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Abstract

Current sleep deep learning methods are typi-
cally limited by their focus on short, isolated seg-
ments of data, which overlooks the complex, mul-
tifaceted nature of full-night Polysomnography
(PSG). To overcome these limitations, we present
PSG-M&m, a foundation model designed to ana-
lyze both granular, second-by-second signal de-
tails and the broader, hour-long structural patterns
of sleep. Our model employs a hierarchical dual-
encoder architecture: a Macro-Encoder that eval-
uates long-term temporal trends throughout the
night and a micro-Encoder that extracts localized
characteristics from biosignals, optimized using a
combination of masked autoencoding and multi-
modal contrastive learning. Macro-Encoder is re-
fined through Demographic-Guided Contrastive
Learning, which enhances its global represen-
tation by aligning sleep patterns with patient-
demographics. Trained on a vast dataset (>20,000
PSG recordings, 158K hours), PSG-M &m signif-
icantly surpasses current foundation models. It
offers improved generalizability for downstream
clinical tasks, providing a more robust framework
for comprehensive sleep analysis.

1. Introduction

Since humans spend about a third of their lives sleeping, it is
a cornerstone of overall well-being. Recognizing this impor-
tance, researchers have invested heavily in understanding the
intricate biology of sleep and combating the pervasive sleep
disorders that impact millions globally (Benjafield et al.,
2019). Currently, the clinical benchmark for evaluating
sleep health is Polysomnography (PSG), a comprehensive
diagnostic method that records a wide range of biological
signals.

Because manual PSG analysis is extremely time-consuming,
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there has been a significant push toward using deep learning
for automation. However, current models often struggle
with limitations: they tend to be highly specialized and lack
the flexibility needed to handle different types of tasks. Fur-
thermore, their reliance on labeled data from experts restricts
scalability and introduces errors stemming from inconsis-
tent annotation (Perslev et al., 2021; Danker-Hopfe et al.,
2004; 2009; Guillot et al., 2020). Most importantly, while
clinical research highlights that sleep’s “macro-architecture
is a critical indicator for long-term health and disease out-
comes (Mander et al., 2017; Blackwell et al., 2011), existing
models fail to adequately capture these long-term structural
dynamics, hindering their utility for individualized clinical
diagnosis and health forecasting.
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To overcome these challenges, we introduce PSG-M&m,
a comprehensive Sleep Foundation Model capable of un-
derstanding both the minute details (micro-structure) and
the overall patterns (macro-structure) of sleep. Trained
on a massive dataset of 20,964 PSG recordings—totaling
158,028 hours—PSG-M &m demonstrates exceptional versa-
tility across various applications. Its architecture is divided
into two main parts: Micro-Encoder uses a shared-private
transformer design to interpret individual signal characteris-
tics while simultaneously accounting for the relationships
between different modalities. It is trained using a combina-
tion of masked autoencoding (MAE) (He et al., 2022) and
contrastive learning (CL) (Oord et al., 2018) to ensure it
learns resilient, high-resolution features. Macro-Encoder
focuses on the broader context of a full night’s sleep. By
applying a Demographic-Guided Contrastive Learning tech-
nique, it aligns sleep sequence patterns with patient data
(such as age, sex, and BMI). This allows the model to effec-
tively map both healthy and pathological trajectories across
the entire sleep cycle.

2. PSG-M&m

PSG-M&m’s two encoders (Micro and Macro) are pre-
trained on large-scale PSG data with self-supervised learn-
ing. Independence from scored labels helps PSG-M &m
to obtain generalizable embeddings and achieve scalability
across diverse datasets, circumventing PSG scoring incon-
sistency.
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Figure 1. Micro-Encoder design and pretraining method. The Micro-Encoder adopts a private—shared encoder architecture. The model

is trained with a hybrid objective of MAE and CL.
2.1. Micro-Encoder

Micro-Encoder architecture The Micro-Encoder serves to
transform raw, multi-modal biosignals into a latent embed-
ding space, allowing the system to analyze intricate micro-
structural sleep patterns (see Figure 1). Initially, the system
breaks raw signals into sequences of patches using convo-
Iutional embedding layers tailored to each modality. These
patch sequences are then handled by a dual-pathway archi-
tecture: Modality-Private Encoders are dedicated to iden-
tifying patterns unique to specific signal types. Modality-
Shared Encoder extracts physiological features that remain
constant across modalities, while also identifying correla-
tions between different signal types. Both pathways are built
on a Transformer foundation (Vaswani et al., 2017), with
the shared encoder utilizing a Mixture-of-Experts (MoE)
design (Lepikhin et al., 2020) to boost both specialization
and scalability.

