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ABSTRACT

Sleep staging is essential for quantifying sleep patterns and
diagnosing sleep disorders, but the clinical gold standard,
polysomnography (PSG), is obtrusive, manually scored, and
impractical for large-scale or longitudinal monitoring. Wear-
able devices offer a minimally obtrusive alternative by using
photoplethysmography (PPG) and accelerometry (ACC) for
automated sleep staging, but existing supervised models de-
pend on large-scale PSG-labeled datasets. To address this
limitation, we propose a multimodal self-supervised learning
(SSL) framework that jointly pretrains representations from
PPG and ACC using 23,000 hours of unlabeled data. For
downstream classification, we employ a causal Mamba-based
sequence model that captures long-range temporal depen-
dencies while preserving causal ordering, enabling potential
real-time deployment. On the DREAMT dataset, our method
improves AUROC from 0.59 to 0.72 and Cohen’s κ from
0.06 to 0.30 over fully supervised baselines for four-class
sleep staging, demonstrating improved generalization and
scalability.

Index Terms— Sleep Staging, Wearable Sensors, Self-
supervised Learning, Multimodal Representation Learning

1. INTRODUCTION

Sleep is closely linked to numerous health outcomes, includ-
ing cardiometabolic disease, mood disorders, cognitive de-
cline, and accident risk [1]. An estimated 50–70 million peo-
ple in the United States suffer from chronic sleep disorders
such as insomnia and sleep apnea, underscoring the need for
scalable and continuous sleep assessment [2].

Sleep staging is a central task in sleep assessment, pro-
viding quantitative measures of sleep pattern and support-
ing the diagnosis of sleep disorders [3]. The current clinical
gold standard for sleep staging is overnight polysomnography
(PSG), which records neural and physiological signals in a
specialized laboratory setting and requires manual scoring by
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trained experts [3]. However, PSG is obtrusive, requiring nu-
merous sensors and wires, disrupts habitual sleep, and is im-
practical for routine or longitudinal monitoring in home envi-
ronments [4]. Manual scoring is also labor-intensive and not
scalable, limiting the feasibility of continuous or population-
scale sleep tracking [3].

Wearable devices, such as smartwatches, offer a mini-
mally burdensome alternative for continuous and automated
sleep staging in home settings and have already achieved
widespread adoption [5, 6, 7]. Although they cannot directly
measure brain activity, machine learning models infer sleep
stages using cardiovascular dynamics from photoplethys-
mography (PPG) and movement patterns from accelerometry
(ACC) [5]. Recent studies have shown that supervised models
trained on wearable data can achieve moderate to substantial
agreement with PSG [8, 9]. However, these models depend
on large PSG-aligned datasets for training, which are costly
and labor-intensive to collect. For example, WatchSleepNet
achieved modest agreement with PSG labels on a challeng-
ing wrist-worn PPG dataset, but relied on transfer learning,
pretraining on high-quality electrocardiogram (ECG) signals
and PSG labels from over 7,000 participants [10]. Similarly,
Silva et al. developed a supervised learning model on 1,522
PSG-labeled nights collected from commercial smartwatches
and reported modest agreement with PSG-based staging [8].

To address the reliance on large PSG-annotated datasets,
we propose a multimodal self-supervised learning (SSL)
framework that jointly pretrains representations from PPG
and ACC signals. Although several SSL approaches have
been proposed for sleep staging, most focus on PSG-based
datasets [11, 12] or learn unimodal representations using data
augmentations or masked reconstruction objectives [13, 14].
Leveraging unlabeled data from commercial smartwatches,
our framework learns robust and transferable representa-
tions for both modalities. For downstream classification, the
pretrained representations are fine-tuned on a limited PSG-
labeled dataset for four-class sleep staging using a causal
Mamba-based sequence model. This model that captures
long-range temporal dependencies across an entire night



while preserving causal ordering, making it well-suited for
real-time applications such as closed-loop interventions (e.g.,
adaptive sounds, vibrations, lights, or temperature control
based on detected sleep stage).

Our method outperforms supervised baselines, demon-
strating that multimodal self-supervised learning improves
generalization and robustness when labeled wearable datasets
are relatively small. Combined with the rapid adoption of
wearable devices, this approach shows potential for leverag-
ing massive unlabeled datasets to learn more generalizable
representations and enable scalable, robust, and continuous
sleep staging in real-world settings.

