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Abstract
This paper proposes a novel MoE-based speaker adaptation
framework for foundation models based dysarthric speech
recognition. This approach enables zero-shot adaptation and
real-time processing while incorporating domain knowledge.
Speech impairment severity and gender conditioned adapter
experts are dynamically combined using on-the-fly predicted
speaker-dependent routing parameters. KL-divergence is used
to further enforce diversity among experts and their generaliza-
tion to unseen speakers. Experimental results on the UASpeech
corpus suggest that on-the-fly MoE-based adaptation produces
statistically significant WER reductions of up to 1.34% absolute
(6.36% relative) over the unadapted baseline HuBERT/WavLM
models. Consistent WER reductions of up to 2.55% absolute
(11.44% relative) and RTF speedups of up to 7 times are ob-
tained over batch-mode adaptation across varying speaker-level
data quantities. The lowest published WER of 16.35% (46.77%
on very low intelligibility) is obtained.
Index Terms: Speech Recognition, Speech Foundation Model,
Speaker Adaptation, Dysarthric Speech, Mixture of Experts

1. Introduction
Despite the rapid progress of ASR technologies targeting nor-
mal and healthy users, their application to those suffering from
speech disorders, such as dysarthria, remains a challenging task
to date [1–10]. Dysarthric speech brings challenges on all fronts
to current deep learning based ASR technologies predominantly
targeting healthy users: 1) substantial mismatch against typ-
ical voices; 2) data scarcity [3, 9]; and 3) large speaker-
level diversity [11] among dysarthric talkers, including accent
or gender, and speech pathology severity. Such heterogeneity
among dysarthric speakers not only complicates the training or
fine-tuning of speaker-independent (SI) ASR systems on this
data but also hinders their effective personalization to individ-
ual users’ voices. These challenges are further compounded in
the fine-tuning of self-supervised learning (SSL) speech foun-
dation models (SFMs) [12–14] with their massive parameter
counts. Despite the growing prominence of SFMs in ASR re-
search, limited studies have investigated speaker adaptation of
SFMs for dysarthric speech recognition [10, 15, 16].

Recent studies on SFM adaptation [17–20] have primarily
focused on normal speech, with most approaches utilizing a sin-
gle adapter for transfer learning. In contrast, Mixture of Experts
(MoE) methods [21–23] demonstrate superior effectiveness ad-
dressing data heterogeneity such as speaker-level diversity. In-
dividual experts develop specialized capabilities to handle spe-
cific data distributions, while their diversity enables comprehen-
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sive coverage and generalization to unseen data. These MoE
methods have been extensively applied in large language mod-
els (LLMs) [24–26] and widely adopted in speech recognition,
where they have been integrated into end-to-end Transformer or
Conformer [27–31] as well as pre-trained SFMs [32].

However, existing research on MoE approaches has pre-
dominantly focused on typical speech. When applying MoE to
dysarthric speaker adaptation, three significant issues emerge:
a) Mobility issues of dysarthric speakers hinder large-scale
speech data collection, resulting in data sparsity and speaker
bias. Such issues severely restrict the generalizability to unseen
speakers; b) Batch-mode unsupervised test-time adaptation in-
troduces substantial processing delays due to its two-stage pro-
cess: pseudo-label generation followed by speaker-dependent
(SD) parameter updates. The resulting high latency imposes
a significant physical burden on dysarthric users during inter-
actions; and c) The pathological nature of dysarthric speech
necessitates the incorporation of domain knowledge to ensure
both diverse expert specialization and comprehensive coverage
of the MoE.

To address these challenges, we propose a novel MoE-
based speaker adaptation framework for SFM based dysarthric
speech recognition. This approach enables zero-shot adapta-
tion and real-time processing while effectively incorporating
domain knowledge. Specifically, feature-driven routing net-
works are designed to generate homogeneous SD routing pa-
rameters on the fly, enabling a) zero-shot adaptation and b)
real-time processing. In addition, c) domain knowledge, such
as severity and gender information, is incorporated by initial-
izing each expert with severity and gender conditioned adapter
parameters from adaptive training [10], allowing experts to fo-
cus on distinct severity and gender groups. These severity
and gender labels are further utilized in classification tasks to
better capture dysarthric speaker characteristics. Additionally,
a Kullback-Leibler (KL) divergence loss is introduced during
training to further enforce diversity among experts and their
generalization to unseen speakers’s data.

