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Abstract
Speech foundation models have shown significant success in
various speech-processing applications. However, fine-tuning
these models on dysarthric speech is challenging due to over-
fitting caused by limited dataset sizes. This work proposes
a modified multitask learning framework to mitigate overfit-
ting in foundation model fine-tuning. Specifically, we train the
model on a more complex task along with the task of inter-
est and use gradient projection to preserve beneficial updates
while resolving conflicts. We demonstrate that using automatic
speech recognition as the main task and dysarthria detection as
the auxiliary task improves model robustness and dysarthria de-
tection performance. The proposed method1 reduces overfitting
and improves in-corpus and cross-corpus detection accuracy by
5.4% to 13.4% compared to standard multi-task learning. These
findings highlight the importance of structured multitask train-
ing for enhancing foundation model adaptability.
Index Terms: Clinical Acoustic Analysis, Dysarthria Detec-
tion, Speech Foundation Model Tuning, Multi-task Learning

1. Introduction
In recent years, speech foundation models have rapidly evolved,
demonstrating remarkable performance in several speech-
related tasks. These models are based on transformer architec-
tures [1] and trained on large-scale datasets to generate general-
purpose speech representations. The speech foundation models
can be fine-tuned for specific applications, where their trans-
fer learning capability minimizes the need for extensive labeled
data, enhancing efficiency and adaptability across different lan-
guages and domains [2]. Models such as wav2vec [3, 4], Hu-
BERT [5], Whisper [6], and Conformer [7] have driven sig-
nificant advancements in the field, enabling widespread adop-
tion in real-world applications like voice-activated assistants
and real-time language translation. As these models continue
to evolve, their application domains have expanded to include
clinical tasks such as dysarthric speech analysis.

Dysarthria is a motor speech disorder caused by impaired
neuromuscular control, which significantly affects speech clar-
ity and intelligibility [8]. Machine learning and deep learn-
ing methods have been used for dysarthric speech recognition,
dysarthria assessment, dysarthria-related features for disease
identification, etc. While multiple dysarthria speech datasets
have been collected for clinical analysis purposes [9, 10, 11],
the size of such datasets is relatively small compared to other
speech applications. The lack of data has been shown to in-
crease the risk of overfitting when using machine learning and
deep learning models for clinical analysis, leading to less mean-

1https://github.com/BearockXY/
TGP-SFM-Tuning-for-Dysarthria-Detection

ingful tuning and poor generalization, which ultimately results
in unreliable performance during deployment [12, 13]. Speech
foundation models reduce such risk, as they are pre-trained
with large-scale datasets and maintain robustness when properly
tuned. These models have been effectively used for dysarthric
speech recognition [14], severity level classification [15], dis-
ease detection based on dysarthria analysis [16], speech in-
telligibility assessing [17], etc. However, these existing ap-
proaches use speech foundation models pre-trained on normal
speech samples to generate feature embeddings. Fine-tuning
these models with dysarthric speech data could enhance their
ability to capture the unique characteristics of dysarthric speech,
leading to improved performance in related downstream tasks.

As dysarthric speech datasets become larger, tuning speech
foundation models with dysarthric speech is now feasible. With
dysarthric speech fine-tuning, the foundation model captures
acoustic features and patterns that are not present in normal
speech. However, the tuning task is challenging as the model
runs the risk of overfitting [18]. Due to the mismatch between
the analytic flexibility of the speech foundation model and the
complexity of the downstream task, the model captures unre-
lated patterns in the training data rather than learning the essen-
tial task-specific features, leading to poor generalization.

