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Abstract

Automatic speech recognition(ASR) is crucial for prompting effec-
tive communication in Patients with speech disorders. However,
the high acoustic variability and data scarcity in disordered speech
pose significant challenges to its recognition. Existing speech recog-
nition methods struggle to address these challenges. Therefore,
this paper proposes a memory-aware speaker adaptation method,
enabling the ASR model to adapt to specific speakers while retain-
ing common speaker features. Furthermore, this paper decouples
speech representation into speaker information and semantic con-
tent. Accordingly, we develop two key modules: a memory-aware
module, based on the read and write operations of a Neural Turing
Machine, memorizes and retrieves speaker information; a content
encoder, which includes a multi-level fusion module for aggregat-
ing semantic and acoustic features. Experimental results show
that, compared to advanced speech recognition methods such as
Transformer and time-delay neural networks(TDNN), our approach
achieves 1.2% and 0.6% reduction in word error rate for aphasic
speech and dementia speech, respectively.
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1 Introduction

Severe speech disorders can result in language comprehension
deficits in patients [1], increasing the likelihood of social rejec-
tion. Currently, approximately 5% of children have articulation
disorders, such as stuttering, and up to 30% of stroke survivors
experience aphasia [2]. At present, methods for diagnosing and
treating speech disorders include speech and language therapy
[3], acoustic parameter analysis [4], and neuropsychological scale
assessments [5]. These methods put forward high requests for
the expertise of speech pathologists, limiting treatment availabil-
ity for many patients. Therefore, speech recognition technology
can reduce labor costs and help alleviate the burden on physicians
specializing in pathological speech.

There are two main challenges in speech recognition for disor-
dered speech, compared to healthy speech. The first is high acoustic
variability. Patients with disordered speech frequently manifest ab-
normal vocal patterns, distinct rhythms, and impaired articulation.
The second is data scarcity. Existing datasets of disordered speech
are generally small, and the corpus is often difficult to collect and
of low quality. This limitation does not meet the data requirements
of current ASR models, causing the models to overfit on the limited
training samples.

To address these two challenges, current research [6] [7] com-
monly employs two approaches: speaker adaptation and self-
supervised representation learning. The approach utilizing speaker
adaptation achieves satisfactory results in reducing acoustic vari-
ability [7]. It combines speaker identity vectors [8], which provide
information about speaker characteristics, such as articulation pat-
terns, as prior knowledge to help ASR models adapt more effectively
to inter-individual acoustic differences. The approach utilizing self-
supervised learning (SSL) pretraining enables ASR models to utilize
broader out-of-domain knowledge, helping to address data scarcity
by extracting SSL representations and reconstructing input features
[9].

Both speaker adaptation and self-supervised representation
learning effectively enhance disordered speech recognition. How-
ever, since the speaker identity vector is extracted from the disor-
dered speech dataset and the self-supervised representation from
the healthy speech dataset, a domain mismatch arises, and an ef-
fective integration method for the two approaches is yet to be
established. Therefore, in this paper, we propose a memory-aware
speaker adaptation method that leverages memory capabilities to fa-
cilitate knowledge transfer across datasets and enhance the model’s
adaptability to different speakers. The contributions of this paper
are summarized as follows:
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e We combine speaker adaptation and self-supervised learning
through memorization capabilities, a method not previously
explored.

e We designed a novel partitioned memory pool using the
neural Turing machine, enabling efficient memory access.

e Based on the partitioned memory pool, we designed a
memory-aware module. The module stores speaker informa-
tion over time and adapts to stylistic and acoustic variations
across different speaker characteristics.

e We designed a content encoder featuring a multi-level fu-
sion module, which interacts with the memory module for
reading and writing.

e The experiment shows that our method has competitive
performance compared with Transformer and time-delay
neural networks(TDNN) methods.

2 Related Theory

This chapter outlines the methods and theories involved, as well as
the baseline model used.

2.1 Speaker adaptation and SSL

Disordered speech exhibits significant acoustic variability, influ-
enced by factors such as age, accent, and illness severity, often
leading to substantial bias in training and test sets. To address
acoustic variability, we apply the speaker adaptation technique
that extracts auxiliary vectors S (e.g., i-vectors) representing the
speaker’s style and incorporates them into each frame of acous-
tic features X. This approach effectively introduces speaker prior
knowledge during training, enhancing the model’s generalization
performance. The process can be expressed as equation(1), where
Y represents the predicted text sequence S is the speaker identity
vector, and fy is the ASR model.