The private encoders use a hierarchical structure to stream-
line temporal abstraction. In the initial layers, patches are
processed individually. As the process moves deeper, every
M consecutive patches are consolidated into a higher-level
representation, which is passed both to the next private
layer and to the shared encoder. Within the shared encoder,
these combined representations from all private sources are
merged to capture complex, inter-modal interactions.

Finally, the outputs from both the shared and private streams
are integrated. The shared encoder’s output is partitioned by
modality and combined with its corresponding private en-
coder data through cross-attention. These fused embeddings
are then up-sampled and sent to a decoder, which recon-

structs the original biosignals from the masked segments.

Hybrid Self-supervised Learning The Micro-Encoder
leverages a hybrid optimization strategy that combines MAE
with CL to achieve superior performance. Within the MAE
framework, the model masks a specific portion of patches
across all modalities, requiring the encoders to derive infor-
mation solely from the remaining visible data. These latent
features are then transmitted to a decoder that attempts to re-
construct the missing signal segments. By successfully min-
imizing the error between the reconstructed output and the
original raw data, the model gains a profound understanding
of the core micro-structure and local textures inherent in the
biosignals.

To further improve the latent space, we apply a contrastive
learning objective to the embeddings produced by the shared
encoder, ensuring that the resulting representations remain
modality-agnostic and temporally consistent. We establish
positive pairs by taking the average of shared embeddings
derived from different modalities during the same time in-
terval, a method inspired by SleepFM (Thapa et al., 2024;
2026). This approach compels the encoder to map various
signals that correspond to an identical physiological state
into close proximity within the latent space.

To refine these representations even further, we implement
two distinct categories of negative pairs. Temporal neg-
ative pairs are formed by comparing shared embeddings
from the same modality across different time slots, while
representation negative pairs contrast a shared embedding
with a private embedding originating from the same signal.
Furthermore, we incorporate KoLeo regularization (Sablay-
rolles et al., 2018) to enhance the quality of the learned
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Figure 2. Macro-Encoder design and pretraining. Bi-directional
Mamba is used for long-sequence modeling. DGCL aligns the
sleep macro-structure between subjects with objective metadata.

representations. The final optimization objective is deter-
mined by calculating the total sum of the reconstruction,
contrastive, and KoLeo losses.

2.2. Macro-Encoder

Macro-Encoder architecture As illustrated in Figure 2,
the Macro-Encoder accepts the full sequence of epoch-level
embeddings produced by the pretrained Micro-Encoder. To
effectively manage these long-range dependencies, we uti-
lize Mamba layers (Gu & Dao, 2024). We selected the
Mamba architecture because it offers greater memory effi-
ciency and superior scaling capabilities. Additionally, these
layers are implemented bi-directionally to accommodate the
significant variation in recording lengths between different
subjects. By incorporating bi-directionality, the model is
able to learn the sleep macro-structure by analyzing data
from both the beginning and the end of the sleep session.

Demographic-guided Contrastive Learning (DGCL) To
optimize the Macro-Encoder, we introduce a variant of con-
trastive learning that leverages age, sex and BMI as supervi-
sory signals, which are known to influence sleep architecture.
They provide objective ground truth, circumventing inter-
scorer variability and evolving clinical guidelines associated
with manual PSG labeling. Furthermore, the near-universal
availability of demographic data ensures the scalability of
DGCL.

To effectively capture sleep cycles, we partition the full-

night sequence into 90-minute intervals. We then apply a
soft-target contrastive objective that calculates the similarity
between patient intervals based on their demographic pro-
files. Instead of traditional binary pairs, we adopt a weighted
similarity approach (Yang et al., 2023). For a given interval
¢ and subject pair (4, j), the loss for forward Mamba pass is
formulated as follows:
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where ?f and 75 are the refined latent features of the
subjects ¢ and j at the end of c-th interval in the forward
pass, p and v are temperature scaling parameters and K is
the total number of subjects in a batch. The demographic
distance d; ; serves as the supervisory signal, calculated as
following:

c = —wj,;log
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Here, age and BMI are z-score normalized and A, is a
constant penalty applied only when subjects ¢ and j are of
different sex. The backward loss (L pzq,(;,5),c) is defined
symmetrically for the backward Mamba pass. The total
Macro loss is aggregated over all intervals and subject pairs
for forward and backward loss. This strategy effectively
regularizes the latent space by pulling subjects with similar
demographic profiles closer and pushing disparate subjects
further apart.

