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Abstract

Dysarthric speech recognition (DSR) is an emerging field
that can enhance social interactions and mental health for indi-
viduals with dysarthria. However, the lack of sufficient Chinese
dysarthric speech data and challenges like ambiguity and indi-
vidual differences hinder performance improvements. Text-to-
speech (TTS) technology is well-established in normal speech
recognition and can also supplement dysarthric speech data.
This study explores the impact of TTS-based Chinese dysarthric
speech generation on DSR performance. Speaker-dependent
experiments show that synthetic dysarthric speech alone does
not effectively improve DSR performance. Through statistical
analysis of acoustic features, we reveal the disparities between
synthetic and authentic speech in dysarthria and highlight the
limitations of synthetic data for DSR. These findings provide
insights for future improvements in speech generation methods.
Index Terms: Dysarthric speech recognition, Synthetic
dysarthric speech, Acoustic feature difference

1. Introduction

Dysarthria, a motor speech disorder, affects many individuals
and includes a range of conditions caused by various factors
such as cerebral palsy, Parkinson’s disease, amyotrophic lateral
sclerosis, and stroke [1]. Those with dysarthria often experience
articulatory impairments like slower articulation, imprecise pro-
nunciation, inappropriate pauses, and decreased clarity [2]. Ac-
curately recognizing speech from individuals with dysarthria
and enabling effective communication with computers could
significantly improve their daily lives. A reliable speech recog-
nition system for individuals with dysarthria would not only fa-
cilitate tasks such as using smart home devices and voice as-
sistants, but also enhance quality of life, reduce dependency on
caregivers, and promote meaningful interaction with the outside
world.

While significant progress has been made in Automatic
Speech Recognition (ASR) systems [3], recognizing speech
from individuals with dysarthria remains a major challenge.
Specifically, Dysarthric Speech Recognition (DSR) presents
significant challenges due to two key factors: the scarcity of suf-
ficient training data, and the unique and highly variable speech
characteristics of each individual. Inter-individual variability
in dysarthria severity complicates the development of universal
DSR models.

Meantime, speaker-dependent DSR systems can enhance
recognition accuracy for individual speakers, making them
highly applicable in real-world scenarios. However, in the Chi-
nese context, building such systems also faces the challenge of
limited sample size. For example, although the release of the
CDSD database [4] (currently the largest Chinese dysarthric

speech database) has helped address the shortage of Chinese

dysarthric speech data, the fact that each individual has only

up to 10 hours of data remains insufficient for training accurate
models that can handle the diverse and complex characteristics
of dysarthric speech.

To overcome this limitation of scarce data, text-to-speech
(TTS) technology has been increasingly used as a data aug-
mentation method. This approach helps reduce the burden on
the dysarthric speech community by generating large-scale syn-
thetic data, ultimately improving DSR performance. However,
there is no existing research exploring whether, in the Chinese
context, synthetic speech can replace authentic speech to di-
rectly enhance recognition performance.

In this study, we investigate the impact of speech synthe-
sized through TTS technology, using Mandarin phonetics, on
the performance of DSR. The experiment result shows that
TTS-synthesized speech data could serve as a supplement but
not a substitute of authentic data for DSR. Furthermore, we
compare the differences between synthetic and authentic speech
through feature visualization and statistical analysis. By ex-
ploring the effects of different characteristics of synthetic sam-
ples, we demonstrate that TTS-synthesized speech data does not
fully capture the diverse range of speech characteristics present
within the dysarthria population. The contribution of this work
can be summarized as follows:

* This study focuses on TTS-based speech generation data aug-
mentation in Chinese DSR, a field that has received limited
attention previously.

¢ We demonstrate that synthetic dysarthric speech cannot re-
place authentic speech in improving DSR performance.

The study highlights the differences between synthetic and
authentic dysarthric speech across various acoustic features,
providing insights for future DSR data augmentation using
speech generation.

2. Related Works
2.1. Dysarthric Speech Databases

The development of speech recognition models heavily relies
on large-scale speech datasets. However, the advancement of
DSR technology is currently constrained by the issue of small
sample sizes. Chinese dysarthric speech data is relatively lim-
ited, both when compared to normal speech data and when
compared to dysarthric speech data in English. For instance,
the commonly used Chinese speech recognition dataset Wenet-
Speech [5] includes multilingual Chinese speech data across
multiple domains, with a scale of over 10,000 hours, which
is much larger than the existing dysarthric speech databases.
Internationally, the English dysarthric database Whitaker was



established as early as 1993 [6]. Over the span of 28 years,
from 1993 to 2021, six dysarthric speech databases have been
established abroad, among which the largest is the Euphonia
database from 2021, with 1,300 hours of speech data [7]. The
most widely used dysarthric speech databases currently include
UA-Speech [8] and Torgo [9].