Y = fp (X+5) 8

Self-supervised representation learning (SSL) methods can
greatly improve speech recognition. These models, trained on tens
of thousands of hours of unlabeled speech without explicit super-
vision, predict masked portions of speech. They generate generic
speech representations that enhance various downstream tasks,
including speech recognition, speaker verification, and emotion
recognition. Therefore, this paper integrates SSL representation to
improve pathological speech recognition performance.

2.2 Neural turing machine

This paper builds memory perception capabilities based on a Neural
Turing Machine (NTM) [26]. NTM is a memory augmented neural
network, which consists of a controller, multiple independent read
and write heads, and a memory pool, as illustrated in Figure 1. The
controller receives external input hi and generates a query vector g
for each read and write head. The memory pool contains N memory
vectors, which can be represented as M = {mj,mg,ms,...,mn} €
RDXN .

When reading from memory, at each time step ¢, the read head
takes the query vector g}, generates the normalized weight vector
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Figure 1: The Core Components of NTM.

wy ead And the resulting read output r; is given by:

N
n= ) W () m, @
i=1

When performing a memory write, the process is divided into
two steps: memory erasure and addition. The write head generates
the weight vector w} ead gnd updates the memory using the erase
vector e; and the add vector a;. Each memory location is updated
according to the following equation:

mi = m; [1—w}Te (i) e (i)] + w8 (i) a (i) 3)

2.3 Baseline model

We select E-branchformer [10] as the baseline model. It is based
on the hybrid CTC/Attention architecture, with a structure similar
to that of the Transformer, consisting of an encoder and a decoder.
The encoder captures both global and local acoustic features. Its
input is the hidden layer feature X, and the output is the captured
acoustic feature H:
H = Enc (X) (4)
E-branchformer contains two different decoders. The CTC de-
coder which uses conditional independence assumptions to predict
the text of the current time frame, while the auto-regressive decoder
is responsible for predicting the contextual text:

Pcrc(Y|X) = CTC (H) )

Ppec(yulX, y1.u-1) = Dec (H,y1u-1) (6)
where Y is the real labeled text sequence,mu is the currently de-
coded word. During training, the model is optimized by weighted
combination of CTC loss and decoder loss.

L =-AlogPcrc(YIX) - (1 - A) Ppec(Y]X) @)
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Figure 2: The encoder framework of the proposed memory-aware speaker adaptation method. Black solid arrows indicate data
paths during both training and inference phases, while red solid arrows denote data paths exclusively in the training phase.
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Figure 3: Comparison of different memory interaction strategies.

The weight A is a hyper-parameter. The results of this model are
usually evaluated using the word error rate (WER).

3 Methods

The architecture of the proposed method in this paper is shown in
Figure 2, where Figure 2(a) is the memory-aware module and Figure
2(b) is the content encoder. We describe the design of the partitioned
memory pool in Section 3.1, the structure of the memory-aware
module and the memory interaction process in Section 3.2, and the
structure of the content encoder and the multilayer fusion module
in Section 3.3.
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3.1 Partitioned Memory Pool

Recent studies [11-13] that utilize memory capacity have largely
adopted the structures of Figure3(a) and Figure 3(b). We think
that directly connecting memory to the encoder is not optimal, as
various layers within the encoder network perceive speaker infor-
mation differently. Therefore, We designed a partitioned memory
pool with layer-by-layer memory reading and writing, which ef-
fectively facilitates the integration of speaker information with
acoustic features, as is shown in the Figure 3(c).

For the hidden features h‘t) in Layer 1, where information in-
tegration has not yet started, only memory reading is necessary.
Accordingly, the hidden features hf in the final layer L have com-
pleted information fusion, so we only update the memory pool. For
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the general hidden features AL, they serve both as the output of
layer [, which is passed to the write head as a write query, and as
the input to layer [ + 1, which is sent to the read head as a read
query.