The main contributions of our work are summarized below:
1) Novelty: To the best of our knowledge, this paper is the
first to investigate on-the-fly MoE-based speaker adaptation for
dysarthric speech recognition, whereas prior efforts have pri-
marily focused on typical speech [32]. Our method addresses
the three major challenges outlined earlier: a) while previous
methods lack the ability to adapt to unseen speakers, our zero-
shot approach achieves greater generalization and extends ap-
plicability; b) our on-the-fly router achieves real-time speaker
adaptation, which is more efficient compared to previous two-
stage batch-mode methods [10,32]; and c) compared to previous
approaches focusing on speaker identity only [32], we leverage
domain knowledge to better model dysarthric speakers.
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Figure 1: Architecture of MoE-based adaptation on SFM, where
the routing parameters are derived from either a) speaker-
dependent parameters in batch mode; or b) an on-the-fly rout-
ing network. “LN”, “MHSA”, “DP” and “FFN” are layer-
norm, multi-head self-attention, dropout and feedforward.

2) Performance: Experimental results on the UASpeech [33]
dysarthric corpus suggest that i) the proposed on-the-fly MoE-
based adaptation approach produces statistically significant
word error rate (WER) reductions of up to 1.34% absolute
(6.36% relative) over the baseline SI HuBERT and WavLM
models. ii) Consistent WER reductions of up to 2.55% abso-
lute (11.44% relative) and iii) real-time factor (RTF) speedups
of up to 7 times are obtained over batch-mode adaptation across
varying speaker-level data quantities. Further, iv) the lowest
published WER of 16.35% (46.77% on very low intelligibil-
ity) is obtained after cross-system multi-pass rescoring [9].
3) Analysis: Heatmap visualization intuitively reveals that the
on-the-fly predicted SD routing parameters exhibit more con-
sistent and interpretable speech impairment severity centric
features than those obtained without domain knowledge.

2. Batch-Mode MoE Speaker Adaptation
Backbone Speech Foundation Models (SFMs): SSL speech
foundation models such as Wav2vec2.0 [12], HuBERT [14],
and WavLM [13] share similar Transformer-based backbones.
For example, HuBERT contains three main components: 1)
a multi-layer CNN-based feature encoder; 2) an L-layer
transformer-based context network with a projection layer; and
3) a k-means quantization module. In this paper, we fine-tune
the pre-trained HuBERT and WavLM with a CTC decoder.
MoE Architecture: As shown in Fig. 1, the MoE module is in-
tegrated into the 2nd Transformer block, positioned between the
feedforward layer and the dropout module. Residual Adapter
Blocks (RAB) [10] act as expert network modules. All speakers
share experts, while the router uses SD learnable parameters in
batch mode. For speaker s, let N and rs ∈ RN denote the num-
ber of experts and the SD routing parameters. The adapted hid-
den outputs of the MoE module are given as hs =

∑N
i=1 r

s
ia

s
i ,

where as
i denotes the outputs of the i-th expert for speaker s.

Multi-task Learning: To enforce diversity among experts and
their generalization to unseen speakers’s data, 1) a Kullback-
Leibler (KL) divergence loss LKL is introduced to penalize
similarity between the outputs of different experts:

LKL = −
∑

(i,j)∈[N ]2:i̸=j DKL(ζ(a
s
i )||ζ(as

j)) (1)

where DKL is the KL divergence and [N ]2 denotes the Carte-
sian product of the set {1, ..., N} with itself. ζ(·) is a Softmax
function converting as

i to a probability distribution1. Further-

1Alternative settings, such as ζ(as
i ) = N (as

i , 1) were found to
degrade performance.

more, domain knowledge is incorporated by initializing the ex-
perts using adapter parameters from adaptive training [10], pro-
viding a robust foundation for specialized expert development.
To better capture dysarthric speaker characteristics, 2) an aux-
iliary classification task2 with cross-entropy (CE) loss is used.
As shown in Fig. 2(a), the combined batch-mode MoE-based
adaptation cost function is LB = LCTC + αLKL + βLCE ,
where α and β are empirically set to 5 and 0.1 in this paper.
Test-Time Adaptation: Unsupervised test-time adaptation is
performed on speaker data without speech transcription or clas-
sification labels. The classification label3 Ĉs for test speaker
s is automatically predicted using the spectro-temporal feature
based neural network classifiers in [4, 34]. The hypothesis su-
pervision Ŷ s for adaptation is generated by decoding the test
data using the baseline unadapted SFMs. During unsupervised
test-time adaptation, as shown in Fig. 2(c), the speaker-level
routing parameters rs are re-initialized and optimized by:

