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Abstract

Polysomnography signals are highly heterogeneous, varying in modality compo-
sition (e.g., EEG, EOG, ECG), channel availability (e.g., frontal, occipital EEG),
and acquisition protocols across datasets and clinical sites. Most existing models
that process polysomnography data rely on a fixed subset of modalities or chan-
nels and therefore neglect to fully exploit its inherently multimodal nature. We
address this limitation by introducing NAP (Neural Aggregator of Predictions), an
attention-based model which learns to combine multiple prediction streams using a
tri-axial attention mechanism that captures temporal, spatial, and predictor-level
dependencies. NAP is trained to adapt to different input dimensions. By aggre-
gating outputs from frozen, pretrained single-channel models, NAP consistently
outperforms individual predictors and simple ensembles, achieving state-of-the-
art zero-shot generalization across multiple datasets. While demonstrated in the
context of automated sleep staging from polysomnography, the proposed approach
could be extended to other multimodal physiological applications.

Introduction

Polysomnography (PSG), the clinical gold standard for diagnosing sleep—wake disorders, records
multiple physiological signals (e.g, EEG, EOG, EMG) using channel configurations that can vary
considerably across clinical centers Phan & Mikkelsen|(2022). These signals are typically segmented
into 30-second windows, referred to as sleep epochs, and manually classified by trained clinicians into
five sleep stages (Wake, N1, N2, N3, REM) Berry et al.|(2017). The resulting hypnogram provides a
comprehensive representation of sleep macrostructure, critical for identifying a wide range of sleep
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Figure 1: Overview of the Neural Aggregator of Predictions architecture. NAP flexibly integrates an
arbitrary number of physiological modalities, different channel configurations, and base predictors.

disorders [Ibafiez et al.|(2018). Manual sleep staging, however, is time-consuming, and prone to high
subjective bias. Leveraging large, annotated PSG datasets [Zhang et al.| (2018)), researchers have
increasingly pursued automated approaches to sleep staging [Fiorillo et al.| (2019), employing diverse
modeling paradigms including convolutional |Perslev et al.| (2021)), recurrent|Phan et al.| (2023), and
attention-based [Phan et al.| (2022) networks. Models that operate on a subset of inputs, are typically
suboptimal, since complementary modalities provide a more holistic view of sleep dynamics |Phan
& Mikkelsen| (2022) and may offer better insights into a patient’s health status|Thapa et al.| (2025)).
Combining information from multiple (sub-)networks that either fuse learned representations (early
fusion) or aggregate model predictions (late fusion)|Stahlschmidt et al.| (2022) is therefore beneficial;
however, effectively managing the heterogeneity of information remains challenging.

In this work, we focus on late fusion, which in automatic sleep staging is typically implemented via
(soft-)voting across channels Perslev et al.|(2021)), modalities, or models Stephansen et al.|(2018));
Dei Rossi et al.| (2025). Despite its simplicity and modularity, soft-voting assumes that averaging
constitutes an adequate aggregation function and implicitly treats all contributors as equally reliable.
Furthermore, it operates at epoch level, disregarding temporal dependencies that could otherwise be
exploited to improve predictive accuracy. To overcome these limitations while preserving flexibility:

* We propose NAP (Neural Aggregator of Predictions), a lightweight attention-based meta-
model that learns to aggregate predictions from pretrained single-channel models by explic-
itly capturing temporal, spatial/channel, model-level, and cross-modality dependencies.

* We generalize criss-cross attention |[Huang et al.|(2019) beyond spatio-temporal dimensions
Wang et al.|(2024) to a tri-axial attention mechanism, serving as an effective fusion strategy.

* We extend dimension adaptive training |[Malekzadeh et al.| (2021) to dynamically sample
varying sequence lengths, numbers of channels, models, and modalities across batches.

Methods

Model architecture

The NAP architecture, shown in Figure[l] is organized into four conceptually distinct modules: (i) a
base predictions generator; (ii) a tri-axial attention encoder; (iii) a modality fusion layer; and (iv) a
classifier head. We detail in the next paragraphs each module, focusing on a single instance within a
batch, under the scenario where all available information within a PSG is utilized.