We find that the weights within read-write weight vectors are
not distributed evenly, typically clustering in a few specific dimen-
sions. We think that each encoder layer focuses on different parts
of the memory pool, often concentrating on only a few positions.
Therefore, to achieve more precise and efficient addressing, we
partition the memory pool into R non-overlapping regions, allow-
ing each layer’s read and write operations to access and update
only the relevant memory region. we ensure that the read and
write operations within the same layer address the same memory
region. However, the memory vectors are not entirely independent
and contain shared information present at a speaker level. When
combined, this shared information can represent common speaker
features, but memory partitioning may lead to incomplete common
features. To alleviate this problem, we apply a residual connection
of the read result r? from Layer 0 to the encoder’s output.

Additionally, the time consumption of read and write opera-
tions mainly stems from calculating the read weight w} ead which
involves N cosine similarity calculations. For L + 1 hidden layer
features, a total of 2L read and write operations are needed, with
each operation calculating the cosine similarity between the D-
dimensional query vector and the N memory vectors. Without mem-
ory region partitioning, the overall time complexity is O(2NDL).
After dividing the memory into regions, assuming each region con-
tains P memory vectors, the overall time complexity reduces to
O(2PDL). Since P is typically set to divide N integrally, which re-
duces the time complexity of cosine similarity computation, the
division of memory regions helps to shorten the model’s training
time.

3.2 Memory-Aware Module

Based on the proposed partitioned memory pool, we design a
memory-aware module for adaptive training. As shown in Figure
2(a), the module consists of a linear controller, several read/write
heads, and a memory pool. In order to fully utilize the memory
pool, it needs to be initialized first. We extract the frame-level
speaker i-vectorsfrom the training data. We then average the frame-
level i-vectors corresponding to the same sentence to obtain the
sentence-level speaker features. Next, we utilize K-means cluster-
ing to reduce the number of speaker features by initializing the
memory matrix with the N clustering centers as memory basis vec-
tors. The embeddings obtained through clustering are more robust
and effectively retain common speaker features during the highly
aggregated computation process.

Then, we design a shared linear layer as the controller to gen-
erate the parameters {q;, q;”, Bt,er, ar, gr, st, (¢} , where the size of
the linear layer matches the sum of the scalar and vector sizes in-
volved for all read and write heads. The update of the linear layer’s
weight throughout the training process reflects the progressive
establishment of long-term memory.

The read operation employs content-based addressing. At each
time step t, the linear controller receives the hidden layer vector

hl[ and generates the read query vector ¢} and modulation scalar
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P for each read head, as shown below:

{q}. Bt} = Linear (hlt) (8)

The read head then computes the cosine similarity between the
query vector g} and each memory vector m; in the current memory
region, generating the normalized weight vector w} ecad B s
a positive scalar that regulates the softmax result. A larger f;
leads to a steeper normalization curve, resulting in a more focused
addressing range. The process for calculating the weight vector is

shown below:

w{e“d (i) = softmax ((8),;Sim (qz, m;)) 9)
where Sim denotes the computation of cosine similarity, i €
{KP,KP +1,..., (K + 1) P}, K represents the K — th memory region,
and P represents the size of current memory region. The read op-
eration only retrieves information from the memory pool without
performing a ny updates. The outputs from each read head are
concatenated to obtain r; , which is then passed to a multi-level
fusion module and added with hi’f YSIT The result of this addition
becomes the input of the next layer hé“ .

The write operation employs location-based addressing, allowing
the write head to make fine-grained modifications to each memory
location. At each time step t, the linear controller receives the
output vector hl[+1 from the current I-th layer and generates the
following set of parameters for each write head:

{q}. et ar. 91,50, 8t} = Linear (hlt“) (10)

where e; and a; represent the erase and add vectors, respectively.
Additionally, to leverage the advantages of both addressing methods
when updating the memory pool, an interpolation scalar g; € (0, 1)

is used to blend the current read weights w} ead

with the previous
time step’s write weights w;f‘;d . A higher g; value leads the model
to prefer content-based addressing, while a lower value makes
it favor location-based addressing. When calculating the write

weights for the first time, there are no previous time step write

weights w;f‘id available. In this case, we directly apply the erase
and add operations to the read weights w;ead .
wi (i) = gewp 4 (1) + (1= go) w1 (1) (1)

To encourage the write head to concentrate on a localized range
of weights, the linear controller generates a normalized shift weight
vector s; , addressing it within an allowable shift range. This proce-
dure essentially combines adjacent elements with the shift weights,
as shown below:

