descriptive statistics of the three corpora used.

our Stark Eng-all
language DE DE EN
total length 00:20:29 03:15:25 441:15:34
length sentence level 00:14:42 01:04:00 208:56:37
# IPUs 215 1,019 210,928
# speakers with aphasia 3 1 504
# transcribed words 887 9,338 1,527,636

2.1.2  Transcription and Annotation

We recorded video and audio of the interactions, as well as relevant log events in the dialog
system toolkit. We manually performed speaker diarization, fully transcribed the speech, and
annotated the patients’ speech for aphasia phenomena using Praat [9], an open-source software
that is widely used in the field of speech analysis and phonetics. The annotations were exported
to TextGrid. Below, we focus on the patients’ speech and transcripts only, which we extract from
the TextGrid files and the corresponding audio based on timestamps of the individual speakers
(therapist/system and patient).

2.2 AphasiaBank

AphasiaBank [10], a subsidiary of TalkBank [11], is an initiative to make aphasic speech data
available to researchers. The majority of the data that it contains is in English. We scraped all
English data as well as the only German data, the Stark corpus.

Only parts of the data are transcribed (including timestamps) and therefore there is a large
difference between the raw audio duration and speech duration after breaking the data into
sentence-like inter-pausal units (IPUs) from the time-stamped transcripts. The inter-pausal
units were detected using the accompanying transcripts and the metadata provided by the used
CHILDES format.

Some descriptive corpus statistics are presented in Table 1. As can be seen, our corpus is by
far the smallest of the three but, in contrast to the Stark corpus, contains speech from multiple
speakers. Utterances in our own corpus contain fewer words (about 4 words per utterance, as
compared to 7-8 for the two other corpora). This may stem from the more rigid interaction
paradigm of our setting as compared to the settings of the other corpora.

We randomly split off 1000 IPUs from the English corpus as a conveniently sized test
set (Eng-1000 below); additionally, we employ train/validation splits of 80 %/20 % during
fine-tuning (for English: excluding the eng-1000 data).

3 Speech Recognition Experiments

We base our experiments on the Whisper [12] speech recognizer which uses an encoder-decoder
transformer [13] architecture to directly convert log Mel-scaled 80-channel spectrogram rep-
resentations of the audio and decodes those to a sequence of BPE-based text tokens. Whisper
models are available as open source and have been trained in multiple model sizes, both uni- and
multi-lingually (including German); the multi-lingual models are trained on roughly 680k hours
of speech (about %3 English). Below, we use the ‘large’ version in its pre-trained form, and the
‘small’ version for fine-tuning.

With the end-to-end trained encoder-decoder network architecture, it is not trivial to say
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which part of the network learns what part of the task. However, in auto-regressive decoding, the
decoder likely learns some form of conditioned language model of the output language and the
encoder learns the conditioning of said model on the speech signal.

We use Whisper as provided via the HuggingFace library!, which is based on PyTorch [14].

3.1 Fine-tuning

Many commonly used models are either pre-trained exclusively for English or, when multilingual,
tend to underperform compared to their monolingual counterparts [15]. To address this gap,
the concept of transfer learning across languages has gained relevance, offering a promising
approach to improve multilingual model performance.

Whisper models, although they can be used as-is, can easily be fine-tuned to better suit a
specific task or language and the original paper reported that data on the order of tens of minutes
may already be sufficient [12].

We are not aware that Whisper has previously been fine-tuned to optimize recognition
performance on continuous aphasic speech. Therefore, we are lacking recipes in how to do this.
We compare our task with fine-tuning for dialects (given that aphasic speech sounds different),
and for new languages (given that words may deviate from the norm and sentence structure is
often interrupted).

Pekarek Rosin and Wermter find that a limited fine-tuning (specifically: limiting fine-tuning
of the encoder or decoder) yields higher performance when optimizing Whisper for German ASR
when only limited data is available [16]. Liu et al. provide a thorough comparison of fine-tuning
strategies to optimize Whisper for low-resource ASR using languages from FLEURS [18] (with
about 20 hours of data each) [17]. Here, they find that limiting the fine-tuning to parts of the
encoder or decoder typically negatively impacts performance and that regular fine-tuning works
best in their case. Torgbi et al. fine-tune Whisper to enhance performance for dialectal speech,
again using tens of hours and standard fine-tuning [19].

We take inspiration from Abad et al. who worked on zero-resource domain adaptation [20]
in which fine-tuning material in one language (and domain) is used to boost performance in that
domain in another language. We believe that there are aspects of aphasic speech that may well
hold cross-linguistically (such as hesitation phenomena, syllabic mistakes, ...) and we test the
approach of zero-resource adaptation for German aphasia speech using English aphasia speech
data.

We therefore try to improve performance on our aphasic speech corpus in multiple ways:

» we fine-tune on the Stark dataset, although it is only about one hour and single-speaker;

* we fine-tune on the English Aphasia data from AphasiaBank in the hope that this picks up
on aphasia-related speech phenomena (hopefully without too much catastrophic forgetting
of the model’s German recognition ability);

» we fine-tune on the English Aphasia data as above but only the encoder or the decoder,
respectively, under the assumption that it could be aspects of the decoder or encoder that
should primarily be adapted for aphasic speech;

* we combine the English and German data for fine-tuning.

Fine-tuning is performed on whisper-small, which has 244 million parameters and therefore
makes computations more tractable than whisper-large-v3 with its 1.5 billion parameters.

