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Abstract

Dysarthric speech reconstruction (DSR) aims to enhance
the intelligibility of dysarthric speech. Compared with nor-
mal speech, the dysarthric speech is characterized by its
pathological features, including discontinuous pronuncia-
tion, slow speech, hoarseness, and improper pauses. Signif-
icant disparities in the feature space between normal and
dysarthric speech may result in suboptimal speech recon-
struction, thereby degrading speech intelligibility. To enhance
the reconstruction ability of speech feature spaces, this paper
proposes a DSR model named the Encoding-Aligned Varia-
tional Autoencoder (EA-VAE). By incorporating alignment
modules of frame-level embedding features, prior distribu-
tions, and duration into the encoder of the VAE, the model
explicitly aligns the dysarthric speech encoding with a rep-
resentation of the parallel normal speech. A shared decoder
is then used to generate speech with improved intelligibility.
Experimental results on the UASpeech benchmark confirm
that EA-VAE achieves state-of-the-art performance, with a
31.7% relative word error rate reduction and the highest sub-
jective MOS score (4.48), thoroughly validating the effective-
ness and advancements of the proposed method in dysarthric
speech reconstruction.

Introduction
Dysarthria refers to a group of motor speech disorders
caused by deficits in neuromuscular control, commonly as-
sociated with a range of neurological conditions such as
Parkinson’s Disease, Amyotrophic Lateral Sclerosis, and
Cerebral Palsy (Almadhor et al. 2023). Individuals with
moderate to severe dysarthria experience impaired muscu-
lar coordination, which is essential for proper articulation.
This results in symptoms such as indistinct speech, abnormal
speech rates, and fluctuations in prosody and vocal inten-
sity. These pathological features significantly impact speech
clarity and intelligibility (Almadhor et al. 2023; Zheng et al.
2023; Ueno, Lee, and Kawahara 2024).

Dysarthric speech reconstruction (DSR) tech-
niques (Zheng et al. 2023; Wang et al. 2024) aim to
enhance speech intelligibility by transforming impaired
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speech signals into acoustically normal speech (Aihara,
Takiguchi, and Ariki 2017; Chen et al. 2024a). A major
challenge in DSR lies in the substantial acoustic patterns
differences between dysarthric and normal speech (Lee, Lit-
tlejohn, and Simmons 2017; Wang et al. 2024). Dysarthric
speech presents a range of pathological features (Shahamiri,
Lal, and Shah 2023; Yu, Su, and Qian 2023; Zhang et al.
2025), including discontinuous pronunciation, uncon-
trolled volume, slow speech, improper pauses, explosive
pronunciation, hoarseness, and air-flow noise.

Current DSR approaches can be categorized into rule-
based and statistical methods. Rule-based methods rely
on handcrafted rules derived from expert knowledge, typ-
ically targeting phoneme error correction or modifications
to temporal and spectral features to enhance speech intelli-
gibility (Rudzicz 2011; Kumar and Kumar 2016). In con-
trast, statistical methods focus on automatically mapping
dysarthric speech features to normal speech. Notable tech-
niques include Gaussian Mixture Models (GMM) (Kain
et al. 2007), Non-negative Matrix Factorization (NMF) (Ai-
hara et al. 2012, 2013), Partial Least Squares (PLS) (Ai-
hara, Takiguchi, and Ariki 2017), and deep learning-based
approaches, i.e., two-stage (Matsubara et al. 2021; Liu et al.
2024; Wang et al. 2024) and end-to-end methods (Imai et al.
2020; Prananta et al. 2022; Purohit et al. 2020; Wang et al.
2020, 2022, 2024).