P
W (D)= ) w] () se (i = J) (12)
j=1

In practice, we implement shift weighting via circular convo-
lution through circular convolution without bias. However, this
convolution tends to diffuse the weights that were originally con-
centrated, potentially confusing the model’s memory. To address
this, the weight distribution is sharpened by {;, resulting in the
final write weights:

(e (i))%
SN (wr ()%

O (13)
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Notably, when the memory region size P is set too small, the
read/write head inherently concentrates on weights in a localized
area, making shift weighting unnecessary. In this case, we directly
use the softmax result of wf as w;“’r”e . Then, each write head
independently updates the memory pool using w,” rite the erase

vector e; , and the add vector a; .

3.3 Content Encoder

To utilize speaker information to facilitate semantic content learn-
ing, we design a content encoder based on the E-branchformer ,
as illustrated in Figure 2(b). The Content Encoder consists of L
sequentially connected Ebformer blocks (E-branchformer encoder
blocks) and an MLF module. The EBformer block is used to learn
content semantics, while the MLF block is responsible for feature
aggregation. At the beginning and end of each content block, inter-
actions with the memory-aware module are performed for read and
write operations. During the write interaction, the content of the
memory pool is updated, as indicated by the red data flow. However,
the semantic content represents fine-grained feature-level informa-
tion, whereas the read head provides coarse-grained discourse-level
speaker information. Direct fusion of these two levels may result
in a loss of detailed information.

To address information loss during multi-granularity feature fu-
sion, we propose a multi-level fusion (MLF) module for aggregating
features of varying granularities, as illustrated in Figure 4. The MLF
module is mainly composed of the depthwise separable convolution
(DSC) layer, pooling operations, and channel attention.

The DSC layer comprises three parallel branches, each perform-
ing depthwise convolution, ReLU activation, and pointwise convo-
lution sequentially. These branches capture fine-grained features
across multiple scales, producing aggregated features ftl through
addition and batch normalization. Then, ftl is processed with mean
pooling and maximum pooling in the time dimension to extract
more compact information. The shared channel attention layer
computes the weights w™%* and w™¢%", which are applied to ftl
to generate the output hi“. The channel attention layer comprises
two fully connected layer layers, along with ReLU and softmax
activation functions. The process is as follows:

4 Experiement

To evaluate the effectiveness of the proposed method, we conduct
comparative experiments and ablation studies on the AphasiaBank
corpus. Additionally, we validate its generalizability using the
DementiaBank corpus.

4.1 Datasets

AphasiaBank [14] is a commonly used public corpus in the study of
aphasia. It consists of interview data from patients and clinicians.
Most patients in AphasiaBank have stroke-induced aphasia and are
classified into four severity levels based on aphasia quotient (AQ)
scores [15]: mild (AQ > 75), moderate (50 < AQ < 75), severe (25
< AQ < 50), and v.severe (0 < AQ < 25). AphasiaBank contains
conversation data from patients (PAR) and additionally collects data
from non-aphasic individuals in the control group (INV). We follow
the same data processing procedure and dataset division ratio as in
[16], with 65.4 hours in the training set and 30.2 hours in the test
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Figure 4: The structure of MLF module.

set. All experiments in this study use only the English subset of
AphasiaBank and ensure no speaker overlap between the training,
test, and validation sets.

DementiaBank [17] is a widely used corups in dementia research
and consists of audio recordings from interviews, including pic-
ture descriptions, storytelling, and various tests. We use only the
English subset, which includes audio recordings from 292 elderly
participants and researchers. The DementiaBank english subset
contains approximately 33 hours of data, with the validation and
test sets comprising 2.5 hours and 0.6 hours, respectively.