{r̂s} = argmin
{rs}

{LB(Ŷ
s, Ĉs|Xs; rs)} (2)

where Xs is the input waveform for speaker s. All other pa-
rameters of the MoE-based SFM remain frozen.
Speaker Adaptive Training (SAT): During supervised train-
ing, SAT generates speaker-invariant canonical models that pro-
vide a more neutral and robust starting point for unsupervised
test-time adaptation compared to standard non-SAT models. As
shown in Fig. 2(a), the speaker-level routing parameters are
jointly optimized with both the backbone SFM’s parameters Θ
and those of the experts Θe during SAT, given as follows:

{Θ̂, Θ̂e, θ̂S} = argmin
{Θ,Θe,θS}

∑
s∈S{LB(Y

s,Cs|Xs;Θ,Θe,θS)} (3)

where θS = {rs}s∈S is the SD parameter sets associated with
training data. Y s and Cs denote the ground truth transcription
and classification label, respectively.
Adaptation Data: As shown in the line chart in Fig. 2(c), unsu-
pervised test-time adaptation in batch mode is highly dependent
on the utterance count. The routing parameters initially fluctu-
ate significantly and require substantial data accumulation to
converge, introducing notable processing delays.

3. On-the-fly MoE Speaker Adaptation
Routing Network Architecture: To achieve zero-shot speaker
adaptation and reduce latency, a feature-driven routing network
is designed to generate homogeneous SD routing parameters
(shown in the line chart of Fig. 2(b)) on the fly, enabling effi-
cient and real-time speaker adaptation. As depicted in Fig. 2(b),
the routing network comprises two alternating feedforward lay-
ers and layernorm modules, an attentive pooling block for cap-
turing intra-utterance speaker context, and a final linear layer.
Attentive Pooling: To capture both the internal contexts of ut-
terances and their temporal dynamics, attentive statistics pool-
ing [35] is integrated into the routing network. Let ĥs,k

t

and T s,k respectively denote the normalized hidden outputs
at time step t and the frame count for the k-th utterance of
speaker s, respectively. The weighted mean and standard de-
viation are given as µs,k =

∑Ts,k

t=1 αs,k
t ĥs,k

t and σs,k =√∑Ts,k

t=1 αs,k
t ĥs,k

t ⊙ ĥs,k
t − µs,k ⊙ µs,k, where αs,k

t is the
normalized attention score at time step t, given as:

2Three levels of domain knowledge are used: severity, severity-
gender, and speaker. Ablation studies are conducted in Sec. 4.3.

3Classification task is not performed for speaker-level domain
knowledge in test-time adaptation.
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Figure 2: Examples of on-the-fly (a) & b)) and batch-mode (a) & c)) MoE-based speaker adaptation on the SFM. Routing parameters
rs in a) serve as SD parameters, while experts are shared by all speakers. The line charts in b) and c) illustrate the variation in a
specific expert’s routing parameters as a function of utterance count.

αs,k
t =

exp(vT f(Wĥs,k
t + b) + c)∑Ts,k

t=1 exp(vT f(Wĥs,k
t + b) + c)

(4)

where W , b,v and c are the trainable parameters. f(·) denotes
the Tanh(·) function. These statistics are then concatenated as
zs,k = [µs,k;σs,k] and fed into the subsequent linear layer.
Multi-task Learning: The primary objective of the routing net-
work is to minimize the mean squared error (MSE) between the
predicted SD routing parameters and their corresponding train-
ing targets. The training targets r̂s can be obtained on the train-
ing data of speaker s in a supervised manner within the SAT
framework (detailed in Sec. 2, and shown in Fig. 2(a)). There-
fore, the overall on-the-fly MoE-based speaker adaptation learn-
ing cost function is given as LO = LCTC +αLKL +βLCE +
γLMSE , where γ is empirically set as 0.5 in this paper.

