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Abstract—Dysarthric speech reconstruction (DSR) typically
employs a cascaded system that combines automatic speech
recognition (ASR) and sentence-level text-to-speech (TTS) to
convert dysarthric speech into normally-prosodied speech. How-
ever, dysarthric individuals often speak more slowly, leading
to excessively long response times in such systems, rendering
them impractical in long-speech scenarios. Cascaded DSR systems
based on streaming ASR and incremental TTS can help reduce
latency. However, patients with differing dysarthria severity
exhibit substantial pronunciation variability for the same text,
resulting in poor robustness of ASR and limiting the intelligibility
of reconstructed speech. In addition, incremental TTS suffers
from poor prosodic feature prediction due to a limited receptive
field. In this study, we propose an end-to-end simultaneous DSR
system with two key innovations: 1) A frame-level adaptor module
is introduced to bridge ASR and TTS. By employing explicit-
implicit semantic information fusion and joint module training,
it enhances the error tolerance of TTS to ASR outputs. 2) A
multiple wait-k autoregressive TTS module is designed to mitigate
prosodic degradation via multi-view knowledge distillation. Our
system has an average response time of 1.03 seconds on Tesla
A100, with an average real-time factor (RTF) of 0.71. On the
UASpeech dataset, it attains a mean opinion score (MOS) of 4.67
and demonstrates a 54.25% relative reduction in word error rate
(WER) compared to the state-of-the-art. Our demo is available
at: https://wflrz123.github.io/

I. INTRODUCTION

Dysarthric speech reconstruction (DSR) aims to convert
abnormal prosody into normal one while preserving original
semantics and speaker timbre [1]–[3]. A common solution
involves a cascaded system [4], [5] that integrates automatic
speech recognition (ASR) [6] and sentence-level text-to-speech
(TTS) [7], as illustrated in Fig. 1. In this approach, TTS per-
forms rapid synthesis only after ASR has fully recognized the
entire sentence. However, dysarthric patients face challenges
in articulation and generally speak more slowly [2], [8]. As
a result, the reconstruction latency of sentence-level cascaded
systems would significantly increase. This limitation hinders
practical use in long-speech communication scenarios, such as
meetings or telephone conversations.

To reduce sentence-level latency, simultaneous cascaded
systems based on streaming ASR and incremental TTS have
been introduced [9], [10] (also illustrated in Fig. 1). These
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Fig. 1. Cascaded DSR system based on ASR and TTS.

systems generate reconstructed normal speech without waiting
for complete output of ASR. Streaming ASR typically employs
an RNN Transducer (RNNT) model [11], [12], while incre-
mental TTS utilizes context-constrained text inputs for real-
time synthesis [13], [14]. However, dysarthric speech presents
several challenges. It is considered low-resource data [15] due
to the difficulty in collection. Patients with varying severity
levels exhibit significant pronunciation differences for the same
text [15], resulting in a larger mapping space for speech-text
forced alignment (FA). Dysarthric speech ASR tasks present
significant challenges, which severely limit the intelligibility of
the reconstructed speech [16]. Moreover, although incremental
TTS can effectively estimate cepstral and aperiodic features,
it struggles with prosodic feature prediction due to its limited
receptive field [13], [14]. This adversely affects the quality,
naturalness, and expressiveness of the reconstructed speech.

To address the aforementioned challenges, we propose an
end-to-end simultaneous DSR (E2E-SDSR) system, which
integrates a cascaded architecture of streaming ASR and
incremental TTS. To mitigate the impact of ASR errors on
intelligibility, an adaptor module is introduced to bridge the
streaming ASR and incremental TTS. Given the large mapping
space between dysarthric speech and text, the adaptor uses a
gate-controlled excitation operator to fuse high-level implicit
semantic representations from the RNNT encoder with frame-
level explicit semantic information from the RNNT decoder.
By expanding the semantic search space, this fusion mech-
anism enhances the error tolerance of the TTS module to
ASR recognition errors. To improve the contextual modeling
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capacity of the incremental TTS, we design a multiple-wait-k
autoregressive TTS module. This module effectively utilizes
the frame-level outputs from the adaptor to process semantic
frame sequences with varying lengths of k. Additionally,
knowledge distillation (KD) based multi-task learning (MTL)
is incorporated into the multiple wait-k strategy, enabling a
larger receptive field model to guide a smaller one and ensuring
the latter’s synthesis quality approximates the former’s. In this
way, the proposed E2E-SDSR system ensures both the intelli-
gibility and natural prosody of the reconstructed speech, while
maintaining real-time performance in long-speech scenarios.