Two-stage models typically divide the task into two com-
ponents: a content extraction stage based on voice conver-
sion (VC) or automatic speech recognition (ASR) (Chen
et al. 2024c,b), and a speech synthesis stage, based on text-
to-speech (TTS) or vocoding techniques (Matsubara et al.
2021; Liu et al. 2024). VC-based methods often lack explicit
linguistic supervision, which may lead to content distortion.
ASR-based methods heavily rely on the performance of the
ASR system, which is compromised by the unclear articu-
lation, abnormal prosody, and limited availability of large,
annotated dysarthric datasets. These limitations often result
in poor global consistency and error propagation, ultimately
degrading the quality of the synthesized speech in the second
stage. End-to-end methods address DSR as a cross-domain
feature transformation problem by learning a direct mapping
from dysarthric to normal speech features (Imai et al. 2020;
Prananta et al. 2022; Purohit et al. 2020). These models in-
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corporate dedicated encoders for content extraction, prosody
correction, and speaker identity preservation, followed by
a decoder and vocoder for waveform reconstruction (Wang
et al. 2020, 2022, 2024). To improve linguistic representa-
tion learning, end-to-end systems employ auxiliary strate-
gies such as cross-modal knowledge distillation (Wang et al.
2020), phonetic posteriorgram features (Wang et al. 2022),
and phoneme recognition-based modeling (Biadsy et al.
2019; Chen et al. 2021; Doshi et al. 2021). Despite their
effectiveness, these methods typically require multiple spe-
cialized encoders, complex auxiliary learning schemes, and
annotated data such as phoneme or text labels, resulting in a
complicated training pipeline with multi-stage optimization.

To solve the aforementioned issues, we propose a simple
yet effective framework, namely Encoding-Aligned Varia-
tional Autoencoder (EA-VAE), that only leverages a vari-
ational autoencoder (VAE) to transform dysarthric speech
into intelligible and natural-sounding speech. EA-VAE
builds upon the VITS (Kim, Kong, and Son 2021) frame-
work to leverage its high-quality speech synthesis capabil-
ities while disentangling content information without re-
lying on textual annotations. The model comprises three
key components. First, the Embedding Alignment Module
(EAM) projects frame-level dysarthric speech embeddings
to the corresponding embeddings of normal speech, mitigat-
ing discrepancies in acoustic patterns. Second, the Distribu-
tion Alignment Module (DAM) employs KL divergence to
align the frame-level latent distributions of dysarthric and
normal speech, thereby reducing distributional shift. Third,
to address mismatches in pronunciation duration, a Dura-
tion Alignment Predictor (DAP) adjusts temporal patterns to
improve the fluency and intelligibility of the reconstructed
speech. The main contributions are summarized as follows:

• We present the EA-VAE, a streamlined yet effective
framework for DSR that relies solely on a VAE.

• We introduce the EAM module to align the frame-level
dysarthric and normal speech embeddings by modeling
both local dynamics and global dependencies.

• To minimize the distributional shift between dysarthric
and normal speech, we propose the DAM module, which
aligns prior distributions inferred from dysarthric speech
with the parallel normal speech.

• We develop a DAP to capture duration patterns and align
dysarthric speech durations with natural prosody.

• Extensive experiments on the UASpeech benchmark
demonstrate that EA-VAE achieves state-of-the-art per-
formance, with comprehensive analysis validating its ef-
fectiveness and improvements over existing methods.
Our demo has been publicly released 1.

Related Work
Dysarthric speech reconstruction (DSR) aims to enhance in-
telligibility and naturalness, and can be divided into two
main categories: two-stage and end-to-end methods.

1https://sailbulider.github.io/EA-VAE/.