4.2 Experimental setups

We use the ESPnet toolkit [22] to implement the models and ex-
periments. The pre-trained SSL model used is wavLM-large [23].
The memory pool is configured with a fixed size of 256 rows and 64
columns, and it employs 2 read and write heads, respectively. The
memory pool is segmented into 8 memory regions, each of size 8.
In i-vectors extraction, the Universal Background Model (UBM) is
trained with 1024 components, and the resulting i-vectors have a di-
mension of 256. The content encoder consists of 16 E-Branchformer
layers, each with a hidden layer dimension of 256 and 4 attention
heads. The cgMLP module has a hidden layer dimension of 3072,
and the depthwise convolution uses a kernel size of 31. Further-
more, the convolutional kernels in the MLF module are set to sizes
of 3, 15, and 31. The decoder is composed of 6 Transformer decoder
layers, each with 2,048 hidden units and 4 attention heads. The
weight ratio of CTC loss to AED loss is set to 3:7, with an inference
beam size of 10. All experiments are conducted without external
LM model-assisted decoding and conducted on a single NVIDIA
3090 GPU with 24 GB memory.

4.3 Results and discussion

Table 1 presents the Word Error Rate (WER) and Phonological Error
Rate (PER) on AphasiaBank for all evaluated models. In general, due
to the challenges of aphasic speech recognition, ASR models tend
to have higher WERs, which increase as AQ improves. However,
our proposed model consistently outperforms all the other models
across all four severity levels. Specifically, our method achieved
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Table 1: Comparison of PER or WER with various models on the AphasiaBank. “PAR” and “INV” refer to the patient and
clinical investigator, respectively. Additionally, “Overall” represents the average WER for patients, while “ALL” denotes the

average WER for both patients and clinical researchers.

Methods Metric PAR INV ALL
Overall Mild Moderate Severe V.Severe

DNN-HMM [2] PER - 474 52.8 61 75.8 - -

DNN-HMM+MOE [18] PER 36.9 33 41.6 62.9 - -

BLSTM-RNN [19] WER - 337 411 492 63.2 - -
Wav2vec2(zeroshot) [20] WER 56 - - - - 37.5 47.1

Wav2vec2 [9] WER - 23.6 36.8 36.4 59.1 - -

WavLM-Transformer [21] WER - 22.8 33.4 35 56.6 - -
Ebformer-InterCTC6 [16] WER 25 21.1 28.4 29.6 40.6 16.1 20.2
ours WER 23.8 20.6 27.8 29.1 38.4 15.9 19.5

Table 2: Comparison of WER with various models on the
DementiaBank.

Methods WER
PAR ALL
Hybrid TDNN-SBE [24] - 29.1
Ebformer-InterCTC9 [16] 31.2 28.9
Conformer [25] 29.7 27.6
Conformer-TDNN [24] 25.5 24.2
Ours 24.6 23.6

a mean (the Overall column) WER of 23.8% for the patient group
(PAR) and WERs of 20.6%, 27.8%, 29.1%, and 38.4% at the mild,
moderate, severe, and very severe levels, respectively Notably, in
the very severe level of aphasia speech, characterized by fewer
utterances and shorter average durations, our method achieves the
greatest absolute reduction in WER compared to the second-best
method, reaching a reduction of 2.2%. Although our work focuses
on recognizing aphasic speech, it still achieves a 0.2% absolute
reduction in the WER for the control group (INV), with a WER of
15.9%. The difference between the average WER of patients and
the control group in our approach is 7.9%, which is 1% better than
suboptimal, indicating that our model better adapts to the deviation
of aphasic speech from healthy speech.

To validate the general applicability of our method, we evaluated
it on the DementiaBank dataset. The results are presented in Table
2. Despite the generally poor audio quality of DementiaBank, with
some vocalizations barely audible, our method, as shown in Table 2,
still achieves best performance. It attains a mean WER of 24.6% on
patient speech, representing a 0.9% absolute reduction compared
to the sub-optimal method. In addition, our method also showed
a 0.6% reduction in the total (the ALL column) WER compared to
the suboptimal, confirming that our method is still effective on
dementia speech.