Base predictions generator. Let a PSG recording X be composed of a sequence of T con-
tiguous sleep epochs, (xi,...,x7), each associated with a ground-truth label 3, € S =
{Wake, N1,N2,N3, REM}. We denote by M the number of physiological modalities present in X,
where each modality my has C,,, available channels, and for which we have access to B,,, pre-
trained base predictors. For a modality my, (k = 1,..., M), channel ¢; (j = 1,...,C),, ), and base

predictor b, (¢ =1, ..., B,,, ), we get the corresponding prediction {ﬁ(m,k7cj7bl)7t | t=1,... ,T},

where ﬁ(mhcj,bz),t € R is an epoch-wise probability distribution over S, subsequently linearly



projected into a higher-dimensional feature space R« The predictions represent the hypnodensities
Stephansen et al.|(2018), probabilistic representations of sleep stages over time.

Tri-axial attention encoder For a single modality my, the projected hypnodensity features are
collected in a tensor I:I(mk) € RTXCmy, X Bmy Xdmodet To encode both temporal order and modality
identity, we add the standard relative positional encoding from |[Vaswani| (2017), and a learnable
embedding vector uniquely assigned to my. The resulting tensor is then processed by L stacked
transformer encoder layers, each employing a tri-axial self-attention mechanism that extends the
criss-cross attention paradigm |Huang et al.|(2019). Instead of computing a single joint attention map
over all dimensions, the mechanism factorizes the standard multi-head attention into three pathways:

+ Spatial attention: Attends over the channel axis C),,, while holding the time and predictor
dimensions fixed, capturing cross-channel dependencies.

» Temporal attention: Attends along the sequence length axis 7" while keeping channel and
predictor dimensions fixed, enabling the model to learn temporal dependencies.

* Blending attention: Attends along the base predictor axis B,,,, while keeping channel and
time dimensions fixed, facilitating the fusion of predictions from different base models.

To achieve this, the h attention heads are divided evenly across the three pathways, allowing each
group of h/3 heads to specialize in modeling dependencies along a single axis. We apply pre-
normalization of queries and keys Ba et al.|(2016)), and omit the bias term in attention computations
Jiang et al.| (2024). For the spatial pathway, the attention output is computed as:

LN(QY) LN(K)T
Vdy

7 = Softmax( > v, Z = Concat (Zs(l), cee Zéh/?’)) .

Analogous computations produce the temporal and blending pathway outputs Zr and Zg. The
pathways outputs are then concatenated along the feature dimension. Finally, a feedforward network
with residual connections and dropout is applied |[Vaswanil (2017)).

Modality fusion layer After the tri-axial encoders have processed each modality m independently,

the outputs are concatenated along the feature dimension, yielding Z € RT*Nxdm where N =
]1:1:1 (Crm,, - Bm, ) 1s the total number of prediction streams. To reduce Z to a compact, per-epoch
feature vector, we employ an attention-based fusion mechanism [Phan et al.|(2022)) that learns to

weight the contributions of different channels, predictors, and modalities. For each time step ¢,
the fusion layer computes a convex combination z; = EnN:1 Qo Ztn, Where oy, € [0,1] are
normalized attention weights, obtained by projecting each z; ,, into an attention space of dimension
d using a learned transformation, then scored by an epoch-level context vector:

exp(tanh(Waxy n, + bA)T UA)
Ot = —x 2l )
>y exp(tanh(Wax; j +ba) ua)

where W, € Rfmowrxda p € R% and u, € R% are learnable parameters.

Classifier head The epoch representations are finally fed into a compact classifier head, comprised
of a single hidden layer feedforward network with dropout, to produce sleep stage predictions. The
NAP model is trained end-to-end using a cross-entropy loss against the ground-truth annotations.

Training protocol

We train NAP on inputs with varying dimensionality, pushing it to operate across different modality
subsets, channel counts, and sequence lengths. We generate batches by randomly selecting a subset of
dimensions along four axes: the number of time steps, the set of modalities, the number of channels,
and the set of base predictors. Along the temporal axis, we uniformly sample K contiguous segments
of the same random length from each of the B recordings within the batch. A subset of available



modalities is then randomly selected and, within each chosen modality, a random subset of channels
and base predictors are sampled. This procedure yields batches where all samples share the same
input shape although the shape may vary between batches. As a result, padding and masking are not
required, improving computational efficiency. Furthermore, instead of performing a single gradient
update per batch, we accumulate gradients over G distinct batches [Malekzadeh et al.|(2021)). Further
methodological and implementation details are reported in[A.T|and [A.2] respectively.