2.3. Pretraining datasets and preprocessing

To pretrain PSG-M &m, we utilize the combination of open-
sourced sleep datasets: SHHS1/2 (Zhang et al., 2018; Quan
et al., 1997), KISS (Jeong et al., 2023), KVSS (Jang et al.,
2025), Physionet 2018 (Goldberger et al., 2000; Ghassemi
et al., 2018), MESA (Chen et al., 2015) and MrOS (Black-
well et al., 2011). The training split of SHHS1 and KISS are
used for pretraining, with the partitioning scheme follow-
ing the established protocols (Phan et al., 2021; Park et al.,
2025). In total, we use 20,964 PSG recordings (158,028
hours) for pretraining. All raw biosignals are resampled at
100 Hz, bandpass and notch filtered, followed by z-score
normalization prior to model input.

3. Experiments and Results

We evaluate PSG-M&m on three downstream tasks: sleep
stage classification, sleep disordered breathing (SDB) seg-
mentation and disease prediction. Two time series foun-
dation models (MOMENT (Goswami et al., 2024) and
UniTS (Gao et al., 2024)) and a sleep foundation model
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Table 1. Sleep stage classification results. The results demon-
strate the effectiveness of PSG-M&m compared to time series and
sleep foundation models.

Table 2. SDB segmentation results. The results demonstrate
PSG-M&m’s superior capability to capture fine-grained details.
Macro-F1 is emphasized as a more robust metric under severe

class imbalance in SDB labels.

Dataset Category Models Accuracy Macro-F1 Kappa
Time series MOMENT-Base 794 65.6 70.0 Dataset Category Models Accuracy Macro-F1
Foundation model UniTS 64.2 59.2 533 - -
SHHS1 s e~ o 3 =50 Time series MOMENT-Base 73.4 334
eep eepFM-Disease . . . . .
Foundation model ~ PSG-M&m (Ours) ~ 81.9 74.1 70.0 sHHg] Foundation model UniTS 88.2 4838
Time series  MOMENT-Base  69.8 66.3 59.7 Sleep SleepFM-Disease  77.5 39.4
KISS Foundation model UniTS 60.3 58.8 49.8 Foundation model ~ PSG-M&m (Ours) 713 60.6
Sleep SleepFM-Disease 57.6 584 46.1 Time series MOMENT-Base 76.0 58.5
Foundation model ~ PSG-M&m (Ours) 71.0 70.0 62.0 KISS Foundation model UniTS 79.8 63.6
Sep  Sepibacse 56 6o
CFS . — . Foundation model PSG-Mé&m (Ours) 81.8 754
Sleep SleepFM-Disease 71.1 57.4 575
Foundation model ~ PSG-M&m (Ours) 80.7 71.2 72.9 Time series MOMENT-Base 74.2 53.5
Time series MOMENT-Base 790 62.6 700 cpg  Foundation model UniTS 85.5 400
SOF Foundation model UniTS 76.1 60.5 65.9 Sleep SleepFM-Disease 82.1 46.6
Sleep SleepFM-Disease 60.1 47.0 423 Foundation model ~PSG-M&m (Ours) 79.9 66.1
Foundation model PSG-Md&m (Ours) 79.1 65.2 70.4 - ;
Time series MOMENT-Base 70.3 18.3
SOF Foundation model UniTS 90.6 35.7
. Sleep SleepFM-Disease 79.1 30.1
(SleepFM-Disease (Thapa et al., 2026)) are chosen as base- Foundation model ~ PSG-M&m (Ours) 70.2 52.5

lines. Unless the baseline model’s input format requires
specific settings, we use the same input with identical pre-
processing. Except disease prediction, the performance
is measured on the test split of SHHS1 and KISS as well
as two held-out datasets; CFS (Redline et al., 1995) and
SOF (Spira et al., 2008). Disease prediction performance is
only evaluated on SHHS1 where disease history is provided
with PSG data.

Sleep stage classification Sleep staging refers to classifying
each 30-second epoch into one of five sleep stages: Wake,
REM, N1, N2 and N3. We conduct linear probing (Alain &
Bengio, 2017) on target datasets. Weighted cross entropy
loss is used to account for sleep stage imbalance. The results
are provided in Table 1. Across all evaluation datasets, PSG-
M&m outperforms all baselines, demonstrating its superior
capability in capturing sleep-specific physiological features.
Especially, PSG-M&m achieved 71.2% of Macro-F1 on
CFS, and 65.2% of Macro-F1 on SOF, showing its general-
izability to unseen datasets. Moreover, while KISS dataset is
collected from different PSG systems (Nox and Embla) than
other datasets (Compumedics), PSG-M&m shows robust
sleep staging performance.

