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Abstract

Sleep disturbances reduce quality of life and are recognized risk factors for neurodegenerative diseases such as
Parkinson’s and Alzheimer’s. Automated sleep staging networks achieve competitive performance on multi-channel
polysomnography, but their decisions are opaque. This limits clinical trust and leaves the sleep features they learn
inaccessible.

We introduce the Proto-Sequence-to-Sequence (PSS) framework, a prototype-based wrapper that, after training,
builds a codebook of discrete entries in the latent space of sequence-to-sequence sleep staging models. Staging quality
approaches that of the continuous model as the codebook grows. The codebook entries, i.e. the prototypes, can be
reconstructed in the original EEG, EOG and EMG input space, compared against an AASM-inspired checklist, and
used to describe what the model encodes. Applied to two architectures, ProtoSleepNet (PSN, extending SeqSleepNet)
and ProtoSleepTransformer (PST, extending SleepTransformer), the framework was evaluated across 11 independent
datasets encompassing 12,317 subjects (over 120,000 recording hours). Without quantization, both models stage as
well as their backbones. A new accuracy-weighted modality dropout makes them more robust to channel occlusion.
The learned prototypes show sub-stage patterns. Against an AASM-inspired checklist, 10 of 24 prototypes are coherent,
10 partially coherent and 4 non-canonical. Both backbones show delta-dominated deep sleep and an EOG-driven versus
EEG-driven REM split. PSN also shows an N2 delta/sigma relevance gradient, which PST lacks. In an exploratory
analysis of two clinical cohorts with nested leave-one-subject-out evaluation, twenty per-subject prototype statistics
separated Alzheimer’s and Parkinson’s patients from controls at 86.8% and 80.5% area under the ROC curve. A
comparator built on 34 descriptors of the expert hypnogram, on the same subjects and folds, reached 76.2% and 67.7%.
The Alzheimer cohort analysis is not adjusted for age. Patients visit fewer distinct prototypes than controls, and the
gap widens with the codebook size. An interactive online demo presents the prototypes.
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Introduction

Sleep disorders affect 10-20% of the population [1], substantially reduce quality of life and are closely linked to overall
health status. Changes in sleep architecture may reflect neurodegenerative processes. Growing evidence identifies sleep
disturbances as markers of, and risk factors for, diseases such as Parkinson’s disease (PD) and Alzheimer’s dementia
(AD) [2, 3]. Large-scale screening for sleep abnormalities could support earlier detection and intervention, but it requires
accurate automated sleep staging and interpretable representations of what staging models learn about sleep physiology.

Sleep assessment records polysomnographic (PSG) data and scores each 30-second epoch into one of five stages (Wake,

N1, N2, N3, and REM) according to established criteria [4]. Manual scoring is costly and labor-intensive. In-home PSG
devices [5] and wearable sensors [2] make large-scale data collection feasible, and automatic sleep staging algorithms
now achieve competitive accuracy [6]. The sequence-to-sequence deep learning framework [7] is particularly effective.
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An epoch encoder embeds each 30-second window, and a sequence encoder processes L successive epochs jointly, which
captures the dependence between sleep states within a sleep cycle [8-10]. The two main families of this framework are
recurrent networks [8] and self-attention transformers [10].

These models share three limitations. First, their decisions are opaque: clinicians cannot verify whether a model relies
on physiologically expected features (delta power for N3, sigma-band activity for N2, EOG dynamics for REM) or on
spurious correlations. Second, models also learn sub-stage features during training, for example patterns that may reflect
sleep-spindle dynamics, arousal structure or disruptions associated with neurodegenerative disease. These features stay
in the latent space, where clinicians cannot inspect them and downstream analyses cannot use them. Third, naive multi-
channel fusion may cause a multimodal competition problem [11]: EEG gives the strongest staging signal, so it tends to
dominate training over EOG and EMG. The model is then weak when the EEG is noisy or absent. Such recordings are
common in home-based [5] and wearable [2] settings, where sensor quality varies.

Explainable AI (XAI) methods address interpretability through post-hoc approaches (e.g., LIME [12], SHAP [13])
that probe input—output relationships and mechanistic approaches (e.g., LRP [14], CRP [15]) that trace contributions
of specific model components. Both produce instance-level explanations, which lose precision when aggregated into
global summaries [16]. Prototype-based models take a different route. They base their decisions on a discrete set of
interpretable representations, the prototypes, which form a condensed vocabulary of the input space and give local and
global explanations at the same time [17-20].