II. PROPOSED METHOD

In this section, we provide a detailed description of the
proposed system, which consists of three modules. First,
the streaming ASR module is responsible for extracting the
semantic content features of dysarthric speech. Second, the
frame-level adaptor module connects ASR and TTS, trans-
mitting the fused semantic information from ASR to TTS.
Third, the backend includes an incremental autoregressive
TTS module based on the multiple wait-k strategy, which
integrates the semantic content extracted by ASR with timbre
and normal prosody to achieve the reconstruction. To enhance
the robustness on low-resource dysarthric data, we apply two-
stage training strategy: initially, a reconstruction system is
pre-trained using normal speech, followed by fine-tuning the
ASR with dysarthric speech to drive the backend for the
reconstruction of normal prosody.

A. ASR Module Based on Conformer-RNNT

To ensure the simultaneous performance of the DSR system,
we use the RNNT model with inherent streaming capabilities
as the ASR module. The RNNT model consists of an en-
coder, a decoder, and a joint network [17], [18]. The encoder
decouples acoustic and semantic features, with lower layers
capturing speaker characteristics and higher layers representing
semantic and acoustic information [12]. Conformer layers are
integrated into the encoder for their global and local sequence
modeling capabilities [19], [20]. The decoder processes context
using multi-layer LSTM networks [21], and the joint network
integrates encoder and decoder outputs through fully connected
(FC) layers [22] to learn explicit semantic information via the
RNNT loss [23]. We present detailed steps for the Conformer-
RNNT in Fig. 2, which can be written as follows:

henc
t = encoder(xt) (1)

hdec
u = decoder(yu) (2)

hjoint
t,u = joint(henc

t ,hdec
u ) (3)

Q(ŷu+1|xt, yu) = softmax(hjoint
t,u ) (4)

where acoustic feature X = [x1,x2, · · · ,xT ], previous token
Y = [y1, y2, · · · , yU ], henc

t is the acoustic representation
extracted by the acoustic encoder at the t-th frame, and hdec

u

is text representation of the u-th subword unit by the decoder
network. hjoint

t,u is the output of the joint network. To reduce
latency in the DSR system, the Conformer network employs a
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Fig. 2. End-to-end simultaneous DSR system.

truncated context with left 64 and right 0 frames implemented
via simple masks in self-attention [24].

B. Frame-Level Adaptor Module

Given that dysarthric speech is low-resource data with
a broader speech-text mapping space compared to normal
speech, the recognition performance of the RNNT model is
constrained, thereby limiting the intelligibility of the recon-
structed output in DSR systems. To mitigate intelligibility
degradation caused by ASR errors, an adaptor module is
designed to bridge RNNT and incremental TTS, as illustrated
in Fig. 2. This module is guided by the principles of informa-
tiveness and adaptability. We introduce semantic soft represen-
tations to enlarge the semantic search space, thereby enhancing
the error tolerance of the backend TTS module. Specifically,
the adaptor module fuses explicit semantic information hjoint

t,u

with implicit semantic representations henc
t . Considering the

dimensional differences between these two features, we use
forward operator to align hjoint

t,u with the frame-level hexp
t [17],

[18]. henc
t primarily contains acoustic features composed of

speech and silent frames [25]. These irrelevant silent frames
are treated as semantic information during the fusion stage,
increasing the search cost of semantic space. To address this
redundancy, gate-controlled excitation operator is introduced to
activate relevant frames while suppressing irrelevant ones [26].
The adaptor module is detailed as follows:
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hexp
t =

{
Wexp · hjoint

t+1,u if ŷu+1 is ϕ,

Wexp · hjoint
t+1,u+1 else

(5)

himp
t = Wimp · henc

t + bimp (6)

hapt
t = λ · hexp

t + (1− λ) · SwitchGLU(himp
t ) (7)

where hexp
t and himp

t represent the explicit and implicit
semantic soft representations of the t-th frame, respectively.
hapt
t is the output of the adaptor module. Wexp is trainable

mapping matrix. ϕ denotes the blank symbol used in the
RNNT alignment process to handle length mismatch between
acoustic frames and output tokens. henc

t is projected into
the latent space through single-layer neural network. Wimp

and bimp are trainable parameters. SwitchGLU(·) represents
switch gated linear unit [27]. λ is trainable weight of hexp

t

and set to 0.5 by initialization. The adaptor module offers
two primary advantages in the DSR system: 1) Compared
to using only explicit ASR outputs, it provides a broader
semantic search space, thereby enhancing the tolerance of
the TTS module to ASR recognition errors. 2) It supports
gradient backpropagation and enables joint fine-tuning of the
ASR and TTS modules, effectively reducing the performance
gap between them.