In order to verify the effectiveness of the proposed modules, we
display the results of the ablation study in Table 3. The baseline
utilizes the E-branchformer, and the pre-trained SSL model adopts
wavLM. The table shows that using SSL representations in place
of traditional fbank features results in a total (the ALL column)
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WER of 20.2%, an absolute decrease of 13.2% compared to the 33.4%
WER without SSL representations. This indicates that SSL repre-
sentations captures more generalized speech feature information
and effectively enhances the model’s ability to handle disordered
speech. When evaluating the influence of the memory-aware mod-
ule, the total (the ALL column) WER reduces by 0.3% without SSL
representations and 0.5% with SSL representations, compared to
the baseline. This indicates that the speaker information retrieved
by the memory-aware module can effectively assist the model in
adapting to speech disorders of varying severity. Performance im-
proves even further when combined with SSL, particularly with a
2.0% WER reduction at the extreme severity level. However, the
memory-aware module only reduces the WER of INV by 0.1%, indi-
cating that, regardless of SSLR use, the model’s learning of healthy
speech has become robust and stable. As a result, the memory
read-write heads tend to output a domain-averaged speaker vector,
exerting minimal influence on acoustic features. The multi-level
fusion module achieves a 0.2% WER reduction for the INV group,
as speaker characteristics typically manifest in subtle, localized
changes, and our multi-level fusion design facilitates the integra-
tion of information at various scales. Results from the Prosody
module indicate that introducing prosodic information slightly in-
creases the WER at the mild severity level but significantly reduces
WER at the moderate, severe, and very severe levels.

To explore the effect of the NTM read and write operations
on speaker adaptation, We design an ablation study, as shown in
Figure 5. Experiments from AphasiaBank indicate that the WER
performance of the ASR model, enhanced by memory mechanism,
consistently outperforms the baseline WER of 24.7% (with absolute
reductions of 0.6% and 0.3%, respectively). This improvement is at-
tributed to the model’s ability to recall features that are most similar
to those of the current speaker. However, the fixed content of the
memory pool prevents knowledge transfer from the SSL model. So
when both read and write operations are utilized, the WER declines
by 0.9% and 0.7% compared to the baseline. This indicates that dy-
namically updating the memory pool during training better equips
the model to handle complex and changing speakers, ultimately
leading to the formation of a long-term and generalized memory.
We observe a 0.3% decrease in WER with the layer-wise fine-grained
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Table 3: Comparison of WER with various models on the DementiaBank. Ablation study on AphasiaBank, where “Mem” and
“MLF” refer to the memory-aware module and multi-level fusion module.

SSL Mem MLF PAR INV ALL
Overall Mild Moderate Severe V.Severe

w/o wavLM X X 35.7 32.1 38.8 39.5 49.1 31.0 33.4
v X 35.0 31.8 38.4 39.5 483 30.9 33.1
v v 35.0 31.7 38.5 39.5 48.1 30.7 32.9

w/ wavLM X X 25.0 21.1 28.4 29.6 40.6 16.2 20.2
v X 23.9 20.4 27.8 29.3 38.8 16.1 19.7
v v 23.9 20.5 28.1 29.2 38.6 15.9 19.6

H E-branchformer
B with read

W with read & write

2.7 207 .
Iz“ Zu I

AB(Global-scale)

312 312
29.6
27.0
263
2.6

AB(Layer-wise) DB(Layer-wise) DB(Global-scale)
Figure 5: WER results for various interaction strategies on
AphasiaBank and DentimaBank. "Layer-wise” fusion is our
proposed memory read-write strategy, corresponding to Fig-
ure 2 (c), while global fusion corresponds to the approach
shown in Figure 2 (a). "With Read” indicates the adoption of
only the read mechanism, while "With Read & Write” indi-
cates the adoption of both read and write operations.

interaction approach compared to the global-scale approach, in-
dicating that a hierarchical structure facilitates the retrieval and
integration of memorized information. Similar trends are evident in
the DentimaBank experiments, where our best results demonstrate
a 6.6% reduction in overall WER compared to the baseline model.

To evaluate the impact of a memory pool with a total capacity of
64 on the model, we conducted an experiment varying the number
of memory partitions. The results across two datasets are shown
in Figure 6. Performance was poor when there was only a single
region holding 64 memory vectors or 64 regions each holding one
memory vector. The best results were achieved when the number of
memory partitions was set to 8, with each memory region holding
8 memory vectors.

5 Conclusion

In this paper, we propose a memory-aware speaker adaptation
method for disordered speech recognition. This method proposed
a novel partitioned memory pool and leverages it for speaker adap-
tation. It enables the model to adapt to various speaker feature
styles and acoustic offsets, effectively addressing the challenges
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Figure 6: Effects of memory region size.

of high speaker variability and data scarcity in disordered speech.
Experimental results demonstrate that our method significantly
outperforms existing approaches across multiple disordered speech
datasets, with more pronounced improvements for patients with
higher severity.
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