Explainable sleep-staging methods vary by how prototypes are obtained and presented. Rule-based approaches fix
prototypes before training by aggregating embeddings of epochs that match expert rules, then classify epochs by similar-
ity; explanations are limited to the chosen rules [21]. Prototype networks instead learn latent prototypes jointly with the
classifier, with the number of prototypes set as a hyperparameter that requires retraining to change [22]. These networks
display each prototype as its nearest training segment in latent space, and a loss term keeps prototypes close to real
patches. Experts then label the prototypes by inspection. Other work explains standard classifiers with input relevance
heatmaps that experts compare to scoring rules, yielding local explanations without a global vocabulary [23].

It remains unclear whether prototypes should be integrated into the model’s decision-making or constructed post-
hoc from a pre-trained encoder [20]. Post-hoc approaches offer broader applicability but rely on the assumption that
the decision function is locally continuous around prototype neighborhoods. The assumption usually holds at the final
classification layer. In intermediate representations, though, it often fails, because small perturbations can change the
output drastically [24, 25]. Models that pass every prediction through learned prototypes need end-to-end retraining,
and quantizing the decision space can lower their performance.

Prototypes are latent vectors, so experts cannot read their physiological meaning directly. Reconstructing a prototype
from its nearest real input has two limits: first, the reconstruction has low fidelity if the latent space is sparse around
the prototype; second, a faithful reconstruction still has to be decomposed to show which features of that input place it
close to the prototype in the space. Hence, describing a prototype in clinical terms requires three steps: reconstruct it in
the input space, decompose it into interpretable features, and compare these features with established scoring criteria.

We propose the Proto-Sequence-to-Sequence (PSS) framework! (Figure 1), a prototype-based wrapper for sequence-to-
sequence sleep staging. Dual residual connections prepare the embedding space for post-hoc quantization. After training,
a codebook of discrete prototypes is built from the continuous encoder, a post-hoc prototype approximation of the
backbone, with a measured loss of staging quality. Users choose the codebook size M without retraining, according to how
much staging performance they want to retain and how many prototypes they want to inspect. At inference, predictions
are routed through the prototypes, or through the continuous model when no quantization is needed. Each prototype is
then reconstructed in the input space and described in a short summary.

We demonstrate the framework on SeqSleepNet [8] (ProtoSleepNet, PSN) and SleepTransformer [10] (ProtoSleep-
Transformer, PST), and evaluate it on 11 independent PSG datasets, which yield 20 dataset-sources and over 12,000
subjects. To make the prototypes readable, we develop a reconstruction and characterization pipeline. It maps each
codebook entry back to the input space, decomposes it into physiologically defined spectral and temporal features, and
summarizes the result in a short text that sleep clinicians can read. The explanations work at two levels: locally, why
a specific epoch is assigned to a given prototype, and globally, what each prototype encodes across the full population
of assigned epochs. The global characterizations are compared against an AASM-inspired checklist independently on
both backbones. Patterns found in both architectures are not specific to one architecture or training corpus. Finally, we
test the prototype-gram, the sequence of prototype assignments across a subject’s night in a neurodegenerative disease
detection pipeline. The models that produce the prototype-gram are frozen and trained for staging only, with no disease
labels. We ask whether its statistics separate clinical groups known to differ in sleep architecture better than those of
the expert’s hypnogram of the same recordings.

We show that both PSS variants preserve competitive staging performance while conferring robustness to missing
channels. Against an AASM-inspired checklist, 10 of the 24 prototypes are Coherent, 10 Partially coherent and 4 Non-
canonical. Delta-dominated N3 and an EOG-driven versus EEG-driven REM split appear in both backbones. PSN shows
an N2 delta/sigma relevance gradient, which PST lacks. In exploratory clinical probing, twenty per-subject prototype-
gram statistics reach AUCs of 86.8% (Alzheimer’s) and 80.5% (Parkinson’s), against 76.2% and 67.7% for a comparator

L An interactive explainability demo is available at https://protosleepnet-demo.pages.dev, and the source code at https://github.com/guidogagl/
protosleepnet.
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built on 34 hypnogram descriptors of the same recordings and folds. The Alzheimer analysis is not adjusted for age. In
both cohorts, patients visit fewer distinct prototypes than controls, and the gap widens with the codebook size, reaching
28% (Alzheimer’s) and 21% (Parkinson’s) at M = 100. The clinical findings are hypothesis-generating and require
replication on independent cohorts.