Two-stage DSR Two-stage methods have shown promise
in improving the intelligibility of dysarthric speech by de-
composing the task into sequential modules. One repre-
sentative approach combines Transformer-based TTS with
CycleVAE-based voice conversion, followed by LPCNet
vocoding, to generate intelligible speech while preserving
speaker individuality by transferring speaker characteris-
tics to the synthesized output (Matsubara et al. 2021). An-
other method adopts a two-stage zero-shot voice conver-
sion pipeline, where dysarthric speech is first repaired using
a gender-constrained KNN-based retrieval mechanism and
then refined using so-vits-svc to enhance timbre and natural-
ness (Liu et al. 2024). Additionally, the baseline proposed in
(Wang et al. 2024) employs a modular ASR-TTS architec-
ture that integrates HuBERT-CTC for content extraction and
Tacotron 2 for synthesis, followed by HiFi-GAN for vocod-
ing (Shen et al. 2018; Kong, Kim, and Bae 2020).
End-to-end DSR End-to-end methods aim to directly con-
vert dysarthric speech into intelligible and natural-sounding
speech. MMSE-DiscoGAN (Purohit et al. 2020) outper-
forms conventional DNNs by learning direct feature map-
pings between dysarthric and normal speech. CycleGAN-
based models (Imai et al. 2020; Yang and Chung 2020) sup-
port non-parallel voice conversion and reduce ASR error
rates. StarGAN variants (Zheng et al. 2023; Mehrez, Cha-
iani, and Selouani 2024) further enhance clarity and nat-
uralness, particularly when combined with data augmen-
tation techniques. E-DGAN (Chu et al. 2023) adopts an
encoder-decoder architecture to generalize across patholog-
ical speech conditions while preserving speaker individu-
ality. A cross-modal knowledge distillation model (Wang
et al. 2020) leverages a TTS-trained encoder as a teacher
to guide a speech encoder for direct dysarthric-to-normal
speech conversion. To improve speaker identity preserva-
tion, adversarial speaker adaptation (Wang et al. 2022) fine-
tunes the speaker encoder while regularizing output dis-
tributions. UNIT-DSR (Wang et al. 2024) simplifies the
pipeline by using discrete speech units and HuBERT-based
normalization, achieving competitive reconstruction qual-
ity with improved robustness and efficiency. The Parrotron
series (Biadsy et al. 2019; Chen et al. 2021; Doshi et al.
2021) introduces spectrogram-to-spectrogram models based
on encoder-decoder architectures combined with vocoders.

Two-stage methods rely on complex content extraction
and speech synthesis processes, while end-to-end methods
use complex training strategies. Unlike the aforementioned
work, we simplify the process by incorporating alignment
modules for frame-level embedding features, prior distribu-
tions, and duration directly into the VAE encoder, avoid-
ing the need for specialized encoders, auxiliary strategies,
or text annotations. This simplification reduces the accumu-
lation of errors and enhances the consistency and naturalness
of speech reconstruction.

Methodology
Problem Definition
The original inputs for DSR include dysarthric speech au-
dio x and parallel normal speech audio y. The goal of this
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Figure 1: The overall framework of our proposed EA-VAE, starting with an Embedding Alignment Module (EAM) that aligns
frame-level embeddings between dysarthric and normal speech, followed by a Distribution Alignment Module (DAM) that
aligns the prior distributions inferred from dysarthric speech with those of normal speech, finally a Duration Alignment Predic-
tor (DAP) which models duration patterns, ensuring dysarthric speech aligns with natural prosody.

task is to learn a mapping function that transforms x into an
intelligible and natural-sounding normal speech ŷ.

Model Overview
EA-VAE can be interpreted as a conditional VAE (Kim,
Kong, and Son 2021), aiming to maximize the evidence
lower bound (ELBO), of the intractable marginal log-
likelihood of the data log p(ŷ | c):

log p(ŷ | c) ≥

Eq(z|y)

[
log p(ŷ | z)− log

q(z | y)
p(z | c)

]
,

(1)

where p(z | c) represents the prior distribution of the latent
variable z given condition c, while p(ŷ | z) serves as the
likelihood function for ŷ, and q(z | y) is the approximate
posterior distribution.

The condition vector c represents the frame-level embed-
ding fratures of the dysarthric speech x, which are extracted
using the pre-trained WavLM (Chen et al. 2022) model
fWavLM(·):

c = fWavLM(x), c ∈ RT×d, (2)

where T denotes the number of frames and d is the embed-
ding dimension.

The training objective is to minimize the negative ELBO,
which can be interpreted as the combination of the re-
construction loss, − log p(ŷ | z), and the KL divergence,
KL[q(z|y)∥p(z|c)], where z ∼ q(z | y).

Given the significant acoustic pattern differences between
dysarthric and normal speech, we designed several mod-
ules to enhance the strength of the prior distribution p(z|c).
The overall processing pipeline of the proposed EA-VAE is
shown in Figure 1. We begin by designing the Embedding

Alignment Module (EAM) which aims to align the frame-
level embeddings of dysarthric speech with those of par-
allel normal speech. To ensure the consistency in the la-
tent space, we further introduce a Distribution Alignment
Module (DAM), which aligns the prior distributions inferred
from dysarthric speech with those of normal speech. Since
dysarthric speech exhibits duration abnormalities, we finally
develop a Duration Alignment Predictor (DAP) to improve
duration modeling.

