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Abstract

Accurate recognition of dysarthric and elderly speech re-
mains challenging to date. While privacy concerns have driven
a shift from centralized approaches to federated learning (FL)
to ensure data confidentiality, this further exacerbates the chal-
lenges of data scarcity, imbalanced data distribution and speaker
heterogeneity. To this end, this paper conducts a systematic in-
vestigation of regularized FL techniques for privacy-preserving
dysarthric and elderly speech recognition, addressing different
levels of the FL process by 1) parameter-based, 2) embedding-
based and 3) novel loss-based regularization. Experiments on
the benchmark UASpeech dysarthric and DementiaBank Pitt el-
derly speech corpora suggest that regularized FL systems con-
sistently outperform the baseline FedAvg system by statistically
significant WER reductions of up to 0.55% absolute (2.13% rel-
ative). Further increasing communication frequency to one ex-
change per batch approaches centralized training performance.
Index Terms: speech recognition, dysarthric speech, elderly
speech, federated learning, regularization

1. Introduction

While automatic speech recognition (ASR) technologies tar-
geting normal speech have advanced rapidly over the past
decades [1, 2], accurate speech recognition in the healthcare
domain, particularly for dysarthric and elderly speakers, re-
mains highly challenging to date [3—13]. Dysarthric and el-
derly speech introduces fundamental challenges for current
deep learning-based ASR systems primarily targeting non-aged
healthy users, including: 1) substantial mismatch between
such data and normal voices; 2) data scarcity due to the dif-
ficulty of data collection, often limited by speakers’ mobility
issues [4,9]; and 3) large speaker heterogeneity compounding
accent, gender, and speech impairments or aging-induced neu-
rocognitive decline [14]. Given the high priority of privacy in
healthcare, there has been a growing shift towards decentralized
training over centralized approaches, as it mitigates the risk of
privacy leakage by limiting the exposure of sensitive data [15].

Federated learning (FL) [16] proves to be an effective
method for addressing data privacy concerns, as it enables col-
laborative model training across decentralized datasets without
exchanging raw data. In recent years, there has been increasing
attention on applying FL to speech-related tasks for the normal,
healthy population, such as keyword spotting [17, 18], speaker
verification [19, 20], speech emotion recognition [21, 22], and
automatic speech recognition [23-33]. Most prior work in
FL-based ASR exclusively targets healthy adult speakers and
adopts the Federated Averaging (FedAvg) [16] strategy to ag-
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gregate locally trained client models, where the parameters of
the individual client are weighted by the proportion of its data
samples relative to the total training samples. To constrain lo-
cal clients from deviating too far from the global model, Fed-
erated Averaging with Diversity Scaling (FedAvg-DS) is pro-
posed in [27], while FedProx [34] is investigated in [31] where a
proximal term is added to the local training loss. In contrast, so
far limited research [12,35-37] has focused on speech-related
FL techniques targeting dysarthric and elderly speakers, with
most efforts directed toward Alzheimer’s disease (AD) detec-
tion and very little toward speech recognition [12].

Current FedAvg-based FL approaches face the following
challenges when applied to dysarthric and elderly speech recog-
nition: 1) data scarcity further exacerbated by splitting the al-
ready limited dataset across clients; 2) data imbalance where
speakers with severe speech impairments or linguistic degrada-
tion have noticeably fewer words compared to those with milder
impairments within a single client; and 3) speaker heterogene-
ity among clients. Addressing these challenges necessitates the
usage of effective, regularized federated learning techniques.

To this end, this paper conducts a comprehensive explo-
ration of regularized federated learning techniques to address
the aforementioned challenges in advancing privacy-preserving
dysarthric and elderly speech recognition. Specifically, we in-
vestigate regularization at different levels of the FL training pro-
cess, including: 1) parameter-based regularization, where a
regularization term is added to the local training loss to align
the parameters of the local model with those of the global
model [34]; 2) embedding-based regularization, which, in-
spired by [38,39], utilizes a regularization term to align inter-
mediate embeddings of the local and global models during lo-
cal training; and 3) novel loss-based regularization, where lo-
cal intermediate embeddings are passed through a frozen global
model to generate pseudo-logits. These pseudo-logits are then
aligned with local predictions using Kullback-Leibler (KL) di-
vergence [40], which is further incorporated into the local train-
ing loss. Performance evaluation is conducted on two bench-
mark healthcare datasets: 1) UASpeech [41] dysarthric speech
corpus; and 2) DementiaBank Pitt [42] for elderly speech, with
FedAvg [16] serving as the base model aggregation strategy.
In addition, the effects of applying regularization techniques at
multiple positions, combining different regularization methods,
and varying communication frequency are further analyzed.

