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Polysomnography (PSG) provides the gold standard for sleep assessment but suffers from substantial
heterogeneity across recording devices and cohorts. There have been growing efforts to build general-
purpose foundation models (FMs) for sleep physiology, but lack an in-depth understanding of the
pre-training process and scaling patterns that lead to more generalizable sleep FMs. To fill this
gap, we curate a massive corpus of 166,500 hours of sleep recordings from nine public sources and
establish SleepBench, a comprehensive, fully open-source benchmark. Leveraging SleepBench, we
systematically evaluate four families of self-supervised pre-training objectives and uncover three
critical findings: (1) existing FMs fail to generalize to missing channels at inference; (2) channel-
invariant feature learning is essential for pre-training; and (3) scaling sample size, model capacity,
and multi-source data mixture consistently improves downstream performance. With an enhanced
pre-training and scaling recipe, we introduce OSF, a family of sleep FMs that achieves state-of-the-art
performance across nine datasets on diverse sleep and disease prediction tasks. Further analysis of
OSF also reveals intriguing properties in sample efficiency, hierarchical aggregation, and cross-dataset
scaling. Codes are available at: https://github.com/yang-ai-lab/0SF-Open-Sleep-FM.

Code: https://github.com/yang-ai-lab/0SF-0Open-Sleep-FM
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Website: https://yang-ai-lab.github.io/osf

1. Introduction

Sleep is a fundamental physiological process for hu-
man health [36, 39, 41]. Assessing sleep quality [28]
and detecting sleep disorder events [34] often rely
on polysomnography (PSG). PSG typically includes
multiple complementary signals that capture brain
activity, respiratory effort, muscle movement, and car-
diac activity. In practice, these recordings differ across
patient cohorts and devices [16, 19], and the available
channel set is often inconsistent due to differences in
acquisition protocols and occasional channel dropouts.
For example, home studies often lack brain signals
[3, 46], and sensors can become dislodged during the
night. Together, these challenges limit the transfer-
ability of sleep analysis models [45].

Recent foundation models (FMs) [36] have shown
rapid progress in modeling sleep recordings. They
learn generalizable representations via self-supervised
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Figure 1 | Performance comparison across
downstream tasks. OSF consistently
achieves state-of-the-art on downstream
tasks.
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learning (SSL) on large-scale 30-second PSG epochs. These representations support efficient adap-
tation to diverse epoch-level tasks (e.g., sleep staging, arousal detection) and can be aggregated
over time to predict patient-level outcomes. Prior work [36] has primarily focused on contrastive
approaches, where sleep signals are grouped into multiple modalities and their embeddings are
aligned in a shared latent space. While contrastive learning has achieved strong results, the broader
design space for pre-training sleep FMs remains largely under-explored.

In this work, we move beyond reporting gains from a single pre-training recipe and ask what actually
drives transfer in sleep FMs. Existing sleep FMs differ in their pre-training objectives, but it is unclear
which of these choices reliably improve downstream performance across cohorts, devices, and channel
sets. A central question arises:

Which pre-training and scaling design choices truly improve the generalization of sleep FMs, especially
under cohort shift and missing-channel inference?

To answer this question with controlled evaluation, we conduct a systematic study that quantifies how
different pre-training design choices affect downstream performance. We also construct SleepBench,
the largest fully open, multi-source sleep benchmark, aggregated from nine publicly available datasets
with diverse demographics, comprising 166,500 hours of recordings from over 21,000 sleep studies,
and spanning a broad set of PSG channels.

Leveraging SleepBench, we identify three main findings. First, existing sleep FMs are not reliable
under inference-time input incompleteness, showing large performance drops under realistic missing-
channel settings. Second, through a controlled, step-by-step study of pre-training design choices,
we find that learning channel-invariant features is critical for invariance-driven methods to learn
stronger representations. Third, we observe consistent scaling trends in sleep: increasing training
data and model capacity, together with multi-source data mixing, improves downstream performance
across tasks. Guided by these insights, we propose Open Sleep Foundation Model (OSF), a family of
sleep foundation models that achieves state-of-the-art across diverse sleep-related tasks and datasets

(Fig. 1).

Our contribution. In summary, we present a systematic study of how to build generalizable sleep FMs.
We curate a large corpus of 166,500 hours of sleep recordings from nine public sources and establish
SleepBench, a comprehensive, fully open-source benchmark. Leveraging SleepBench, we evaluate
four families of self-supervised pre-training objectives and identify three key findings: @ existing
sleep FMs fail to generalize to missing channels at inference; ® channel-invariant feature learning is
essential for strong pre-training; and @ scaling sample size, model capacity, and multi-source data
mixture consistently improves downstream performance. Guided by these results, we introduce OSF,
a family of sleep FMs trained with an improved pre-training and scaling recipe, achieving state-of-the-
art performance across nine datasets on diverse sleep and disease prediction tasks. Further analysis of
OSF reveals strong sample efficiency, effective hierarchical aggregation, and consistent scaling across
datasets.

2. Fully Open Sleep Benchmarking at Scale

Our benchmark aggregates nine publicly available datasets hosted by the National Sleep Research
Resource (NSRR) [46]: SHHS [29], NCHSDB [18], CFS [32], CCSHS [33], WSC [42], MROS [4],
MESA [7], CHAT [22], and SOF [35]. In total, it contains 166,500 hours of PSG recordings spanning
more than 21,000 nights. We further partition the data into an in-domain cohort for pre-training and
an external cohort for out-of-domain (OOD) evaluation. Each cohort is split into training, validation,
and test sets. All samples in the external cohort are held out from pre-training and used only for
downstream evaluation. For the in-domain cohort, we use the training split for pre-training and also
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for downstream fine-tuning in the in-domain setting. Detailed statistics across cohorts, datasets, and
splits are provided in Appendix B.1.

We focus on a shared subset of channels that is

available across most cohorts. Specifically, we uti- 24%
lize a standardized 12-channel montage grouped by bretrain (In-Domain)
physiological modality: @ Brain (EEG/EOG): C3-A2, SHHS (61K
C4-A1, E1-A2, E2-A1, @ Respiration: Abdominal, NGHSDB (30l
Thorax, Nasal Pressure, Snore, ® Cardiac: ECG, :::,:::L)
and ® Somatic: EMG-Chin, EMG-LLeg, EMG-RLeg. De- W cFs (2
tailed settings and preprocessing steps are provided Out-of-Domain
in Appendlx B.3. MROS (31k)

1.5% MESA (13k)
We process each night’s recording with a standard- 24% CHAT (5K)

SOF (3k)

ized pipeline to reduce cross-dataset heterogeneity.
We first perform manual quality control to trim pro-
longed wake periods at the beginning and end of Figure 2 | Distribution of our established
the night, removing extreme artifacts from sensor = SleepBench.

setup and removal. Next, we apply per-night z-score

normalization to each channel. For respiratory channels, we additionally apply area-dependent
z-score normalization to reduce amplitude drift and improve cross-night consistency.

We follow prior work and segment each night into non-overlapping 30-second epochs, yielding
roughly 20 million epochs for self-supervised pre-training. For segmented samples, we resample
all channels to 64 Hz and zero-pad missing channels. Epoch-level statistics are provided in Table
17. To the best of our knowledge, this corpus constitutes the largest fully public benchmark for
pre-training and evaluating sleep foundation models across diverse channel types. We compare our
SleepBench other published benchmarks in Appendix B.1. With large-scale sleep data spanning
diverse cohorts, SleepBench enables controlled benchmarking of different pre-training methods on
sleep data, and supports systematic studies of how performance scales with pre-training sample size
and how multi-source data blending affects generalization.

We acknowledge ongoing community efforts to harmonize public sleep datasets. Rather than treating
SleepBench as a standalone contribution, we view it as a methodological infrastructure that enables
controlled multi-source pre-training and evaluation under a unified setting. We will open-source
the codebase and processing pipeline, and maintain SleepBench as a living resource that can be
expanded with additional PSG datasets and community contributions.

3. On Pre-training Sleep FM

In this section, we study practical design choices for self-supervised pre-training of sleep foundation
models. Following [36], we conduct pre-training and downstream evaluation on 30-second epochs
segmented from full-night recordings.

3.1. Generalization Breaks Under Missing-Channel Inference

We first assess whether existing sleep FMs can cope with real-world deployment challenges. Real-
world sleep recordings exhibit heterogeneous channel availability across cohorts, devices, and study
protocols, such that channels present in the pre-training corpus may be absent at test time. For
instance, home-based recordings [10] sometimes do not collect EEG and EOG channels, whereas
EEG-centric sleep architecture studies [11] may not include breathing signals. This input mismatch
motivates a key research question: Do current sleep FMs generalize under missing-channel settings?
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Figure 3 | Inference with full versus miss- Figure 4 | Illustration of considered augmentations.
ing channels. Existing sleep FM fails to We consider time-wise masking and channel masking
generalize to missing channel samples. strategies.

To this end, we simulate realistic missing-channel cases by zero-masking a subset of channels at
inference time. We group the 12 channels into three groups: (1) brain activity channels, (EEG and
EOG), which provide key cues for sleep staging; (2) respiratory channels, including breathing effort
and airflow waveforms that characterize respiratory physiology; and (3) all remaining channels (ECG
and EMG). We focus on two realistic settings: in-home studies that do not provide brain signals, and
micro-event studies where breathing channels are not collected.

We evaluate current sleep FMs under full-channel input and the two missing-channel settings described
above. As shown in Fig. 3, removing brain activity channels leads to a substantial drop in sleep staging
performance. Similarly, when respiratory channels are removed, hypopnea detection performance
degrades significantly. These results match clinical intuition: hypopnea is driven by respiration, and
sleep staging depends primarily on brain signals.

Finding 1: Existing sleep FMs fail to generalize under missing-channel inference, motivating
pre-training designs that explicitly handle channel incompleteness.

3.2. Channel-Invariant Pre-training Improves Robustness and Transfer

The failures of existing sleep FMs under

missing-channel inference suggest that pre- Table 1 | Comparisons of different masking strategies.
training should encourage the model to learn ~ Channel masking consistently improves downstream per-
representations that are invariant to the formance, and combining time and channel masking
available channel subset. yields the best results across pre-training methods.