In this work, we propose a training scheme that utilizes
multitask learning (MTL) and task-specific gradient projec-
tion (TGP) [19] to mitigate model overfitting when tuning
speech foundation models for dysarthric speech detection. MTL
has been shown to help mitigate overfitting by leveraging
shared representations across related tasks, which regularizes
the model and prevents it from memorizing task-specific noise.
However, conventional MTL performs poorly when tasks are
very different, leading to the gradients from different tasks sig-
nificantly diverging in direction or amplitude. MTL with TGP
mitigates the problem by using the main task for gradient com-
putation and capturing the contribution of the auxiliary task by
projecting the main task gradient to the normal plane of the
auxiliary task gradient when the two gradients have a large di-
vergence. We propose a TGP MTL training scheme to fine-
tune a wav2vec 2.0 model for dysarthria detection. Our ap-
proach treats Automatic Speech Recognition (ASR) as the pri-
mary task, leveraging its higher complexity to align with the ca-
pabilities of the speech foundation model. Dysarthria detection
serves as an auxiliary task to reduce overfitting risks introduced
by its strong supervision. Evaluation loss curves demonstrate
that our method achieves better convergence than both single-
task learning and standard MTL. We assess the pre-trained
model’s dysarthria detection accuracy on a local dysarthric
speech dataset and out-of-domain public datasets. Results show
that our TGP MTL-trained model improves sample-level accu-
racy by 5.4% to 13.4% compared to standard MTL.
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2. Methodology
2.1. Mitigating overfitting with Multitask Learning
Fine-tuning speech foundation models on dysarthric speech
data is challenging due to the high risk of overfitting caused
by the limited size and variability of available datasets. MTL
provides an effective solution by introducing additional su-
pervision, improving generalization, and preventing the model
from memorizing irrelevant and task-specific features. ASR
is particularly well-suited for speech foundation model tun-
ing because it aligns naturally with the capabilities of speech
foundation models, which are pre-trained to extract robust
speech representations. Besides, ASR can also contribute to
dysarthria detection, as impaired articulation is a cardinal fea-
ture shared by dysarthria. The proposed method maintains gen-
eralizable speech features by integrating ASR into the MTL
framework for dysarthria detection while adapting effectively to
dysarthric speech, where ASR serves as a complementary task
to dysarthria detection.

Figure 1: (a) Standard MTL: summing the gradients of each
task. (b) TGP MTL: Projecting the main task gradient to the
normal plane of the auxiliary task when two tasks conflict.

Standard MTL that uses the weighted sum of objective
functions of the sub-tasks suffers from gradient discrepancy.
When the gradients from different tasks diverge, the MTL be-
comes less effective as conflicting updates can hinder optimiza-
tion convergence, reduce learning efficiency, and lead to subop-
timal task performance by prioritizing one objective over others
or causing instability in parameter updates. In this work, we
build upon the task-specific gradient projection (TGP) method
in [19] to train the MTL model. TGP MTL considers one of
the tasks as the main task and the other as the auxiliary task.
As shown in Figure 1, TGP MTL uses the cosine similarity to
decide whether the gradients from the two tasks are conflicting.
In non-conflicting cases, TGP MTL uses the gradient from the
main task to update the model weight. When there is a conflict,
TGP MTL projects the main task gradient to the normal plane
of the auxiliary task, removing the conflict. We consider both
ASR and dysarthria detection as the main task in our evaluation.

2.2. Multi-task Learning with Speech Foundation Model
Our multi-task learning model is shown in Figure2. The model
uses a wav2cec 2.0 model to extract embedded feature vectors
from the raw speech samples. Two independent heads are used
for ASR and dysarthria detection. Both heads are MLP models
with one hidden layer and include one dropout layer for reg-
ularization. The ASR head generates predicted transcription,
and the classification head generates the dysarthria detection
predictions. The input to the model is raw speech waveform

x ∈ RL×1, where L is the sample length. The wav2vec 2.0
model (W ) generates the embedded feature h ∈ RT×M , where
T and M are the time and feature dimension, respectively.

h = W (x), x ∈ RL×1, h ∈ RT×M (1)

Figure 2: Multi-task Learning Model with Wav2vec 2.0

The dysarthria detection head (Hdd) and ASR head (Hasr)
take the embedded feature h as input and generate the corre-
sponding prediction for each task, pdd and pasr , where pdd is
the binary classification likelihood and pasr is the T × V pre-
dicted word embedding where V is the vocabulary size.

