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Abstract—In this study, we push the boundaries by evaluating
speech pre-trained models (SPTMs) for classifying physiological
time-series signals (PTSS), an out-of-domain (OOD) task. We test
two key hypotheses: first, that SPTMs can generalize to PTSS
by capturing shared temporal patterns; second, that multilingual
SPTMs will outperform others due to their exposure to greater
variability during pre-training, leading to more robust, generalized
representations. Our experiments, conducted for stress recognition
using ECG (Electrocardiogram), EMG (Electromyography), and
EDA (Electrodermal Activity) signals reveal that models trained
on SPTM-derived representations outperform those trained on
raw PTSS. Among all SPTMs, multilingual SPTMs achieve the
highest accuracy, supporting our hypothesis and demonstrating
their better OOD capabilities. This initial work positions SPTMs
as promising tools for new uncharted domains beyond speech.

I. INTRODUCTION

The dawn of large-scale pre-trained models (PTMs) has
revolutionized machine learning across diverse modalities,
including speech, audio, text, and image. These PTMs, trained
on vast datasets, possess exceptional generalization abilities,
enabling them to perform a wide range of tasks both in-domain
(ID) as well as out-of-domain (OOD). Large language models
(LLMs), despite being pre-trained on text data, have shown
excellent OOD performance in predicting protein phase transi-
tion [1] and speech-based depression detection [2]. Similarly,
researchers have leveraged vision transformers pre-trained on
visual data for speech emotion recognition [3]. Speech PTMs
(SPTMs) primarily trained on large-scale speech datasets have
exhibited cross-task generalization, handling tasks like audio
classification [4], [5], bio-acoustics [6], etc. These successes
highlight the ability of PTMs to extract robust and transferable
features across tasks, even when the data domains significantly
differ. This underscores the emergent capabilities of PTMs to
extend beyond their original training domains, unlocking new
avenues for exploration and application across disciplines.

In this study, we focus on investigating the ability of
SPTMs to perform a specific OOD task: the classification
of physiological time-series signals (PTSS). The classification
of PTSS is particularly challenging due to their inherent noise,
inter-subject variability, and low signal-to-noise ratios [7], [8].
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Previously, researchers in the NLP and vision communities
have explored the usage of text-based PTMs and vision-based
PTMs for PTSS applications [9]-[12]. However, to the best of
our knowledge, no effort has been made to leverage SPTMs
for the classification of PTSS and this study addresses this gap
by exploring whether SPTMs, trained solely on speech data,
can effectively generalize to PTSS. We hypothesize that: (i)
SPTMs can generalize to classify PTSS by leveraging the shared
temporal patterns inherent in both speech and PTSS data, and
(i1) Multilingual SPTMs will perform better than other SPTMs
due to their large-scale pre-training on diverse languages,
equipping them with robust, generalized representations that
enhance their ability to capture complex temporal patterns,
making them more effective.

To test these hypotheses, we consider three different types
of PTSS: ECG (Electrocardiogram), EMG (Electromyography),
and EDA (Electrodermal Activity), to better understand the
OOD generalizability of SPTMs. We conduct experiments on
the WESAD dataset, a benchmark for physiological stress
recognition. We extract representations from the frozen SPTMs
for better understanding of their intrinsic capabilities for
transferability to PTSS classification. We show that downstream
models trained on SPTMs representations outperform models
trained on raw PTSS data. Among the SPTMs, we demonstrate
that multilingual SPTMs achieve the topmost performance.
These results validate the potential of SPTMs to generalize
effectively to non-speech tasks and highlight their utility for
physiological signal applications.

The main contributions are summarized as follows:

o We are, to the best of our knowledge, the first study to
evaluate diverse state-of-the-art (SOTA) SPTMs—WavLM,
Wav2vec2, Unispeech-SAT, x-vector, HuBERT, MMS,
XLS-R, and Whisper—for classifying PTSS such as ECG,
EMG, and EDA for stress recognition.

e Our findings show that SPTMs representations outperform
models trained on raw physiological data. This mirrors
findings in NLP, where LLM representations have shown
competitive performance compared to raw data [9].

o We demonstrate that multilingual SPTMs exhibit the best
performance among all the SOTA SPTMs. This superior
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performance is consistent across the three PTSS (ECG,
EMG, and EDA) under consideration.