To test this hypothesis, we perform a
controlled, step-by-step study using Sim-  Model
CLR [6]while varying its augmentation

Mask Strategy  Sleep Staging Hypopnea
Time Channel AUC' AUPRC' AUC' AUPRC'

strategy. We focus on SimCLR because it v X 814 568 584 531
learns by aligning two augmented views =~ S™MCLR X / 948 843 733  59.2
of the same input, and its objective is i ’ %67 8.0 756 609
largely shaped by the augmentation design. / X 936  8l4 727 595

e . . DINO X v 96.4 87.9 77.1 61.4
Specifically, following prior work on self- v v 973 904 777  62.2

supervised learning for time series [20],
we use time-wise block masking as the de-
fault augmentation. We compare it against an enhanced strategy that additionally masks a randomly
selected subset of input channels.

The augmentation strategies are illustrated in Fig. 4. For block masking, given an input x € RE*T
with C channels and sequence length 7', we apply masking independently to each channel. For each
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channel, we sample a masking ratio r € 0.3,0.6 and a start index p ~ U{0,..., |1 —rT]}, and set the
contiguous segment p, p |rT'] to zero. For channel masking, we randomly drop 50% of the channels
by setting all time steps in the selected channels to zero.

As shown in Table 1, SImCLR pre-trained with channel masking consistently outperforms the default
time-only masking by a large margin across multiple downstream tasks. To isolate the contribution of
channel masking, we further train a SimCLR variant that uses only channel masking, while keeping all
other hyperparameters and masking ratios the same. Table 1 confirms that this channel-only variant
still significantly outperforms the default setting, suggesting that SimCLR learns more robust features
when the two views differ in channel availability.

To test whether this effect extends beyond contrastive learning, we conduct an analogous controlled
study with DINO [26], a distillation-based method. As shown in Table 1, we observe a similar pattern:
although DINO performs strongly with time masking alone, adding channel masking yields a clear
improvement. Based on these results, we summarize our second finding as follows:

Finding 2: Explicitly encouraging channel-invariant feature learning during pre-training improves
robustness and downstream transfer, particularly for contrastive and distillation-based methods.

3.3. Scaling Laws Emerge in Sleep FM Pre-training

Recent sleep FMs are pre-trained on millions of

30-second epochs, yet it remains unclear whether Sleep Staging (MROS) Sleep Staging (SHHS)
current designs continue to improve as we scale up :: ) -®
the amount of pre-training data. We therefore ask - .
whether sleep FM performance improves consistently 8 o, g
as the pre-training sample size increases. e 2

s 77 ~~~ OSF (Ours) ~~~ OSF (Ours)
We start by pre-training the prior sleep FM [36] ol SleepFM SleepFM
on our pre-training cohort, matching the origi- o e e

nal parameter budget. As shown in Fig. 5, sleep

staging performance on SHHS improves when in-  Figure 5 | Comparison of scaling behavior. Cur-
creasing the pre-training data from 1% to 10%  rent sleep FM is less scalable. In contrast, OSF
of the corpus, but shows little or no gain when better utilizes training data.

further scaling from 10% to 100%. We observe a

similar saturation trend on MROS. These results suggest that the baseline pre-training design may
not fully benefit from large-scale sleep data. We then repeat the same data-scaling study using the
pre-training recipe identified in Sec. 3.2, while keeping the model size fixed. As shown in Fig. 5,
performance improves consistently as we scale up the pre-training sample size, indicating that data
scaling can hold for sleep FM pre-training with appropriate SSL designs.

We further analyze scaling and multi-source data mixture in more detail. We find that (1) consistent
gains can be observed when scaling both sample size and model size, and (2) increasing data diversity
via multi-source blending improves generalization relative to training on a single source. Results are
presented in Sec. 5. Taken together, these results motivate our final pre-training recipe: we scale
model capacity and pre-train on large-scale, multi-source data, while explicitly encouraging the model
to learn channel-invariant representations.

Finding 3: Baseline sleep FMs can saturate as pre-training data grows; with channel-invariant
SSL, performance scales more consistently with larger data size, larger models, and multi-source
data mixtures.
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Table 2 | Sleep staging and sleep event detection. OSF achieves the best overall performance among
all compared methods. We report macro-AUC and macro-AUPRC.

Method Sleep Staging Arousal Hypopnea Ox. Desat. Central Apnea
Auct AUPRCT Auc' AUPRCT Auc" AUPRCT AuC" AUPRC' AUC' AUPRC'
Supervised:
ViIT [9] 96.9 89.9 88.4 83.0 81.3 66.2 81.8 81.6 97.3 70.5
Linear Probing:
SLEEPFM [36] 96.4 877 903 849 755 606 809 803 967  70.3
SiMCLR [6] 81.4 56.8 73.6 67.8 58.4 53.1 66.8 65.0 79.4 53.6
DINO [26] 93.6 81.4 82.2 75.7 72.7 59.5 78.6 78.2 96.1 66.8
VQ-VAE [37] 95.8 86.7 86.2 80.3 75.0 60.8 79.8 79.5 96.7 68.8
MAE [12] 965 887 89.7 843 776 619 812 808 973 717
AUTOREGRESSION [30] 96.0 87.6 87.8 81.9 72.1 58.9 79.0 78.5 95.2 65.7
OSF 97.3 90.4 92.8 88.3 77.7 62.2 81.5 81.0 97.3 70.7
Full Fine-tuning:
SLEEPFM [36] 97.0 895 937 89.6 850 69.0 828 824 977 710
SiMCLR [6] 95.2 85.5 84.0 77.4 65.9 56.2 80.5 80.1 96.8 69.3
DINO [26] 97.0 90.2 92.3 88.0 84.5 68.9 82.6 82.3 97.9 75.2
VQ-VAE [37] 974 90.8 93.5 89.5 81.8 65.8 82.4 82.1 98.0 75.2
MAE [12] 97.3 90.6 93.3 89.3 85.1 69.3 83.3 83.0 98.1 76.0
AUTOREGRESSION [30] 97.1 90.0 93.0 88.9 84.6 68.9 82.8 82.4 97.9 75.6
OSF 97.9 92.0 94.6 91.0 85.0 69.2 83.5 83.1 98.1 75.5

4. OSF: Open Sleep Foundation Models

4.1. Experimental Setup

Pre-training Setup. To rigorously benchmark self-supervised pre-training methods on sleep data,
in addition to SleepFM [36], we adapt four representative method families: @ Contrastive Learning:
SimCLR [6]; @ Reconstruction-based Method: MAE [12] and VQ-VAE [37]; ® Autoregressive Modeling:
Autoregression [30]; and @ Self-Distillation: DINO [26]. In our implementation, we use DINO as the
base method and incorporate our pre-training recipes, yielding OSF. Unless otherwise specified, all
methods reported in the main tables use a Transformer [9] encoder with 85M parameters. All models
are pre-trained on the same split of the pre-training cohorts in SleepBench for up to 30 epochs, with
early stopping upon convergence. We use AdamW [21] with linear warmup (10% of total steps)
followed by cosine annealing, and we tune the learning rate and batch size for each method.

Evaluation Setup. For main experiments, we evaluate pre-trained models across five epoch-level tasks
and three patient-level disease prediction tasks. The epoch-level tasks include (1) 4-class sleep staging,
and (2) four binary sleep-event detection tasks: Arousal, Hypopnea, Oxygen Desaturation (Ox. Desat.),
and Central Apnea. We also evaluate three patient-level disease classifications: Coronary Disease,
Diabetes, and Hypertension. We report AUROC and AUPRC due to label imbalance. For epoch-level
tasks, we consider three transfer protocols: (1) linear probing, (2) full fine-tuning, and (3) few-shot
adaptation. For disease classification, we segment each recording into 30-second epochs, extract an
embedding for each epoch using the pre-trained encoder, and then aggregate epoch embeddings
for patient-level prediction. We use MROS as the primary OOD evaluation cohort and SHHS as the
primary in-domain cohort. Unless otherwise specified, we report results on MROS in the main text.
All pre-training and evaluation configurations, as well as implementation details, are provided in
Appendix A.
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Table 3 | Linear probing sleep staging across diverse cohorts. OSF achieves the best performance
across all datasets.

Method CCSHS CFs NCHSDB WSC CHAT MESA SOF
AUC' AUPRC' AUC' AUPRC' AUCT AUPRC' AUC' AUPRC' | AUCT AUPRC' AUC' AUPRC' AUC' AUPRCT
In-Domain Datasets Out-of-Domain Datasets

SLeepFM 97.8 949 974 934 952 89.0 977 892 [ 978 951 946 828 962  89.7

SiMCLR 845 654 837 645 803 565 842 563 | 879 702 738 466 795 564

DINO 956 889 959 894 912 788 962 853 | 965 907 894 715 943 850

VQ-VAE 974 936 971 925 938 852 972 881 |976 938 93.0 790 950 863

MAE 97.7 948 974 935 950 883 977 891 | 979 949 923 784 958 888

AR 97.6 944 973 932 947 874 976 893 | 978 945 904 737 957 886

OSF 98.6 967 979 949 958 90.1 981 906 | 984 962 959 857 970 91.8

% Arousal 100 Sleep Staging Hypopnea

85 SleepFM MAE 5

80 SimCLR AR 90

DINO OSF

75 VQVAE 80 %
870 8 8
x 4 X 55
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Figure 6 | Few-shot adaptation to downstream tasks. OSF achieves the best performance across all
tasks at every shot count.

4.2. Main Results

OSF achieves state-of-the-art on sleep analysis tasks. We evaluate linear-probing performance
for sleep staging across all cohorts in SleepBench. As shown in Table 3, OSF achieves the best
performance across all cohorts. We further evaluate models on four sleep event detection tasks. On
MROS, Table 2 shows that OSF achieves state-of-the-art performance on both sleep staging and event
detection under linear probing and fine-tuning. We observe similar trends on SHHS (Appendix C.1).