Embedding Alignment Module
The Embedding Alignment Module (EAM) aligns the
frame-level embeddings of dysarthric speech cd =
fWavLM(x) to those of parallel normal speech cn =
fWavLM(x). The EAM initially extracts a transformed repre-
sentation ca from the original embedding cd via the Embed-
ding Alignment Encoder. In addition, alignment is achieved
by maximizing the cosine similarity between ca and cd, en-
couraging semantic consistency.

We design an Embedding Alignment Encoder using
Mamba blocks used in LNVAE (Zhang et al. 2025) and
Transformer blocks (Vaswani et al. 2017). The Mamba
blocks capture local temporal dynamics such as long-
range dependence and non-stationarity (Zhang et al. 2025),
while the Transformer module models global dependencies
through self-attention.

To avoid interference from non-informative frames, this
encoder introduces masking encoding matrix P ∈ R|cd,t|

in the Mamba blocks, allowing them to handle irregular or
missing segments by ignoring masked time steps, thereby
enhancing the robustness and expressiveness of the learned
mapping ca. The Mamba blocks’ output is expressed as:

ca,t = Cst, st = Ast-1 +B(cd,t · P ), (3)

where A, B, and C denote the learned parameter matrices

34658



of the Mamba blocks, the hidden state st at time step t is
updated based on the previous hidden state st-1 at time step
t− 1.

Similarly, this Transformer blocks introduce a masking
mechanism, represented as:

Attention(Q,K, V ) =∑
Softmax

(
QWQ (KWK)

T
+QWQ

(
PK
)T

√
dz

)
(VWV) ,

(4)
where, WQ,WK,WV are the attention parameters.

To optimize the Embedding Alignment Encoder, we com-
pute the similarity between ca and cn using cosine similarity.
The loss function can be defined as:

Lcos = 1− ca · cn

∥ca∥ ∥cn∥
. (5)

Distribution Alignment Module
The Distribution Alignment Module (DAM) is designed to
align the prior distribution of dysarthric speech p(z | cd)
with the prior distribution of normal speech p(z | cn). The
DAM begins by using a Feature Encoder to extract latent
representations hd from the embeddings cd. Furthermore,
following the parameterization process of Kim et al. (Kim,
Kong, and Son 2021), the prior distribution p(z | cd) and
p(z | cn) is obtained by parameterizing hd and hn with a
factorized normal distribution. Finally, the DAM introduce a
Distribution Alignment Mechanism, which guides the model
to learn p(z | cd) consistent with p(z | cn). p(z | cd) and
p(z | cn) can be represented as:

p(z | cd) = N (z;µ(cd), σ(cd)) ,

p(z | cn) = N (z;µ(cn), σ(cn)) ,
(6)

where N represents the factorized normal distribution, µ, σ
represent mean and variance. Specially, the prior distribu-
tion of normal speech parameters is obtained through normal
speech pre-training.

To encode the frame-level embedding features, we adopt
the non-causal WaveNet residual blocks used in Wave-
Glow (Prenger, Valle, and Catanzaro 2019) and Glow-
TTS (Kim et al. 2020) as our Feature Encoder. These blocks,
composed of dilated convolutions with gated activations and
skip connections, enable effective modeling of temporal de-
pendencies in the embedding feature space. The output layer
projects the encoded features to the mean and variance of a
Gaussian posterior.

To reduce the distributional shift between dysarthric
and normal speech, we introduce a Distribution Alignment
Mechanism. Specifically, the prior distribution inferred from
dysarthric speech is regularized by computing the KL diver-
gence between the dysarthric prior p(z | cd) and the normal
prior p(z | cn), expressed as:

Ldakl = KL
(
p(z | cd) || p(z | cn)

)
. (7)

In addition, to reduce KL divergence and improve align-
ment stability, we make Td ≥ Tn that ensures more reliable
estimation of the latent distribution. Td and Tn denote the

number of frames for dysarthric and normal speech, respec-
tively.