Given the significant differences in pronunciation, language
morphology, and sentence structure between Chinese and En-
glish, and considering that Chinese has more homophones and
polyphonic words than English, existing English dysarthric
speech databases do not meet the specific requirements of Chi-
nese DSR tasks. The establishment of Chinese dysarthric
speech databases started later. In 2015, Wong et al. estab-
lished the Cantonese dysarthric speech corpus CUDYS [10],
in 2024, Liu et al established the Mandarin Subacute Stroke
Dysarthria Multimodal Database MSDM [11], Gao et al. re-
leased the Mandarin Dysarthria Speech Corpus (MDSC) [12],
with all three databases containing less than 10 hours of data.
The largest public database is the CDSD database' published
by Wang et al., which includes 144 hours of dysarthric speech
data [4]. However, overall, the total scale of current dysarthric
speech data is relatively small.

The main difficulty in collecting dysarthric speech data is
that individuals with dysarthria face challenges when speaking.
For the same length of text, individuals with dysarthria require
more time and effort, making it difficult to collect speech data
from them. Additionally, because there are significant individ-
uval differences in dysarthric speech, current dysarthric speech
data cannot be automatically annotated, making manual anno-
tation of this speech data even more challenging. This further
complicates the construction of dysarthric speech databases.
Therefore, how to provide sufficient training samples for DSR
is an urgent problem that needs to be addressed.

2.2. Data Augmentation in DSR

Over the past several years, numerous data augmentation meth-
ods have been proposed to overcome the scarcity of dysarthric
speech data for DSR. In 2018, Vachhani et al. augmented
dysarthric ASR training by applying temporal and speed modi-
fications to healthy speech [13]; also in 2018, Jiao et al. simu-
lated dysarthric speech through adversarial training to generate
training data for clinical speech applications [14]. In 2021, So-
leymanpour et al. proposed a prosodic transformation and time-
feature masking method for subword end-to-end ASR augmen-
tation [15]. In 2022, Celin Mariyaet al. introduced virtual mi-
crophone array synthesis with multi-resolution feature extrac-
tion to augment continuous dysarthric speech [16], and Bhat
et al. presented a two-stage augmentation scheme combining
deep autoencoder modifications with SpecAugment [17]. In
2023, Jin et al. advanced personalized adversarial data aug-
mentation using speaker-dependent GANs on dysarthric and
elderly speech [18], while Soleymanpour et al. developed a
modified multi-talker TTS system with dysarthria severity con-
trols for the TORGO corpus [19], and Baali et al. improved
Arabic DSR by combining signal-based speed/tempo modifica-
tions with a Parallel Wave Generative adversarial model [20].
In 2024, Leung et al. demonstrated diffusion-based text-to-
dysarthric-speech synthesis for augmenting training data for
models like Whisper [21], and Wang et al. compared vari-
ous adversarial augmentation strategies to enhance fine-tuning
of pre-trained ASR systems [22], while Naeini et al. showed

! Application website: http://melab.psych.ac.cn/CDSD.html
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Figure 1: Overview of Speech generation and DSR in out study

that emulated and synthetic augmentation methods can signif-
icantly improve dysarthric speech segmentation across neuro-
logical disorders [23].

In our research, we focus on TTS-synthesized speech effect
on DSR using a Chinese dysarthric speech database, distinct
from the languages and datasets typically used in previous stud-
ies. Furthermore, previous studies have not explored whether
synthetic speech can replace authentic dysarthric speech and
analyze its acoustic features. Our findings reveal that synthetic
speech can serve as a supplementary method to improve perfor-
mance. However, relying solely on synthetic data does not lead
to good results, as it cannot replace authentic speech data and
there are differences in multiple acoustic features.

3. Method

In the technical implementation, as illustrated in Fig. 1, we se-
lected two widely used methods for TTS and DSR, i.e., BERT-
VITS2 [24] and ESPnet [25]. The BERT-VITS2 was selected
for its proven capability in modeling prosodic variations (8.2k
stars on Github), while the Conformer-Transformer architecture
in ESPnet provides SOTA DSR performance [4, 20, 22].