OSF adapts better in few-shot settings. To
measure adaptation under limited supervision,
we evaluate all models in a few-shot setting on
the out-of-domain MROS cohort. We consider
K € {1,5,50} labeled examples per class, train
a linear classifier on the K-shot training subset,
and evaluate on the same held-out test set. As
shown in Fig. 6, OSF consistently outperforms
all other methods across three sleep analysis
tasks for all shot budgets. Detailed results are
provided in Appendix C.1.

OSF SleepFM

N1/N2 ® wake

o N3

REM

OSF outperforms physiological-signal-specific
pre-training methods. We further compare
OSF with five recent domain-specific baselines:
TS2Vec [44], ST-MEM [24], LSM-2 [38], Ped-
SleepMAE [27], and SleepGPT [14]. We pre-
train PedSleepMAE on SleepBench, evaluate SleepGPT from its released checkpoint, and adapt the
remaining methods to our benchmark. Table 4 verifies that OSF achieves the strongest performance
across all downstream tasks on MROS in this comparison. More results are in the Appendix C.1.

Figure 7 | UMAP visualization of learned repre-
sentations. OSF produces more stage-separable
clusters, indicating stronger alignment between the
embedding geometry and sleep stage structure.
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OSF learns clinically useful features for dis- Taple 4 | Comparison with domain-specific pre-
ease prediction. We evaluate patient-level dis-  training methods. OSF outperforms baselines tai-
ease prediction on MROS using the same em- |gred for physiological signals.

bedding aggregation for all pre-trained models.

As shown in Table 5, representations learned by ~ Method Sleep Staging Hypopnea
OSF transfer better to unseen data and consis- AUC' AUPRCT AUCT AUPRC'
tently outperform SleepFM [36]. TS2VEC [44] 869 673 619 545
. ST-MEM [24] 96.1  87.5 75.4  60.0
The embedding space of OSF shows a more LSM-2 [38] 958  86.7 74.6 60.1
structured pattern. We further study what PEDSLEEPMAE [27] 840  59.0 59.4 53.4
. . SLEEPGPT [14] 95.4 85.7 65.1 55.7
properties of the learned representation space R e ueoac

may contribute to the strong performance of
OSF. We visualize embeddings from OSF and
SleepFM [36] using UMAP [23] on the SHHS pre-training cohort. Embeddings from OSF form
clearer clusters aligned with sleep stage labels, while embeddings from SleepFM [36] appear less
structured. This suggests that OSF learns more separable representations, which may help downstream
adaptation.

Overall, OSF provides a practical recipe for building sleep FMs and achieves strong performance,
improved sample efficiency, and effective hierarchical aggregation.

5. On Scaling Sleep FM

In this section, we study how multi-source data
mixtures affect downstream performance, and Table 5 | Disease prediction results. OSF achieves
we examine the scaling behavior of sleep FM  the best overall performance.

pre-training with respect to sample size and

model capacity. Model Coronary Dis. Diabetes Hypertension
AUCT AUPRC' AUC' AUPRC' AUC!' AUPRC'

Does multi-source data mixture help pre- END2END VIT 61.4  60.1 55.8 525 57.7 57.4

training? Prior work often pre-trains sleep g v 665 655 621 549 625 614
FMs on multi-source corpora. However, cohorts ~ SmCLR 604 600 604 548 588  57.9
differ ; it tocols and lati DINO 580 573 601 543 582  56.1
iffer in acquisition protocols and population  yoyag 655 44 618 546 621 597
characteristics, and mixing datasets introduces  MAE 654 656 576 535 644  63.9
AR 665 653 595 544 646  63.2

distribution shift. To examine whether multi-
source data mixture helps pre-training, we train
two variants of OSF: one pre-trained on SHHS
only and the other pre-trained on the full multi-cohort corpus. As shown in Fig. 8, multi-source
pre-training yields consistent improvements across all tasks on the out-of-domain MROS dataset.
Moreover, when we vary the pre-training sample size and train both single-source and multi-source
variants under identical settings, multi-source pre-training consistently outperforms single-source
pre-training. Additional results are provided in Appendix D.2.

OSF 68.1 67.4 62.3 56.3 66.3 66.1

Takeaway 1: Multi-source pre-training improves generalization by increasing data diversity.

Does scaling model size help pre-training on sleep data? To answer this question, we pre-train OSF
with ViT encoders of increasing capacity, ranging from 1M and 5M to 85M parameters, and evaluate
them via linear probing on hypopnea detection. As shown in Fig. 9, larger models consistently achieve
better performance. We observe a similar trend for sleep staging (Appendix D). These results suggest
that, given the richness and diversity of epoch-level sleep signals, increasing model capacity does not
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Figure 8 | Single-source vs. multi-source pre- Figure 9 | Scaling behavior. Linear probing results
training. Multi-source pre-training yields con- on hypopnea detection show that OSF improves with
sistently better downstream performance. both model capacity and pre-training sample size.

lead to obvious overfitting in our setting and translates into stronger transferable representations.
Additional details are provided in Appendix D.1.

Does scaling sample size help pre-training on

sleep data? Beyond the results in Sec. 3, we fur- Table 6 | Robustness of pre-training with fewer
ther test data scaling for OSF on harder settings  channels. We pre-train both models using only
and larger model sizes. Specifically, we pre-train ~ ECG and respiratory signals and evaluate down-
OSF with ViT-1M, 5M, and 85M encoders using  stream performance. OSF makes better use of this
1%, 10%, and 100% of the multi-source cor- limited channel set.

pus, and evaluate via linear probing on MROS.
As shown in Fig. 9, hypopnea detection perfor-  Method Hypopnea Ox. Desat.
mance improves consistently as the pre-training Auct AUPRCT Auct AUPRC'
sample size increases. This indicates that pre-
training performance scales positively with data SLEEPFM  71.3 58.6 79.7 78.9
size in our setting. Results on additional tasks OSF 77.6 62.4 80.8 80.1
and cohorts are provided in Appendix D.1.

Takeaway 2: Scaling laws emerge in sleep data; jointly scaling model and data size yields the
strongest gains.

6. Discussion and Analysis

6.1. On Pre-training and Inference with Incomplete Channels

Evaluation under missing-channel inference. We evaluate pre-trained models under realistic
missing-channel settings. Motivated by real-world deployment scenes, we consider four common
study configurations: @ head-band device only [2]; @ sleep disorder studies [10]; ® sleep micro-
event studies [11]; and @ in-home studies [31] that provide breathing signals only. We report
linear probing results on sleep analysis tasks on MROS. As shown in Table 7, OSF consistently
outperforms SleepFM across these missing-channel settings. Specifically, (1) OSF makes better use
of the available channels. With brain-activity channels only, it achieves stronger sleep staging and
arousal detection, suggesting stronger brain-related representations. Similarly, with respiratory
channels only, it achieves stronger performance on hypopnea and oxygen desaturation. (2) OSF is
more robust when key modalities are missing. When respiratory signals are removed, both methods
degrade on hypopnea and oxygen desaturation, but OSF remains consistently better. Conversely,
when brain-related channels are unavailable, sleep staging becomes much harder for both models;
nevertheless, OSF better uses the remaining channels and yields stronger performance.
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Table 7 | Linear probing results under realistic missing-channel settings. OSF is more robust to
missing channels.

Sleep Staging Arousal Hypopnea Ox. Desat.

Realistic Settings Ref. Brain Resp. ECG Method
uc’ AUPRCT  AuC' AUPRCT  AuUCT AUPRCT  AuC" AUPRC'

Head-Band Data v X X SLEEPFM 96.6 88.7 90.8 85.5 67.5 56.7 69.9 68.9
[2] OSF 97.2 (+0.6) 90.0 (+1.3) 92.2 (+1.4) 87.6 (+2.1) 68.8 (+1.3) 57.1(+0.4) 70.7 (+0.8) 69.9 (+1.0)
Sleep Disorder Study X v v SLEEPFM 86.7 64.9 85.8 79.8 75.7 60.8 80.9 80.1
[10] OSF 86.8 (+0.1) 65.3 (+0.4) 86.4 (+0.6) 80.5 (+0.7) 77.6 (+1.9) 62.2 (+1.4) 81.1 (+0.2) 80.4 (+0.3)
Sleep Micro-Event. Study v X v SLEEPFM 96.2 87.2 89.5 83.7 67.7 56.7 72.5 71.8
[11] OSF 97.1 (+0.9) 89.9 (+2.7) 92.3 (+2.8) 87.5(+3.8) 68.7 (+1.0) 57.1(+0.4) 71.6 (-0.9) 70.7 (-1.1)
In-Home Study X v X SLEEPFM 86.7 65.2 85.7 79.7 77.4 62.0 81.1 80.5
[31] OSF 87.4 (+0.7) 65.9 (+0.7) 86.6 (+0.9) 80.8 (+1.1) 81.0 (+3.6) 65.1 (+3.1) 81.9 (+0.8) 81.3 (+0.8)

Evaluation under more types of channel cor-  Table 8 | Inference with different types of chan-
ruption. To further evaluate robustness beyond  nel corruption. OSF demonstrates stronger robust-

missing-channel settings, we consider two addi- ness across practical channel corruption scenarios.
tional corruption scenarios applied to non-brain-
related channels: noise interference and tempo- Setting Method
ral channel detachment. We show linear prob-
ing results on MROS dataset in Table 8, OSF Random Noise ~ SLEEPFM 961 871  73.1  59.7
. . . OSF 97.1 900 69.4 575
achieves the best performance in most settings
; . SteepFM 961  87.0  69.1  57.5
and tasks, suggesting that its robustness extends Temporal Detach oo 973 904 762 612
beyond channel removal to other practically rel-
evant forms of channel corruption. The advantage is particularly clear under temporal detachment,

which is consistent with our use of channel masking and time-wise masking during pre-training.

Sleep Staging Hypopnea
AUC" AUPRC'T AuC' AUPRC'

Pre-training with fewer channels. Brain-related channels provide strong cues for many sleep analysis
tasks, but they are inconvenient for patients to collect. We therefore study a practical pre-training
setup that uses only ECG and respiratory channels [10]. We evaluate on hypopnea and oxygen
desaturation, since these tasks are primarily driven by respiratory and cardiac physiology. As shown
in Table 6, OSF makes better use of the available channels and consistently outperforms SleepFM by
a large margin on both hypopnea and oxygen desaturation.