Results

We evaluate the Proto-Sequence-to-Sequence (PSS) framework along four axes: sleep staging performance, robustness
under channel occlusion, prototype-based explanations, and exploratory detection of neurodegenerative conditions such
as Alzheimer’s and Parkinson’s disease. Four model variants are compared throughout: SeqSleepNet (SSN) and its PSS
extension ProtoSleepNet (PSN), and SleepTransformer (ST) and its PSS extension ProtoSleepTransformer (PST). Both
PSS variants were trained with the same settings as the original backbones: PSN on MASS (200 subjects, 5 cohorts) and
PST on SHHS visit-1 (5,793 subjects).

PSN and PST match their backbone models in staging performance

Any prototype extension must first match the backbone’s staging accuracy. We evaluated PSN against SSN and PST
against ST on 20 dataset-sources, differentiating between in-domain and out-of-domain settings. Figure 2a shows 13
markers for the 20 sources: the five MASS cohorts are pooled into one point and the four WSC visits into another. In-
domain, we tested the full end-to-end models on held-out test-split recordings (5 MASS cohorts for PSN/SSN; SHHS
visit-1 for PST/ST) using sliding-window inference with stride 1 [8]. Out-of-domain evaluation used the complete held-out
dataset-sources, 15 for PSN and 19 for PST. On each, we trained a linear probe on frozen sequence-encoder outputs with
5-fold subject-stratified cross-validation [26]. Per-subject differences were assessed using paired Wilcoxon signed-rank
tests with Bonferroni correction.

Figure 2a shows per-dataset x (filled markers: in-domain, end-to-end models; open markers: out-of-domain, linear
probes on frozen encoders). The baselines are the official single-channel reference implementations, SeqSleepNet-
Ich and SleepTransformer-lch. PSN exceeds SeqSleepNet-1ch on 13 of 15 dataset-sources (Wilcoxon p < 0.05,
Bonferroni-corrected), with the largest gain on MESA. PST exceeds SleepTransformer-lch on 5 of 19, with near-
parity on the remaining 14 (largest gain: MESA, +0.051). The corresponding three-channel variants (SeqSleepNet-3ch,
SleepTransformer-3ch) were also evaluated in-domain: PSN x = 0.801 £ 0.070 vs. 0.788 + 0.068 on MASS, and PST
k= 0.814 £ 0.100 vs. 0.812 £ 0.103 on SHHS (Supplementary Note 2).

The out-of-domain protocol therefore measures how linearly separable the stages are in the frozen representation of
each cohort. Modality dropout may produce broader representations that transfer better out of domain (Supplementary
Note 1). Staging performance is stable across six independent training seeds (coefficient of variation of about 1% for &;
Supplementary Note 9). For reference, published inter-rater agreement among human scorers on the same data ranges
from k = 0.68 to 0.82 [6].

We also evaluated robustness under channel occlusion conditions on the in-domain datasets, testing four scenarios
plus the clean condition: 25% and 50% random channel replacement, complete EEG removal, and complete EOG+EMG
removal. Progressive ablations show that accuracy-weighted modality dropout is the main source of robustness. Without
modality dropout, both baselines degrade (SSN: x = 0.788 — 0.076 at 50% random occlusion; ST: 0.812 — 0.556 without
EEG). Modality dropout restores near-clean performance without additional parameters. The channel mixer then recovers
the clean-condition accuracy that modality dropout reduces. Modality importance depends on the backbone: PSN relies
strongly on EEG (x = 0.357 without EEG), while PST relies less on it (x = 0.756 in the same condition). Full ablation
results are reported in Supplementary Note 2.

PSN and PST allow post-hoc quantization

All downstream prototype analyses depend on discretizing the embedding space into M codebook entries. Because the
codebook is built post-hoc via K-Means on frozen embeddings, M is decoupled from training and can be chosen afterward
as an explanation granularity parameter. The prototypes represent the model faithfully only if quantization preserves
staging quality, so we measure that quality first.

Figure 2b shows staging accuracy (solid) and « (dashed) as a function of codebook size M. For both PSS variants,
performance rises steeply from M = 5 and saturates at M =~ 48-65, approaching the non-quantized baselines (dotted
lines). The unmodified backbones lose more under quantization. At M = 100, PSN keeps x = 0.788 (non-quantized:
0.801), while the single-channel SSN drops to 0.675 (from 0.769). PST keeps 0.794 (from 0.814), while the single-channel
ST drops to 0.736 (from 0.799).