'https://huggingface.co/openai/whisper-large-v3

80



Table 2 — Recognition results for our German aphasia corpus and the acquired aphasia corpora on
pre-trained models. All numbers are percentages after text normalization.

Model Dataset n. WER n. CER
whisper-large-v3 DE: our 22.8 14.2
aphasia patient 41.2 25.0
therapist 10.8 6.6
DE: Stark 36.2 259
whisper-small DE: our 29.7 17.3
aphasia patient 53.8 32.7
therapist 16.3 10.0
Eng-1000 42.7 28.4
DE: Stark 60.1 42.8

3.2 Evaluation

The evaluation measurements used in our experiments are Word Error Rate (WER) and Character
Error Rate (CER), the most commonly used performance indicators for ASR. The transcripts are
evaluated with these metrics after text normalization for which we used the Basic TextNormalizer?,
an implementation of Whisper’s text normalization algorithm. This ensures that normalization
between corpus transcripts and Whisper expectations match.

4 Results

We present our findings in this section, detailing the speech recognition experiments conducted,
the fine-tuning procedures applied, and the evaluations performed on the resulting models.

4.1 Off-the-shelf Pre-trained Speech Recognition

The results of our speech recognition experiments are indicated in Table 2.

Performance on aphasic speech yields word error rates between 22-30 % (our) and 35—
60 % (Stark). This is noticeably worse than on common datasets such as Common Voice 15
(WER: 5.7 %; numbers after text normalization for whisper-large-v3) or FLEURS (WER: 4.9 %)
[12]. Performance on German data is somewhat worse compared to the English corpus (Eng-
1000), which has a normalized WER of 42.7 % with the whisper-small model. We note that our
results for the Stark corpus are in line with other results reported for German aphasia speech
using Wav2Vec 2.0-based speech recognition [21]. Finally, we note that our corpus appears to
yield better numbers than those found on AphasiaBank.

4.2 Fine-tuned ASR

The results of fine-tuning are presented in Table 3. First off, we note that fine-tuning works
as intended when applied in-domain and in-language: we find a relative error reduction of
about 16 % for English and about 45 % for German aphasia data. Interestingly, in-domain
WERs are even lower when both English and German aphasia data are combined for fine-tuning.
This may imply that with both languages together, the fine-tuning is better able to single in on
aphasia-related phenomena in the speech, which could be taken as an argument in favour of
aphasia-related phenomena sounding similarly (for ASR) across languages and a potential for
cross-lingual transfer learning.

’https://github.com/kurianbenoy/whisper_normalizer
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Table 3 — Evaluation results for the aphasia-only part of our collected dataset with different fine-tunings of
the whisper-small model onto aphasia speech data. All numbers are percentages after text normalization;
val. WER refers to the fine-tuned performance for the validation set part of each fine-tuning corpus.

Fine-tuning Corpus val. WER n. WER n. CER

no fine-tuning - 53.8 32.7
DE: Stark 35.8 51.2 27.6
Eng-all 32.8 67.5 39.0
decoder-only 36.1 77.9 48.2
encoder-only 37.2 1146.2 613.3
Eng-all + Stark 26.9 68.4 35.5

With respect to optimizing performance on our corpus, we find that fine-tuning with in-
language data (Stark) yields slight improvements in WER and CER although the fine-tuned small
model does not outperform the large off-the-shelf model.

However, our hypothesis that fine-tuning could be used for cross-lingual transfer learning
does not seem to hold, as can be seen by the strong deterioration of performance on German data
when fine-tuning on English data. This is independent of the kind of cross-lingual fine-tuning
that we attempted, with the encoder-only fine-tuning working spectacularly badly (although it
still leads to improvements for English).

5 Conclusions

We have described an application of a spoken dialogue system for aphasia patients that aims to
improve spoken interaction skills through training. We have tested the setup with the Wizard-of-
Oz setup and have used the resulting patient speech to test existing speech recognition models as
speech recognition quality is arguably the bottleneck of a spoken dialogue system that interacts
with aphasia patients.

We find that the Whisper model, as a state-of-the-art model, handles aphasic speech input
moderately well, similarly for our data as for pre-existing data from AphasiaBank.

We also fine-tune the Whisper model. We find an improvement when in-language fine-tuning
is performed with German data. However, our expectation that a model that is fined-tuned with
English aphasia data leads to a cross-lingual transfer learning of aphasia phenomena turns out to
be wrong, or at least possible improvements in aphasia-related phenomena are drowned in the
model attempting to hear English speech.

Fine-tuning with both English and German data lead to best results in-domain (i.e., for
the corpora involved) which we take as indication that multi-lingual fine-tuning for aphasia
phenomena may indeed work. While at least some speech data has been collected for Dutch [22],
the third big West-Germanic language and arguably closer to German than English, we have not
been successful in accessing this data. It may also be worthwhile to investigate more closely
if fine-tuning different parts of the model (encoder vs. decoder) with different data (German
non-aphasic for the decoder, any aphasic speech for the encoder) leas to better outcomes.

Even if we cannot substantially improve speech recognition quality for German aphasic
speech, dialog training will still be possible. For one, we may integrate approaches of semantic
similarity which is useful for understanding of aphasia patients [23]. Furthermore, our system
will often know what a patient is supposed to say given that it knows the patient’s task instructions.
Therefore, error-free speech recognition is not a strict requirement for our approach.
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