Overall, OSF better addresses practical constraints in inference and pre-training with incomplete
channels. However, a meaningful performance gap remains when task-critical channels are absent.
We encourage future work to further improve robustness under channel missingness.

6.2. Ablation on Design Variations

How to aggregate epoch-level embeddings
for patient-level tasks? Patient-level dis- Table 9 | Comparisons of different embedding ag-
ease prediction requires aggregating epoch- gregation methods. Top-k selection consistently out-
level representations into a single patient- performs mean pooling for patient-level prediction.

level feature. Given a full-night recording,
we segment it into N non-overlapping 30-  Aggregation
second epochs, feed each epoch into the pre-

Coronary Dis. Diabetes Hypertension

AUCT AUPRC' AUC' AUPRC' AUC' AUPRC'

trained d d obtai £ AvG PooL 65.4 64.6 60.0 55.4 64.2 64.1
rained encoder, and obtain a sequence o LSTM 63.5 63.0 599 559  61.8  60.9
embeddings {zi}if\il where z; € RP. Prior MIL [15] 66.1 655 586 537 623  6l.4

Top-k SELECTION 66.8 66.3 62.8 56.3 64.1 63.5

work [36] typically uses simple pooling or
a learnable temporal aggregator (e.g., an
LSTM [13]) to summarize this sequence. However, downstream datasets often contain only a
limited number of patient-level recordings, which can increase the risk of overfitting. This motivates
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us to test whether a learnable aggregation module is necessary.

We hypothesize that disease-related signals concentrate in specific sleep periods, and thus simple
average pooling may be suboptimal for aggregating epoch embeddings. To test this idea, we evaluate
multiple-instance learning (MIL) [15] and an LSTM-based aggregator. We also test a selection module
trained with straight-through estimation to select and average the top-k disease-relevant epoch
embeddings. We apply each method to embeddings extracted from multiple pre-trained models and
average performance across models. As shown in Table 9, top-k selection outperforms mean pooling
overall.

Takeaway 3: Patient-level prediction benefits from better joint modeling of epoch-level embedding.

Vision-style augmentations transfer to sleep
data, but are not necessary for strong perfor- Table 10 | Comparison of augmentation strate-
mance. To test whether standard vision aug- gies. ~We report linear-probing performance
mentations (e.g., cropping) can be adapted to  (AUCT). Standard vision augmentations offer lim-
sleep data, we implement temporal cropping ited additional benefit beyond channel masking.

by randomly selecting a contiguous segment of
each input signal, where the crop ratio r is sam-

Crop Time Channel ‘ Sleep Staging Arousal Hypopnea Ox. Desat.

. . v X X 95.4 85.7 77.2 80.6

pled uniformly from 0.25,0.75. We pre-train x X v 96.4 90.5 77.1 80.3
. : : 4 v 4 96.6 89.3 77.3 81.0

models under the same configuration using (1) X - 42 e i e

crop-only augmentation and (2) cropping com-
bined with our channel-masking augmentation. As shown in Table 10, cropping alone yields reasonable
performance but remains worse than channel masking alone. Moreover, adding cropping on top of our
augmentation does not yield consistent gains. These results suggest that additional augmentations
can help in some cases, but are not required to obtain strong performance in our setting.

Ablation on channel masking ratio. We further
ablate the channel masking ratio by pre-training Table 11 | Ablation on channel masking ratios.
two additional variants with masking ratios of A moderate masking ratio works the best.

0.1 and 0.9, while keeping all other settings un-
changed. As shown in Table 11, the default ratio Masking Ratio

Sleep Staging Hypopnea

of 0.5 achieves the best overall linear probing AUCT  AUPRC" AUCT AUPRC'
performance across tasks, suggesting that moder- 01 059 872 774 615
ate masking better balances pretext-task difficulty 0.5 973 904 777 622
and input preservation for downstream transfer. 0.9 95.3 85.9 75.0 60.3

More results are in Appendix E.

7. Related Work

Physiological Foundation Models. Foundation models (FMs) have emerged as a strong approach
for analyzing physiological time-series data [14, 39, 43]. Building on this line of work, [36] propose
SleepFM for sleep physiology, showing strong transfer performance on downstream tasks such as
sleep staging and disease prediction. SleepFM partitions channels into modality groups and applies
contrastive objectives to align their embeddings. Despite these advances, the sleep domain still lacks a
clear understanding of which pre-training design choices drive strong representations, and it remains
unclear whether scaling trends reported for other physiological FMs [25, 47] reliably hold for sleep
data. Our work fills this gap by establishing a fully open multi-source benchmark SleepBench and
conducting a controlled study of pre-training objectives and scaling behavior for sleep foundation
models.
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Self-Supervised Learning. Self-supervised learning is widely used to build FMs across domains.
Invariance-based methods, including contrastive learning [6, 40] and self-distillation [26], have
achieved strong results, while reconstruction-based methods such as MAE [12] and VQ-VAE [37] are
also effective. In language and time-series modeling, autoregressive pre-training has been especially
successful [1, 8, 30]. However, existing sleep-focused studies cover only a subset of this design space
[27, 36] and lack a unified framework for evaluating and comparing methods. As a result, the field
still lacks a systematic analysis of how pre-training design choices affect downstream performance
for sleep FMs. In contrast, we benchmark representative objectives from these SSL families under a
unified protocol and derive practical design guidelines for scalable sleep FM pre-training.

8. Conclusion

In this paper, we present a systematic study of key design choices for building sleep FMs through
controlled experiments on a fully open, multi-source corpus. Through open benchmarking, we identify
three main findings and establish best practices for pre-training sleep FMs. Guided by these insights,
we scale both pre-training data and model capacity, explicitly encourage channel-invariant feature
learning, and develop the OSF family of sleep FMs, which consistently outperforms existing models.
Extensive evaluations across nine datasets and eight downstream tasks demonstrate the effectiveness,
robustness, and intriguing behaviors of OSF.
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A. Implementation Details

A.1. Detailed Pre-training Setups

In this section, we provide implementation details of our pre-training configurations for both the bench-
marked baselines and our method. For our explorations, we aim to directly adapt well-established
self-supervised pre-training methods, and benchmark their performance on the sleep data. In addition
to the existing pre-training method SleepFM [36], we have considered four representative families of
SSL objectives:

(1) Contrastive learning: SimCLR [6];

(2) Reconstruction-based methods: MAE [12] and VQ-VAE [37];
(3) Autoregressive modeling: Autoregression [30];

(4) Self-distillation: DINO [26].

For OSF model family, we use DINO as a specification and incorporate it with our identified pre-
training recipes, and form OSF used in the main experiments. We have also incorporated OSF with
SimCLR, whose performance in the main evaluation tasks is shown in Table 22. We consider them
because these invariance-based methods are a natural testbed for applying our pre-training recipes.
Specifically, contrastive learning and self-distillation-based methods are invariance-based methods,
which aim to align two (or more) augmented views of the same input in the latent space. As a result,
their downstream performance usually depends on the approach we use to augment the raw input
data.

Backbone and training protocol. Unless other-
wise specified, all methods reported in the main  Table 12 | Encoder backbone configurations used
tables use the same ViT-85M Transformer back- in our experiments.
bone [9]. We replace the patchify layer in the -
.. . . . . Architecture
original ViT with a simple convolution layer to ~ Model . —  Params (M)
. . . . Width  Depth  Heads  MLP dim
project the input signal into tokens, and the ar-

. . . . VIT-1M 128 6 4 512 1.7M
chitecture details are in Table 12. We pre-train ;1.5 192 12 3 768 s 5M
all models on the same split of the pre-training  ViT-85M 768 12 12 3072 85.5M

cohorts in our SleepBench. Each run is trained
for up to 30 epochs, with early stopping when we observe training converges, based on the loss
curves.

Optimization and scheduling. We use AdamW [21] for all methods. For the scheduler of learning
rate, we follow a standard configuration of self-supervised pre-training, and use a linear warmup
for the first 10% of total training steps, and then apply cosine annealing decay. We have tuned the
learning rate and batch size for each method independently to ensure a fair comparison under its
best-performing regime. We first search batch size, for the maximized usage of GPU memory; and
then optimize learning rate choices based on the performance.

Augmentations for OSF. For OSF, as discussed in Sec. 3, we adopt a two-stage masking augmentation.
We first apply channel masking by randomly dropping 50% of input channels. We then apply block-
wise temporal masking, where the temporal masking ratio is independently sampled for each training
example from a uniform distribution over 0.3, 0.6.

The complete pre-training configuration, including detailed hyper-parameters and method-specific
setup, is summarized in Table 13.
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Table 13 | Pretraining configurations across different methods.

Configuration SleepFM  SimCLR DINO MAE VQ-VAE AR OSF (SimCLR) OSF (DINO)
Max Epoch 30

Batch Size 2560 3200 1024 9600 3200 3200 3200 1024
Base Learning Rate 1.00E-04 1.00E-04 5.00E-05 3.00E-04 1.00E-04 1.00E-04 1.00E-04 5.00E-05
Optimizer AdamW

Opt. momentum f1, B2 0.9,0.95

Weight Decay 0.2 0.2 0.2 0.2 0.2 0.05 0.2 0.2
Gradient Clipping - - - - 3 - - 3
Learning Rate Scheduler LinearWarmup & CosineDecay

Token window length 64

Table 14 | Training hyperparameters for sleep analysis tasks and disease prediction tasks.

Sleep Analysis Tasks Disease Prediction

Hyperparameter

Linear Probing Finetuning Supervised Mean Pool MIL LSTM TopK End2End
Base learning rate 0.1 le-4 le-3 le-2 5e-3  5e-3  5e-3 le-3
Batch size 800 per GPU 256 per GPU 128 per GPU 16 per GPU
Max step 500 -
Max epoch - 5 50 5
Learning rate scheduler LinearWarmup & CosineDecay
Optimizer AdamW

A.2. Detailed Downstream Evaluation Setups

Evaluation setup. We evaluate pre-trained models on three types of downstream tasks under three
standard transfer learning protocols. For epoch-level evaluation, we consider a 4-class sleep staging
task, and four sleep-event detection tasks. For sleep staging, we follow [5] and merge N1 and N2 into
a single light sleep category, and predict four classes: awake, light sleep, deep sleep, and REM. For
sleep-event detection, we perform 2-class classification for the four following event detection tasks:
arousal, hypopnea, oxygen desaturation, and central apnea. We also consider three patient-level
disease classification: coronary disease, diabetes, and hypertension. We report both AUC and AUPRC
since all tasks are class-imbalanced.