Let define Td < Tn, The KL divergence is expressed as:

KL
(
N
(
µ(cd), σ(cd)

) ∥∥N (µ(cn), σ(cn)
))

=
1

2

[
log

(
σ(cn)

σ(cd)

)
+

σ(cd)

σ(cn)
+

(
µ(cd)− µ(cn)

)2
σ(cn)

− 1

]
.

(8)
As shown in (8), due to the shared linguistic content, the two
distributions exhibit similar means, that is µ(cd) ≈ µ(cn),
with their primary differences reflected in the variances.
Then The KL divergence can be approximated as:

KL
(
N
(
µ(cd), σ(cd)

) ∥∥N (µ(cn), σ(cn)
))

=
1

2

[
log

(
σ(cn)

σ(cd)

)
+

σ(cd)

σ(cn)
− 1

]
.

(9)

When Td < Tn, then σ(cn) > σ(cd), the KL divergence is
greater than zero and monotonically increasing, resulting in
higher KL divergence and degraded alignment stability.

To increase the temporal resolution of dysarthric speech
embeddings, we apply a time-stretching operation at the
waveform level before feature extraction. Specifically, the
dysarthric waveform is temporally stretched by a factor β >
1, resulting in a slower version of the original speech. The
stretched audio is then passed through WavLM to obtain the
new frame-level embeddings:

cd = fWavLM(Stretch(x, β)), β > 1. (10)

This process increases the number of frames Td such that
Td ≥ Tn.

Duration Alignment Module
The Duration Alignment Module starts by using a Dura-
tion Alignment Predictor (DAP) to learns duration d pat-
terns from hd, which are modified to reflect natural dura-
tion patterns. Then the Duration Alignment Module uses a
Speaker Encoder (Kim, Kong, and Son 2021) and a normal-
izing Flow (Kim, Kong, and Son 2021) fθ to get to extract
the frame-level latent representation z, and then using the
Monotonic Alignment Search (MAS) (Kim et al. 2020) align
hd with z. Specifically, an inverse flow f−1

θ is applied during
inference.

The DAP incorporates the Mamba module (Gu and Dao
2023; Zhang et al. 2025) into the existing framework, in or-
der to alleviate the inherent randomness in the synthesis pro-
cess. Specifically, the module employs the Mamba module
to recode the duration d, given as:

d̂ = AdP +Bhd + Cmt, (11)

where d, d̂ ∈ Rn×m, n,m, P denote the time resolution,
dimension, and duration mask, respectively.

Further, define two random variables u ∈ Rn×m, 0 ≤
u ≤ 1 and v ∈ R1×m, and take d̂ − u to be a sequence of
positive real numbers, which the proposed method concate-
nate to denote the higher dimensional latent representations

34659



by v and d̂. such that u, v satisfy the posterior distribution
qϕ(u, v | d̂, hd) . The resulting objective represents a varia-
tional lower bound on the log-likelihood of phoneme dura-
tions:

log pθ(d̂ | hd) ≥

Ed̂ϕ(u,v|d̂,hd)

[
log

pθ (d̂− u, v | hd)

qϕ(u, v | d̂, hd)

]
.

(12)

The loss permutation function is ELBO:

Ldur = log pθ(d̂ | hd)−

Eqϕ(u,v|d̂,hd)

[
log

pθ(d̂− u, v | hd)

qϕ(u, v | d̂, hd)

]
.

(13)

The Speaker Encoder and Flow module follow the design
architecture of VITS (Kim, Kong, and Son 2021). Notably,
the speaker encoder employs the short-time Fourier trans-
form (STFT) to convert the normal waveform s(t) into linear
spectrograms Y (t, f), as given:

Y (t, f) =
N−1∑
n=0

s[n] · w[n− t] · e−j 2π
N fn, (14)

where s[n] denotes the discrete value of the original
dysarthric speech signal at the n-th sampling point. w[n− t]
refers to the window function applied at time t to extract
the local signal. N represents the window length used in the
Fourier transform.

Then the speaker encoder is used to compress Y (t, f) into
a frame-level representation z, from which the posterior dis-
tribution q(z | y), given as:

z ∼ q(z | y) = N (z;µ(Y (t, f)), σ(Y (t, f))) , (15)

where N represents the factorized normal distribution, µ, σ
represent mean and variance.