Ablation shows that the dual residual connection improves quantization quality. Without residuals, K-Means quan-
tization gives k = 0.568 at M = 5. With residuals it gives k = 0.715 (4-0.147). The residuals may make the embedding
space smoother and better suited to centroid-based clustering (Supplementary Note 3).

An alternative to post-hoc K-Means is supervised Vector Quantization (VQ), which refines the codebook via gradient
descent on the staging loss using straight-through estimation. We compared K-Means against VQ with random initial-
ization and VQ with K-Means initialization: K-Means matches supervised VQ in staging fidelity and is stable, whereas
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randomly initialized VQ ranges from x = 0.534 to 0.709 (Supplementary Note 3). A randomization test shows that K-
Means codebooks capture embedding structure: K-Means outperforms random exemplar codebooks for PSN at all tested
sizes (p < 0.04) and for PST for M > 8 (p < 0.05; Supplementary Note 8). A seed stability analysis across six indepen-
dent training runs per backbone shows that the prototypes are reproducible. Staging  varies by about 1% (CV). At all
but one codebook size, the input-space shift between matched prototype reconstructions is at most 2x the intra-seed
sampling baseline for both backbones (Supplementary Note 9).

Reconstructing quantized entries in the PSG input space

The codebook size M sets the inspection level. We use M = 12 for all the interpretability analyses that follow. Larger
codebooks follow the network more faithfully and take longer to analyze, and smaller codebooks give a coarser vocabulary.
Twelve entries can be inspected one by one, at a measured staging cost (previous subsection). The characterization,
reconstruction and local-explanation results therefore refer to the twelve-entry codebook. Supplementary Note 9.4 reports
which of them also hold at neighbouring codebook sizes.

The M = 12 codebook entries are latent vectors with no direct physiological meaning. To understand what each
prototype encodes, we map it back to the PSG input space (EEG, EOG, EMG time-frequency representation). The
mapping is under-determined: a prototype constrains only the dimensions that drive assignment, so the remaining
dimensions can take arbitrary values during optimization.

We propose three reconstruction strategies: data-driven (nearest real epochs to the prototype), model-driven (gradient
optimization from random noise), and hybrid (gradient optimization seeded with nearby real epochs). Quality is assessed
by three complementary metrics: fidelity (L2 distance to the prototype embedding), plausibility (MMD against the
empirical data distribution), and stability (pairwise MMD between reconstructions from independent datasets). For each
of the 12 prototypes per backbone, 256 reconstructions are generated and evaluated across 16 independent datasets for
PSN and 20 for PST.

The three methods trade off differently across metrics (Figure 3). Data-driven reconstruction guarantees plausibility
by construction (panel b) but exhibits the worst fidelity (panel a: PSN 3.61 £ 0.93, PST 2.95+0.80) and highest dataset
dependence (panel c). Fully model-driven reconstructions are the most stable across datasets. Their spectra, however,
depart from the empirical ones: the sigma-to-delta power ratio is 17 times the empirical value for PSN and 9 times
for PST. Hybrid reconstruction gives the best balance of fidelity and plausibility. Its plausibility MMD across external
cohorts is near zero (PSN: 0.004 4 0.012; PST: 0.017 £ 0.031), and its fidelity is much better than that of data-driven
reconstruction (PSN: 1.24 £+ 0.35; PST: 0.55 + 0.12).

We therefore use hybrid reconstruction in all subsequent prototype characterization analyses. Its reconstructions are
faithful to the model’s internal representation and close in distribution (MMD) to real PSG signals (Supplementary
Note 5).

Prototype characterization and coherence with an AASM-inspired checklist

We characterize each of the M = 12 prototypes per backbone with two ablations of its hybrid reconstruction. The
first is a combinatorial sweep over an 8-band EEG decomposition, with separate o; [11-13 Hz] and o}, [13-16 Hz] sub-
bands, holding EOG and EMG at their reconstructed values. The second is three whole-channel ablations that partition
importance across EEG, EOG and EMG. Together they give each prototype a band sensitivity profile and a channel-
importance partition, reported below. Each profile is then written up as a compact prototype summary of four sentences:
stage purity, discriminative spectral bands, temporal structure, and a coherence verdict against the A ASM-inspired
checklist (Supplementary Note 6).

Band relevance is the marginal contribution of a band to how closely the reconstruction matches the prototype. It
is expressed as a percentage of the total EEG contribution, not of spectral power. A band has negative relevance when
restoring it moves the reconstruction away from the prototype, and raw values range from —3.4% to 155.2%. The tables
quote raw values. Figure 4 rescales the absolute relevances of each prototype to sum to 100, so a raw ¢ relevance of 88.5%
appears as 68%. Values quoted from Figure 4 in the N3, REM, N2 and Wake paragraphs below use this rescaled scale.