pdd = Hdd(h), pdd ∈ R2×1 (2)

pasr = Hasr(h), pasr ∈ RT×V (3)

We use Cross-Entropy (CE) loss for dysarthria detection
and Connectionist Temporal Classification (CTC) [20] loss for
ASR. For the baseline standard MTL scheme, the objective
function is the weighted sum of the two losses:

Lstd−MTL = LCE + αLCTC (4)
= CE(ldyt, pdd) + αCTC(lasr, pasr), (5)

where ldyt and lasr are the ground-truth labels of dysarthria
detection and ASR, and factor α is tuned using the development
set. In this case, the gradients that are used to update the model
are calculated as shown in Figure1 a):

gstdMTL = ∂(LCE + αLCTC) (6)
= ∂LCE + α∂(LCE). (7)

The gradient from TGP MTL is calculated as is shown in Fig-
ure1 b):

gtgpMTL =

{
∂Lmain, if Sim(∂Lmain, ∂Laux) ≥ 0

Proj(∂Lmain, ∂Laux), else
(8)

where Proj(g1, g2) refers to the projection computation that
projects g1 to the normal plane of g2. Lmain is the main
task loss function and Laux is the auxiliary task loss function.
Sim(g1, g2) is the similarity function to determine whether two
gradients are conflicting. In this work, we use the cosine simi-
larity function to determine the gradient similarity.

2.3. Speech Foundation Model Tuning
The tuning process of speech foundation models is inspired by
the way human listeners adapt to dysarthric speech. When en-
countering impaired speech caused by dysarthria, a listener does
not start from scratch but rather builds upon their pre-existing
knowledge of normal speech patterns. By listening to dysarthric
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speech accompanied by transcripts, the listener progressively
refines their ability to recognize and interpret the altered pho-
netic and prosodic characteristics associated with the disorder.
This adaptation process involves leveraging prior linguistic and
acoustic knowledge and incorporating new knowledge specific
to dysarthric speech, resulting in an improved capability of un-
derstanding dysarthric speech.

Figure 3: Partially Tuning Wav2vec 2.0 using Dysarthric
Speech

To simulate this process, we partially fine-tune the wav2vec
2.0 speech foundation model, as illustrated in Figure 3. Dur-
ing fine-tuning, the pre-trained representations serve as a robust
starting point, and the model is gradually adapted to dysarthric
speech data through supervised learning. To maintain the gen-
eral speech representations acquired from large-scale training,
we freeze the pre-trained CNN feature extractor in the wav2vec
2.0 model. To adapt the model to dysarthric speech, the context
transformer model is tuned to better capture the unique acoustic
characteristics of dysarthric speech.

3. Evaluation
3.1. Dataset and Training Setup
We use a locally collected dysarthric speech dataset, which in-
cludes speech samples from 187 participants with dysarthria,
aged 57-78, and 157 control participants, aged 33-80. It cov-
ers various dysarthria subtypes, including hypokinetic, ataxic,
flaccid-spastic, and non-specific forms. The dysarthric speech
recordings include sentence reading, scene description, phrase
reading, etc. Four speaking styles—habitual, clear, loud, and
slow—were elicited from participants to capture diverse acous-
tic profiles. In total, the dataset contains approximately 110,000
speech samples with a total length of ∼ 200 hours.

The dataset is divided into training, evaluation, and testing
sets in a speaker-independent way, i.e., the samples in three sets
are from three different groups of speakers. The gender of the
speakers is balanced in all three sets. The model is trained with
a training set for 50 epochs, and the hyper-parameters are tuned
with the evaluation set. After the model is tuned, the testing set
is used to report the performance.

The proposed MTL model takes raw speech waveform as
input. The samples have a sample rate of 16 kHz. Amplitude
normalization is applied to normalize the amplitude of the input
waveform between -1 and 1.

3.2. Evaluation Loss Curve Study
We use the evaluation loss curve (classification loss as a func-
tion of epoch number) to show the extent of overfitting in foun-
dation model training. Figure 4 plots the evaluation loss curve
on the evaluation set for the various STL and MTL schemes.