C. Autoregressive TTS Module Based on Multiple Wait-k

Traditional incremental TTS systems typically rely on word-
level semantic inputs [13], [14]. However, the ASR module
requires sufficient acoustic features to decode these semantics,
which often results in excessive first-frame response times in
DSR systems [12]. To mitigate this issue, we introduce an
autoregressive TTS model based on a decoder-only GPT archi-
tecture [28], as illustrated in Fig. 2. It cleverly utilizes frame-
level semantic outputs from the adaptor module to predict
the quantized codebook entries of the reconstructed speech.
The design of this module incorporates three key aspects:
hapt
t and the quantized codebook ct share the same hop size,

ensuring consistent sequence lengths and natural alignment;
the quantized codebook, generated through a quantized vector
quantization [29] (VQ) model, offers greater robustness com-
pared to mel-spectrograms and has been widely adopted as a
prediction target in modern TTS systems [29]; both the input
and output sequences incorporate semantic and partial acoustic
features, making the learning process easier.

Incremental TTS systems often suffers from poor prosody
and quality in reconstructed speech due to limited receptive
field. To overcome this, we introduce a multiple wait-k strategy
based on multi-task learning into the autoregressive TTS
model, enabling it to adapt to different receptive fields by
various k values. While larger k values generally improve
synthesis quality, they also lead to increased latency. To bal-
ance low response time and high synthesis quality, we integrate
knowledge distillation into the multiple wait-k framework. This
allows a model with a large receptive field to guide the training
of a model with a smaller receptive field, ensuring that the

latter achieves synthesized speech quality closely matching that
of the former. The training objectives are defined as follows:

LCE
wait−k = CE(P (ĉt+1|hapt

<t+k, c<t; θ), ct+1) (8)

LKD
wait−k = DKL(P (ĉt+1|hapt

<t+k, c<t; θ) ||
P (ĉt+1|hapt

<t+k+10, c<t; θ))
(9)

Here, θ represents the decoder-only GPT-based autoregres-
sive model, which is shared across different receptive fields
during multi-task learning. To accommodate varying recep-
tive fields, LCE

wait−k utilizes three different wait-k parameters:
k ∈ {1, 10, 20}. hapt

<t+k from adaptor module and history
codebooks c<t are concatenated and fused as the input for θ.
When t < k, ct is set to fixed constant. P (ĉt+1|hapt

<t+k, c<t; θ)
represents the soft prediction output of θ. DKL(·) is Kullback-
Leibler (KL) divergence loss [30]. The soft predictions from
the large receptive field serve as the teacher, guiding the
student model with a smaller receptive field. This approach
enhances prosody and speech quality without introducing
additional latency. Finally, the loss function LTTS of the
incremental TTS model is composed of LCE

wait−k and LKD
wait−k.

LCE = LCE
wait−1 + LCE

wait−10 + LCE
wait−20 (10)

LKD = LKD
wait−1 + LKD

wait−10 (11)

LTTS = (1− α) · LCE + α · LKD (12)

Here, α and set to 0.2 by default. To ensure simultaneous
performance in entire DSR system, the latent predictions
are segmented into chunks and passed to a Hifi-GAN-based
vocoder [31] for waveform reconstruction.

D. Two-Stage Training Strategy

Since dysarthric speech is low-resource data, we employ a
two-stage training strategy to enhance system robustness. In
the first stage, we jointly train the E2E-SDSR system, includ-
ing the RNNT, adaptor, and TTS, by optimizing the RNNT loss
and the TTS loss to establish a reconstruction foundation for
normal speech. Subsequently, the trained parameters are fixed
and used to generate inputs for vocoder training, ensuring the
stability of the vocoder [28]. In the second stage, considering
that the pre-trained E2E-SDSR system relies on the RNNT to
correct dysarthric speech semantics, the RNNT model is fine-
tuned to further enhance performance about dysarthric speech.
We use a batch of n samples D = {(Xi,Yi), (X̃i, Ỹi)}ni=1,
where X is dysarthric speech and X̃ is normal speech.
This balanced combination ensures that the RNNT adapts to
dysarthric speech while maintaining the output distribution of
normal speech consistent with the backend modules.