2. METHODOLOGY

2.1. Overall Framework

Our model consists of two key components: (i) modality-
specific 1D convolutional encoders that learn representations
and serve as feature extractors for PPG and ACC signals, and
(ii) a causal Mamba-based classifier for sleep staging. Fig. 1
illustrates the overall framework. The encoders are first pre-
trained using cross-modal contrastive learning on over 23,000
hours of unlabeled PPG and ACC data. The pretrained en-
coders are then combined with a causal Mamba classifier and
fine-tuned with supervised learning on PSG-annotated wear-
able data.

2.2. Pretraining Dataset and Preprocessing

For pretraining, we used 23,000 hours of raw photoplethys-
mography (PPG) and three-axis accelerometry (ACC) data
collected from 566 participants wearing Samsung Galaxy
Watches. The unlabeled dataset includes both sleep and wake
periods. Both signals were sampled at 25 Hz and band-pass
filtered (0.5–12 Hz) to remove DC components and high-
frequency noise. The filtered signals were segmented into
non-overlapping 30-second windows, consistent with con-
ventional PSG sleep staging, and z-score normalized on a
per-segment basis.

2.3. Cross-Modal Contrastive Pretraining

To learn robust representations from PPG and ACC, we adopt
a cross-modal contrastive learning approach that aligns the
embeddings of temporally paired segments from the two
modalities. This design is inspired by recent advances in
multimodal representation learning in vision and health do-
mains [15, 11].

Each 30-sec segment was independently processed by
modality-specific encoders, implemented as ResNet1D-18
networks with 18 1D-convolutional blocks. Before encod-
ing, inputs were projected using a linear layer to perform
random input-projection masking, an augmentation method

introduced in prior work [16]. At each training step, a ran-
dom subset of time steps in the projected features was set
to zero, encouraging the encoders to learn context-invariant
and redundancy-tolerant representations. The encoders out-
put d-dimensional embeddings zPPG

i , zACC
i ∈ Rd for each

segment i.
For a batch of N paired segments, the positive pair is de-

fined as (zPPG
i , zACC

i ), and negatives are all other in-batch
samples. Using cosine similarity sim(·, ·) and a temperature
parameter τ = 0.2, the symmetric InfoNCE loss is:

Lcon = − 1

N

N∑
i=1

[
log

exp(sim(zPPG
i , zACC

i )/τ)∑N
j=1 exp(sim(zPPG

i , zACC
j )/τ)

+ log
exp(sim(zACC

i , zPPG
i )/τ)∑N

j=1 exp(sim(zACC
i , zPPG

j )/τ)

]
.

(1)

This symmetric InfoNCE objective [17] encourages align-
ment between PPG and ACC representations corresponding
to the same temporal window, while pushing apart embed-
dings from different temporal windows or subjects. The de-
sign leverages the shared underlying sleep state as the super-
visory signal, enabling representation learning without PSG
labels.

Pretraining was performed using the Adam optimizer [18]
with a learning rate of 1×10−4, batch size 128. Models were
trained for 20 epochs, with 20 % of the pretraining data re-
served for validation, and the model with the lowest valida-
tion loss was selected for downstream fine-tuning.

2.4. Downstream Classification: Night-Long Mamba

For supervised fine-tuning, the encoder outputs were concate-
nated, linearly projected, and layer-normalized to form fused
per-segment representations. The full-night sequence for each
subject, (z̃1, . . . , z̃T ), was then passed through a one-layer
causal Mamba state-space model. Mamba is a selective state-
space architecture that efficiently captures long-range depen-
dencies with linear-time complexity and constant memory us-
age [19]. Unlike bidirectional recurrent or transformer mod-
els, Mamba operates causally: the prediction at time t de-
pends only on inputs up to t. This property ensures that the
model is compatible with streaming and real-time deploy-
ment.

The Mamba classifier outputs per-segment logits y1:T ∈
RC , where C is the number of sleep stages (Wake, Light,
Deep, REM). We optimized the model using cross-entropy
loss with the Adam optimizer [18], a learning rate of 5×10−5.
Training was run for up to 200 epochs with a patience of 20
epochs, and early stopping was applied based on the best vali-
dation Cohen’s κ score, as this metric measures overall agree-
ment and is less affected by class imbalance. In our experi-



Fig. 1. Overall framework of the proposed approach. (A)
cross-modal contrastive pretraining learns modality-specific
representations from unlabeled PPG and ACC data. (B) the
pretrained encoders are fine-tuned with a causal Mamba clas-
sifier for night-long sleep staging.

ments, Mamba was configured with an input dimension of
256 and a hidden state dimension of 64.