Decoder and Discriminator
The Decoder, and Discriminator follow the design architec-
ture of VITS (Kim, Kong, and Son 2021). The Discriminator
D is used to distinguish the output produced by the Decoder
G from the final generated waveform with the following loss
function:

Ladv(D) = E(y,z)

[
(D(y)− 1)2 + (D(G(z)))2

]
,

Ladv(G) = Ez

[
(D(G(z))− 1)2

]
.

(16)

In addition, we use the feature loss,which is measured by
the L1 distance between the real and fake samples of the in-
termediate features in each layer of the Discriminator, given
as:

Lfm (G) = E(y,z)

[∑
l

∥∥Dl(y)−Dl(G(z))
∥∥
1

]
, (17)

where l denotes the number of layers of the Discriminator,
Dl(·) denotes the l-th feature.

Final Loss
The overall training loss of the EA-VAE is denoted as:

Ltotal = Ldur + Lrecon + Lcos + Lkl + Ldakl+

Ladv(G) + Lfm(G).
(18)

Experiments
Datasets
We conduct experiments using the UASpeech corpus (Kim
et al. 2008), which is widely regarded as one of the largest
benchmark dataset for English dysarthric speech reconstruc-
tion. The corpus includes recordings from 15 dysarthric and
13 normal speakers, each contributing three blocks (B1–B3)
with 765 isolated words, including 465 distinct words (three
repetitions of 155 words for recognizer training and test-
ing) and 300 uncommon words designed to enhance phone-
sequence diversity. The training set includes recordings from
blocks B1 and B3, while the evaluation uses recordings
from block B2. Following (Wang et al. 2020, 2022, 2024),
Four patients with different severity levels, F02 (Low), M07
(Low), F04 (Mid), and M05 (Mid) are selected for subjective
and objective evaluation.

Training Details
We first apply waveform-level time-stretching to ensure
Td ≥ Tn, and extract frame-level embeddings using the
pretrained Large WavLM model2. Our training follows a
three-stage procedure: (1) replacing dysarthric embeddings
cd with normal-speech embeddings cn and pretraining on
VCTK(Yamagishi et al. 2019); (2) fine-tuning this model
on the CF02 subset of UASpeech (B1/B3 for training, B2
for testing; 5,355 utterances, 2.85 hours); and (3) freezing
the normal-speech mapping channel and further adapting
the model using cd from 13 UASpeech speakers (B1/B3 for
training, B2 for testing; 73,675 utterances, 66 hours). All
stages share an identical training framework.

Evaluation Metrics
We conduct experiments on two evaluation metrics: The 5-
scale mean opinion score (MOS) test and word error rate
(WER). 20 participants are recruited to assess 10 randomly
selected words from the B2 dataset. Following (Wang et al.
2020, 2022, 2024), the evaluation exclusively focuses on
the semantic content similarity between the reconstructed
speech and the corresponding reference speech of CF02 with
explicit instructions to disregard speaker identity and back-
ground noise. In addition, the publicly available ASR system
Jasper (Li et al. 2019) with greedy decoding, is employed to
compute the WER on the B2 set.

Spectrogram Analysis
Figure 2 shows spectrograms from each model for the word
“delete”, using utterances from speakers F04 (Mid) and M07
(Low). Compared to the reference, the original dysarthric

2https://github.com/microsoft/unilm/tree/master/wavlm.
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Method Low ↓ Mid ↓ Average / △ ↓
F02 / △ M07 / △ F04 / △ M05 / △

Original (Wang et al. 2020) 95.9 / – 95.6 / – 81.7 / – 91.0 / – 91.05 / –
ASR-TTS (Wang et al. 2024) 81.6 / -14.9% 70.0 / -26.8% 75.4 / -7.7% 74.2 / -18.5% 75.3 / -17.3%
E2E-DSR (Wang et al. 2020) 72.0 / -24.9% 73.1 / -23.5% 69.3 / -15.2% 69.8 / -23.3% 71.05 / -22.0%
ASA-DSR (Wang et al. 2022) 65.8 / -31.4% 62.7 / -34.4% 65.6 / -19.7% 62.5 / -31.3% 64.15 / -29.6%
Unit-DSR (Wang et al. 2024) 68.3 / -28.8% 62.1 / -35.0% 65.5 / -19.8% 64.4 / -29.2% 65.08 / -28.5%
EA-VAE 63.81 / -33.5% 60.64 / -36.6% 62.60 / -23.4% 61.72 / -32.2% 62.19 / -31.7%