3.1. TTS

In this study, we trained a BERT-VITS2 speech synthesis model
using the CDSD Database to more accurately capture the speech
characteristics of dysarthric individuals. The trained TTS model
was then used to generate a large amount of synthetic impaired
speech data for data augmentation. The BERT-VITS2 model
consists of two main components: an autoregressive text en-
coder and a non-autoregressive acoustic model.

Precisely, the BERT modelserves as the autoregressive text
encoder. BERT is based on a bidirectional Transformer archi-
tecture and uses self-attention mechanisms to capture depen-
dencies between words in a given context. The VITS2 archi-
tecture [26], is responsible for generating the speech waveform.
It combines Variational Autoencoders, adversarial training, and
Monotonic Alignment Search. The encoder is built with six lay-
ers of dilated convolutions, where each layer has a different di-
lation rate (1, 2, 4, 8, 16, and 1), and outputs the mean and vari-
ance of the latent variables. The decoder adopts an improved
WaveNet architecture, consisting of 40 residual blocks, each
containing two dilated convolutions, and uses dynamic convolu-
tions and skip connections to generate high-quality waveforms.
The alignment module uses a bidirectional LSTM to compute
the alignment between text and speech, ensuring that the timing



and content of the synthetic speech correspond to the input text.
The discriminator processes waveforms at multiple periods and
scales to ensure realistic and high-quality speech. A random
duration predictor introduces variability into speech timing by
injecting random noise into the model.

During the integration of BERT and VITS2, BERT fea-
tures are concatenated with the output of the encoder and passed
through a 1x1 convolution for fusion. In the alignment module,
the concatenated BERT and Mel-spectrogram features are in-
put into a bidirectional LSTM to compute the alignment matrix.
Throughout training, BERT is used as a static feature extractor
to enhance the quality of speech synthesis.

3.2. DSR

Our DSR pipeline leverages the ESPnet framework, utilizing
Conformer as the encoder and Transformer as the decoder.
Specifically, The frontend is configured with S3PRL [27], a
pre-trained feature extraction model that processes raw audio
data and generates feature representations suitable for subse-
quent model training. In particular, the Chinese-HuBERT-
large.pt model, a HuBERT-based feature extractor, is used. Hu-
BERT [28] is a self-supervised learning model for speech rep-
resentations that produces high-quality feature embeddings for
speech recognition tasks. For the pre-encoder, a linear con-
figuration is used. In terms of data augmentation, SpecAug-
ment [29] is applied to the spectrograms. This technique
performs specific time-frequency transformations to increase
the diversity of the training data, which in turn enhances the
model’s robustness.

4. Experiment

This study investigates the impact of TTS-based speech gen-
eration on Chinese DSR performance, including how different
scales of data generation affect performance and comparing the
acoustic features of TTS-synthesized and authentic speech.

4.1. Configuration

The CDSD database contains 133 hours of recordings from 44
speakers. The dataset is divided into two parts: Part A includes
44 hours of audio data from all 44 speakers, with each speaker
contributing one hour of speech. Part B includes 80 hours of au-
dio data, where eight speakers from Part A each contribute 10
hours of speech. Our study used Part B for speaker-independent
DSR. Due to an error in the annotation information for one par-
ticipant, we only used data from seven participants. The speech
data from the seven speakers is divided into training, validation,
and test sets in an 8:1:1 ratio. The training set is further ran-
domly split into two equal subsets, Set A and Set B.

We trained the BERT-VITS2 model using Set A data from
seven speakers, creating seven speaker-specific TTS models.
For each speaker, two synthetic speech data sets were gener-
ated from Set A transcriptions: A~ from the authentic text, and
A% with a new text set 7 to 9 times the volume of A~. The
resulting training sets are listed in Table 1.

For the BERT-VITS2 model, we used the chinese-roberta-
wwm-ext-large pre-trained language model [30]. The model
was trained for 1000 epochs with a batch size of 12, an initial
learning rate of 0.0002, and the Adam optimizer (betas 0.8 and
0.99). The learning rate decayed at a rate of 0.99995. TTS
model convergence occurred between 5,000 and 6,000 steps,
trained on a 24GB 4090 GPU. For DSR model training, the ini-
tial learning rate was 0.0005, with a warmup for the first 30,000

steps, then adjusted per the schedule. The batch size was set
with a maximum bin limit of 12,000,000 per batch, and training
was done on three 24GB 3090 GPUs.