For epoch-level evaluation, we consider three transfer learning settings: linear probing, full fine-tuning,
and few-shot adaptation. In linear probing, we freeze the encoder and train a linear classifier on the
full training split of each target dataset, then evaluate on the held-out test set. In full fine-tuning, we
adopt a similar setting on data usage, and in addition to training a linear classifier, we also jointly
optimize the encoder and classifier. In few-shot adaptation, we sample K examples per class from the
training split. In particular, we consider K € 1,5, 50 in our main experiments. We keep the encoder
frozen, train a linear classifier, and evaluate on the same test split across methods.

For patient-level prediction, we segment each recording into non-overlapping 30-second epochs and
extract an embedding for each epoch using the pre-trained encoder. For each pre-trained checkpoint,
we pre-extract epoch embeddings for all recordings before training and evaluating on the downstream
disease prediction tasks. During embedding extraction, we pad the epoch sequence length to 1200,
corresponding to 10 hours. During downstream training, we consider two approaches of aggregating
the epoch embeddings into a single patient-level representation: (i) we learn a lightweight aggregation
module on top of epoch embeddings of each patient, or (ii) we use simple mean pooling over all
epochs. We then feed the aggregated patient-level representation to a classifier for disease prediction.

Detailed configurations of evaluation tasks can be seen in Table 14.
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Figure 10 | Visualization of the pre-processed 12 channels of the sleep data used in our paper.
We pick a 30-sec epoch for demonstration.

B. Details of SleepBench

B.1. Dataset Statistics

To enable open benchmarking and our con-
trolled explorations, we curated a large-scale  Table 15 | Comparison between SleepBench and
benchmark SleepBench, comprising nine di- existing open-source sleep datasets.

verse sleep datasets: SHHS [29], NCHSDB [18],

WSC [42], CCSHS [33], CFS [32]’ MROS [4]’ Dataset Num. Recordings Num. Hours
MESA [7], CHAT [22], and SOF [35] This SSC [17] 17,467 163,000
consolidated corpus represents a significant va- SLEEPBENCH 21,482 166,500

riety of demographic profiles and sleep disor-
der prevalences, totaling 20M epochs of sleep
recording data. Table 16 and Table 17 report the statistics of patients and 30-second epochs, across
different datasets and data splits.

B.2. Downstream Task Labels

Sleep Event Distribution. We report the prevalence of sleep events of datasets used in main experi-
ments, in the Table 18. The datasets exhibit substantial heterogeneity in event distributions, which
enables the evaluation of the generalization capability of pre-trained models. During dataset splitting,
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Table 16 | Distribution of sleep recordings across different datasets and splits. Models are
pretrained on pretrain datasets and evaluated on both pretrain and out-of-domain (OOD) datasets.
The test split of pretrain data and all OOD data are unseen during pre-training.

. Pretrain Datasets 0.0.D. Datasets
Split Total
SHHS NCHSDB WSC CCSHS CFS MROS MESA CHAT SOF
Train 6,663 3,094 1,397 403 269 3,101 1,367 531 361 17,186
Valid 811 392 182 59 34 385 174 66 45 2,148
Test 802 403 194 53 26 381 180 67 42 2,148
Total 8,276 3,889 1,773 515 329 3,867 1,721 664 448 21,482

Table 17 | Distribution of 30-second epochs across different datasets and splits.

. Internal Pretrain Datasets External Eval. Datasets
Split Total

SHHS NCHSDB WSC CCSHS CFS MROS MESA  CHAT SOF

Train 5,919k 2,892k 1,270k 432k 255k 3,015k 1,312k 562k 341k 15,997k
Valid 724k 367k 164k 64k 32k 370k 164k 69k 42k 1,996k
Test 711k 376k 175k 57k 24k 372k 172k 70k 38k 1,995k

Total 7,354k 3,634k 1,609k 553k 311k 3,757k 1,648k 701k 421k 19,989k

Table 18 | Distributions of sleep event detection tasks across datasets used for sleep event
evaluation. For each sleep disorder event, we report its prevalence in each split of each used dataset.

Dataset Split Epochs Arousal Hypopnea Oxygen Desat. Central Apnea
SHHS Train 5,919,217 17.85% 29.13% 23.46% 0.71%
SHHS Valid 724,056 17.73% 29.00% 23.71% 0.74%
SHHS Test 710,821 17.60% 29.00% 23.32% 0.71%
MROS Train 3,014,915 19.46% 12.27% 52.28% 1.32%
MROS Valid 370,378 19.55% 12.62% 52.65% 1.66%
MROS Test 371,873 19.77% 12.26% 51.93% 1.42%

we perform stratified sampling at the patient level to prevent information leakage and to keep event
distributions consistent across splits. Specifically, we first randomly assign patients to the training,
validation, and test splits. We then assign each epoch to the split of its corresponding patient via
patient ID. As shown in Table 18, the data was divided into train, validate, and test sets with an
approximate global ratio of 80:10:10 strictly on the subject level.

Disease Classification: For more clinically valuable downstream tasks, we perform patient-level
disease classification on the MROS dataset. We focused on three diagnosis tasks: Coronary Disease,
Diabetes, and Hypertension. These labels are formed from disease-related variables provided MROS
dataset. We set the disease label as positive, if the patient has self-reported related medication usage
of diagnosis history. As detailed in Table 19, the MROS dataset was split into training, validation, and
testing sets. The three labels cover both class-balance and class-imbalance scenes, therefore more
comprehensively evaluating the pre-trained model’s ability on disease prediction tasks.
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Table 19 | Distribution of subject-level disease labels in the MROS dataset. We filtered out patients
with NaN values on the selected labels. Here we report the number and percentage of both negative
and positive samples across splits.

Disease Category Split Negative Positive Total Samples
Count Ratio Count Ratio
Train 1,626 71.3% 654 28.7% 2,280
Coronary Disease Valid 188 67.1% 92 32.9% 280
Test 183 64.2% 102 35.8% 285
Train 1,987 86.9% 300 13.1% 2,287
Diabetes Valid 247 88.2% 33 11.8% 280
Test 248 87.0% 37 13.0% 285
Train 1,152 50.4% 1,134 49.6% 2,286
Hypertension Valid 138 49.3% 142 50.7% 280
Test 142 49.8% 143 50.2% 285

B.3. Dataset Pre-processing Details

As mentioned in Sec. 2, we utilize a standardized 12-channel montage covering 4 physiological
modality groups: @ Brain (EEG/EOG): C3-A2, C4-A1, E1-A2, E2-A1, @ Respiration: Abdominal,
Thorax, Nasal Pressure, Snore, ® Cardiac: ECG, and @ Somatic: EMG-Chin, EMG-LLeg, EMG-RLeg.
The detailed channel descriptions are in Table 20.

For the pre-processing of the full-night recordings, we follow [5], and first resample each channel
to a unified sampling frequency, as detailed in Table 20. Next, we conduct manual quality control
by trimming prolonged wake periods at the beginning and end of the night, which also removes
extreme artifacts introduced during sensor setup and removal. We then apply per-night z-score
normalization to each channel, followed by clipping the normalized signals to the range —6,6 to
suppress outliers. The clipping thresholds are chosen based on the empirical distribution of z-scored
signals. For respiratory channels, we additionally apply area-dependent z-score normalization to
reduce amplitude drift and improve cross-night consistency.

We follow prior work and segment each night into non-overlapping 30-second epochs, yielding roughly
20 million epochs for self-supervised pre-training. We resample all channels in the segmented epochs
to 64 Hz and zero-pad missing channels. The pre-processed data in SleepBench is demonstrated in
Fig. 10.

C. Additional Results and Analysis

C.1. Additional Results of Sleep Analysis Tasks

OSF achieves state-of-the-art on sleep analysis tasks on in-domain evaluation set. We also
conduct evaluation on sleep analysis tasks on in domain dataset SHHS. As shown in Table 21. OSF
achieves the best performance under both linear probing and full fine-tuning. The same trend also
holds on the out-of-domain cohorts reported in the main text, further supporting the superiority of
our method.

OSF achieves state-of-the-art on few-shot adaptation tasks. We conduct few-shot learning evalua-
tions on the MROS dataset, on three sleep event detection tasks and the sleep staging task, across
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Table 20 | Channel configuration used for main experiments. During post-processing, they are
resampled to 64 Hz.

Group Channel Full name Electrode Detail Preprocessing Frequency
CARDIAC ECG Electrocardiography ECG left - ECG right 128 Hz
EMG_Chin 64 Hz

SomaATIC EMG Electromyography EMG from left leg 64 Hz
EMG from right leg 64 Hz

ABD Abdominal respiratory effort 8 Hz

REsp. EFFORT THX Thoracic respiratory effort 8 Hz
) NP Nasal pressure 8 Hz

SN Snore 32 Hz

EOGE1 - A2 64 Hz

U EOG Electrooculography EOG E2 - Al 64 Hz
EEG Electroencephalograph EEG C3 - A2 64 Hz

phaiography EEG C4 - Al 64 Hz

1-shot, 5-shot, and 50-shot settings. OSF achieves the overall best performance under 1-shot and 5-shot
evaluation (Tables 23 and 24), and performs best on all tasks under 50-shot evaluation (Table 25).

OSF outperforms physiological-signal-specific pre-

training methods. To assess whether methods Table 27 | Disease prediction results on
tailored to physiological signals transfer effectively =~ SHHS. OSF outperforms the baseline method
to sleep foundation modeling, we further compare on most metrics.