Experiments

We leverage the pre-trained single-channel models of SLEEPYLAND Dei Rossi et al.| (2025)) as base
predictors. Currently, these models cover the EEG and EOG modalities, and include U-Sleep Perslev
et al.| (2021), DeepResNet |Olesen et al.[(2021)), and SleepTransformer Phan et al.|(2022) models.

Datasets The base models were pre-trained on several PSG datasets available from the National
Sleep Research Resource Zhang et al.| (2024). To prevent data leakage, NAP is trained on their
hold out sets and on the BSWR dataset|Aellen et al.| (2024), unseen by the base models. Additional
out-of-domain (OOD) datasets, never seen during the training of either the frozen base predictors or
NAP itself, are used for evaluation: DOD-H & DOD-O |Guillot et al.| (2020), DCSM Perslev et al.
(2021)), SEDF-SC & SEDF-ST Kemp et al.| (2000), and PHYS |Ghassemi et al.|(2018]). Further details
for all datasets are provided in Appendix and[A.4] All recordings are resampled to 128 Hz and
standardized using channel-wise robust scaling. Data splits are performed at the subject level.

Results

Table 1: Per-recording mean (SD) Macro F1 and per-stage F1 scores for the best individual ensemble
model (soft-voting across all channels); the SOMNUS ensemble Dei Rossi et al.| (2025)) (soft-voting
across all channels, modalities and models); and NAP. Metrics computed on the BSWR test set and all
OOD datasets. I indicates statistically significant (o« < 0.05) MF1 improvement over other methods.

Dataset ‘ Model ‘ MF1 Fly, Fln: Flno Flns Flrem
DeepResNetg pa .695(.120) .828(.143) .397(.172) .793(.148) .629(.270) .848(.180)
BSWR SOMNUS .708(.120) .836(.141) .404(.178) .804(.146) .696(.280) .864(.173)
NAP .749(.117)J> .856(.132) .5633(.164) .809(.146) .705(.260) .864(.172)
DeepResNetg pa .797(.086) .981(.027) .507(.147) .849(.096) .779(.207) .874(.149)
DCSM SOMNUS .803(.084) .983(.023) .505(.153) .858(.097) .783(.202) .891(.146)
NAP .815(.081):t .986(.020) .550(.143) .848(.103) .802(.190) .893(.145)
U-Sleeperc .816(.072) .878(.085) .526(.166) .907(.051) .851(.171) .916(.073)
DOD-H SOMNUS .828(.064) .886(.089) .564(.162) .912(.043) .866(.161) .930(.056)
NAP .834(.071) .876(.096) .616(.159) .904(.048) .849(.165) .927(.068)
U-Sleepera .777(.081) .911(.066) .496(.144) .882(.070) .693(.265) .912(.084)
DOD-O SOMNUS .790(.084) .914(.068) .516(.153) .882(.075) .733(.266) .913(.071)
NAP .776(.093) .874(.114) .523(.141) .864(.083) .715(.265) .915(.068)
DeepResNetg pa .687(.097) .744(.159) .358(.153) .832(.106) .682(.247) .837(.173)
PHYS SOMNUS .693(.099) .743(.161) .349(.157) .837(.107) .704(.248) .847(.170)
NAP .732(.095):t .780(.150) .494(.141) .829(.109) .722(.237) .849(.168)
U-Sleepeec .720(.090) .981(.014) .342(.130) .814(.097) .602(.287) .845(.114)
SOMNUS .734(.083) .982(.018) .358(.138) .832(.083) .611(.279) .870(.094)
SEDF-SC i
NAP .752(.084) .983(.023) .469(.127) .819(.090) .605(.284) .864(.102)
DeepResNetg za .764(.074) .814(.105) .508(.158) .863(.062) .746(.232) .891(.085)
SEDFE-ST SOMNUS .761(.074) .803(.105) .497(.148) .873(.057) .731(.237) .902(.080)
NAP .796(.079)i .847(.096) .606(.162) .872(.059) .748(.234) .905(.078)