The STL baseline shows severe overfitting, where the evalua-
tion loss shows an increasing trend during training. The use
of standard MTL mitigates the overfitting and slows down the
evaluation loss increase at later epochs but still shows an overall
increase in evaluation loss as the training proceeds.

Figure 4: Evaluation Loss Curve of Different Training Schemes

To evaluate TGP MTL performance, we consider the main
task to be either dysarthria detection or ASR. When using
dysarthria detection as the main task, the evaluation loss shows
a trend similar to the STL baseline. The loss increases and is in
a similar range after 50 epochs of training. In comparison, us-
ing ASR as the main task shows a steady and decreasing trend in
evaluation loss. With more training epochs, the evaluation loss
keeps decreasing and finally converges. This shows that the use
of TGP MTL with ASR as the main task efficiently mitigates
the overfitting of the dysarthria detection task when tuning the
wav2vec 2.0 model.

3.3. Dysarthria Detection Performance on Local Data
First, we test the model with dysarthric speech samples from
a local dataset where the speech samples are from the same
dysarthria speech dataset that is used for training and evalua-
tion. Both dysarthria and control speakers are different from
those used in the training and evaluation sets. The sample-
level accuracy of different training schemes is shown in Table
1. On the local dysarthria speech testing set, STL and Standard
MTL yield comparable performance, indicating that conven-
tional MTL does not significantly contribute to single-task train-
ing for dysarthria detection tasks. TGP MTL with dysarthria
detection as the main task performs the worst among all meth-
ods, suggesting that the use of ASR as the auxiliary task does
not help with the regularization. The model trained using TGP
MTL with ASR as the main task achieves the highest accuracy
of 75.18%, surpassing all other training strategies. Thus, TGP
MTL with ASR as the main task mitigates the overfitting prob-
lem and enhances the model’s ability to capture useful acoustic
characteristics of dysarthric speech.

To evaluate model robustness to disease types, a testing
set that consists of speech samples from Amyotrophic Lateral
Sclerosis (ALS) patients is used. The samples are from the lo-
cal dysarthria speech dataset; however, no dysarthric speech
from patients with ALS was used in the training set. The
ALS speakers in this corpus show more severe dysarthria symp-
toms, and, as a result, all four models show higher accuracy
in dysarthria detection. TGP MTL with ASR as the main task
again demonstrates the highest performance, achieving an accu-
racy of 77.14%. This suggests that TGP MTL with ASR as the
main task helps the model better capture the acoustic features
that correspond to dysarthria and show robustness to the type of
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Data Source Evaluation on Local Data Cross-corpus Testing
Training Dysarthria ALS (etiology not included in training) TORGO UA Speech

STL 67.83% 74.64% 60.68% 60.63%
Standard MTL 66.29% 75.71% 60.73% 61.21%

TGP MTL, detection as main task 64.55% 76.79% 71.54% 63.55%
TGP MTL, ASR as main task 75.18% 77.14% 74.18% 66.70%

Table 1: Performance comparison of different models on local and cross-corpus testing datasets.

disease that causes dysarthria.

3.4. Cross-corpus Evaluation with Public Dysarthria
Speech Datasets
To further validate the model robustness, we evaluate the perfor-
mance of the pre-trained models using two widely used public
dysarthria speech datasets, namely, TORGO dataset [10] and
UA speech datset [9]. Achieving good performance on cross-
corpus evaluation is challenging. It requires the model to cap-
ture dysarthria-related features from speech samples while ig-
noring the differences in recording conditions. For both cor-
pora, the pre-trained model is not tuned with samples from the
target corpus to avoid over-optimistic estimation caused by lim-
ited number of speakers.