OSF with five recent domain-specific baselines: - -
TS2Vec [44], STMEM [24], LSM-2 [38], PedSleep-  Method Diabetes Hypertension
MAE [27], and SleepGPT [14]. We pre-train Ped- AUCT AUPRC' AUC' AUPRC'
SleepMAE on SleepBench, evaluate SleepGPT using
its released checkpoint, and adapt the remaining
methods to our benchmark following their original
settings when applicable. As shown in Table 26, OSF
consistently achieves the strongest performance on all of the downstream tasks on MROS dataset.

SLEEPFM 79.5 56.5 76.7 76.1
OSF 79.8 58.1 76.8 74.7

OSF improves in-domain disease prediction. We further evaluate in-domain disease prediction
on SHHS using two additional outcomes, hypertension and diabetes. As shown in Table 27, OSF
consistently outperforms the compared baselines, further supporting the effectiveness of our pre-
training strategy for clinically relevant downstream prediction tasks.

Confidence intervals. We additionally report

confidence intervals for the main results to en- Table 29 | Additional sleep staging evaluation
able a more reliable comparison across meth- metrics. OSF remains the best.

ods. As shown in Table 28, the confidence inter-
vals show that the performance gains of OSF
over competing baselines are consistent across SLEEPFM 85.2 85.0 79.9
tasks, further supporting the robustness of our ~ SMCLR 63.2 59.5 25.2

Method  Acc. (micro) F1 (weighted) Cohen Kappa

) . DINO 79.4 78.8 63.9
Improvements. VQ-VAE 83.6 83.4 74.6
MAE 85.4 85.2 79.6

{\ddltl‘onal evaluation metrics for sleep stag- AR 840 837 757
ing. Since several downstream tasks are label-  gf 87.0 86.9 82.8
imbalanced, we use AUROC and AUPRC as the
primary threshold-independent metrics. For
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Table 21 | Sleep staging and sleep event detection results on SHHS. OSF achieves overall best
performance among all compared methods.

Sleep Staging Arousal Hypopnea Ox. Desat. Central Apnea
AUCT AUPRC' Auct AUPRCT AUC' AUPRCT AUC' AUPRC' AUC' AUPRC'

Eval Method

SUPERVISED VIT 97.0 92.3 88.7 82.3 79.1 74.8 76.0 70.1 95.2 61.7

SLEEPFM  96.6 91.1 92.2 86.3 82.0 77.0 80.6 75.0 95.9 64.7
SiMCLR 86.1 67.4 71.9 64.2 64.9 60.7 62.9 58.5 74.6 51.3

DINO 951 874 870 799 783 737 765 705 948  60.6
(p VOVAE 967 913 894 830 802 754 780 722 957 636
MAE 9.9 919 914 857 83.0 784 805 750 967  66.0
AR 969 91.8 90.6 884 790 733 786 729 944  61.2
OSF 975 932 940 893 828 781 813 756 969  66.5
SLEEPFM 970 920 951 91.0 867 833 825 771 971  68.6
SIMCLR 954 883 858 784 803 763 755  69.6 957 641
DINO 97.1 924 938 893 862 830 818 761 974  69.0
gy VQVAE 975 934 947 907 85 822 8l7 762 972 684
MAE 974 930 946 90.6 871 842 832 779 977 685
AR 974 931 942 90.0 864 833 824 771 972 682
OSF 979 943 957 921 87.6 846 837 786 976  69.8

Table 22 | Sleep staging and sleep event detection results on SHHS. SimCLR can also be upgraded
by our pre-training recipts and achieve better performance.

Sleep Staging Arousal Hypopnea Ox. Desat. Central Apnea
AUCT AUPRCT AuUC" AUPRC' Auc' AUPRCT AUC' AUPRC' Auc! AUPRC'

Eval Method

SimCLR 86.1 67.4 71.9 64.2 64.9 60.7 62.9 58.5 74.6 51.3
OSF (S1mCLR) 97.3 92.9 92.9 87.4 82.2 77.2 80.4 74.7 96.3 64.8

completeness, we also report Accuracy and weighted F1 for sleep staging results shown in the
main table, as shown in Table 29. The results are consistent with the main findings, with OSF
remaining the strongest overall method.

Demographic analysis. We further evaluate subgroup generalization within cohorts using age
subgroups in CFS dataset and gender subgroups in MESA dataset. For each pretrained model, we
fine-tune and evaluate the downstream classifier separately within each subgroup. As shown in
Tables 30, OSF outperforms SleepFM in most subgroup-task settings and shows lower performance
variation across demographic groups. These results suggest that the benefits of OSF extend beyond
cohort-level averages to subgroup-level evaluation within heterogeneous sleep cohorts.

C.2. Additional Analysis Studies

Channel masking consistently improves downstream performance across cohorts and tasks.
Here, we report additional experiments on more downstream tasks and data cohorts. In Table 32,
we report results across 3 sleep disorder event detection tasks and sleep staging tasks, on both the
out-of-domain dataset MROS and the in-domain dataset SHHS. Under these broader evaluation
settings, we observe that channel masking remains a strong augmentation strategy, compared to
crop or time-masking strategies. Other findings in Sec. 3.2 and Sec. 6.2 also hold. These results
suggest that encouraging channel-invariant representations is important for improving downstream
performance.
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Table 23 | 1-shot few-shot results on MROS. OSF shows better adaptability to unseen out-of-domain
data.

Few-shot Method Sleep Staging Arousal Hypopnea Ox. Desat.

AUCT AUPRC' Auc' AUPRC'T Auc' AUPRC' AUC' AUPRC'

SLEepFM  59.6 32.3 56.6 53.8 49.3 49.8 55.2 54.1
SimCLR 50.8 25.1 51.2 50.6 49.9 50.0 50.9 50.8

DINO 670 416 527 512 458 487 60.2  58.9
h—1 MAE 63.0 366 493 500 491 499 544 534
VQ-VAE 626 337 560 533 50.8 50.3 558 547
AR 67.6  43.4  48.0  49.4  47.4  49.4 493 494
OSF 759 489 614 570 554 518 56.6  55.7

Table 24 | 5-shot few-shot results on MROS. OSF shows better adaptability to unseen out-of-domain
data.

Sleep Staging Arousal Hypopnea Ox. Desat.
AUCT AUPRC'T Auc' AUPRCT Auc' AUPRC' AUC' AUPRC'

Few-shot Method

SLEepFM  71.8 45.3 55.5 53.0 49.3 49.8 59.8 58.6
SimCLR 53.0 27.1 54.2 52.2 50.0 50.0 50.7 50.5

DINO 82.8 55.8 56.8 53.3 47.7 49.2 57.8 56.1
E=5 MAE 82.6 59.2 56.7 53.7 49.7 49.9 62.9 61.2
VQ-VAE 78.1 51.8 52.2 51.1 S51.1 50.4 58.9 57.6
AR 81.9 60.1 57.1 54.0 50.9 50.4 55.1 53.9
OSF 89.2 70.1 67.9 61.3 55.9 52.0 56.4 55.7

Our identified pre-training recipes also apply to other Table 33 | Heart-rate prediction results
pre-training methods. To verify whether our pre-training on SHHS and MROS. Reconstruction-
recipes generalize to other self-supervised learning meth-  based SSL objectives help the regression
ods, we adopt our identified pre-training recipes to the  task.
original SimCLR objective, yielding an upgraded vari-
ant (OSF (SimCLR)). We evaluate both SimCLR and Method MROS SHHS
OSF (SimCLR) models on the in-domain SHHS cohort. MAE'! RMSE' MAE' RMSE
As shown in Table 22, the upgraded SimCLR (OSF (Sim-

SLEepFM  3.38 5.00 3.52 5.06

CLR)) consistently outperforms the original SimCLR by ¢/ ~» 811 1009 814 10.06

a large margin across all tasks. DINO 739 926 740  9.23

. L VQ-VAE 403 579 350 522
Ablation on data.normahzatlon strategy. We f.urtl.ler MAE 233 399 204  3.63
compare our per-night per-channel z-score normalization = AR 217 391 1.89  3.56
with min-max normalization, which is commonly used in ~ OSF 322 494 342 494
prior physiological self-supervised learning studies. Using ~ MEean 7.97 1030 7.97 10.15

the same model architecture and training protocol, we
pre-train a variant with min-max normalized inputs and
evaluate it on SHHS dataset and MROS dataset for sleep staging and hypopnea detection. As shown
in Table 34, per-night z-score normalization achieves better performance across both datasets and
tasks, suggesting that it better handles cross-subject and cross-cohort variation in sleep signal scale.

Additional UMAP visualizations on imbalanced downstream tasks. UMAP is computed from 2,000
randomly sampled epochs from the unseen SHHS test split. We visualize embeddings for hypopnea
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Table 25 | 50-shot few-shot results on MROS. OSF shows better adaptability to unseen out-of-domain
data on all tasks.

Few-shot Method Sleep Staging Arousal Hypopnea Ox. Desat.

AUCT AUPRC' Auc' AUPRC'T Auc' AUPRC' AUC' AUPRC'

SLEepFM  85.9 64.0 72.3 65.8 56.3 52.3 61.7 60.3
SimMCLR 56.6 29.1 55.8 53.1 50.6 50.2 49.5 49.6

DINO 87.4 67.0 72.1 64.5 57.2 52.7 63.5 61.3
E=50 MAE 92.1 79.6 76.5 68.9 60.2 53.6 66.8 65.1
VQ-VAE 85.3 63.3 68.6 62.3 51.5 50.5 65.4 63.7
AR 90.8 75.4 72.0 64.8 58.8 53.2 63.0 61.4
OSF 94.5 82.5 83.9 77.3 62.9 54.9 68.4 66.7

Table 26 | Comparison with domain-specific pretraining methods. OSF outperforms baselines
tailored for physiological signals.