III. EXPERIMENTS

A. Experimental Setups

For the dataset, both commercial dysarthric speech data and
the UASpeech dataset are applied for training and testing.
The commercial dataset consists of 500 hours of real-world
recordings from Chinese free-talk scenarios, involving 3,000
speakers from 35 cities in China. Speech intelligibility is
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classified into five levels, with the level 1 being the most
severe and the level 5 being nearly normal. Our study focuses
on levels 3 and 4. The UASpeech dataset [32] is the largest
open-source English dysarthric speech dataset, comprising 29
speakers. Four speakers with varying intelligibility levels are
selected for testing: M05 (middle), F04 (middle), M07 (low),
and F02 (low).

For the RNNT module, we applied log-Mel filterbank as
input acoustic features. The encoder employs 12-layers Con-
former architecture as described in [12]. The decoder consists
of an embedding and an LSTM layer. For the TTS module, the
decoder-only GPT model contains 15 Transformer layers [28].
The VQ model follows the design in [29] and uses the same
hop size of 640 ms as the RNNT encoder for 16 kHz speech.

For evaluation metrics, the Whisper-Base model [33] is ap-
plied to obtain recognition results and computes intelligibility
by word error rate (WER). The 5-scale mean opinion score
(MOS) [28] is used to evaluate naturalness.

B. Results and Analysis

Adaptor Ablation. Table I compares the performance of
the adaptor module on the commercial dataset. To evaluate
the improvement in tolerance to ASR errors, the ASR word-
level outputs are fed directly into a sentence-level TTS module
in configuration E2. The ASR module uses streaming RNNT
model, and the sentence-level TTS module employs a decoder-
only GPT-based XTTS model [28]. This combination ensures
that the front-end and back-end modules are comparable to
our proposed system. In E3, the adaptor module applies only
the explicit representation from Eq. (5) as incremental TTS
input. In E4, it uses only the implicit representation from
Eq. (6). Explicit and implicit representations are fused by
learnable λ in E5. E6 extends E5 by applying a gate-controlled
excitation operator to the implicit representation. In E3∼E6,
multiple wait-k is fixed for 10 without multi-task learning
to eliminate the influence of different receptive fields. We
observed that both E3 and E4 improve TTS tolerance to
ASR errors compared to E2. Due to the inclusion of acoustic
features in the implicit representation, E4 achieves higher MOS
scores at levels 3 and 4. E5 and E6 show that combining
both representations yields better results than using either
alone. Introducing SwitchGLU in E6 achieves satisfactory
reconstruction performance comparable to E1. We also analyze
the Whisper-Base recognition results on the reconstructed
speech of E6 and E2. E6 primarily improves the recognition
of similar phonetic units, i.e. /d/ and /g/, /in/ and /ing/, thereby
enhancing word distinction.

Multiple Wait-k Ablation. Table II shows the impact of the
multi-task wait-k strategy on incremental TTS. We primarily
compare about three aspects: different wait-k hyperparameters,
multi-task joint training, and knowledge distillation. E6∼E8
represent the results of different receptive fields. It can be
observed that larger receptive fields result in lower WER
and higher MOS scores at levels 3 and 4. E9 adopts multi-
task learning to share incremental TTS, enabling it to adapt
to different receptive fields. E10 extends E9 by integrating

TABLE I
RESULTS OF THE ADAPTOR MODULE ON COMMERCIAL DATASET.

ID Model
3-rd Level 4-th Level

WER MOS WER MOS
E1 Original 49.42 2.08 33.71 2.48
E2 ASR+sentence-level TTS 25.93 3.32 12.91 4.71
E3 Adaptor w/ Eq. (5) 25.63 3.27 12.89 4.24
E4 Adaptor w/ Eq. (6) 25.07 3.41 12.23 4.53
E5 Adaptor w/ Eq. (5), Eq. (6) 23.67 3.64 11.55 4.76
E6 E5 w/ SwitchGLU 22.58 3.66 10.84 4.79

TABLE II
RESULTS OF THE MULTI-TASK WAIT-K ON INCREMENTAL TTS.