3. EXPERIMENTAL DESIGN

3.1. Evaluation Dataset and Preprocessing

For finetuning and performance evaluation, we used the
DREAMT dataset [20], which is publicly available on Phy-
sioNet [21]. DREAMT contains one-night recordings from
100 participants (55 female) aged 21–86 years (mean: 56.2±
16.6 years), of whom 92 were diagnosed with sleep disorders,
making the dataset more challenging for sleep staging com-
pared to healthy populations. Each subject wore an Empatica
E4 wristband, which provides blood volume pulse (BVP) at
64 Hz, derived from raw PPG using a proprietary algorithm,
and three-axis ACC signals at 32 Hz. Although our pre-
training used raw PPG acquired from green-light exposure,
DREAMT provides BVP signals derived from a combina-
tion of green- and red-light measurements. Because BVP
reflects the same peripheral blood volume changes as PPG
and preserves cardiovascular dynamics such as heart rate
and heart-rate variability, our pretrained representations are
expected to transfer effectively to BVP signals. Simultane-
ous PSG served as the clinical reference and was annotated
into 30-second segments (wake, NREM1, NREM2, NREM3,
REM). For four-class sleep staging, N1 and N2 are merged
into a light-sleep stage, and N3 is treated as deep sleep [22].

Both BVP and ACC signals were band-pass filtered
(0.5–12Hz) with a Butterworth filter, downsampled to 25Hz,

and segmented into non-overlapping 30-second windows
aligned with PSG annotations. This preprocessing yielded
48,695 Light, 2,704 Deep, 8,365 REM, and 18,709 Wake
segments. Each segment was z-score normalized prior to
model input.

3.2. Experimental Setup

We designed several experimental conditions to evaluate the
effectiveness of our framework:

Fully Supervised Baseline vs. Cross-Modal Pretrain-
ing: We compared models trained fully supervised from
scratch on the DREAMT dataset with models pretrained
on large-scale unlabeled PPG–ACC data and then trained
on DREAMT with supervised learning. For the supervised
baseline, both the encoders and the Mamba classifier were
randomly initialized and trained solely on the DREAMT
dataset. For pretrained models, we evaluated two settings: (i)
end-to-end fine-tuning of the entire network and (ii) freezing
the pretrained encoders while training only the causal Mamba
classifier.

Unimodal vs. Multimodal Fine-tuning: Although our
SSL framework jointly learned PPG and ACC representa-
tions during pretraining, we conducted ablations by fine-
tuning models using only the PPG encoder, only the ACC
encoder, and the combined PPG+ACC encoders. This experi-
ment isolates the contribution of each modality and quantifies
the added value of multimodal fusion for downstream sleep
staging.

Sequential Classifier Comparison: We compared the
causal Mamba classifier with other causal sequential models,
including causal temporal convolutional networks (TCN) and
unidirectional LSTM, using identical pretrained encoder out-
puts to ensure a fair comparison. We configured the TCN with
a kernel size of 3, dilation 2, and hidden dimension 256, and
the LSTM with a hidden dimension of 64.

3.3. Evaluation Metrics

Model performance was evaluated using five-fold participant-
independent cross-validation, ensuring no participant overlap
across training, validation, and test splits. Within each fold,
the training set was further divided into training and val-
idation subsets (train:val:test = 60:20:20 participants) and
used for early stopping. Performance metrics were computed
at the segment level and averaged across folds. We report
macro-averaged area under the receiver operating character-
istic curve (AUROC), Cohen’s κ, and weighted F1-score,
which together reflect class-balanced ranking performance,
agreement beyond chance, and class prevalance.



4. RESULTS

4.1. Effect of Cross-Modal Pretraining

Table 1 compares models trained from scratch with those
initialized from cross-modal contrastive pretraining. Train-
ing from scratch on DREAMT achieved limited performance
(AUROC = 0.59, κ = 0.06, Weighted-F1 = 0.52), confirming
that purely supervised learning struggles to generalize from a
relatively small wrist-worn dataset. Cross-modal pretraining
improved downstream performance. Freezing the encoder
and training only the Mamba classifier improved AUROC
by 0.13, κ by 0.22, and Weighted-F1 by 0.10 relative to
training from scratch. End-to-end fine-tuning achieved the
highest performance (AUROC = 0.72, κ = 0.30, Weighted-F1
= 0.62), showing that cross-modal SSL pretraining yields
robust, transferable representations that outperform purely
supervised models.