Table [T] presents the performance of the best single-modality model, SOMNUS, and NAP. Consistent
with prior work [Dei Rossi et al.| (2025)), we find that naive averaging-base late fusion (SOMNUS)
outperforms the strongest individual base model. However, attention-based aggregation proves
more effective. Across OOD datasets, NAP delivers zero-shot MF1 gains in most cases (DCSM:
0.803 — 0.815, DOD-H: 0.828 — 0.834, PHYS: 0.693 — 0.732, SEDF-SC: 0.734 — 0.752,
SEDF-ST: 0.761 — 0.796), indicating that the learned fusion strategy effectively generalize to
unseen cohorts. MF1 improvements stem mostly from better recognition of the problematic N1 stage
and, in some cases, the Wake stage, most often at the cost of a small decrease in N2 performance.



Conclusion

NAP consistently outperforms both the averaging scheme of SOMNUS and all ensemble constituents,
establishing a new state of the art in zero-shot automatic sleep staging across multiple datasets. While
previous research has shown that robust zero-shot performance could be achieved by training on
larger, diverse datasets, even matching or surpassing earlier in-domain approaches, a few exceptions
were noted, namely for PHYS and SEDF Dei Rossi et al.[(2025). NAP yields its largest improvements
in such cases, suggesting that principled late fusion can close this gap. In contrast, for datasets where
SOMNUS had already exceeded prior state of the art, NAP achieves comparable performance.

Although NAP is compatible with any number of modalities, here we considered only EEG and EOG
due to the limited availability of pre-trained models |Dei Rossi et al.|(2025). As more unimodal sleep
staging models are released, NAP can be extended to integrate them. Furthermore, while this work
presented a framework for late fusion, it could be easily adapted for early or intermediate fusion of
representations. Such an approach, a Neural Aggregator of Representations, would allow integration
of features from modality or channel-specific encoders. Finally, while we demonstrated NAP in the
context of automatic sleep staging, the underlying methodology can be applied to any domain that
requires principled aggregation of predictive streams across diverse modalities and channels.
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A Supplementary material

A.1 Dynamic batch sampling

The following algorithm determines the dimensions of a single batch.

Input: Mmax {nglfx ’A:\:inlax’ {Bﬁix}kM:mlax

Output: Batch dimensions ;
{T7 M7 {ka {@M:l’ {Bmk }Q/jzl

T ~ U{20,80} ; // sequence length
M ~U{1, Mpax} ; // modalities
for k < 1to M do
Cy ~U{L, O} // channels
By, ~U{L, B2} // base predictors
end

Based on the returned dimensions, the specific modalities, channels, and base learners are then
uniformly sampled from the available options within the observations belonging to the batch.

A.2 Implementation details

This section reports model architecture specifications and training protocol.

In the tri-axial attention encoder module, we use an embedding dimension of dyoqe) = 24, With h = 6
attention heads, 2 per attention pathway, and a feed-forward dimension of dg = 4 - dpoqel, following
the original Transformer formulation Vaswani|(2017)). The encoder stack comprises 4 such layers,
followed by the modality fusion layer with an attention size of d4 = 2 - diodel, and finally a classifier
head consisting of a single hidden layer with 16 neurons. Across all components, we use the GeLU
activation function|Hendrycks & Gimpel (2016)) and apply dropout with a rate of p = 0.1.

During training, each batch includes B = 8 recordings. For every recording, we randomly sam-
ple K = 4 segments of the same random length. Gradients are accumulated over G = 4 for-
ward-backward passes, resulting in an effective batch of G - B - K = 128 segments per optimization
step, with tensor dimensions varying across the accumulation steps. Optimization is performed using
AdamW [Loshchilov & Hutter] (2017) with a learning rate of = 103, and early stopping is applied
based on validation macro-F1 score over BSWR validation set, with a patience of 15 epochs.

We run inference considering one recording at a time, employing all available modalities, channels,
and base predictors. Inference is performed with a segment length of 35 sleep epochs, consistent with
Perslev et al.|(2021)); |[De1 Rossi et al.| (2025).

NAP and the overall pipeline are implemented in Pytorch 2.8.0. and trained with a single Nvidia T4
GPU and worker, with 64 GB of RAM.

A.3 Datasets

This section provides a comprehensive description of all datasets used in our experiments.