Figure 4 shows the codebook summaries for both backbones, organized by dominant sleep stage. Table 1 presents the
corresponding prototype summaries.

In the N3 rows of Figure 4, PSN P10 (6 = 68%) and PST P4/P8 (6 = 88%/82%) are dominated by 6. Every other
band has relevance of at most |10%]|. Both backbones also show a mild € suppression (—10% to —11% in PSN). Restoring
0, a band shared with N1 and drowsy wakefulness, moves the reconstruction away from the N3 prototype. EEG carries
94-95% of the channel importance. This is the clearest cross-backbone convergence in the figure: PSN and PST have
similar N3 signatures, dominated by slow-wave () activity.

In the REM rows of Figure 4, PSN P4 relies mainly on EOG (EOG = 78%), while PSN P1 relies mainly on EEG
(EEG = 68%). The same inversion appears in PST: P7 (EOG = 62%) versus P1 (EEG = 62%). This channel-importance
contrast separates an EOG-driven from an EEG-driven REM prototype. Both backbones show it independently, without
phasic/tonic labels in the training data. This split is consistent with the phasic and tonic REM substates of Simor et
al. [27]. Testing the correspondence would require phasic/tonic annotations. In the heatmap, both REM variants show
moderate 0 relevance (33-44% in PSN, 36-41% in PST) and o}, relevance (19-20%). In both backbones the ablation
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Table 1 Representative prototype summaries for six sub-stage patterns across both backbones (12 prototypes per
backbone, hybrid reconstruction). For each pattern, one prototype per backbone illustrates convergent and divergent classification
strategies. Each summary has four sentences: (S1) stage identity and channel importance, (S2) primary and secondary spectral features by
sensitivity, (S3) temporal structure and EMG/EOG dynamics, (S4) checklist coherence verdict. The muscle-tone and eye-movement words in
S3 use the 25th and 75th percentile of the codebook, whereas the checklist uses the 40th and 60th (Supplementary Note 6). The letter after
the prototype index gives the verdict: C is coherent, P partially coherent and X non-canonical. Spectral bands appear in the table by their
usual symbols (delta, theta, alpha, sigma with low and high sub-bands, beta with low and high sub-bands, gamma). Summaries for all 24
prototypes are in Supplementary Note 6.

Pattern BB P Prototype Summary
N3 PSN P10 (C)  Encodes N3 (100% pure) primarily through EEG (94%), with EOG (5%) and EMG (1%). EEG signature shows elevated § (+14.7 dB, sensitivity=21.6)
and suppressed 8, (—0.1dB, sensitivity=13.0). § activity is present in 100% of each epoch, with moderate eye movements (SEM 90% active, likely EEG
crosstalk) and intermediate muscle tone. Coherent with AASM N3 criteria: § elevated, § dominant, EMG atonic — all confirmed.
PST P4 (Q) Encodes N3 (100% pure) primarily through EEG (94%), with EOG (5%) and EMG (2%). EEG signature shows elevated § (+10.3dB, sensitivity=16.9)

and absence of B}, (—0.8dB, sensitivity=1.8). § activity is present in 97% of each epoch, with moderate eye movements and atonic muscle tone. Coherent
with AASM N3 criteria: & elevated, § dominant, EMG atonic — all confirmed.

REM PSN P4 (Q) Encodes REM (100% pure) primarily through EOG (78%), with EEG (14%) and EMG (9%). EEG signature shows elevated § (+1.0 dB, sensitivity=11.5)

(phasic) and elevated o, (+1.2dB, sensitivity=6.8). § activity is present in 24% of each epoch, with active eye movements (REM 41% active) and atonic muscle
tone. Coherent with REM physiology: EOG dominant, EMG atonic, 6 elevated — all confirmed.

PST  P7 (Q) Encodes REM (100% pure) primarily through EOG (62%), with EEG (30%) and EMG (7%). EEG signature shows suppressed § (—0.3 dB, sensitivity=7.7)

and suppressed v (—0.1dB, sensitivity=4.2). § activity is present in 14% of each epoch, with moderate eye movements (REM 31% active) and atonic
muscle tone. Coherent with REM physiology: EOG dominant, EMG atonic, 6 elevated — all confirmed.