4.2. DSR Comparison

As listed in Table. 2, we tested the DSR performance based on
seven group of training sets. The trends of the results are vi-
sually presented in the bar chart in the Supp. Materials®. It
can be seen that, when the synthetic speech sample size does
not significantly exceed that of Set A+B, on the basis of Set B,
neither using the data synthesized from Set A alone nor using
both the synthetic and authentic data from Set A achieves bet-
ter DSR performance than using Set A+B. This emphasizes the
differences between synthetic and authentic data, especially in
the speech data of the dysarthric group. Synthetic speech not
only fails to fully represent the diversity of authentic speech but
also suffers from unpredictable quality issues.

For the cases of Set B+A+A " and B+A+, where the syn-
thetic data quantity is significantly larger, reaching 7-9 times the
amount of authentic data, the model performance only slightly
exceeds that of Set B+A. However, this improvement is far from
significant. Compared to training with authentic data, the per-
formance boost from synthetic data remains marginal. Firstly,
synthetic data cannot fully capture the diversity and complex-
ity of authentic speech. Dysarthric speech often exhibits more
variation and irregularity in pronunciation, and the quality of
synthetic speech may fail to accurately simulate these character-
istics, negatively impacting model performance during training.
Additionally, the diversity of synthetic data is limited, meaning
it cannot cover all the potential variations present in authentic
speech. This limitation causes the model to produce higher er-
ror rates when faced with authentic data.

As illustrated in Fig. 2(a), further visualization of the fea-
tures from both data sets shows significant differences in the
feature space between synthetic and authentic speech. These
differences highlight the inconsistencies in speech features be-
tween synthetic and authentic data. Furthermore, from the spec-
trogram (Fig. 2(b)), there are noticeable differences between the
synthetic and authentic speech. In terms of frequency distribu-
tion and energy intensity, the authentic speech exhibits a rich
low-frequency component with a complex energy distribution,
while the synthetic speech, although similar, shows different en-
ergy patterns in certain frequency bands. Regarding dynamic
features, the frequency components of the authentic speech
change diversely over time, whereas the synthetic speech ex-
hibits different patterns.

4.3. Similarity Comparison

To understand the differences, we analyze the acoustic fea-
tures [31] of synthetic and authentic speech. We randomly se-
lect 100 pairs of speech samples with the same text from each
speaker. The comparison metrics include: fundamental Fre-

2Supp. Materials link: https://doi.org/10.5281/zenodo.15511438

Table 1: Training Set Combinations. Scale is based on sample
size of Set A.

Comb 1 2 3 4 5 6 7

Set. B B+A B+A~ B+1AT B+AT B+A+AT  Bra+AT
Scale 1 2 2 56 8-10 3 o-11
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Figure 2: Speech feature difference (from Speaker 01)

quency correlation coefficient (FO), fundamental frequency jit-
ter difference (FOJD), pitch shimmer difference (PSD), loudness
difference (LD), root mean square error correlation coefficient
(RM-C), cosine similarity of MFCC, perceptual evaluation of
speech quality (PESQ) score, and average speaker similarity
(ASS). The mean and t-test values of these metrics are calcu-
lated to assess whether the differences are statistically signifi-
cant, as presented in Table 3. P-value analysis can be found in
Supp. Materials. Besides, metrics outside the [0,1] range were
normalized for better interpretability (see Supp. Materials).

Dysarthric speech shows notable pitch instability with pro-
nounced variation patterns. Our results reveal significant differ-
ences in pitch-related features between synthetic and authentic
speech, especially FO and FOJD. These differences align with
dysarthric speech’s irregular pitch caused by speech produc-
tion difficulties and poor muscle coordination. While synthetic
speech mimics some pitch features, large discrepancies remain,
highlighting that complex pitch changes in dysarthric speech are
not fully captured. The numerical differences of PSD among
different speakers and in the overall data are also quite notable,
indicating that there are substantial differences in fine-grained
stability between synthetic and authentic speech.

For dysarthric speech, loudness fluctuations occur due to
unstable airflows or poor motor control. Although the differ-
ences between synthetic and authentic speech seem relatively
small on the LD mean values, there are significant differences
in statistical metrics. Furthermore, the weak RM-C presents the
discrepancies in signal characteristics. These differences reflect
inherent irregularities in loudness and signal errors in dysarthric
speech that generation methods fail to fully address.