Table 1: Comparison of Word Error Rate (WER ↓) using different DSR methods on the UASpeech. △ refers to the percentage
decrease in WER compared to original dysarthric speech.

Method Low ↑ Mid ↑ Average ↑
F02 M07 F04 M05

Ground Truth 4.92 4.88 4.85 4.80 4.86
Origin 2.20 2.10 3.21 3.36 2.72
ASA-DSR 3.64 3.36 3.52 4.17 3.67
ASR-TTS 3.65 4.44 4.41 3.92 4.11
E2E-DSR 3.89 3.92 3.52 4.00 3.83
Unit-DSR 4.42 4.32 4.31 4.50 4.39
EA-VAE 4.02 4.54 4.69 4.65 4.48

Table 2: The 5-scale MOS test scores (↑) of “F02”, “M07”,
“F04”, and “M05” on the UASpeech for content similarity
with mean scores and the 95% confidence intervals.

speech shows blurred formant structures and reduced high-
frequency energy. Among the models, EA-VAE and Unit-
DSR produce spectrograms that better preserve harmonic
structure and energy distribution, especially for the speaker
M07. In contrast, ASR-TTS, E2E-DSR, and ASA-DSR
exhibit noticeable spectral degradation, with weaker or
compressed features. These results suggest that EA-VAE
achieves more accurate spectral reconstruction across dif-
ferent severity levels.

Comparsion with State-of-the-arts
To validate the effectiveness of the proposed EA-VAE
model, we conduct both subjective and objective evalu-
ations, comparing our approach with four representative
state-of-the-art methods: two-stage and end-to-end mod-
els. The two-stage baseline includes ASR-TTS (Wang
et al. 2024), while the end-to-end baselines comprise E2E-
DSR (Wang et al. 2020), ASA-DSR (Wang et al. 2022), and
UNIT-DSR (Wang et al. 2024).

As shown in Table 1, although some methods show
progress in low and mid dysarthric speakers, the overall
WER remains high, highlighting the challenges in DSR.
Compared with existing DSR methods, EA-VAE achieved
the lowest average WER of 62.19%, showing a 31.7% rela-
tive reduction from the original dysarthric speech. For low-
intelligibility speakers (F02, M07), EA-VAE significantly
reduced WER to 63.81% and 60.64%, outperforming all
baselines. For mid-intelligibility speakers (F04, M05), it
achieved 62.60% and 61.72%, maintaining consistent im-
provements.

As reported in Table 2, the original dysarthric speech has

Method Low ↑ Mid ↑ Average ↑
F02 M07 F04 M05

Ground Truth 4.92 4.88 4.85 4.80 4.86
Origin 2.20 2.10 3.21 3.36 2.72
w/o EAM 3.45 3.80 3.33 3.67 3.56
w/o DAM 1.78 1.62 1.49 1.74 1.66
w/o DAP 3.84 4.20 4.10 4.38 4.13
Td < Tn 1.52 1.31 1.37 1.28 1.23
EA-VAE 4.02 4.54 4.69 4.65 4.48

Table 3: The 5-scale MOS test ablation study results (↑) of
“F02”, “M07”, “F04”, and “M05” on the UASpeech for con-
tent similarity with mean scores and the 95% confidence in-
tervals. The “w/o EAM”, “w/o DAM”, and “w/o DAP” re-
fer to ablations where the Embedding Alignment Module,
Distribution Alignment Module, and Duration Alignment
Predictor are removed, respectively, and applying a time-
stretching operation make Td < Tn.

low intelligibility score (2.72), indicating that the speech
quality is significantly impaired. Among baselines, Unit-
DSR performs best score (4.39), followed by ASR-TTS
(4.11) and E2E-DSR (3.83). EA-VAE achieves the highest
average MOS of 4.48, outperforming all baselines. The re-
sult shows superior performance on M07, F04, and M05,
and remains competitive on F02, producing relatively high-
quality normal speech.