SHHS MROS
Method Sleep Staging Hypopnea Sleep Staging Hypopnea
AUCT AUPRCT AucT AuPRCT Auc' AUPRCT AuCT AUPRCT

TS2VEc [44] 90.2 76.7 68.6 64.3 86.9 67.3 61.9 54.5
ST-MEM [24] 97.0 92.2 81.3 76.3 96.1 87.5 75.4 60.0
LSM-2 [38] 95.9 89.6 80.3 75.4 95.8 86.7 74.6 60.1
PEDSLEEPMAE [27] 89.2 73.4 64.8 61.1 84.0 59.0 59.4 53.4
SLEEPGPT [14] 96.2 90.0 71.3 66.4 95.4 85.7 65.1 55.7
OSF 97.5 93.2 82.8 78.1 97.3 90.4 77.7 62.2

and arousal events, which are substantially more imbalanced than sleep staging. As shown in Fig. 11,
although rare-event tasks show less clean separation, OSF generally exhibits clearer task-related
structure than the baseline.

Reconstruction objectives transfer better on regression tasks on sleep data. As shown in Table 2,
reconstruction-based methods such as MAE, VQ-VAE, and AR can be adapted to sleep signals with
minimal modification and achieve reasonable performance; MAE even outperforms SleepFM [36] in
many cases. In contrast, vanilla SimCLR and DINO lag behind both reconstruction-based methods and
SleepFM. This indicates that invariance-based objectives require domain-appropriate augmentations
to work well on sleep data. We also designed a heart-rate prediction task to test each pre-trained
model’s capability in regression, and found that MAE and AR achieve good performance, as shown in
Table 33.

D. Additional Results on Scaling Analysis

D.1. Scaling across Pre-training Sample Scale and Model Capacity

Scaling pre-training data leads to larger gains in few-shot adaptation. Besides training with the
full training split of the downstream task, we also tested the sample efficiency brought by scaling the
pre-training sample size. Particularly, we run 1-shot, 5-shot, and 50-shot adaptation experiments to
test whether increasing the pre-training sample size improves few-shot transfer. We conduct these
experiments on MROS. As shown in Fig. 12, in both the 1-shot and 50-shot settings, models pre-trained

25



OSF : On Pre-training and Scaling of Sleep Foundation Models

Table 28 | Confidence intervals for sleep staging and sleep event detection. OSF achieves the best
overall performance among all compared methods with statistical significance.

Method Sleep Staging Arousal Hypopnea Ox. Desat.
AUCT AUPRCT AUCT AUPRCT AUCT AUPRCT AUCT AUPRCT

SLEEPFM 96.4 + 0.04 87.7+0.15 90.3 +£0.12 84.9+0.17 75.5+0.20 60.6+0.17 80.9+£0.14 80.3 £ 0.15
SimMCLR 81.44+0.11 56.8+0.21 73.6+0.21 67.8+0.21 58.4+0.25 53.1 +£0.10 66.8+0.18 65.0+0.17
DINO 93.6 £ 0.06 81.4+0.18 82.2+0.17 75.7+0.21 72.74+0.22 59.5+0.16 78.7+0.14 78.2+0.15
VQ-VAE 95.8 £ 0.05 86.7 +0.16 86.2+ 0.15 80.3 £0.20 75.1 £0.21 60.9 +0.17 79.9 +£0.14 79.5 + 0.15
MAE 96.5 +£ 0.04 88.7+£0.14 89.7+0.12 84.3+0.17 77.6+0.19 61.9+0.17 81.2+0.13 80.8+ 0.14
AUTOREGRESSION 96.0 +£0.04 87.6 £0.15 87.8+0.13 81.9+0.18 72.1 +£0.22 58.9+ 0.15 79.0+ 0.14 78.5+ 0.15
OSF 97.3 + 0.04 90.4 + 0.14 92.8 + 0.10 88.3 +0.15 77.7 +0.19 62.2 + 0.18 81.5 + 0.13 81.0 + 0.15

Table 30 | Robustness analysis on demographic subgroups. OSF achieves better performance and

deliver fairer outcome.
Subgroup of CFS

Subgroup of MESA

Subgroup Setting  Sleep Staging Hypopnea Subgroup Setting  Sleep Staging Hypopnea
Youn SLEEPFM 97.9 92.2 Male SLEEPFM 94.6 74.5
& OSF 98.1 91.0 OSF 95.5 77.4
old SLEEPFM 96.8 83.6 Female SLEEPFM 94.2 76.8
OSF 97.6 85.3 OSF 96.1 77.9
Disparit SLEEPFM 0.78 6.08 Disparit SLEEPFM 0.28 1.63
Paty  osF 0.35 4.03 Pay  osF 0.42 0.35

with more data consistently outperform those pre-trained with less data.

Additional results on the effect of sample size scaling. We pre-train OSF and SleepFM with a
ViT-85M backbone using different fractions of the pre-training corpus. As shown in Tables 36 and 35,
we conduct more comprehensive evaluations on sleep staging task and three sleep event detection
tasks. The downstream performance of OSF improves consistently as we increase the percentage of
pre-training data. We observe a similar scaling trend for SleepFM when using the same 85M backbone,
as shown in Tables 38 and 37. The models pre-trained with larger parameter size demonstrate good
scaling behaviors, which motivates us to jointly scale both model size and sample size.

Single-source pre-training also exhibits scaling with sam-
ple size. To further verify the generalization of scalability on
sample size, we pre-train models on with different percentage
of the SHHS cohort. As shown in Tables 36, Tables 35, Ta-
bles 38, and Tables 37, models pre-trained on the single-source
SHHS cohort also show clear scaling behavior. When we in-
crease the fraction of SHHS used for pre-training, downstream
performance improves consistently.

Comprehensive results on model-size scaling. We pre-train
OSF and SleepFM on the full pre-training corpus, with different
parameters of the backbone: 1M, 5M, 85M. We then evaluate
these checkpoints on both the in-domain SHHS cohort and the
out-of-domain MROS cohort, on three sleep event detection
tasks and the sleep staging task. As shown in Table 40, the
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Figure 13 | Scaling on pretraining
steps. OSF scales on training com-
putation.

scaling trend holds across all tasks and both cohorts, therefore, increasing model size leads to improved

downstream performance.
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Table 31 | Controlled study of masking strategies for self-supervised pretraining on sleep data.
We report linear-probing results on sleep analysis tasks (AUC) on SHHS and MROS datasets. Channel
masking as an augmentation consistently improves representation quality.

Method Mask Strategy SHHS MROS

Time Channel ‘ Sleep Staging Arousal Hypopnea Ox. Desat. Sleep Staging Arousal Hypopnea Ox. Desat.

v X 86.1 71.9 64.9 62.9 81.4 73.6 58.4 66.8
SiMCLR X 4 96.5 90.1 79.0 75.5 94.8 86.5 73.3 79.1
v/ v 97.3 92.9 82.2 80.4 96.7 90.8 75.6 81.1
v X 95.1 87.0 78.3 76.5 93.6 82.2 72.7 78.6
DINO X v ‘ 97.4 93.9 82.8 80.1 96.4 90.5 77.1 80.3
v v 97.5 94.0 82.8 81.3 97.3 92.8 77.7 81.5

Table 32 | Ablation studies between augmentation from the vision domain (crop) and our masking-
based strategies. We show linear probing results (AUC") here. Vision domain’s augmentation works
for sleep data, but not necessary to be added.

Method Crop Masking SHHS MROS
Time Channel \ Sleep Staging Arousal Hypopnea Ox. Desat. Sleep Staging Arousal Hypopnea Ox. Desat.

v X X 95.2 86.7 79.2 77.1 94.7 83.8 75.0 80.2
SiMCLR X X v 96.5 90.1 79.0 75.5 94.8 86.5 73.3 79.1

v v v 97.1 91.9 83.4 80.4 96.6 89.7 79.3 81.5

X 4 v 97.3 92.9 82.2 80.4 96.7 90.8 75.6 81.1

v X X 95.6 88.1 81.0 78.5 95.4 85.7 77.2 80.6
DINO X X 4 97.4 93.9 82.8 80.1 96.4 90.5 77.1 80.3

v v v 97.0 91.4 82.1 79.8 96.6 89.3 77.3 81.0

X v v 97.5 94.0 82.8 81.3 97.3 92.8 77.7 81.5

D.2. Additional Results of Multi-Source Data Mixture

Here we report detailed results comparing multi-source data mixture pre-training with single-source
pre-training. We pre-train two groups of models on SHHS only, as well as on data sampled from the
full pre-training corpus. For each group, we consider using 1%, 10%, 100% of the given pre-training
cohorts. As shown in Tables 36, Tables 35, Tables 38, and Tables 37, across four sleep analysis tasks
and three data scales, multi-source pre-training consistently outperforms single-source pre-training,
over all data percentages.

D.3. Jointly Scale Model and Sample Size is Needed

We further examine how model capacity and pre-training sample size jointly influence downstream
performance. We pre-train both OSF and the baseline SleepFM [36]with different model sizes,
on different sample size, and evaluate them on four sleep analysis tasks. As shown in Fig. 15, we
find that increasing model capacity can improve the utilization of additional pre-training data. In
particular, while SleepFM with its original model capacity shows only marginal gains as the pre-training
sample size grows, scaling its each backbone encoder to 85M parameters yields substantially larger
improvements. Motivated by this observation, we adopt a ViT-85M backbone when benchmarking
different pre-training strategies and pre-train on the full multi-source data.

D.4. Scaling with Pre-training Computation

We further study whether OSF benefits from increased pre-training computation. Specifically, we
evaluate few-shot sleep staging performance across different numbers of pre-training steps using
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Table 34 | Ablation on normalization strategies. Per-night z-score normalization leads to better
performance.

SHHS MROS
Normalization Sleep Staging Hypopnea Sleep Staging Hypopnea
AUCT AUPRC' AuUC" AUPRC' AUC'" AUPRC' AuUCT AUPRC'
Min-Max 96.3 90.4 80.6 76.0 95.8 86.4 77.1 62.1
Per-Night Z-Score  97.5 93.2 82.8 78.1 97.3 90.4 77.7 62.2
OSF SleepFM OSF SleepFM
4
No Arousal @® Arousal No Hypopnea Hypopnea
(@) Arousal (b) Hypopnea

Figure 11 | UMAP visualization of learned representations. OSF produces more separable em-
beddings, indicating stronger alignment between the embedding geometry and sleep event labels,
including arousal and hypopnea events.

models with 1M, 5M, and 85M parameters. As shown in Fig. 13, all models improve rapidly during
the first 10* steps. After that, smaller models tend to saturate, while the 85M model continues to
improve with additional pre-training. These results suggest that OSF can benefit from increased
pre-training computation when paired with sufficient model capacity.