The MFCC cosine similarity is above 0.998, showing a high
similarity in spectral envelope features, suggesting that the tim-
bre of synthetic and authentic speech is alike. However, the
significant statistical differences suggest that subtle frequency

Table 2: DSR performance (CERJ ) based on different training
sets

Speaker ID 01 04 06 08 09 10 12

B 256 488 725 49.1 494 363 440
B+A 169 429 523 322 354 259 351

B+A~ 179 446 559 369 372 29.1 349
13.+§A+ 184 444 517 365 385 243 358
B+AT 155 43.0 489 307 35 210 379

B+A+A~ 175 45 539 314 349 267 356
B+A+AT 141 397 485 254 288 190 33.1

Table 3: Statistic analysis on difference between TTS-
synthesized and authentic speech data. The direction of the ar-
row indicates that the similarity between the data is higher.

- Speaker ID 1 4 6 8 9 10 12 Overall
Metric

Fo 1 07194 0.6657  0.6061  0.6696  0.6589  0.6581  0.7659  0.6777
FOID | 09971 09843  1.0000  1.0000  1.0000  1.0000  0.9976  0.9970
PSD | 07995 05644  0.2668  0.6224 04582 04044 03109  0.4895

LD | 02157  0.1837  0.0757  0.0987  0.0457  0.0823  0.0464  0.1069

Mean RM-C*1 0.6642 05847  0.6829  0.6685 0.6198  0.6431  0.7095  0.6532

MF-C1t 09999 09998  0.9998  0.9982  0.9999  0.9998  0.9997  0.9996
PESQ 1 03418 03466  0.3388 03380 03412 03533 03639  0.3462

ASS 1 09364 09486 09421 09475 09386 0.9569  0.9469  0.9453
FO -14.75 -19.93 -17.02 -17.83 -18.68 -22.54 -14.60 -45.32
FOID 339.75 88.02 inf inf inf inf 41699  589.48
PSD 46.25 36.37 15.67 35.60 17.64 25.44 13.47 50.16
LD 43.77 30.48 15.10 31.83 14.09 26.02 9.13 37.00
T-test RM-C -1933  -28.17  -17.75 2288 -2495 2295  -17.79  -56.03
MF - C -5.62 -4.00 -4.39 -1.16 -4.36 -3.44 -3.15 -1.76
PESQ -216.02  -139.96 -253.15 -203.77 -259.23 -147.88 -156.79 -469.47
ASS -61.57  -60.08  -4822 4313  -57.67 -5230  -53.33  -119.03

or temporal variations still prevent full reproduction of the au-
thentic speech.

The low PESQ score suggests poor speech quality simi-
larity. This reflects that while synthetic speech captures some
spectral features, it cannot fully replicate the clarity and fluency
of natural speech. The complexity and irregularity of dysarthric
speech make the reproduction difficult.

The ASS is 0.9453, indicating a high degree of similar-
ity in speaker characteristics. Despite the differences between
dysarthric and normal speech, synthetic speech retains some
speaker-specific features, showing its potential for personalized
speech reconstruction. However, due to individual differences
in dysarthric speech, significant discrepancies remain, particu-
larly across samples.

Dysarthric speech exhibits unique characteristics across
various dimensions, including pitch instability, loudness fluc-
tuations, and poor speech quality. These features present
challenges when attempting to generate speech that mimics
dysarthric speech. While synthetic speech can resemble au-
thentic dysarthric speech in certain aspects (such as spectral
features and speaker similarity), significant differences remain
across multiple dimensions, particularly in the finer aspects of
speech quality and fluency. Therefore, while synthetic speech
can serve as a supplement for data augmentation, it cannot fully
replace authentic speech, especially in terms of detailed speech
quality and smoothness.

5. Conclusion

DSR is an important tool for improving the quality of life
and promoting social interaction within the dysarthric commu-
nity. However, challenges such as the difficulty in collecting
speech data have limited the development of DSR technolo-
gies. Speech generation-based data augmentation is an effective
method to enhance DSR performance. This paper explores the
impact of synthetic speech on DSR performance and presents a
statistical analysis of the feature differences between synthetic
and authentic speech. The results demonstrate that synthetic
speech based on dysarthric speech can serve as a supplementary
data source but cannot replace authentic speech, as there are sig-
nificant differences in dimensions such as pitch and loudness.
These findings offer insights for future research, particularly in
improving the quality of synthetic speech to better mimic the
specific speech characteristics of the dysarthric population. Ad-
ditionally, exploring how to utilize synthetic speech data more
effectively to enhance DSR performance remains an important
direction for future investigation.
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