ID Model
3-rd Level 4-th Level

WER MOS WER MOS
E1 Original 49.42 2.08 33.71 2.48
E7 wait-k = 1 24.83 3.28 14.17 4.02
E6 wait-k = 10 22.58 3.66 10.84 4.79
E8 wait-k = 20 21.07 4.44 9.73 4.84

E9
wait-k = 1 w/ MTL 24.61 3.30 14.08 4.05

wait-k = 10 w/ MTL 22.58 3.73 10.84 4.81
wait-k = 20 w/ MTL 20.75 4.53 9.84 4.85

E10
wait-k = 1 w/ MTL, KD 22.25 3.82 10.37 4.81

wait-k = 10 w/ MTL, KD 21.52 3.93 10.09 4.82
wait-k = 20 w/ MTL, KD 20.95 4.41 10.05 4.84

TABLE III
PERFORMANCE OF DIFFERENT DSR SYSTEMS.

ID Params (M) FLOPS (M)
System Response Time

(second)
RTF

E2 248.92 400.48 2.67 1.39
E7

232.83 350.15
0.61 0.70

E6 1.03 0.71
E8 1.38 0.71

knowledge distillation strategy, where the large receptive field
model guides the training of the small receptive field model.
Compared to E6∼E8, small receptive field benefits from the
prior knowledge of large one, improving recognition perfor-
mance and MOS scores for reconstructed speech. For example,
E10 (wait-k=0) achieves performance closer to E9 (wait-k=10).

We analyze the prosody on different receptive fields for
incremental TTS in Fig. 3. (a) is lower receptive field model,
(b) is larger one. For easier understanding, Hanzi and Pinyin
are used, corresponding to mel-spectrograms. It can be seen
that the speech length and pauses remain unchanged in (a) and
(b). In (b), prosody and naturalness are significantly improved.
The incorrect tones in the red boxes are noticeably corrected,
and the pathologically prolonged segments in the green boxes
are reconstructed into normal one.

Efficiency Comparison. Table III compares the perfor-
mance of cascaded and E2E-SDSR systems on the Tesla A100
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Fig. 3. Comparison prosody on different receptive field for incremental TTS
. (a) is E7; (b) is E8.

TABLE IV
THE 5-SCALE MOS TEST SCORES AND WER (%) COMPARISON

E2E-SDSR AND SOTA FOR UASPEECH.

ID Model Metric
M05
(mid)

F04
(mid)

M07
(low)

F02
(low)

E11 Original
WER 81.70 81.70 95.60 95.90
MOS 2.86 2.42 1.75 1.95

E12 E2E-DSR
WER 69.80 69.30 73.10 72.00
MOS 3.61 3.47 3.72 3.87

E13 ASA-DSR
WER 62.50 76.60 62.70 65.80
MOS 4.19 3.98 3.71 4.26

E14 Unit-DSR
WER 64.40 65.50 62.10 68.30
MOS 4.52 4.65 4.62 4.55

E15 E2E-SDSR
WER 28.25 31.26 26.16 33.42
MOS 4.65 4.72 4.68 4.65

platform. With similar parameters and FLOPS, the proposed
system a faster response time and a lower RTF than the
cascaded one. This is because our proposed system corrects
and reconstructs speech simultaneously without waiting for
entire sentences. Comparing E6∼E8, the choice of receptive
field size primarily influences the response time.

SOTA Comparison. Table IV shows the MOS and WER
comparison results on UASpeech. E11 is original speech. E12
is from [2]. E13 is from [1]. E14 is from [3]. E15 is our
E2E-SDSR on E10(wait-k=10). E15 achieves an average MOS
of 4.67 and a 54.25% relative reduction in average WER
compared to SOTA.

IV. CONCLUSIONS

In this work, we propose an end-to-end simultaneous DSR
system that focuses on optimizing the intelligibility and the
naturalness of the reconstructed speech under limited receptive

fields. The system introduces two key innovations: (1) A
frame-level adaptor module that mitigates for intelligibility loss
caused by ASR errors through explicit-implicit information fu-
sion and joint module training. (2) An incremental TTS module
based on the wait-k strategy, which strikes a balance between
low latency and improved prosody, addressing the limitations
imposed by restricted receptive fields. Finally, the proposed
method reduces the average response time by more than 50%.
It achieves a 54.25% relative reduction in WER compared to
SOTA on UASpeech dataset. On both commercial and open-
source datasets, it demonstrates significant improvements in
intelligibility and naturalness over original dysarthric speech.
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