As shown in Fig. 2(b), during on-the-fly speaker adaptation,
the routing network ΘP is optimized as:

{Θ̂P } = argmin
{ΘP }

∑
s∈S

{LO(Y
s,Cs, θ̂S |Xs;ΘP )} (5)

the parameters of the backbone SFM and experts are initialized
using those obtained after SAT and frozen. During decoding,
the SD routing parameters of each test utterance are predicted
online and directly applied to the outputs of the experts for test-
time on-the-fly adaptation.

4. Experiments
4.1. Task Description and Experimental Setup
UASpeech [33] is the largest publicly available dysarthric
speech dataset containing 16 dysarthric and 13 control speak-
ers. It includes 155 common and 300 uncommon words and is
further divided into three subset blocks per speaker. The same
155 common words are used across all blocks, while the uncom-
mon words vary. Data from Blocks 1 and 3 of all 29 speakers
and Block 2 of 13 control speakers form the training set, while
Block 2 of 16 dysarthric speakers is the test set. After silence
stripping and speed perturbation based data augmentation [36],
the training set comprises 173 hours of audio, with 9 hours for
evaluation. The pre-trained models on UASpeech are HuBERT4

and WavLM5. The settings of RAB-based experts follow [10].

4.2. Main Results
Several trends can be observed from Table 1:
1) Comparison with the SI baseline, i-vector and x-vector
adaptation: The proposed on-the-fly MoE-based speaker adap-
tation consistently outperforms these systems with statistically
significant WER reductions of up to 1.34% absolute (6.36%
relative) on HuBERT and WavLM (Sys. 7 vs. 1,2,3 & Sys. 11
vs. 8). These WER reductions align with the more invariant

4huggingface.co/facebook/hubert-large-ls960-ft
5huggingface.co/microsoft/wavlm-large

Table 1: Performance comparison between baseline, i-vector, x-
vector, RAB-based speaker adaptation and the proposed MoE-
based speaker adaptation on HuBERT and WavLM. † and ∗ de-
note statistically significant (MAPSSWE [37], α = 0.05) im-
provements obtained against the SI baseline ASR systems (Sys.
1, 8). “+” represents score interpolation, while “X→Y” de-
notes two-pass rescoring of the N-best outputs from system X by
system Y. “VL/L/M/H” denotes the speech intelligibility groups
“very low”, “low”, “mid” and “high”.

Sys. Model Adapt.
Method

# SD
Param.

On The
Fly

WER (%) RTFVL / L / M / H All
1

HuBERT

SI - ✗ 56.83 / 22.43 / 11.86 / 2.70 21.03 0.31
2 i-vector - ✓ 55.79† / 21.87† / 11.98 / 2.68 20.69† 0.36
3 x-vector - ✓ 55.20† / 21.19† / 11.53 / 2.58 20.26† 0.35
4 RAB 4M ✗ 54.90† / 19.64† / 9.33† / 2.46 19.34† 2.59
5 - ✓ 57.97 / 22.70 / 12.63 / 2.71 21.50 0.32
6 MoE 160 ✗ 54.76† / 20.93† / 9.88† / 2.48 19.75† 2.39
7 - ✓ 54.42† / 21.02† / 9.88† / 2.59 19.74† 0.39
8

WavLM

SI - ✗ 56.49 / 22.76 / 11.57 / 2.89 21.06 0.42
9 RAB 4M ✗ 53.60∗ / 20.13∗ / 9.90∗ / 2.35 19.26∗ 3.25
10 MoE 160 ✗ 53.94∗ / 20.65∗ / 10.04∗ / 2.82 19.65∗ 3.17
11 - ✓ 53.92∗ / 21.00∗ / 10.02∗ / 2.77 19.72∗ 0.45
12 TDNN LHUC-SAT 25K ✗ 61.62 / 24.56 / 15.82 / 6.50 24.64 -
13 (12→4) + (12→7) + (12→9) + (12→11) 46.77 / 16.62 / 6.53 / 2.64 16.35 -

x-vector (4.21)

i-vector (4.28)

On-the-fly MoE (0.83)

Speaker F03, Female, 
“VL” intelligibility group

Speaker M07, Male, 
“L” intelligibility group

On-the-fly MoE (0.88)
x-vector (4.83)

i-vector (4.42)