REM PSN Pl (P) Encodes REM (100% pure) primarily through EEG (68%), with EOG (21%) and EMG (11%). EEG signature shows elevated § (40.6 dB, sensitivity=13.8)
(tonic) and elevated o), (+1.2dB, sensitivity=6.3). § activity is present in 21% of each epoch, with quiescent eye movements (REM 10% active) and atonic
muscle tone. Partially coherent: confirmed EMG atonic, 6 elevated; missing EOG dominant. Model uses § rather than 6.

PST Pl (P) Encodes REM (100% pure) primarily through EEG (62%), with EOG (37%) and EMG (1%). EEG signature shows suppressed § (—1.9 dB, sensitivity=18.2)

and elevated v (+1.2dB, sensitivity=8.5). § activity is present in 7% of each epoch, with quiescent eye movements (REM 3% active) and intermediate
muscle tone. Partially coherent: confirmed EOG dominant, 6 elevated; missing EMG atonic.

N2 PSN PO (Q) Encodes N2 (100% pure) primarily through EEG (92%), with EOG (4%) and EMG (3%). EEG signature shows elevated f), (+1.0dB, sensitivity=11.7)
(o-rich) and elevated o, (+7.6 dB, sensitivity=5.4). 8, activity is present in 10% of each epoch, with quiescent eye movements (SEM 24% active) and intermediate
muscle tone. Coherent with N2: o elevated, o relevant, EOG quiescent — all confirmed. Model primarily uses 8, , atypical for N2.
PST P2 (Q) Encodes N2 (100% pure) primarily through EEG (81%), with EOG (14%) and EMG (5%). EEG signature shows elevated & (+5.7dB, sensitivity=9.1)
and elevated o, (+2.0dB, sensitivity=2.9). § activity is present in 69% of each epoch, with moderate eye movements (SEM 38% active) and intermediate
muscle tone. Coherent with N2: o elevated, o relevant, EOG quiescent — all confirmed.

N2 PSN  P5 (X) Encodes N2 (100% pure) primarily through EEG (96%), with EOG (2%) and EMG (2%). EEG signature shows elevated § (+9.8 dB, sensitivity=18.2) and
(8-rich) elevated B, (+0.3 dB, sensitivity=17.5). § activity is present in 86% of each epoch, with moderate eye movements (SEM 66% active, likely EEG crosstalk)
and intermediate muscle tone. Non-canonical for N2: missing o relevant, EOG quiescent. Deep-N2 classified through & rather than o-band relevance.
PST PO (X) Encodes N2 (100% pure) primarily through BEG (73%), with EOG (23%) and EMG (4%). EEG signature shows elevated v (+3.3dB, sensitivity=4.3)
and elevated 8, (+3.2dB, sensitivity=4.3). v activity is present in 17% of each epoch, with moderate eye movements (SEM 45% active) and intermediate
muscle tone. Non-canonical for N2: missing o relevant, EOG quiescent. Model uses broadband high-frequency power, atypical for N2.

PSN  P7 (C) Encodes W (100% pure) primarily through EEG (92%), with EOG (6%) and EMG (2%). EEG signature shows elevated 6 (+4.0 dB, sensitivity=13.9) and
elevated & (47.8dB, sensitivity=11.2). 6 activity is present in 21% of each epoch, with moderate eye movements (Blink 79% active) and tonic muscle
tone. Coherent with W: a elevated+relevant, EMG tonic, EOG active — all confirmed. Model primarily uses 8, atypical for W.

PST P3 (P) Encodes W (100% pure) primarily through EEG (50%), with EOG (46%) and EMG (4%). EEG signature shows elevated v (+21.8dB, sensitivity=2.7)
and elevated § (421.6 dB, sensitivity=1.9). v activity is present in 100% of each epoch, with active eye movements (Blink 100% active) and tonic muscle
tone. Partially coherent: confirmed EMG tonic, EOG active; missing « elevated+relevant.

Wake

relevance of 6 is zero or negative (—8% to —16% in PSN, below threshold in PST). The checklist criterion “6 elevated”
refers to spectral power relative to the training mean. 6 also marks N1 and drowsy wakefulness, which may explain why
the models separate REM prototypes by other features. The EOG-driven prototype is characterized by eye-movement
(EOG) dynamics, and the EEG-driven one by § level combined with high-frequency activation.