The main contributions of this paper are as follows:

1) To the best of our knowledge, this paper presents the
first systematic investigation of regularized FL techniques for
privacy-preserving speech recognition in healthcare, with a fo-
cus on dysarthric and elderly populations. Different elements
of the FL training process are explored, including parameter-
based, embedding-based and the novel loss-based regulariza-
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tion. In contrast, prior research on regularized federated learn-
ing in speech recognition has been notably limited [27,31], and
solutions addressing the challenges of FL-based dysarthric and
elderly speech recognition have been rarely visited [12].

2) Experiments on the benchmark UASpeech dysarthric
speech and DementiaBank Pitt elderly speech corpora suggest
that statistically significant word error rate (WER) reductions
of up to 0.54% absolute (1.69% relative) and 0.55% absolute
(2.13% relative) can be respectively obtained over the baseline
FedAvg system without regularization. Combining the regular-
ization techniques leads to further performance improvements.

The rest of the paper is organized as follows. Section 2 de-
scribes the standard FL based ASR systems. The three regular-
ization techniques, i.e., parameter-, embedding- and loss-based
regularization, are detailed in Section 3. Section 4 presents ex-
periments and analysis on UASpeech and Dementiabank Pitt.
Section 5 concludes the paper and discusses future work.

2. Federated Learning Based ASR

Unlike traditional distributed training [43] which first aggre-
gates data from multiple sources and then redistributes the data
among learners, federated learning (FL) preserves data locality
to comply with privacy constraints. However, such a design
inherently results in heterogeneous data distributions across
clients. As illustrated in Fig. 1, each client operates a local
server for data storage and computation, interacting solely with
a central server. During each communication round, only model
parameters or gradients are exchanged between clients and the
server. Local updates are sent to the central server, where they
are aggregated into a global model (Fig. 1(a)). The global model
is then redistributed to clients as the starting point for client-side
computation in the next round (Fig. 1(b), dashed line).
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Figure 1: lllustration of federated learning based HuBERT [44]
ASR system. Following FedAvg [16], each communication
round involves: (a) aggregating the parameters of locally
trained client-side models into a global model using a weighted
sum, and (b) redistributing the global model to clients.

The widely used aggregation strategy for FL-based ASR is
FedAvg [16], which computes global parameters as a weighted
sum of client parameters, with weights proportional to each
client’s data fraction. Given the communication overhead [33],
synchronization is performed at carefully chosen frequency'.

3. Regularized Federated Learning

Federated learning inherently introduces data heterogeneity
among clients, which is further compounded by the challenges
of data scarcity, data imbalance, and speaker diversity widely
observed in dysarthric and elderly speech. To mitigate this,
three regularization techniques at different levels are investi-

IThe impact of communication frequency is analyzed in Section 4.
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gated, including parameter-based, embedding-based, and loss-
based regularization. For model aggregation, we adopt Fe-
dAvg [16] as the default strategy.

3.1. Parameter-based regularization

Following FedProx [34], the global model parameters from the
previous communication round are taken as a reference to reg-
ularize the local training process of the clients. As shown in
the upper right of Fig. 2, the squared L2 norm Rparq, Which
measures the Euclidean distance between the reference global
model and the local model, is incorporated into the local train-
ing loss as a regularization term, given as:

Rpa/ra = ||W17WH§ (1)

where W; represents the local model parameters of the ith
client at the current round, while W denotes the global model
parameters from the previous round.
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Figure 2: Schematic of (a) parameter-based regularization (up-
per right) and (b) embedding-based regularization (lower right)
applied to the FedAvg-based HuBERT ASR system. Compo-
nents with darker colors are on the central server side, while
lighter-colored components are on the local client side.
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3.2. Embedding-based regularization

Building on [38,39], during each communication round, we
extract latent embeddings from the local models, compute the
average embedding over all utterances for each client, and then
aggregate these averaged embeddings from all clients on the
central server using a weighted sum”. As demonstrated in the
lower right of Fig. 2, the aggregated embedding serves as a ref-
erence to constrain the local models’ latent embeddings in the
next round, where the local training loss integrates the squared
L2 norm between these embeddings. This regularization term
Rembed 18 given as:

@

where e! represents the embedding of the " client after the I*"

Rembed = ||ef — €l]|3

Transformer block, and 67 denotes the aggregated embedding.