SDB segmentation SDB segmentation requires the high-
resolution classification of each one-second interval into
categories of normal or disordered breathing (hypopnea or
apnea). We evaluate via a linear probing with weighted
cross entropy loss. The results are summarized in Table 2.
It demonstrates that PSG-M &m’s Macro-F1 is significantly
higher than the established baselines. Although the raw ac-
curacy on SHHS1 dataset appears slightly lower than some
baselines, this metric is skewed by the severe class imbal-
ance of SDB labels (10.6:1). In this context, the Macro-F1
score provides a more robust and equitable comparison. We
attribute this superior performance to our Micro-Encoder’s
hybrid pretraining strategy.

Table 3. Disease prediction. C-Index is reported on 6 selected
diseases from SHHS1 dataset. PSG-Md&m shows comparable
performance to the SOTA PSG-based disease prediction model.

Disease Outcomes

Models
Angina CVDdeath CHF CHDdeath MI  Stroke
C-Index
SleepFM-Disease  0.632 0.791 0.764 0.781 0.636  0.729
PSG-M&m (Ours)  0.778 0.788 0.793 0.776 0.662 0.718

*CVD death: CardioVascular Disease death, CHF: Congestive Heart Failure, CHD
death: Coronary Heart Disease death, MI: Myocardial Infarctions

Disease Prediction We utilize the SHHS dataset’s disease
histories to perform PSG-based disease prediction. We also
employ linear probing for this task using the Cox Propor-
tional Hazard loss. Following the evaluation protocol of
SleepFM-Disease, we assess the predictive performance of
PSG-M&m across six diseases. Performance is quantified
via C-Index. The results are summarized in Table 3. PSG-
M &m shows comparable performance to SleepFM-Disease,
highlighting its potential for reliable clinical application in
sleep-based healthcare.

4. Conclusion

In this study, we introduce PSG-M &m, a novel sleep foun-
dation model pretrained on 20,964 PSG recordings. Our
architecture utilizes a dual-encoder design: a Micro-Encoder
with a private-shared transformer backbone optimized via
hybrid of MAE and CL and a Mamba-based Macro-Encoder
to model long-range temporal dependencies across full night.
DGCL is employed to train the Macro-Encoder, which lever-
ages objective metadata to encode sleep macro-structure .
Extensive evaluations demonstrate that PSG-M &m outper-
forms existing foundation models across a wide spectrum
of tasks.
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A. Datasets

The brief description of the datasets used for this research is provided below. Table 4 provides the summary statistics
extracted from each dataset used for pretraining. Table 5 provides the summary statistics from the data not used for
pretraining, but used for downstream tasks. Table 6 lists the channels included in each modality from different datasets.

A.1. Physionet 2018 (PHY) Dataset

The PhysioNet 2018 dataset, originally curated for the 2018 PhysioNet/CinC Challenge (Goldberger et al., 2000; Ghassemi
et al., 2018), was provided by the Computational Clinical Neurophysiology Laboratory and the Clinical Data Animation
Laboratory at Massachusetts General Hospital. Although the challenge primarily focused on arousal detection, the dataset
includes expert-labeled sleep stages for 994 subjects. An additional 991 recordings were reserved for testing purposes;
however, their labels remain private. In this study, we utilized both the labeled training set and the unlabeled test set for
pretraining PSG-M&m. All signals were sampled at 200 Hz, with sleep stages scored according to the American Academy
of Sleep Medicine (AASM) guidelines.

A.2. Sleep Heart Health Study (SHHS) Dataset

The Sleep Heart Health Study (SHHS) (Zhang et al., 2018; Quan et al., 1997) is a multicenter cohort initiative organized
by the National Heart, Lung, and Blood Institute. This study consists of data collected over two visits. SHHS1 was
collected from the initial visit, conducted between 1995 and 1998, which involved 6,441 men and women aged 40 and
older. SHHS?2 was collected from the second visit, conducted between 2001 and 2003, which involved 3,295 participants.
Polysomnography (PSG) was recorded in-home by trained technicians and included various physiological signals: EEG
(C3-A2, C4-Al), dual-channel EOG, EMG, respiratory effort, airflow, oxygen saturation, ECG, and body position. In
alignment with the experimental protocol of XSleepNet (Phan et al., 2021), we partitioned the dataset by reserving 30% for
testing. From the remaining 70%, 100 subjects were set aside for validation, with the balance used for model training. The
train split of SHHS1 is used for pretraining and finetuning for downstream tasks. The entire SHHS2 dataset is used for
pretraining and not used for downstream tasks.