Figure 3: T-SNE visualization of the on-the-fly MoE-based, i-
vector, and x-vector adaptation. The determinants of their co-
variance matrices are shown in each bracket.

speaker features produced by on-the-fly MoE in T-SNE visual-
ization compared to i-vectors and x-vectors, as shown in Fig. 3.
2) Comparison with RAB-based6 methods: Both batch-mode
and on-the-fly MoE-based adaptation achieve comparable aver-
age WERs compared to batch-mode RAB-based method [10],
while producing lower WERs on the “VL” group (Sys. 6 & 7
vs. 4). Notably, the MoE-based methods require only 1/25000
of the SD parameters (Sys. 6 vs. 4) and operate at 1/7 of the
RTF (Sys. 7 vs. 4). The parameter-heavy RAB method, when
applied on-the-fly, underperforms against the SI baseline (Sys.
5 vs. 1). In contrast, the proposed on-the-fly MoE-based adapta-
tion largely outperforms the on-the-fly RAB method with WER
reductions of 1.76% absolute (8.19% relative, Sys. 7 vs. 5).
3) Comparison with batch-model MoE-based adaptation:
The on-the-fly MoE-based speaker adaptation achieves compa-
rable performance to offline batch-mode MoE-based method,

6The RAB-based method can be considered as a special case of
MoE, with a single expert and SD parameters as the expert parameters.
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while operating approximately 7 times faster in terms of RTF
(Sys. 7 vs. 6 & Sys. 11 vs. 10).
4) Best performing system: By combining multiple adapted
systems, including LHUC-SAT TDNN, RAB-based adapted
SFMs, and the proposed MoE-based adapted SFMs via cross-
system rescoring, the lowest published overall WER of 16.35%
(46.77% on very low intelligibility, Sys. 13) is obtained. Fi-
nally, the performance of our best system is contrasted against
recently published state-of-the-art results in Table 2.

Table 2: WERs of published and our best system on UASpeech
System On The Fly VL All

BUT-2022 Wav2vec2.0 + fMLLR + xvectors [15] ✓ 57.72 22.83
Nagoya Univ.-2022 WavLM [38] - 71.50 51.80

FAU-2022 Cross-lingual XLSR + Conformer [39] - 62.00 26.10
JHU-2023 DuTa-VC (Diffusion) + Conformer [40] - 63.70 27.90

CUHK-2024 HuBERT + sys. comb. [9] ✗ 50.70 20.56
CUHK-2024 Wav2vec2/HuBERT + GAN Data Aug. + sys. comb. [41] ✗ 46.47 16.53

CUHK-2024 DA + SVR adapt + sys. comb. [42] ✓ 57.33 23.33
HuBERT/WavLM + MoE adapt. + sys. comb. (Sys. 13, Table 1, ours) ✓ 46.77 16.35

Table 3: Performance (WER%) of HuBERT using batch-mode
MoE-based speaker adaptation under different configurations
of domain knowledge (“Know.”) integration and KL loss, as
well as on-the-fly MoE-based speaker adaptation with and with-
out attentive pooling (“Atten. Pool.”). Different expert types
are investigated.

Sys. Expert
Init.

KL
Loss

Class.
Task

Domain
Know.

# of
Expert

Atten.
Pool.

On The
Fly

WER (%)
VL / L / M / H All

1 random ✗ ✗ - 5 - ✗ 57.97 / 21.96 / 11.57 / 2.61 21.07
2

Init.
from
adapt.

training
RAB

✗ ✗

Severity 5
- ✗

57.01 / 21.33 / 10.98 / 2.73 20.63
3

✓

✗ 55.72 / 20.74 / 10.16 / 2.82 20.08
4

✓

- ✗ 55.61 / 20.54 / 10.29 / 2.58 19.94
5 ✓ ✓ 55.61 / 20.92 / 10.35 / 2.54 20.04
6 Severity,

Gender 10
- ✗ 54.76 / 20.93 / 9.88 / 2.48 19.75

7 ✓ ✓ 54.42 / 21.02 / 9.88 / 2.59 19.74
8 ✗ ✓ 55.13 / 21.06 / 10.67 / 2.58 20.05
9 Speaker 29 - ✗ 55.76 / 20.35 / 9.59 / 2.72 19.84