N2 is the most heterogeneous group in both panels of Figure 4. Six PSN prototypes and four PST prototypes lie along
a continuous spectral gradient. In the PSN panel, the gradient is visible along the o}, column. PO (§ = 6%, o5 = 32%)
is mainly sigma-driven. P5 (§ = 48%, o5, = 8%) and P11 (§ = 43%, o), absent) are delta-dominated. Intermediate
prototypes (P8: o, = 25%; P9: o, = 23%; P6: 0, = 22%) have both o and 6 relevance. The gradient reflects the model’s
ablation relevance, that is, how much each band contributes to matching an epoch to a prototype.

In the 19 MASS recordings, spindle density detected by YASA rises with o relevance across nine PSN prototypes
(Spearman p = 0.75, p = 0.043). o power predicts spindle density equally well (p = 0.77), so this check links relevance to
spindles at the level of band power (Supplementary Note 6). De Gennaro & Ferrara [28] report an inverse sigma—delta
relationship in power, which is a different quantity.

The PST panel differs. Its o}, column is mostly white (< 11% in all PST N2 prototypes). PST classifies N2 primarily
through broadband power levels and high-frequency suppression (P5: 8, = 28%; PO: 8, = 18%, v = 19%). PSN weights
the sigma sub-bands more heavily than PST. This is the largest systematic difference between the two codebooks. The
two systems differ in architecture, training corpus, channel derivations and scoring conventions, so the difference reflects
the system as a whole. The finding applies to these two codebooks. Where a sigma-resolved N2 vocabulary is needed,
the PSN codebook provides one.

In the Wake rows of Figure 4, the o column is nearly empty. The highest alpha relevance across all six Wake prototypes
is 18% (PSN P7), far below what AASM’s a-centric definition would predict. The §;, 8, and v columns show warm
colours throughout the Wake group. PSN P3 (8, = 18%, Bn = 17%, v = 11%) and PST P3 (y = 34%) show elevated
beta and gamma relevance. The channel bars also differ between the backbones. PST Wake prototypes allocate 24-46%
of channel importance to EOG (teal), as a secondary feature. PSN allocates 69-92% to EEG. The « criterion fails in five
of the six Wake prototypes: all four PST prototypes and PSN P3. Two explanations are consistent with this: diversity in
the pooled training populations (eyes-open and eyes-closed recordings, individual « variability, drowsy states), or artefact
contamination of the EEG. Additional data are needed to distinguish them.

N1 makes up 1-5% of training sleep, and neither backbone has a dedicated N1 prototype. PSN P11 (N2 with negative
o relevance and §-dominant spectral profile) covers the N1/N2 transition. PSN P3 (Wake with 80% purity, 20% N1
content) covers the W/N1 transition. Three properties of N1 may explain why it has no dedicated prototype, and this
design does not rank them. N1 is defined by the absence of graphoelements (no spindles, no K-complexes, no «). It has
the lowest inter-rater reliability among stages (k & 0.25 [6]). It also provides a weak training signal due to low prevalence.
The number of prototypes per stage follows both spectral distinctiveness and stage prevalence, and the two effects are



confounded here. N3 receives 2 prototypes in both codebooks. N2 (heterogeneous) receives 4—6, and Wake receives 2—4.
N1 is spectrally ambiguous and transient, and its epochs are assigned to other prototypes.

To compare these findings with the AASM scoring criteria, we assessed each prototype against a stage-specific checklist
inspired by them. Of the 24 prototypes of the two twelve-entry codebooks, 10 are rated Coherent, 10 Partially coherent,
and 4 Non-canonical. A Coherent verdict means that all checklist conditions hold for the model’s attributions (Methods).
Blinded expert scoring is a next step. The assessment covers the two twelve-entry codebooks and was not run at the
other codebook sizes used in the clinical analysis.

As a negative control, we assigned each prototype a stage other than its own, keeping the number of prototypes per
stage in each codebook, and applied the criteria of that stage (10,000 random assignments). Against their own stage, 10
of the 24 prototypes are coherent. Against another stage, 2.0 are coherent on average and at most 4 (p < 0.001; PSN 6
against 1.3, PST 4 against 0.6). The checklist therefore separates the stages (Supplementary Note 6).

The thresholds of the coherence checklist are chosen by the investigators, so the verdict counts depend on them.
To measure this dependence, we shift together the six thresholds that determine the verdicts: the «, o, § and EOG
relevance criteria and the two percentile bounds. Each threshold moves up or down by the same fraction of its own
value. The N1 bound plays no role, because no prototype is assigned N1. We call this fraction the tolerance. For the
two percentile thresholds, it applies to their 10-point distance from the median. For example, a tolerance of 25% lets a
relevance threshold of 30% take any value from 22.5% to 37.5%.