A.3. Korea Image-based Sleep Study (KISS) Dataset

The Korea Image-based Sleep Study (KISS) dataset (Jeong et al., 2023) is a standardized, image-based polysomnography
(PSG) repository. Collected between 2013 and 2020 across four sleep centers, the dataset utilizes recordings from Embla
and NOX-A1 PSG systems, totaling 10,253 records. Expert scoring was conducted in accordance with AASM version
2.6 guidelines (Berry, 2012; Berry et al., 2017). Each record captures 21 distinct biosignals including various EEG, EOG,
and EMG channels alongside respiratory and movement data. The data is publicly accessible via Al Hub (AIHub, 2020).
Following the experimental setup by Jeong et al. (Jeong et al., 2023), we selected 7,579 records and implemented an
80%/20% split for training and validation/test on a patient-wise basis. The train split of KISS is used for pretraining and
finetuning for downstream tasks.

Table 4. The dataset statistics used for pretraining. Missing values result from study design or anonymized data.

. Sex % Stage count Stage ratio (%)
Dataset Records Subjects Age (years) BMI
(Female/Male) w N1 N2 N3 REM Total W NI N2 N3 REM
PHY-Train 993 993 552+ 143 N/A 33/67 145,558 135,409 372,208 101,678 113,859 868,712 | 17 16 42 12 13
PHY-Test 989 989 548+ 143 N/A 37/63 N/A N/A
SHHS1 3,667 3,667 63.1+11.5 282452 52/48 739,301 136,407 1,519,573 472,529 516,768 3,384,578 | 22 4 45 14 15
SHHS2 2,554 2,554 67.6+ 104 283 +5.0 54146 683,291 106,964 1,103,742 303,068 395437 2592502 | 26 4 43 12 15
KISS 6,064 6,064 448+ 145 258443 20/80 981,362 665497 1,556,469 601,227 660,186 4,464,741 | 22 15 35 13 15
KVSS 881 881 514+142 268144 24176 143,041 129,225 271,190 47,538 97,667 688,661 |21 19 39 7 14
MrOS1 2,768 2,768 764+55 27.1+38 0/100 945,515 129,239 1,236,682 221,334 381,577 2914347 | 32 4 43 8 13
MrOS2 994 994 81.0+44 269+38 0/100 382,152 80,312 425,515 45,040 129,942 1,062961 | 36 8 40 4 12
MESA 2,054 2,054 69.4+09.1 287 +£55 54746 ‘ 598,750 203,837 854,634 149,770 268,646 2,075,637 | 29 10 41 7 13
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Table 5. The dataset statistics used for downstream evaluation.

. Sex % Stage count Stage ratio (%)
Dataset Records Subjects Age (years) BMI
(Female/Male) w N1 N2 N3 REM Total W NI N2 N3 REM
SHHS1-Val 99 99 620+ 11.7 278+42 54/46 20,178 3,544 40,377 11,831 13,740 89,670 23 4 45 13 15
SHHS1-Test 1,617 1,617 634+ 115 28.0+50 53/47 323871 61,191 671,916 203,864 226,113 1486955 |22 4 45 14 15
KISS-Val 748 748 447+ 141 26.0+43 22/78 121,319 87,032 187,347 71,362 78,128 545,188 | 22 16 34 13 14
KISS-Test 767 767 454+143 260+4.1 16/84 125315 83,396 198,155 73,154 83,428 563448 |22 15 35 13 15
ISRUC-SG1 100 100 51.1 4+ 159 N/A 44156 20,979 11,513 28,287 17,480 11,928 90,187 23 13 31 19 13
ISRUC-SG2 16 8 469 £17.5 N/A 25175 2,282 2,211 5,042 2,609 2,063 14,207 16 16 35 18 15
ISRUC-SG3 10 10 39.6 +9.6 N/A 10/90 1,817 1,248 2,678 2,035 1,111 8,889 20 14 30 23 12

Table 6. Channels and sampling rates included in different modalities across datasets. The manufacturer of PSG recording machine is also
provided. When sampling rates are same across different channels in the modality, we only write once at the top row.

Modality KISS / KVSS SHHS1 SHHS2 PHY MESA MrOS1/2
Ch. SR (Hz) Ch. SR (Hz) Ch. SR (Hz) Ch. SR (Hz) Ch. SR (Hz) Ch. SR (Hz)
C3-M2 200 C3-A2 125 C3-A2 125 C3-M2 200 C4-M1 256 C3-M2 256
C4-M1 C4-Al C4-Al C4-M1 0z-Cz C4-M1
EEG 01-M2 01-M2 Fz-Cz 01-M2
02-Ml1 02-Ml1 02-M1
F3-M2
F4-M1
EOG E1-M2 200 EOG (L) 125 EOG (L) 125 E1-M2 200 EOG (L) 256 EOG (L) 256
E2-M1 EOG (R) EOG (R) EOG (R) EOG (R)
EMG Chin EMG 200 EMG 125 EMG 125 Chin1-Chin2 200 Chin EMG 256 EMG (L)-EMG (R) 256
ECG ECG 200 ECG 125 ECG 125 ECG 250 ECG 256 ECGI1-ECG2 512
Flow 200 Flow 10 Flow 10 Flow 200 Flow 32 Flow 64
Respirat Thermistor Thorax Thorax Thorax Thermistor 16
cspiratory Thorax Abdomen Abdomen Abdomen Thorax
Abdomen Press Abdomen
Oxygen Sat. Saturation 200 Oximetry 1 Oximetry 1 Sa02 200 Sp0O2 1 Sp0O2 1
Manufacturer Nox, Embla Compumedics Compumedics Unknown Compumedics Compumedics