A.3.1 Training datasets

We consider during the training phase the BSWR dataset, described first, and NSRR datasets Zhang
et al.[(2018}2024), more specifically their hold-out sets as defined in SLEEPYLAND |De1 Rossi et al.
(2025), to avoid any overlapping data in the training of base predictors and meta-models.

BSWR. The Bern Sleep-Wake Registry (BSWR) |Aellen et al| (2024)) is a private dataset which
comprises a total of 8,410 PSG recordings (=~ 67’000 hours) from patients aged 0-91 years,
collected during routine clinical practice. This dataset uniquely covers the full spectrum of
sleep-wake disorders, including cases with multiple comorbidities and non-sleep-related condi-
tions. Only a small fraction of participants (< 1%) are healthy controls, while the majority are
patients diagnosed with one or more sleep disorders or cases with uncertain diagnoses. Among
the recorded disorders, sleep-related breathing disturbances are the most prevalent, followed
by central hypersomnolence disorders, insomnia, parasomnias, and sleep-related movement
disorders. A smaller subset of patients present circadian rhythm disorders or isolated symptoms
without a definitive clinical classification. We consider EEG signals (F4-M1, F3-M2, C4-M1,
C3-M2, 02-M1, O1-M2) and EOG signals (E2-M1, E1-M2), sampled at 200 Hz. All record-
ings are manually annotated by certified sleep experts following the American Academy of
Sleep Medicine (AASM) guidelines [Berry et al.| (2017). The dataset is partitioned into training,
validation, and test splits, with splits performed by considering subject identifiers, using a 90/5/5 ratio.

Ethical approval : The secondary usage of the BSWR dataset was approved by the local ethics
committee (Kantonale Ethikkommission Bern [KEK]-Nr. 2022-00415), ensuring compliance with
the Human Research Act (HRA) and Ordinance on Human Research with the Exception of Clinical
Trials (HRO). All methods were carried out in accordance with relevant guidelines and regulations.
Written informed consent was obtained from participants as of the introduction of the general consent
process at Inselspital in 2015. Data were maintained with confidentiality throughout the study.

NSRR Datasets.

The National Sleep Research Resource (NSRR) is an NHLBI-supported data repository designed
to promote open sharing of large-scale sleep research dataZhang et al.| (2018}, [2024)). Established
in 2014, NSRR provides access to polysomnography, actigraphy, and questionnaire-based datasets
collected from diverse cohorts and clinical studies. By enabling secondary analyses, algorithm
development, and signal processing research, NSRR aims to advance sleep and circadian science.
The repository currently hosts tens of thousands of high-quality sleep records. More info: https:
//sleepdata.org/pages/about|

ABC. The Apnea, Bariatric surgery, and CPAP study includes 132 recordings from 49 patients with
severe OSA and morbid obesity (BMI 35-45) Bakker et al.|(2018). EEG (F3-M2, F4-M1, C3-M2,
C4-M1, O1-M1, O2-M2) and EOG (E1-M2, E2-M1) were acquired at 256 Hz, band-pass filtered,
and scored according to AASM criteria. More info: https://clinicaltrials.gov/ct2/show/
NCT01187771. We consider 35 recordings from the hold out set of SLEEPYLAND.

APOE. The Sleep Disordered Breathing, apolipoprotein E, and Lipid Metabolism dataset is a
study investigating genetic associations with sleep-disordered breathing, comprising 712 PSGs from
untreated participants stratified by ApoE genotype [Moore IV et al.[(2014). EEG (C3-M2, C4-M1,
02-M1, O1-M2, C3-M1, C4-M2, 02-M2, O1-M1, F1-M2, F2-C4, F2-T4, FP1-C3, FP1-C3, FP2-C4,
Fz-M1, Fz-M2, T3-0O1 T4-02) and EOG (ROC-M1, LOC-M2) were recorded at 256 Hz, and scored
according to AASM criteria. More info: https://doi.org/10.25822/6ssj-2157. We consider
150 recordings from the hold out set of SLEEPYLAND.