II. RELATED WORK

In this section, we briefly explore the application of SPTMs
for tasks beyond speech, followed by an examination of
PTMs from other domains utilized for PTSS tasks. SPTMs
have shown exceptional performance in diverse tasks outside
speech processing. Sarkar et al. [13] investigated various
SOTA SPTMs such as WavLM, Wav2vec?2, etc for classifying
animal callers. Cauzinille et al. [14] evaluated self-supervised
SPTMs for classifying gibbon’s vocal signatures. Turian etl al.
[15] explored various SPTMs representations for achieving
SOTA performance across various acoustic tasks such as
environmental sound classification, music tasks, and so on.
However, the audio tasks, as well as the speech processing
applications, fall under the broader domain of sounds. This
leaves a gap in understanding the performance of SPTMs
for OOD tasks outside the broader sound domain. In our
study, we focus on a challenging OOD task: the classification
of PTSS with diverse applications ranging from affective
computing to healthcare. Researchers from NLP and CV
domains have explored the usage of their domain-specific PTMs
for classifying physiological signals. Hu et al. [10] exploited
LLMs for mental health assessment with EEG signals and
Ishaque et al. [16] leveraged various vision foundation models
such as ResNet, VGG-16, etc for stress recognition from ECG
signals. However, SPTMs haven’t been explored yet for the
classification of PTSS, and in this work, we take the first step
towards this direction by classifying PTSS for stress recognition.

III. SPEECH PRE-TRAINED MODELS

In this section, we provide an overview of the different SOTA
SPTMs considered in our study. We consider diverge range
of SPTMs ranging from those trained for monolingual speech
processing (WavLM, Wav2vec2, Unispeech-SAT, HuBERT),
multilingual (XLS-R, Whisper, MMS) as well as speaker
recognition (x-vector). Such consideration will allow us to
understand the transferability of SPTMs for PTSS data in a
much better manner.

WavLM [17] is a SOTA SPTM on SUPERB that integrates
masked speech prediction and denoising, making it effective for
various speech-processing tasks. It is trained on only english
data. We utilize base! (WavLM-base) and large’ (WavLM-
large) versions with parameters of 94.70 and 316.62 millions
respectively in our experiments. We included large variant as
it shows the topmost performance in SUPERB.

Wav2vec2® [18] is a self-supervised learning model trained
by solving a contrastive task, designed to learn contextualized
speech representations. It was pre-trained on 960 hours of
english librispeech and we utilize base version with 95.04
million parameters.

Uhttps://huggingface.co/microsoft/wavlm-base
Zhttps://huggingface.co/microsoft/wavlm-large
3https://huggingface.co/facebook/wav2vec2-base

UniSpeech-SAT* [19] is also a SOTA SPTM on SUPERB,
pre-trained in a speaker-aware format. It solves a contrastive
learning objective in a multi-task manner. We use the base
version of 94.68 million parameters trained on 960 hours of
librispeech.

HuBERT’ [20] is a self-supervised model that learns from
continuous speech data by iteratively refining clusters through
a masked prediction loss. We use the base version of 94.68
million parameters trained on 960 hours of libirspeech.
x-vector® [21] is a time-delay neural network trained for speaker
recognition and it improves over its previous SOTA i-vector.
It has 4.2 million parameters and trained on combination of
Voxcelebl and Voxceleb2.

XLS-R7 [22]is a cross-lingual version of Wav2vec?2, trained
on 128 languages, with its architecture designed to support
multilingual and cross-domain tasks. We make use of 300
million parameters version in our experiments. Its pre-training
was carried out on datasets such as Commonvoice, BABEL,
Voxpopuli, and so on.

Whisper8 [23] is an encoder-decoder-based multilingual trans-
former model trained on 96 languages. It is a multi-task learning
model and trained in a weakly-supervised manner. We use the
base version with 74 million parameters.

MMS’ [24] is trained on over 1400 languages and is built
upon the Wav2vec2 architecture. The training datasets includes
FLEURS, BABEL, MMS-lab and so on. We use the 1 billion
parameters variant.