A.4. Korea Video Sleep Study (KVSS) Dataset

The Korea Video Sleep Study (KVSS) dataset is a retrospectively constructed, multi-center clinical cohort that provides
synchronized infrared sleep video and polysomnography (PSG) with expert annotations (Choi et al., 2024). Data were
collected under IRB-approved protocols from three hospitals (Chungnam National University Hospital, The Catholic
University of Korea St. Vincent’s Hospital, and Hallym University Hospital). Across sites, 936 PSG examinations with
synchronized infrared video were identified, and 881 PSG video pairs were included after screening and quality control.
Recordings were obtained during routine clinical studies for various sleep-related indications, including suspected OSA,
insomnia, PLMD, and RBD, with infrared videos recorded in parallel with PSG to ensure temporal alignment. Despite
minor site-specific differences in camera placement and illumination, all videos were standardized to MP4 at 640 x 480
resolution and 5 fps. PSG was stored in European Data Format (EDF), and sleep stages (Wake, N1, N2, N3, REM) and
AASM-defined events were annotated by certified technologists and reviewed by sleep physicians. The dataset underwent
de-identification and expert cross-checking to verify synchronization and address obvious scoring inconsistencies. In this
work, KVSS is used only as a PSG dataset, and we leverage the recorded PSG signals and associated subject metadata
without using expert annotations or the infrared videos.

A.5. Multi-Ethnic Study of Atherosclerosis (MESA) Dataset

The Multi-Ethnic Study of Atherosclerosis (MESA) (Chen et al., 2015) is a multicenter cohort of 6,814 adults aged 45-84
years from four racial/ethnic groups (White, Black, Hispanic, and Chinese-American). As part of Exam 5 (2010-2013), the
MESA Sleep exam enrolled 2,237 participants who completed single-night unattended in-home polysomnography (PSG)
and wrist actigraphy. PSG was set up during an in-home evening visit by trained staff, and sleep staging and respiratory
events were scored at a centralized sleep reading center using standardized procedures. The National Sleep Research
Resource (NSRR) release provides PSG recordings in European Data Format (EDF) and XML annotation files for sleep
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staging and respiratory event scoring. Respiratory event annotations were harmonized via rule-based post-processing of the
original labels to ensure consistent criteria across datasets, and details are described in (Ahn et al., 2025). The PSG includes
EEG (Fz-Cz, Cz-Oz, C4-Al), EOG, EMG, ECG, nasal airflow, thoracic and abdominal respiratory effort, oxygen saturation,
and body position. In this work, we utilize the C4-A1 EEG. Recordings missing any required channel were excluded. 2,054
participants were included in the final analytic cohort.

A.6. Osteoporotic Fractures in Men Study (MrOS) Dataset

The Osteoporotic Fractures in Men Sleep Study (MrOS Sleep) (Blackwell et al., 2011) is a multicenter sleep cohort of
older men (aged 65 years or older) that includes unattended in-home polysomnography (PSG), which was set up by trained
technicians and annotated using standardized scoring procedures. The study was conducted between December 2003 and
March 2005, during which 3,135 participants from the parent MrOS cohort of 5,994 men completed overnight unattended
in-home PSG. The dataset available through the National Sleep Research Resource (NSRR) includes PSG recordings in
European Data Format (EDF) and XML annotation files with multimodal biosignals, including EEG, EOG, EMG, ECG,
nasal cannula (airflow), thoracic and abdominal respiratory effort, oxygen saturation, and body position. Respiratory event
annotations were harmonized via rule-based post-processing of the original labels to ensure consistent criteria across datasets,
and details are described in (Ahn et al., 2025). For the present study, we analyzed data from two sleep visits (Visit 1,
2003-2005; Visit 2, 2009-2012). We excluded recordings missing any of the required signals (EEG, EOG, EMG, ECG,
airflow, thoracic/abdominal effort, or oxygen saturation). Of the 2,911 participants with successful PSG recordings, 2,678
(Visit 1) and 998 (Visit 2) were included in the final analytic cohort after quality control.