Ablation Study
As summarized in Table 3, without the DAM, performance
drops significantly to 1.66, indicating its critical role in
matching distributions. Removing the EAM, DAP, and set-
ting Td < Tn reduces the score to 3.56, 4.13, and 1.23,
respectively, demonstrating their significant contribution to
modeling natural prosody. The results of the ablation exper-
iments for MOS test are consistent with the results of the
ablation experiments for WER test.

As presented in Table 4, removing EAM resulted in the
largest increase in WER (94.46%), surpassing the origi-
nal WER, indicating that the Distribution Alignment Mech-
anism contributes to improving speech clarity. Removing
EMA, DAP and setting Td < Tn led to an improvement
in the average WER, with values of 71.75%, 83.60%, and
63.43%, respectively, suggesting that these modules are es-
sential for enhancing speech clarity. Meanwhile, the impact
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Method Low ↓ Mid ↓ Average / △ ↓
F02 / △ M07 / △ F04 / △ M05 / △

Original 95.9 / – 95.6 / – 81.7 / – 91.0 / – 91.05 / –
w/o EAM 71.45 / -25.5% 72.33 / -24.3% 70.21 / -14.1% 73.02 / -19.7% 71.75 / -21.2%
w/o DAM 92.60 / -3.5% 95.30 / +0.3% 93.85 / +14.9% 96.10 / +5.6% 94.46 / +3.7%
w/o DAP 63.20 / -34.1% 64.10 / -33.0% 62.85 / -23.1% 63.55 / -30.1% 63.43 / -30.3%
Td < Tn 84.27 / -12.1% 79.53 / -16.8% 87.12 / +6.6% 83.47 / -8.3% 83.60 / -8.2%
EA-VAE 63.81 / -33.5% 60.64 / -36.6% 62.60 / -23.4% 61.72 / -32.2% 62.19 / -31.7%

Table 4: The ablation study results of WER on the UASpeech. Same notations as Table 1 and Table 3.

Figure 2: Spectrogram comparison of the five methods on the word “delete” for speakers F04 (Mid) and M07 (Low).

Figure 3: The comparison of means (a) and log standard de-
viation (b) of normal and dysarthric speech after removing
different modules. The ideal line is represented as µ(cd) =
µ(cn) and log(σ(cd)) = log(σ(cn)) in (a) and (b). Same no-
tations as Table 3.

of removing DAP on WER was relatively mild.
Figure 3(a) shows the mean comparison of 100 utterances

generated by models with different modules removed. Re-
moving each module does not result in significant changes in
the mean, which is consistent with our expectations, indicat-
ing that the means of the same semantic content in dysarthric
speech and normal speech is the same. Figure 3(b) presents
the log standard deviation comparison of 100 utterances gen-

erated by models with different modules removed. When
the DAM is removed, the log standard deviation exhibits
noticeable fluctuations, suggesting a significant discrepancy
between the distributions of normal speech and dysarthric
speech. This phenomenon indicates that optimizing this dis-
tributional difference can enhance the quality of speech syn-
thesis. When Td < Tn, the log standard deviation is repre-
sented as log(σ(cn)) > log(σ(cd)), further confirming the
necessity of ensuring Td ≥ Tn during model alignment.

Conclusion
This paper introduces EA-VAE, a simple yet effective DSR
model that only leverages a VAE to align the frame-level em-
beddings between dysarthric and normal speech for recon-
struction. EA-VAE reduces the significant acoustic pattern
differences between dysarthric and normal speech by align-
ing frame-level embeddings, minimizing prior distributional
differences, and modeling duration patterns. Rigorous ex-
periments on UASpeech corpus demonstrate the superiority
of our proposed method, with a 31.7% relative WER reduc-
tion and the highest subjective MOS score (4.48). In addi-
tion, ablation experiments demonstrate the effectiveness of
the three alignment mudules. In future work, we aim to en-
hance the generalization ability of the model across different
dysarthric severity levels and speaker identities.
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