3.3. Loss-based regularization

To further investigate regularization across different aspects
of the training process, we propose a novel loss-based regular-
ization approach. As illustrated in Fig. 3, rather than directly
constraining the latent embedding, we feed the local embed-
ding of the *" client into the global model from the previous
communication round and execute a feedforward pass to de-
rive the output probability distribution (Fig. 3, red bold line).
This distribution is then leveraged to regularize the output dis-
tribution of the #*" client by incorporating the Kullback-Leibler

2The weight is the client’s proportion of the total training data.



(KL) divergence [40] between these two distributions into the
local training loss. The regularization term R, is defined as:

Rioss = DKL(Z:/i ” ’gi) 3

where Dgr (-) denotes the KL divergence. g, represents the
output distribution of the ‘" client, and 4! denotes the output
distribution obtained by passing the i" client’s embedding after
the [*" Transformer block through the global model.

Loss-based
regularization
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Figure 3: Schematic of the proposed loss-based regularization
applied to the FedAvg-based HuBERT ASR system. For simplic-
ity, one client is shown as an example. Darker-colored compo-
nents represent the global model, while lighter-colored compo-
nents correspond to the local model.

The embedding-based regularization and loss-based regu-
larization can be applied at multiple positions in the model.
Furthermore, as these three regularization techniques operate
at different levels, their usage can be combined.

4. Experiments and Results
4.1. Task description

The English UASpeech corpus [41] is the largest publicly
available and widely used dataset for dysarthric speech recog-
nition. It comprises an isolated word recognition task with ap-
proximately 103 hours of speech data from 29 speakers, among
whom 16 are dysarthric speakers and 13 are healthy control
speakers. The dataset includes 155 common words and 300
uncommon words and is further divided into three blocks B1,
B2 and B3. The same 155 common words are used across all
blocks, while the 300 uncommon words differ between blocks.
In our experiments, we focus exclusively on the 16 dysarthric
speakers and exclude the healthy control speakers. B1 and B3
are used as for training, while B2 is used for evaluation. Af-
ter removing silence, the training set and the test set contain
17.8 hours (52785 utterances) and 9 hours of audio (26520 ut-
terances) in total, respectively. Speech intelligibility assessment
is available for the 16 dysarthric speakers, divided into four
groups: “very low” (VL), “low” (L), “mid” (M) and “high” (H).
The English DementiaBank Pitt [42] corpus is the most
widely used publicly available dataset for speech-based diagno-
sis of Alzheimer’s Disease (AD). It comprises 33 hours of cog-
nitive impairment assessment interviews between 292 elderly
participants and the associated clinical investigators. The train-
ing set includes 688 speakers (244 elderly participants, 444 in-
vestigators), while the development and evaluation sets’ respec-
tively consist of 119 (43 elderly, 76 investigators) and 95 speak-
ers (48 elderly, 47 investigators). There is no speaker overlap

3The evaluation set includes the 48 speakers’ Cookie Theft record-
ings from the ADReSS challenge test set [45], while the development
set contains their recordings from other tasks, if available.
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between the training set and either the development or evalu-
ation sets. Silence stripping [3] produces a 15.7-hour training
set (29682 utterances), a 2.5-hour development set (5103 utter-
ances), and a 0.6-hour evaluation set (928 utterances).

4.2. Experiment setup

Model configuration: We adopt the state-of-the-art Hu-
BERT [44] model* fine-tuned on 960 hours of Librispeech [46]
as the foundation for performing federated learning® on
dysarthric and elderly speech. The default model aggregation
strategy is FedAvg [16]. A Connectionist Temporal Classifi-
cation (CTC) [47] model with a single fully connected layer
is added on top of the CNN feature encoder and a stack of
24 Transformer blocks. In each communication round, the
clients perform local training for one epoch, with the number
of communication rounds set to 100. The penalty weights for
parameter-based, embedding-based, and loss-based regulariza-
tion are empirically set to 0.01, 0.001, and 0.01, respectively.
Parameter-based regularization is applied to all model parame-
ters except those of the CNN feature encoder, while embedding-
based and loss-based regularization can be applied after the
6", 12, 18", or 24" Transformer block, or in any combina-
tion of these positions. Experiments are conducted using two
Nvidia A40 GPUs. A matched pairs sentence-segment word er-
ror (MAPSSWE) [48] based statistical significance test is per-
formed with a significance level of o = 0.05.