A.7. Institute of Systems and Robotics, University of Coimbra (ISRUC) Dataset

The Institute of Systems and Robotics, University of Coimbra (ISRUC) dataset (Khalighi et al., 2016) is a publicly available
repository provided by the Sleep Medicine Center of the Hospital of Coimbra University (CHUC). The dataset is divided
into three subgroups: SG1 and SG2, which feature patients with sleep disorders, and SG3, which consists of healthy control
subjects. Each recording comprises 19 signals, including six EEG channels (F3-A2, C3-A2, O1-A2, F4-Al, C4-Al, O2-Al),
dual-channel EOG and EMG, and various respiratory and cardiac sensors. Considering its relatively small size, this dataset
is used to evaluate the adaptation efficiency of our model.

A.8. Demographics analysis

Figure 3 shows the age and BMI distribution stratified by sex based on our pretraining datasets.
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(a) Age distribution by sex. (b) BMI distribution by sex.

Figure 3. Demographic distributions of the pre-training dataset. (a) Age distribution shows a median of approximately 52 years for males
and 61 years for females. (b) BMI distribution shows similar medians across sexes (approximately 27 kg/m? for males and 26 kg/m? for
females), with notable outliers in both groups.
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B. Model architecture details

Table 7 summarizes the specification of the Micro-Encoder and the Macro-Encoder.

Table 7. Architecture Specification for the Micro- and Macro- Encoders. Norm: Normalization layer (RMSNorm), Exp: Expansion
convolution, DW: Depthwise convolution, PW: Pointwise convolution

Encoder Module Item Dim. Kernel Stride Depth Heads Notes
Patch Emb.  Patch Emb. (Conv blocks) [32,64,128] [10,5,1] [10,5,1] - - Conv-Norm-GELU
Transformer blocks (Lower) 128 - - 2 8
Private Patch Merge 384 10 5 - - Exp-DW-Norm-PW-GELU-PW
Transformer blocks (Higher) 384 - - 2 8
Micro Shared MOoE Transformer blocks 384 - - 4 8 4 Experts, 2 Activated
. Transformer blocks 384 - - 4 8 Cross-Attention
Fusion
Upsample 128 - - - -
Linear embedding 64 - - - -
Decoder Transformer blocks 64 - - 2
Projection (Linear) 50 - - - - Same as the patch size
Linear projection 512 - - - -
Macro Macro Mamba blocks (Forward) 512 - - 2 - PreNorm-Mamba-PostNorm
Mamba blocks (Backward) 512 - - 2 - PreNorm-Mamba-PostNorm

C. Training details

Pretraining is done in two-step process. The Micro-Encoder is trained in the first step and the Macro-Encoder is trained in the
second step. Table 8 summarizes pretraining details for both Micro- and Macro-Encoder. When pretraining Macro-Encoder,
we did not include PHY dataset because the dataset does not provide BMI information. Moreover, in other datasets, when
the demographic attributes are not in proper format or unavailable, we exclude those records.

Table 9 summarizes the finetuning settings for downstream tasks used for Section 3.

recon

When calculating the reconstruction loss for Micro-Encoder (£7°"), the raw signal is smoothed using moving average of
eleven adjacent points. This effectively eliminates noises and helps the model focus on more meaningful signals.

Table 8. Hyperparameter settings for pretraining for Micro and Macro-Encoders

Encoder Item Value Notes
Mask ratio 50%
Batch size 512
Input length 60 seconds Equivalent to 120 epochs
Optimizer AdamW
51 0.9
Ba 0.99
Weight decay () 0.05
Initial learning rate 5.00 x 1074
Micro-Encoder  Learning rate schedule Cosine annealing
Final learning rate 1.00 x 10~8
Training epochs 3
Patch size 500 ms Equivalent to 50 input points
Temperature for contrastive loss (1) 0.07
Sequence length for contrastive loss 30 seconds
Weight for contrastive loss (Acr,) 0.1
Weight for KoLeo 10ss (AxoLeo) 0.01
Timespan for contrastive loss 30 seconds Equivalent to 60 epochs
Batch size 40 Subjects
Maximum number of epochs per subject 1,080 Equivalent to 540 minutes
Optimizer AdamW
B 0.9
Ba 0.99
Weight decay (\) 0.05 Not applied to SSM parameters
Macro-Encoder 5.0y learning rate 1.00 x 10~*
Learning rate schedule Cosine annealing with warmup
Final learning rate 1.00 x 1078
Training epochs 4
Temperature for contrastive loss (p) 0.1
Temperature for weight calculation (v) 0.5
Cycle length 90 minutes 180 epochs

Demographic distance for sex difference (Asez) 1

10
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Table 9. Training details used for downstream tasks.