Table 1. Cross-Modal Pretraining vs. No pretraining. Ef-
fect of cross-modal contrastive pretraining on four-class sleep
staging performance. Best results are in bold.

Model AUROC κ Weighted-F1

No pretraining 0.59 0.06 0.52
Trained only Mamba 0.72 0.28 0.62
Finetuned all layers 0.72 0.30 0.62

4.2. Effect of Multimodal Fine-tuning

Table 2 summarizes the performance of models fine-tuned
using only PPG, only ACC, or both modalities. ACC-only
model achieved the highest performance across all metrics
(AUROC=0.74, κ=0.32, Weighted-F1=0.64), outperforming
both the PPG-only and the PPG+ACC fusion models. We at-
tribute the limited additional gain from PPG+ACC fusion to
two factors: (1) the domain gap between the raw PPG used
for pretraining and the BVP signal used for downstream fine-
tuning, which may reduce the contribution of PPG representa-
tions, and (2) the fact that multimodal pretraining has already
aligned PPG and ACC embeddings, therefore additional fu-
sion during fine-tuning may provide no or only limited per-
formance gains.

Table 2. Unimodal vs. Multimodal Finetuning. Effect of
multimodal fine-tuning on sleep staging performance using
the same pretrained encoders. Best results are in bold.

Model AUROC κ Weighted-F1

PPG only 0.72 0.26 0.59
ACC only 0.74 0.32 0.64
PPG + ACC 0.72 0.30 0.62

4.3. Sequence Classifier Comparison

Table 3 presents results comparing different causal sequence
models applied to identical pretrained encoder outputs. The
Mamba classifier achieved the best overall performance (AU-
ROC = 0.72, κ = 0.30, Weighted-F1 = 0.62), outperform-
ing both the unidirectional LSTM and causal TCN baselines.
These findings suggest that Mamba more effectively captures
long-range temporal dependencies while preserving causality,
making it well-suited for real-time sleep staging applications.

Table 3. Sequential Classifier Comparison. Comparison
of causal sequential classifiers using identical pretrained en-
coders. Best results are in bold.

Model AUROC κ Weighted-F1

TCN 0.68 0.25 0.60
LSTM 0.70 0.29 0.61
Mamba 0.72 0.30 0.62

5. DISCUSSION AND CONCLUSION

While our framework achieves fair agreement with PSG la-
bels for four-class classification (κ ≥ 0.2) [23], its perfor-
mance is comparable to other wearable-based SSL models.
Yuan et al. applied self-supervised pretraining to ACC data
using contrastive learning between original and augmented
signals, achieving κ = 0.39 on their internal validation set
and κ = 0.32 on an external set for three-class classification
(Wake/REM/NREM) [13]. When aggregating our results into
the same three-class setting, we obtained κ = 0.35 for ACC-
only and κ = 0.37 for PPG+ACC. Similarly, Logacjov et al.
used a masked reconstruction objective on ACC signals and
reported a binary wake–sleep AUROC of 0.83 on the same
DREAMT dataset [14]. Our wake–sleep AUROC is 0.83 for
ACC-only and 0.82 for PPG+ACC, confirming comparable
performance. Notably, their pretraining ACC datasets com-
prised around 100,000 and 35,000 participants, respectively,
whereas our results were achieved with fewer subjects, sug-
gesting potential for further gains as larger and more diverse
unlabeled datasets become available.

Although our model employs a causal architecture suit-
able for real-time sleep tracking and closed-loop interven-
tions, we have not yet evaluated on-device performance, and
it is not optimized for memory footprint or inference latency.
Future work will explore model compression and quantiza-
tion techniques to support on-device, real-time deployment.

In summary, our approach shows that multimodal SSL
with PPG and ACC improves generalization for wearable
sleep staging with limited labeled data. As wearable devices
continue to generate vast amounts of continuous data, we
envision that our SSL models will enable accurate, label-
efficient, and scalable sleep staging in real-world settings.
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