Client partitioning: For the UASpeech dysarthric speech task,
the training data of each of the 16 dysarthric speakers is as-
signed to a separate client, resulting in a total of 16 clients,
each containing 0.71 to 1.54 hours of audio (1785 to 3570 ut-
terances). For the DementiaBank Pitt elderly speech task, all
conversations between each participant in the training set and
the corresponding investigators are extracted, producing 244
conversation pairs in total. These 244 pairs are randomly di-
vided into 10 non-overlapping sets, with each set assigned to
one client, resulting in 10 clients with 1.35 to 1.75 hours of au-
dio (2545 to 3437 utterances) per client.

4.3. Result analysis

Experiments on dysarthric speech: Table 1 compares
parameter-based, embedding-based and loss-based regulariza-
tion for federated learning on UASpeech. Several trends can be
observed: 1) All three regularization techniques lead to perfor-
mance improvements over the baseline FedAvg system without
regularization (Sys.2-14 vs. Sys.1), while the proposed loss-
based regularization produces better performances (Sys.9-14 vs.
Sys.2-8). 2) By applying embedding-based (Sys.7-8) or loss-
based regularization (Sys.13-14) at different positions®, with
statistically significant overall WER reductions of up to 0.38%
abs. (1.19% rel., Sys.8 vs. Sys.1) and 0.54% abs. (1.69%
rel., Sys. 14 vs. Sys.1) over the baseline FedAvg system,
respectively. 3) Combining the three regularizations leads to
further performance improvement’ (Sys.15). 4) Compared with
centralized training (Sys.0), there remains a performance gap
in federated learning, highlighting the challenges of FL-based
dysarthric speech recognition due to its nature.

Experiments on elderly speech: The performance of the three
regularization techniques on DementiaBank Pitt is presented in

“https://huggingface.co/facebook/hubert-large-1s960-ft

Shttps://apple.github.io/pfl-research/

6Sys.7 combines the two best-performing positions among Sys.3-6,
whereas Sys.13 integrates the two best positions from Sys.9-12.

7Weight issetas 0.1, 0.1, 1 for para., embed. and loss regularization.



Table 1: Performance of parameter (“para.”), embedding (“em-
bed.”) and loss based regularization for federated learning on
UASpeech. Here “6”, “12” “18” and “24” refer to the the 6™,
12 18", or 24™ Transformer block. “VL”, “L”, “M” and “H”
are “very low”, “low”, “mid” and “high” speech intelligibil-
ity. ¥ denote a statistically significant improvement (e =0.05)

obtained over the baseline FedAvg system (Sys.1).

Regularization UASpeech WER%

Sys. Position Speech Intelligibility

Method [12[18][24] VL L M H All
0 | centralized training | 64.03 34.89 21.37 6.05 | 28.87
1 X 7239 38.78 22.78 6.71|32.04
2 [ para. | - 72.22 38.56 22.676.447[31.83
3 v 72.25 38.57 22.666.467[31.85
4 v 72.23 38.55 22.676.431|31.83

T

5 | embed. v 72.20 38.58 22.69 6.421| 31.83
6 v |72.10 38.58 22.67 6.421| 31.81
7 v [V 7195 3850 22.656.407[31.70
8 Vv V| v [71.747 38.44 22.62 6.361|31.66"
9 v 71.80 38.48 22.63 6.387]31.687
10 v 71.70" 38.44% 22.60 6.32F|31.62F
1| oss v 71.75" 38.441 22.62 6.351|31.65"
12 v |71.95 38.50 22.656.401| 31.75
13 Vv 71.627 38.307 22.60 6.257[31.547
14 Vv | v | v 7155 38.22 22.58 6.201|31.50"
15[ para+embed.+loss [71.507 38.227 22.50 6.197[31.457

Table 2. Trends similar to those on dysarthric speech (Table 1)
are observed, with statistically significant overall WER reduc-
tions of up to 0.43% abs. (1.67% rel.) and 0.55% abs. (2.13%
rel.) obtained by embedding-based regularization (Sys.8) and
loss-based regularization (Sys.14) over the baseline FedAvg
system without regularization (Sys.1), respectively.