APPLES. The Apnea Positive Pressure Long-term Efficacy Study is a multi-center randomized
clinical trial on positive airway pressure for OSA, with 1094 PSGs|Quan et al.| (2011). EEG signals
(C3-M2, C4-M1, 02-M1, O1-M2) and EOG signals (ROC-M1, LOC-M2) are recorded at 128 Hz,
initially scored according to Rechtschaffen and Kales scoring rules (R&K) and then re-aligned to
AASM Moser et al.|(2009). More info: https://clinicaltrials.gov/study/NCT000513637
tab=results. We consider 150 recordings from the hold out set of SLEEPYLAND.

CCSHS. The Cleveland Children’s Sleep and Health Study includes 515 PSGs|Rosen et al.|(2003))
from three different cohorts in Cleveland, Ohio, USA. EEG (C3-A2, C4-Al) and EOG (ROC-A1,
LOC-A2) were recorded at 128 Hz, and manually scored according to AASM rules. More info:
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https://doi.org/10.25822/cg2n-4y91. We consider 128 recordings from the hold out set of
SLEEPYLAND.

CFS. The Cleveland Family Study is a family-based study on OSA Redline et al.|(1995). SLEEPY-
LAND used 730 PSGs from 144 families, with splits respecting family membership. EEG (C3-A2,
C4-A1) and EOG (ROC-A1, LOC-A2) signals were recorded at 128 Hz and scored according to
AASM rules. More info: https://doi.org/10.25822/jmyx-mz90. We consider 185 recordings
from the hold out set of SLEEPYLAND.

CHAT. The Childhood Adenotonsillectomy Trial includes 1638 PSGs from 1232 children (age range:
5-10) post-adenotonsillectomy-surgery with mild-to-moderate OSA across six U.S. centers Marcus
et al.|(2013). EEG (F4-M1, F3-M2, C4-M1, C3-M2, O2-M1, O1-M2, T4-M1, T3-M2) and EOG
signals (E2-M1, E1-M2) were recorded at > 200 Hz, and scored according to AASM rules. More
info: https://clinicaltrials.gov/study/NCT00560859. We consider 199 recordings from
the hold out set of SLEEPYLAND.

HOMEPAP. The Home Positive Airway Pressure dataset is a multi-site U.S. study on home PAP
therapy [Rosen et al.| (2012}, with 246 PSGs considered in SLEEPYLAND. We consider the EEG
signals (F4-M1, F3-M2, C4-M1, C3-M2, 02-M1, O1-M2, T4-M1, T3-M2) and EOG signals (E2-M1,
E1-M2), originally recorded at 200 Hz, and scored according to AASM scoring rules. More info:
https://clinicaltrials.gov/ct2/show/NCT00642486. We consider 62 recordings from the
hold out set of SLEEPYLAND.

MESA. The Multi-Ethnic Study of Atherosclerosis includes 2056 PSGs from adults aged 45—-84
across four ethnic groups|Chen et al.| (2015). EEG signals (Fz-Cz, C4-M1, CzOz) and EOG signals
(E2-Fpz, E1-Fpz) were recorded at 256Hz, low-pass filtered at 100 Hz, and scored by sleep experts
according to the AASM rules. More info: https://doi.org/10.25822/n7hq-c406. We consider
150 recordings from the hold out set of SLEEPYLAND.

MNC. The Mignot Nature Communications dataset comprises ~ 1000 PSGs used in [Stephansen
et al.| (2018). Sub-cohorts include CNC (78 PSGs, of which we consider 20 for NAP training), DHC
(83 PSGs, of which we consider 22 for NAP training), and SSC (767 PSGs, of which we consider 150
for NAP training). EEG (C3-M2, C3, C4-M1, C4, Cz, F3-M2, F3, F4-M1, F4, O1-M2, O1, O2-Ml1,
02) and EOG signals (E1-M2 E1 E2-M1 E2) were recorded at 128Hz, and manually scored by sleep
experts according to the AASM rules. More info: https://doi.org/10.25822/00tc-zz78l

MROS. A subset of the Osteoporotic Fractures in Men study Blackwell et al.| (2011)), with 3930
PSGs from older men (> 65 years), most affected by sleep disorders. EEG (C4-A1, C3-A2) and
EOG signals (ROC-A1, LOC-A2) were recorded at 256 Hz, and scored according to AASM rules.
More info: https://doi.org/10.25822/kc27-0425. We consider 195 recordings from the hold
out set of SLEEPYLAND.