We use the frozen SPTMs and extract representations from the
last hidden layer of each SPTM by applying average pooling.
The extracted representation dimensions are: 512 (x-vector,
Whisper), 768 (WavLM, Wav2vec2, UniSpeech-SAT, HuBERT),
1024 (WavLM-large), and 1280 (MMS, XLS-R). Whisper’s
representations were specifically obtained from its encoder,
with the decoder discarded.

AJ\/»—A/\/»—A/\V——» SPTM —'{ Representation ﬂ
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(a) Fully Connected Network (FCN)
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(b) Convolutional Neural Network (CNN)
Fig. 1: Modeling

“https://huggingface.co/microsoft/unispeech-sat-base
Shttps://huggingface.co/facebook/hubert-base-1s960
Shttps://huggingface.co/speechbrain/spkrec-xvect-voxceleb
7https://huggingface.co/facebook/wav2vec2-xls-1-300m
8https://huggingface.co/openai/whisper-base
“https://huggingface.co/facebook/mms- 1b
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\ FCN \ CNN

\ ECG \ EMG \ EDA \ ECG \ EMG \ EDA

\ A \ F1 \ A \ F1 \ A \ F1 \ A \ F1 \ A \ F1 \ A \ F1

Baseline: Raw Signals
\ 58.71 \ 58.68 \ 72.17 \ 54.42 \ 39.38 \ 36.74 \ 75.42 \ 64.18 \ 72.90 \ 62.12 \ 55.26 \ 55.20
SPTM

WavLM-base 81.60 73.42 78.05 69.99 64.26 43.45 81.90 76.39 78.66 71.36 70.29 63.70
WavLM-large 85.00 80.70 73.78 60.89 67.23 42.02 89.78 88.18 76.69 70.97 69.69 55.76
Wav2vec2 80.45 75.59 7517 66.99 68.17 49.99 84.21 81.47 77.24 72.23 71.45 61.67
Unispeech-SAT 76.63 65.07 72.45 54.84 64.99 41.20 79.60 75.89 7573 66.56 69.78 55.23
x-vector 83.42 78.86 75.87 60.33 73.54 55.34 86.78 82.92 75.90 66.24 74.72 63.28
HuBERT 82.93 76.84 75.17 72.57 73.02 55.21 84.51 82.97 79.78 73.57 74.96 63.09
MMS 86.94 83.08 80.18 72.82 75.08 64.54 91.51 89.94 81.39 77.46 79.51 72.23
XLS-R 91.48 89.21 79.63 73.40 74.33 63.06 91.69 90.22 80.21 76.83 78.33 71.96
Whisper 93.42 91.94 85.15 80.90 75.72 67.57 97.85 97.43 87.00 83.92 77.42 68.14

TABLE I: Evaluation Scores: A and F1 represent accuracy and macro-average F1 scores, respectively,
(stress vs. non-stress) with downstream models trained on different SPTMs representations. The scores

2-class classification
average of five-folds

for
are

in %. Colored cells highlight the top three performances per column: 1st, 2nd, 3rd.

| FCN \ CNN

\ ECG \ EMG \ EDA \ ECG \ EMG \ EDA

| A | F* | A | FL | A | F1 | A | F1 | A | F1 | A | R

Baseline: Raw Signals
| 4426 | 3618 | 4032 | 3551 | 3325 | 2102 | 5778 | 4430 | 5805 | 4572 | 4623 | 33.04
SPTM

WavLM 52.89 39.08 44.59 39.03 49.86 27.36 67.02 49.27 58.93 47.86 53.14 38.15
WavLM-large 66.75 48.12 56.05 38.14 53.11 35.31 69.41 50.20 64.35 50.35 56.47 46.32
Wav2vec2 65.91 47.56 62.32 44.17 53.44 36.26 70.63 63.43 63.69 54.28 57.53 47.44
Unispeech-SAT 63.23 44.21 51.53 36.72 46.14 24.55 64.47 56.31 66.18 48.05 53.11 39.37
x-vector 69.11 56.02 59.35 40.08 4532 43.82 76.72 67.60 61.41 53.56 59.62 41.38
HuBERT 66.69 49.63 61.44 46.91 56.08 42.06 67.78 63.35 65.99 53.13 59.84 43.38
MMS 72.42 60.61 64.02 47.35 59.68 44.57 78.27 72.03 68.29 56.32 62.93 49.06
XLS-R 74.96 66.29 66.02 47.39 60.69 45.38 77.81 69.06 66.87 58.18 61.72 50.27
Whisper 81.45 7243 74.84 67.10 60.08 44.89 87.27 85.40 78.60 74.69 63.56 52.38