10 ✓ ✓ 54.12 / 21.03 / 10.06 / 2.71 19.75

4.3. Ablation Studies
Table 3 presents the results of ablation studies on both batch-
mode and on-the-fly MoE-based speaker adaptation on the Hu-
BERT model. Several trends can be observed:
For batch-mode: 1) Regarding the utilization of domain
knowledge, initializing each expert with severity-specific
adapter parameters from adaptive training (Sys. 2 vs. 1) and
incorporating a severity classification task (Sys. 4 vs. 3) both
lead to performance improvements; and 2) the incorporation of
KL loss produces large WER reductions (Sys. 3 vs. 2).
For on-the-fly: 1) the on-the-fly MoE system with severity-
gender experts outperforms the system with severity experts,
while achieving comparable performance to the system with
speaker-level experts (Sys. 7 vs. 5, 10); and 2) the attentive
pooling module produces better performance compared to the
simple temporal average pooling (Sys. 7 vs. 8).

Table 4: Performance of on-the-fly MoE-based adaptation of
WavLM with or without the speaker-level round-robin setting. ∗
denotes statistically significant improvements against System 1.

Sys. MoE Adapt. Round-robin VL / L / M / H All
1 ✗ ✗ 56.49 / 22.76 / 11.57 / 2.89 21.06
2 ✓ ✗ 53.92∗ / 21.00∗ / 10.02∗ / 2.77 19.72∗

3 ✓ ✓ 54.63∗ / 21.80∗ / 11.51 / 3.02 20.21∗

4.4. Analysis
Zero-shot Adaptation. To evaluate zero-shot performance
of the on-the-fly MoE-based speaker adaptation, speaker-level
round-robin experiments [43] are conducted. Specifically, for
each test dysarthric speaker s, we exclude their data from the

training set before speaker adaptation. As shown in Table 4, the
zero-shot on-the-fly MoE-based adaptation significantly outper-
forms the SI baseline (Sys. 3 vs. 1), even though the SI model
is trained on data containing speakers from the test set.CNN Feature
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Figure 4: WER and cosine similarity on HuBERT systems with
varying amounts of speaker adaptation data.
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Figure 5: Heatmap visualization of routing parameters under
varying settings on HuBERT: a) batch-mode without domain
knowledge, b) batch-mode and c) on-the-fly with domain knowl-
edge. “Severity Label: {Spk ids}” is given at the top of Figure.

Low Processing Latency. The left part of Fig. 4 illustrates the
WER variation of the HuBERT model across different speaker-
level data quantities for various adaptation approaches. With
just one utterance, the proposed on-the-fly MoE-based adap-
tation (red line) achieves considerable WER reductions of up
to 2.55% absolute (11.44% relative) compared to both batch-
mode RAB and MoE approaches. The right sub-figure illus-
trates the cosine similarity between routing parameters obtained
from partial versus complete data in the batch-mode MoE sys-
tem. A strong negative correlation (Pearson coefficient = -0.92)
between WER and cosine similarity is observed.
Domain Knowledge Benefits. Heatmap visualization of rout-
ing parameters under different settings on HuBERT in Fig. 5
shows that both on-the-fly and batch-mode MoE-based adapta-
tion incorporating domain knowledge exhibit more consistent
and interpretable speech impairment severity-centric features
than those without domain knowledge (Fig. 5(b), (c) vs. (a)).

5. Conclusion
This paper presents a novel on-the-fly MoE-based speaker adap-
tation for SSL pre-trained SFMs on dysarthric speech. Feature-
driven routing networks are designed to produce homogeneous
SD routing parameters on the fly, thereby facilitating zero-shot
and real-time speaker adaptation. Incorporating domain knowl-
edge, such as severity and gender, ensures diverse expert spe-
cialization and comprehensive MoE coverage. Experiments on
UASpeech shows that the proposed on-the-fly MoE-based adap-
tation approaches produce up to 1.34% absolute (6.36% rela-
tive) WER reductions over unadapted SFMs. Comparable WER
performance and RTF speedup ratios of 7 times are also ob-
tained over batch-mode adaptation. Heatmap visualization fur-
ther demonstrates the interpretability of the proposed methods.
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