Downstream tasks Item Value Notes
Loss Weighted Cross Entropy  wy, = logs(N/Ny,) for class k
Sleep staging Initial learning rate 1.00 x 1072
Batch size 4 Subjects
Loss Weighted Cross Entropy — wy, = N /Ny, for class k
Apnea segmentation  Initial learning rate 4.00 x 1074
Batch size 1024 Epochs
Loss Cox PH
Disease prediction Initial learning rate 1.00 x 1072
Batch size 4 Subjects
Loss MAE
Age / AHI estimation Initial learning rate 1.00 x 1072
Batch size 4 Subjects
Loss Cross Entropy
Sex classification Initial learning rate 1.00 x 1072
Batch size 4 Subjects
Optimizer AdamW
b1 0.9
Ba 0.99
Common settings Weight decay (\) 1x10~*
Learning rate schedule Cosine annealing
Final learning rate 1.00 x 1078
Training epochs 3

D. More experimental results
D.1. Ablation study

Table 10 summarizes the sleep staging performance improvement of our principal components. The performance is evaluated
on the SHHSI test split. Experiments 1-3 is pretrained on SHHS1 train split and experiments 4-5 are done using the entire
pretraining datasets. Table 11 presents the sleep staging accuracy measured on SHHS1 test split with varying demographic
factors used for DGCL. DGCL is only done for the training split of SHHS1.

Table 10. Ablation Study of PSG-M&m Components. We evaluate the contribution of each module and training strategy to the final
sleep staging accuracy on the SHHS1 dataset.

Id ‘ Private encoder Shared encoder MAE CL Large scale pretraining DGCL ‘ Acc. (%)

1 v v 74.8
2 v v v 75.7
3 v v v v 76.0
4 v v v v v 79.8
5 v v v v v v 81.9

Table 11. Ablation Study of Demographic Factors in DGCL. We investigate the impact of different demographic supervisory
signals—Age, Sex, and BMI—on the final sleep staging accuracy. DGCL is only done on SHHS1 training split.

Id ‘ Age Sex BMI Acc. (%)
1 79.8
2 v 80.6
3 v 80.2
4 v 80.1
5 v v v 80.7
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605 D.2. Sleep macro-structure analysis

606
(; (); To further investigate the demographic and clinical factors that influence sleep stage distributions, we present extended
608 visualizations across various subgroups. Figure 4 shows sleep stage distributions by sex, age and BMI. Figure 5 shows sleep

oo stage distributions by sex combined with age group, BMI category, and sleep apnea severity (AHI), respectively. Figure 6
(1  Dbresents the interactions between non-sex factors, revealing how multiple variables jointly influence sleep stage distributions

611 throughout the night.
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647 Figure 4. Sleep macro-structure variations across demographic groups. Sleep stage distributions over full-night recordings by sex, age
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649 significantly across groups. These demographic dependent patterns motivate our Demographic-Guided Contrastive Learning objective.
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Figure 5. Sleep macrostructure variations across demographic and clinical groups. (a) Age groups: Young Adult (18-44 years), Middle-
Aged (45-64 years), Older Adult (> 65 years). (b) BMI categories: Normal or Below (< 25 kg/rn2), Overweight (25-30 kg/m2), Obese
(> 30 kg/m?). (c) Sleep apnea severity based on Apnea-Hypopnea Index (AHI > 15 events/h indicates moderate-to-severe). These
demographic-dependent patterns motivate our Demographic-Guided Contrastive Learning objective.
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Figure 6. Sleep macro-structure variations across combined demographic and clinical factors. (a) BMI categories (Normal or Below: <
25 kg/m?, Overweight: 25-30 kg/m?, Obese: > 30 kg/m?) and age groups (Young Adult: 1844 years, Middle-Aged: 45-64 years, Older
Adult: > 65 years). (b) BMI categories and sleep apnea severity (AHI < 15 vs. AHI > 15 events/h). (c) Age groups and sleep apnea
severity. These combined factors jointly influence sleep stage distributions throughout the night.

14



Multimodal PSG foundation model integrating second to full-night scale

D.3. Confusion matrix

In Figure 7, we provide the confusion matrix for sleep staging and SDB segmentation evaluated on the test split of SHHS1
and KISS.
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Figure 7. Confusion matrix for sleep staging and SDB segmentation on the test split of SHHS1 and KISS.
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Table 12. Ablation Study of PSG-M&m Components. We evaluate the contribution of each module and training strategy to the final
sleep staging accuracy on the SHHS1 dataset.

Id ‘ Private encoder Shared encoder MAE CL Large scale pretraining DGCL ‘ Acce. (%)
1 v v 74.8
2 v v v 75.7
3 v v v v 76.0
4 v v v 67.7
5 v v v v v 79.8
6 v v v v v v 81.9
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