TABLE II: Evaluation Scores: A and F1 represent accuracy and macro-average F1 scores, respectively, for 3-class classification
(baseline vs. stress vs. amusement) with downstream models (FCN, CNN) trained on different SPTMs representations. The scores
are averages of five-fold in %. Colored cells highlight the top three performances per column: 1st, 2nd, 3rd.

IV. EXPERIMENTAL SETUP
A. Benchmark Dataset

We use the WESAD (Wearable Stress and Affect Detection)
dataset [25], a benchmark dataset widely used for PTSS-based
stress recognition tasks. It consists of PTSS from chest and
wrist-worn sensors, collected from 15 subjects at a 700 Hz

sampling rate. The dataset supports both 2-class (stress vs.

non-stress) and 3-class (baseline vs. stress vs. amusement)
classification tasks. For our experiments, we leverage ECG,
EMG, and EDA signals collected from chest-worn sensors.
Following [26], we segment the data into non-overlapping
windows of 5 seconds with a shift of 2 seconds. Each signal
is resampled to 16 kHz to align with the input requirements of
SPTMs, and these resampled signals are directly passed to the
SPTMs to extract representations for downstream modeling.

B. Downstream Modeling

We kept the downstream modeling simple to investigate
the implicit behavior of SPTMs for classifying PTSS. We

employ CNN (Convolutional Neural Network) and FCN (Fully
Connected Network) as downstream networks and built models
for both 2-class and 3-class classification. The CNN (Figure 1b)
model consists of three 1D convolutional layers with kernel
size of 3, respectively, and 16, 32, and 64 filters for the layers.
Each convolutional layer is followed by max-pooling with a
pool size of 2. Then, we flattened the output and passed it
through an FCN with a dense layer with 128 neurons. We keep
the number of neurons in the output layer depending on the
classification task, i.e., 2 neurons for 2-class classification or 3
neurons for 3-class classification, applying softmax activation
for output probabilities. For the FCN (Figure la), we kept
the same FCN modeling as use in CNN modeling above with
128 neurons dense layer. The trainable parameters of the FCN
models range from 3 to 5 millions, while for the CNN model,
they vary between 4 and 13 millions, depending on the size of
the SPTMs representation.We train the models for 50 epochs
with a batch size of 32, a learning rate of le-3, and use Adam
as the optimizer. We use cross-entropy as the loss function. To
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prevent overfitting, we use dropout and early stopping. For all
our experiments, we use five-fold cross validation for training
and evaluating the models where four folds are utilized for
training and one fold for evaluation.

C. Experimental Results

Table I and II Baseline: Raw Signals presents the performance
of models trained on raw PTSS for 2-class (stress vs. non-stress)
and 3-class classification (baseline vs. stress vs. amusement).
Previous research in PTSS has primarily focused on building
models on raw signals [26], [27], so we consider this approach
as the baseline in our study. We use the same modeling as the
downstream modeling with SPTMs for baselines and follow
the same training paradigm for the baseline models. In both
the 2-class classification and 3-class classification, the CNN
models achieve the best scores across ECG, EMG, and EDA
compared to FCN.

Tables I and IT SPTMs representations presents the evaluation
scores for the 2-class classification task and the 3-class
classification task respectively with SPTM representations. The
scores demonstrate a clear dominance of downstream models
trained on SPTMs representations compared to models trained
on raw data. This supports our first hypothesis that SPTMs
will generalize for classifying PTSS by utilizing the common
temporal patterns inherent to both speech and PTSS data.
This superior performance of SPTMs is consistent across all
the considered models, all PTSS, and both 2-class and 3-
classification tasks. Among WavLM-base and WavLM-large,
we see that WavLM-large outperforms WavLM-base, likely due
to differences in model size: the base version has 94.70 million
parameters, while the large version has 316.62 million. However,
it cannot be conclusively stated that larger models always
yield better representations. For example, the base versions of
UniSpeech-SAT and HuBERT, which are significantly smaller
than WavLM-large, demonstrate superior performance in some
cases and comparable performance in others.