MSP. The Maternal Sleep in Pregnancy dataset DiPietro et al.|(2021) is comprised of 105 overnight
PSGs from women at week 36 of pregnancy, without previously identified sleep disorders. EEG (C3-
M2, C4-M1, F3-M2, F4-M1, O1-M2, 02-M1) and EOG signals (LOC, ROC) were recorded at 256Hz
and scored according to the AASM manual. More info: https://sleepdata.org/datasets/msp.
We consider 27 recordings from the hold out set of SLEEPYLAND.

NCHSDB. The Nationwide Children’s Hospital Sleep DataBank consists of 3950 pediatric PSGs
(age range: 0-18)[Lee et al.|(2022). EEG (FP1, FP2, FZ, CZ, PZ, OZ, FPZ, P3-M2, P4-M1, F3-M2,
F4-M1, F4-M2, C3-M2, C4-M1, C4-M2, T3-M2, T4-M1, O1-M2, 02-M1, F4, O1, O02) and EOG (El,
E2) and EOG signals (E1-M2, E2-M1, E1, E2) were recorded at 256 Hz. Recordings were manually
scored following AASM criteria. More info: https://sleepdata.org/datasets/nchsdb, We
consider 161 recordings from the hold out set of SLEEPYLAND.

SHHS. The Sleep Heart Health Study is a large dataset that comprises 8444 PSGs from 5797 adults
(> 40 years), most of which suffering from sleep disorders, across two visits|Quan et al.|(1997). EEG
(C3-A2, C4-Al) and EOG signals (ROC-A1, LOC-A2) were recorded at sampling frequencies of 125
Hz and 50 Hz, respectively. Recordings were initially R&K scored and subsequently re-aligned to
AASM scoring rules. More info: https://clinicaltrials.gov/ct2/show/NCT00005275. We
consider 221 recordings from the hold out set of SLEEPYLAND.

SOF. We consider a subset of the Study of Osteoporotic Fractures [Spira et al.| (2008), with 453 PSGs
from older women. We consider only EEG (C3-A2, C4-Al) and EOG signals (ROC-A1, LOC-A2),
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which were recorded at 128 Hz, initially R&K scored, and re-aligned with AASM criteria. More info:
https://doi.org/10.25822/elcf-rx65. We consider 114 recordings from the hold out set of
SLEEPYLAND.

WSC. Wisconsin Sleep Cohort is an ongoing longitudinal study investigating the causes, con-
sequences, and natural history of sleep disorders; SLEEPYLAND considers 2569 in-laboratory
PSGs across four visits [Young et al.| (2009). EEG signals (F3-M1, F3-M2, F3-AVG, F4-M1,
F4-M2, F4-AVG, Fz-M1, Fz-M2, Fz-AVG, Cz-M1, Cz-M2, Cz-AVG, C3-M1, C3-M2, C3-AVG,
C4-M1, C4-M2, C4-AVG, Pz-M1, Pz-M2, Pz-AVG, Pz-Cz, O1-M1, O1-M2, O1-AVG, 02-M1,
02-M2, 02-AVG) and EOG signals (E1, E2) are included, recorded at 100 Hz and 200 Hz,
respectively. Recordings are scored by sleep experts according to AASM criteria. More info:
https://sleepdata.org/datasets/wsc. We consider 347 recordings from the hold out set of
SLEEPYLAND.

A.3.2 Evaluation datasets

The following datasets are used exclusively in inference; neither SLEEPYLAND base predictors nor
NAP were trained on recordings from these datasets, enabling evaluation of zero-shot performance.

Table 2: Summary statistics of evaluation datasets, reporting the number of PSG recordings, average
participant age (mean =+ standard deviation), and gender distribution, where available.