The cross-corpus evaluation results on TORGO and UA
Speech datasets show a similar trend as the local data evalua-
tion. STL and Standard MTL models perform notably worse,
with accuracies around 60-61%, highlighting their limitations
in handling cross-corpus variability. TGP MTL with detection
as the main task shows an accuracy of 71.54% on TORGO and
63.55% on UA Speech, suggesting that detection-oriented MTL
provides more robustness compared to standard MTL. Among
all methods, TGP MTL with ASR as the main task achieves the
highest accuracy for both datasets, reaching 74.18% on TORGO
and 66.70% on UA Speech, demonstrating its adaptability to un-
seen dysarthric speech collected from different sources. These
results collectively indicate that ASR-prioritized TGP MTL en-
hances model generalization across different dysarthric speech
corpus. Across all methods, the performance of the UA Speech
dataset is lower. This is likely because the samples from the UA
speech dataset consist of individual keyword recordings from
dysarthria patients. The keywords include digits, radio alphabet
letters, computer commands, and common/uncommon words.
In comparison, all models in this paper are trained with longer
speech recordings that include sentences, keyword combina-
tions, and narrative descriptions. This mismatch likely causes
lower performance. Nevertheless, TGP MTL with ASR as the
main task still shows improvement compared to other baselines.

4. Discussion
The evaluation results show the benefit of using TGP MTL.
The performance difference between the different choices of the
main tasks indicates that choosing the right complementary task
is important in speech foundation model tuning.

Cross-entropy (CE) loss has been widely used in classifi-
cation and detection tasks. It provides strong supervision by
directly optimizing class probabilities, making it highly effec-
tive for classification tasks where precise one-to-one label as-
signments are required. Our results show that even with heavy
regularization (dropout and random masking), the CE loss is
prone to overfitting due to the strong supervision at each train-
ing instance. This makes it easier for models to memorize train-
ing data or focus on confounding features for separation, espe-
cially in low-data or imbalanced scenarios. Unlike sequence-

level losses like CTC, which introduce alignment uncertainty
and distribute learning across multiple valid paths, CE loss en-
forces strict label assignments. Such assignments can lead to
sharper decision boundaries that may not correspond to the tar-
get tasks and reflect other confounding factors in the data that
are correlated with the target labels. As is shown in Figure 4,
when CE loss is applied in STL or standard MTL, the evalua-
tion loss shows an increasing trend, indicating that the learned
decision boundary is not effective for the evaluation set.

Compared to the CE loss, the CTC loss helps prevent over-
fitting by introducing alignment flexibility and sequence-level
supervision, allowing the model to learn from multiple valid
paths rather than memorizing exact input-output mappings.
CTC dynamically aligns input sequences with target outputs,
spreading gradient updates across different possible alignments.
This implicit regularization discourages the model from overfit-
ting to specific training examples, especially in tasks like speech
recognition, where input sequences vary in length and noise is
present. We know a priori that the features learned by the ASR
task are also likely to be useful for dysarthria detection since
articulation imprecision is an important feature in dysarthria.

From the data utilization perspective, the CTC loss utilizes
the full input context rather than focusing on isolated features,
thus achieving better generalization to unseen data. With ASR
as the main task, TGP MTL integrates the effect of CE loss
during training in a less aggressive style. When the two gradi-
ents do not conflict, the ASR gradient is likely to contribute to
both tasks. When the two gradients disagree, the modification
is made on the main task gradient to minimize the negative ef-
fect on the auxiliary task while still aligning with the main task
gradient. In this way, the training makes full use of the ASR
task to prevent overfitting and teaches the model how to distin-
guish between dysarthric speech and normal speech on the side.
This leads to a decreasing and converging evaluation curve, as
is shown in Figure 4.

5. Conclusion
This paper presents an MTL framework with task-specific gra-
dient projections to mitigate overfitting in fine-tuning speech
foundation models for dysarthric speech detection. By utiliz-
ing TGP MTL and making ASR the main task, our approach
achieved significant performance improvement even with a
limited-size dysarthric speech dataset. Experimental results
demonstrate substantial improvements in model generalization
and robustness across both local and cross-corpus datasets. Our
findings emphasize the role of structured multitask training in
optimizing speech foundation models for specialized applica-
tions. Future work includes extending this approach to more
diverse speech disorders and exploring adaptive gradient pro-
jection strategies for dynamic task weighting.
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