An intriguing observation is the performance of x-vector, which,
despite having only approximately 4.2 million parameters,
outperforms many larger SPTM counterparts. This highlights
that SPTMs designed to capture speaker-specific characteristics
can provide robust cross-domain representations, even with
fewer parameters. Among all the SPTMs in Tables I and
II, multilingual SPTMs consistently outperform other SPTMs,
including monolingual SPTMs like UniSpeech-SAT, WavLM-
base, WavLM-large, and the speaker recognition SPTM x-vector.
This validates our second hypothesis that multilingual SPTMs
will outperform other SPTMs due to their large-scale pre-
training across a wide variety of languages, enabling them to
adapt more effectively to the nuances of physiological signals
and provide more generalized cross-domain representations.
We also analyzed the raw representations extracted from the
last hidden states of the SPTMs using t-SNE for visualization.
The t-SNE plots revealed that multilingual SPTMs exhibited
better clustering of different classes compared to other SPTMs,
further showing their superior cross-domain generalizability and
providing support to our second hypothesis. We also present the

« baseline *  baseline
stress stress
amusement

amusement

amusement

-100 -75 -50 =-25 0 25 50 75 100

(c) WavLM-large (EDA)

-80 -60 -a0 -20 O 20 40 60 80

(d) Wav2vec2 (ECG)

Fig. 2: t-SNE Plots of raw SPTM representations

Chl 1S 8.87 w0

Non-stress
Non-stress

True label
True label

67.13 82487, 30 14.13 [

stress

Non-stress stress
Predicted label

(b) XLS-R (ECG)

Non-stress stress
Predicted label

(a) Whisper (EDA)

Fig. 3: Confusion Matrices of multilingual SPTMs for 2-class
classification

confusion matrices of models trained on Whisper and XLS-R
representations in Figure 3. Among the multilingual SPTMs,
performance varies, with certain SPTM excelling in specific
instances while others lead in different scenarios. This variation
reflects the diverse pretraining paradigms and architectures
employed across the models, which contribute to their unique
strengths.

V. LIMITATIONS AND FUTURE WORK

In this work, we present a initial exploration towards
understanding OOD capabilities of SPTMs for PTSS clas-
sification. In our study, we evaluated SPTMs using only
two downstream networks. However, prior research in speech
processing indicates that SPTMs performance varies across
different architectures [28]. In future work, we aim to explore
a wider range of downstream models. Additionally, we focused
solely on representations from the final layer of the SPTMs.
However, previous research evidence suggests that performance
can fluctuate based on the extracted features from different
layers [29], [30]. We will investigate this dimension in our future

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1727



studies as well. Further, we have focused on stress recognition,
in our future studies, we will include PTSS datasets from other
tasks too. We primarily focus on a single dataset and two
tasks; however, this doesn’t undermine our contribution, which
shows the adaptability of SPTMs for PTSS, as WESAD is a
benchmark dataset for evaluating models for PTSS classification.
In addition, we have experimented with three PTSS to show the
generalizability, and we can observe the complete dominance
of SPTMs over baseline raw data models.

VI. CONCLUSION

In this study, we demonstrate for the first time that SPTMs,
despite being trained solely on speech data, exhibit notable
effectiveness in the OOD task of classifying PTSS for stress
recognition. Our experiments on the WESAD dataset, using
various SOTA SPTMs, reveal that downstream models trained
on SPTMs representations outperform those trained on raw
PTSS. Furthermore, we show that multilingual SPTMs excel
compared to other SPTMs counterparts including monolingual
and speaker recognition. This performance of multlingual
SPTMs can be attributed to its multilingual pre-training that
enhances their robustness and cross-domain generalization.
Our findings open new avenues for research on the OOD
generalization capabilities of SPTMs and underscore their
potential for applications in PTSS and beyond.
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