E. Additional Results on Handling Missing Channels

OSF better handles missing channel inference problems on in-domain data corpus as well. To
validate the robustness of the conclusion in Sec. 6.1, We report additional results for inference on the
SHHS cohort on the four realistic missing channel settings. As shown in Table 41, across four sleep
analysis tasks, OSF consistently outperforms SleepFM [36], indicating that OSF learns more robust
representations under inference-time channel missingness.

Additional results on pre-training with fewer channels. Here we report detailed results for pre-
training only with breathing channels and ECG channel. We compare OSF against SleepFM under
the same channel subset. As shown in Table 42, across both the in-domain SHHS cohort and the
out-of-domain MROS cohort, on most sleep analysis tasks, OSF makes better use of the available
channels and achieves higher downstream performance.

F. Additional Ablation Results

Additional results of ablation studies on channel masking ratio. We further ablate the channel
masking ratio by pre-training two additional variants with masking ratios of 0.1 and 0.9, while
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Figure 12 | Scaling performance on few-shot adaptation. OSF scales on the pre-training sample
size.

Table 35 | Detailed data scaling results (linear probing) for OSF evaluated on SHHS. All methods
are trained with ViT-85M. Large model capacities or better pretraining strategies enable scalability.

Sleep Staging Arousal Hypopnea Ox. Desat.
AUCT  AUPRC' AUC" AUPRCT Auc' AUPRCT AuCt AUPRC'

Pretrain Set Data Pct

SINGLE-SRC 1% 91.8 79.8 74.9 67.2 70.0 65.2 68.5 62.7
SINGLE-SRC 10% 96.3 90.4 90.2 84.1 79.4 74.8 77.6 71.6
SINGLE-SRC 100%  97.5 93.3 94.1 89.5 83.1 78.4 81.4 75.9
MULTI-SRC 1% 92.8 81.9 78.0 69.9 72.0 67.1 70.3 64.5
MULTI-SRC 10% 96.8 91.6 91.9 86.3 80.2 75.4 78.8 73.1
MULTI-SRC 100%  97.5 93.2 94.0 89.3 82.8 78.1 81.3 75.6
100 Scaling by Data Size 100 Scaling by Model Size 98 Sleep Staging 85 Hypopnea
®-——————"" ® | eeeem—————=— ) 9%{ =T L] e
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Figure 14 | Scaling performance on linear probing Figure 15 | Improved scaling performance

sleep staging. OSF scales on both the model capacity of SleepFM. Increasing model capacity helps

and the pre-training sample size. weaker pre-training methods utilize more
training samples effectively.

keeping all other settings unchanged. As shown in Table 39, the default ratio of 0.5 achieves the best
overall linear probing performance across SHHS and MROS. This suggests that moderate channel
masking provides a better balance between task difficulty and preserved input information: weak
masking may make the pretext task less informative, whereas overly aggressive masking can remove
too much training signal and hurt downstream transfer.
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Table 36 | Detailed data scaling results (linear probing) for OSF evaluated on MROS. All methods
are trained with ViT-85M. Large model capacities or better pretraining strategies enable scalability.

Sleep Staging Arousal Hypopnea Ox. Desat.
AUCT  AUPRC' AUC" AUPRCT Auc' AUPRC' AuCt AUPRC'

Pretrain Set Data Pct

SINGLE-SRC 1% 88.9 71.3 75.4 68.7 63.5 55.3 74.5 73.5
SINGLE-SRC 10% 94.8 84.5 84.7 78.3 71.3 58.7 78.1 77.6
SINGLE-SRC 100%  97.0 89.5 92.1 87.4 75.9 60.9 80.8 80.4
MULTI-SRC 1%  90.5 74.8 77.6 70.8 66.8 56.6 76.4 75.7
MULTI-SRC 10%  96.1 87.8 88.4 82.8 73.9 60.1 79.8 79.5
MULTI-SRC 100% 97.3 90.4 92.8 88.3 77.7 62.2 81.5 81.0

Table 37 | Detailed data scaling results (linear probing) for SleepFM [36] evaluated on SHHS.
All methods are trained with ViT-85M. Large model capacities or better pretraining strategies enable
scalability.

Pretrain Set  Data Pet Sleep Staging Arousal Hypopnea Ox. Desat.

AUuCT  AUPRC' Auc! AUPRCT Auc' AUPRCT Auct AUPRC!

SINGLE-SRC 1%  93.7 84.0 84.2 76.0 76.3 71.2 74.4 68.7
SINGLE-SRC 10% 95.1 87.5 88.1 81.1 79.1 74.2 77.6 71.7
SINGLE-SRC 100%  96.2 90.1 91.8 85.6 81.5 76.3 80.0 74.3
MULTI-SRC 1% 94.3 85.7 84.0 75.5 76.8 72.0 75.3 69.8
MULTI-SRC 10% 95.1 87.7 88.7 81.9 78.7 73.8 77.3 71.3
MULTI-SRC 100% 96.7 91.1 92.2 86.3 82.0 77.0 80.6 75.0

Table 38 | Detailed data scaling results (linear probing) for SleepFM evaluated on MROS. All
methods are trained with ViT-85M. Large model capacities or better pretraining strategies enable
scalability.

Sleep Staging Arousal Hypopnea Ox. Desat.
AuCt AUPRC" Auc' AuUPRC" AuCT AUPRCT AUCT AUPRC'

Pretrain Set Data Pct

SINGLE-SRC 1% 91.2 77.2 80.7 73.9 69.1 57.9 78.3 77.9
SINGLE-SRC 10% 92.9 80.5 82.6 76.5 70.4 58.3 78.4 77.9
SINGLE-SRC 100%  96.0 86.8 89.2 83.4 74.2 60.0 80.0 79.6
MULTI-SRC 1% 92.3 79.1 81.2 74.6 68.3 57.4 77.8 77.3
MULTI-SRC 10% 94.4 82.9 85.0 78.6 70.9 58.5 78.3 78.0
MULTI-SRC 100% 96.4 87.7 90.3 84.9 75.5 60.6 80.9 80.3

Table 39 | Ablation on channel masking ratios. A moderate masking ratio works the best.

SHHS MROS
Masking Ratio Sleep Staging Hypopnea Sleep Staging Hypopnea
AUCT AUPRCT AUCT AUPRCT AUCT AUPRC" AUC' AUPRC'
0.1 96.9 91.9 81.7 77.0 95.9 87.2 77.4 61.5

0.5 (main setting) 97.5 93.2 82.8 78.1 97.3 90.4 77.7 62.2
0.9 95.4 88.7 79.5 74.5 95.3 85.9 75.0 60.3
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Table 40 | Model size scaling results (linear probing) on SHHS and MROS. Large models show

better performances.

Dataset Model Enc Size Sleep Staging Arousal Hypopnea Ox. Desat.
AUCT  AUPRCT AUCT AUPRCT AucCt AUPRCT AUCT AUPRC'

ViT-1M 96.2 90.2 89.2 82.7 78.1 72.9 76.7 70.5

OSF ViT-5M 96.9 91.8 91.8 86.2 80.2 75.1 78.5 72.5

ViT-85M  97.5 93.2 94.0 89.3 82.8 78.1 81.3 75.6

SHHS

ViT-1M 93.2 82.6 85.9 78.0 78.0 72.7 76.1 69.7

SLEEPFM  ViT-5M 93.9 84.4 89.4 82.6 79.1 73.1 77.9 71.8

ViT-85M  96.6 91.1 92.2 86.3 82.0 77.0 80.6 75.0

ViT-1M 95.3 86.1 86.0 80.1 70.7 58.4 78.7 78.3

OSF ViT-5M 96.2 88.1 88.9 83.6 72.5 59.3 79.5 79.1

MROS ViT-85M  97.3 90.4 92.8 88.3 77.7 62.2 81.5 81.0
ViT-1M 92.0 75.8 81.6 75.2 68.3 57.2 76.1 69.7

SLEEPFM  ViT-5M 93.4 78.8 85.0 78.7 69.1 57.4 78.3 77.5

ViT-85M  96.4 87.7 90.3 84.9 75.5 60.6 80.9 80.3

Table 41 | Linear probing results on SHHS under realistic missing-channel settings. OSF (DINO)
is more robust to missing channels compared to existing sleep FM.

Brain Resp. ECG Method Sleep Staging Arousal Hypopnea Ox. Desat.
AUCT AUPRC'T AUC" AUPRCT AUC' AUPRC' AUC' AUPRC'

p X SLEEPFM  97.0 92.0 92.2 86.2 75.0 69.7 73.8 67.5
OSF 97.5 93.4 93.7 88.9 75.9 70.5 75.3 69.0

X y SLEEPFM  86.7 69.1 87.3 80.3 82.3 77.5 80.1 74.5
OSF 85.2 66.6 87.4 80.7 82.8 78.4 80.1 74.4

p X SLEEPFM  96.7 91.3 92.3 86.3 76.1 70.6 76.4 70.6
OSF 97.5 93.3 94.0 89.2 76.4 70.9 76.7 70.8

X p SLEEPFM  86.6 68.7 87.0 79.8 82.8 78.2 80.1 74.3
OSF 85.5 67.0 86.9 80.2 84.1 80.3 80.3 74.7

Table 42 | Robustness of pre-training with fewer channels. We pre-train the two models and

evaluate them using only ECG and respiratory signals, OSF better utilizes these channels.

Dataset Method Sleep Staging Arousal Hypopnea Ox. Desat.
AUCT AUPRC' AUC' AUPRC' AUC' AUPRC' AUC' AUPRC'

SHHS SLEepFM  82.1 61.1 84.4 77.1 79.5 74.5 78.1 72.6

OSF 81.5 60.4 84.8 77.8 81.5 77.0 78.6 73.3

MROS SLEEPFM  83.2 59.0 82.7 76.8 71.3 58.6 79.7 78.9

OSF 83.2 59.4 83.3 77.6 77.6 62.4 80.8 80.1
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