4.4. Impact of communication frequency

As communication overhead is a major challenge in federated
learning [33], we further investigate the impact of communica-
tion frequency on model performance. As shown in Fig. 4, we
vary the number of local updates performed by clients in each
round, including an extreme case where communication occurs
after every batch. To ensure a fair comparison, the total number
of communication rounds is adjusted to keep the total training
steps the same. Communicating after every batch approaches
the performance of centralized learning (Fig. 4, dashed line) on
both datasets while keeping the data local, but this comes at the
cost of 9 times increase in training time compared to the de-
fault setting of communicating once per epoch. Furthermore,
the proposed loss-based regularization demonstrates a consis-
tent and statistically significant performance improvement over
the unregularized FedAvg systems (Fig. 4, grey lines) across all
communication frequencies, except in the 1-batch scenario.

On top of the communication costs incurred in the standard
FedAvg training, the additional costs for these three regular-
ization methods are: 1) O for parameter-based and loss-based
embedding, as the former contrasts the global model with the
local model while the latter feeds the local embedding to the
global model for the loss comparison, both performed on the
client side; 2) O(demped) for embedding-based regularization
for transmitting the embeddings, where dempeq is the size of
the embeddings. When all three regularization techniques are

2106

Table 2: Performance of parameter (“para.”), embedding (“em-
bed.”) and loss based regularization for federated learning on
DementiaBank Pitt. “Dev” and “Eval” are the development
and evaluation sets. “PAR” and “INV” are elderly participants
and clinical investigators. T denote a statistically significant
improvement (o« = 0.05) obtained over the baseline FedAvg
system (Sys.1). Other naming conventions follow Table 1.

Regularization DementiaBank Pitt WER%

Sys. Position Dev Eval
Method e T2 18124 PAR IV | PAR TN | !
0 | centralized training | 31.62 16.43]22.93 15.87]23.52
1 X 34.14 18.52|25.38 16.76] 25.80
2 | para. | - 33.84 18.28]25.15 16.30[25.54
3 v 33.90 18.33[25.16 16.30] 25.58
4 v 33.86 18.26|25.15 16.28]25.54
5 |embed v 33.80 18.24|25.14 16.28|25.52
6 : v |33.82 18.23|25.12 16.25|25.51
7 v [V [33.707 18.20] 25.05 16.25[25.447
8 v v v |v 33651 18.18]25.01 16.22[25.37"
9 v 33.657 18.23]25.04 16.25]25.44F
10 v 33.657 18.20] 25.01 16.22|25.40"
1| oss v 33.681 18.22]25.01 16.25/25.44"
12 v |33.70" 18.25| 25.05 16.25|25.50
13 vV 33.607 18.10] 25.00 16.15]25.32F
14 v v | v | v |33.50 18.00]24.91 16.11[25.251

15[ para+embed.+loss [33.457 18.00[24.857 16.06]25.217

combined, the additional costs are O(dembed)-
UASpeech (Dy D iaBank Pitt (Elderly)
337

273
d
X

FedAvg
X X
~ 317 & para.
N =
B = 253 embed.
T 307 3 loss.
2 2
© S 243
29.7
287 233
Ibt. 05ep. lep. 2ep. Ibt. 05¢ep. lep. 2ep.
C ication Frequency C ication Frequency

Figure 4: Impact of communication frequency on the perfor-
mance (WER%) of federated learning. “bt.” and “ep.” stand
for batch and epoch. X denotes a stat. significant improve-
ment (o« = 0.05) over the baseline FedAvg system. The dashed
line represents the performance of centralized learning (WER
28.87% for UASpeech and 23.52% for DementiaBank Pitt).

5. Conclusions

This paper systematically investigates regularized FL tech-
niques for privacy-preserving dysarthric and elderly speech
recognition, i.e., parameter-, embedding-, and novel loss-based
regularizations. Experiments on UASpeech and DementiaBank
Pitt show that regularized FL systems consistently outperform
FedAvg, while increasing communication frequency narrows
the gap to centralized training. Future research will focus on
speech-pattern driven regularization techniques.
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