Dataset #PSGs Age (years) F/M (%)

DCSM 255 - -

DOD-H 25 353£7.5 24/76
DOD-O 95 45.6 £16.5  36/64
PHYS 994 55.2+14.3  33/67

SEDF-SC 153 58.8 £22.0  53/47
SEDF-ST 44 40.2+17.7  68/32

DOD. The Dreem Open Datasets consist of two subsets, DOD-H and DOD-O |Guillot et al.| (2020).
DOD-H includes 25 recordings from healthy adults (19 males, 6 females) aged 18—65 years, collected
at the Fatigue and Vigilance Unit of the French Armed Forces Biomedical Research Institute (IRBA),
Bretigny-Sur-Orge, France. We use EEG channels (C3-M2, C4-M1, F3-F4, F3-M2, F3-0O1, F4-02,
01-M2, 02-M1) along with left and right EOG signals, sampled at 512 Hz. DOD-O contains 55
PSG recordings from patients diagnosed with obstructive sleep apnea (35 males, 20 females) aged
39-62 years, collected at the Stanford Sleep Medicine Center. EEG signals include (C3-M2, C4-M1,
F4-M1, F3-F4, F3-M2, F3-01, F4-02, FP1-F3, FP1-M2, FP1-01, FP2-F4, FP2-M1, FP2-02) and
left/right EOG. Recordings are sampled at 250 Hz. Following |Guillot et al.| (2020), all signals
undergo preprocessing: a Butterworth IIR band-pass filter [0.4, 18] Hz is applied, recordings are
resampled to 100 Hz, clipped, and scaled by dividing by 500 to mitigate extreme amplitude variations.
Sleep stages are scored by five physicians across three independent centers using AASM guidelines.

DCSM. The Danish Centre for Sleep Medicine (DCSM) dataset [Perslev et al.[(2021)) consists of
255 PSG recordings from patients referred for suspected or nonspecific sleep-related disorders.
No demographic metadata is provided. We include EEG channels (F4-M1, F3-M2, C4-Ml1,
C3-M2, 02-M1, O1-M2, T4-M1, T3-M2) and EOG channels (E2-M1, E1-M2), sampled at 256
Hz. A band-pass filter between 0.3 Hz and 70 Hz is applied. All recordmgs are scored manually
by certified clinicians according to AASM criteria. Additional dataset details are available at
https://sid.erda.dk/wsgi-bin/ls.py?share_id=fUH3xb0Xv8.

SEDF. The Sleep-EDF Expanded dataset|Goldberger et al.|(2000); [Kemp et al.|(2000) consists of two
subsets, SEDF-SC and SEDF-ST. SEDF-SC (Sleep Cassette) is comprised of 153 PSG recordings
from 78 healthy participants aged 25-101 years. SEDF-ST (Sleep Telemetry) includes 44 recordings
from 22 subjects. For our experiments, we use EEG channels (Fpz-Cz, Pz-Oz) and an EOG channel
(ROC-LOC), sampled at 100 Hz. Original annotations, scored according to Rechtschaffen and Kales
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criteria, were re-aligned to match the AASM scoring standard. Additional details are available at
https://doi.org/10.13026/C2C30J.

PHYS. The dataset from the PhysioNet/Computing in Cardiology Challenge 2018 |Goldberger
et al.| (2000); |Ghassemi et al.| (2018)) includes 1,985 overnight PSG recordings, of which we use
994 labeled sessions in our experiments. EEG channels (F4-M1, F3-M2, C4-M1, C3-M2, O2-
M1, O1-M2) and one EOG channel (E1-M2) are considered. Recordings are sampled at 200
Hz and manually annotated following AASM guidelines. Full documentation can be found at
https://physionet.org/content/challenge-2018/1.0.0/.

A.4 Evaluation against medical consensus

We adopt the multi-annotator evaluation framework introduced in [Guillot et al.| (2020) for DOD
datasets. Each recording in DOD is independently annotated by S = 5 experienced sleep technolo-
gists, allowing model performance to be evaluated relative to both individual scorers and collective
consensus.

Given S scorers, let yt € {0,1,2,3,4} denote the label assigned by scorer s to epoch ¢ and
9t € {0,1}5 its one-hot encoding. For scorer s, we define the agreement of the remaining scorers at

epoch t as:
gt
FR— L/ ®
max (Z#S ;z]f)

The soft-agreement of scorer s over a recording is:

T
1
Soft-A t, == Y 2Lyt 4
oft-Agreement, = - ; Zi i, )]

which measures how often the scorer aligns with the collective judgment, weighted by inter-scorer
agreement. Reliable scorers are defined as those with the highest soft-agreement scores for a given
recording. The discrete consensus hypnogram is obtained by majority voting across scorers, with ties
resolved using the most reliable scorer.
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