The margin of a prototype is the smallest tolerance at which its verdict changes (Table 2, column Threshold margin).
It can exceed 100%, because a threshold can rise without limit. The margin is partly arithmetic: a criterion “x exceeds
T” changes answer as soon as 1T’ crosses z, so the margin equals the distance of a prototype from its nearest threshold.
All verdicts are stable below a tolerance of 10%. At 25%, 21 of the 24 verdicts are stable, including all ten Coherent
verdicts. The three verdicts that change at 25% are all non-Coherent: PST P6 in Wake (margin 10%), PSN P5 in N2
(13%) and PST P1 in REM (23%).

Table 2 Summary of the coherence assessment against the AASM-inspired checklist across both backbones. C denotes Coherent (all stage-specific crite:
(at least 50% but not all criteria met) and X Non-canonical (fewer than 50% of criteria met). The threshold margin is the range, across the prototypes o
tolerance at which a verdict changes (all six thresholds shifted together by the same fraction of their own values).

Stage PSN PST Combined Threshold margin  Key observation

N3 1C, 1P 2C 3C, 1P 150-243% Delta dominance meets the checklist

REM 1C, 1P 1C, 1P 2C, 2P 23-160% Phasic coherent; tonic partial (phasic/tonic labels are an interpretation; PSN misses :
N2 3C, 2P, 1X 1C, 2P, 1X 4C, 4P, 2X 13-145% PSN uses sigma more than PST

W 1C, 1X 3P, 1X 1C, 3P, 2X 10-104% Alpha criterion failed by 5 of 6

N1 — — — — No dedicated prototype; N1 epochs are assigned to boundary prototypes

Total 6C, 4P, 2X  4C, 6P, 2X  10C, 10P, 4X 10-243%

Non-canonical verdicts (PSN P3, P5; PST PO, P6) come from two patterns: Wake prototypes whose « relevance is
below the criterion (PSN P3, PST P6), and N2 prototypes that fail the o relevance and the quiescent-EOG criteria
(PSN P5, PST P0). PSN has 6 Coherent verdicts and PST has 4, out of 12 prototypes each, and the difference was not
tested statistically. PSN uses o more than PST in N2. The two backbones differ in architecture and in training corpus
together, so the difference reflects the system as a whole. The complete set of 24 summaries and the full coherence table
are reported in Supplementary Note 6. Local instance-to-prototype explanations are detailed in Supplementary Note 4.

Exploratory clinical probing with prototype-grams

We asked whether subject-level summaries of prototype-based sleep representations encode disease-related structure
beyond the conventional hypnogram. We extracted summary statistics of the prototype-gram to classify clinical groups
known to differ in sleep structure, and compared them with features from the expert hypnogram [2]. This study is an
interpretability probe of what the prototypes encode. No disease information entered the staging model during training.

We used two KU Leuven cohorts: ASD (32 controls, 37 Alzheimer’s disease, N = 69) and KPD (40 controls, 46
Parkinson’s disease, N = 86). The KPD groups are age- and sex-matched (Mann—Whitney p = 0.883 for age, Fisher
p = 1.000 for sex). The frozen backbones PSN (MASS [29]) and PST (SHHS [5]) assign each subject’s epochs to the
nearest codebook entries, which gives a per-subject prototype-gram. From it we compute 20 quantities at each of 10
codebook sizes (M = 5-100): 19 coverage quantities (set C) and the untraversed mass of the training transition graph
(T). C-T is their union. The prior and transitions come only from the backbone’s training population (Supplementary
Note 7). The comparator is the 34 hypnogram descriptors of Heremans et al. [2], computed from the expert scoring and
passed through the same classifier and folds.

A logistic regression under nested leave-one-subject-out cross-validation selects among 96 configurations for each
held-out subject; AUCs are compared by a one-sided DeLong test (Methods, Supplementary Note 7).

C-T reaches 86.8% AUC on AD (p = 0.038) and 80.5% on PD (p = 0.034), against 76.2% and 67.7% for the
comparator (Figures 5a and 5b). These two comparisons are the confirmatory tests; the one-sided DeLong probabilities
are 0.038 and 0.034 before correction, Benjamini—-Hochberg at m = 2 gives 0.038 for both, and a Bonferroni correction
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would give 0.076 and 0.068. The results for T and C alone are descriptive (Table 3). For the coverage-based sets, the
inner loop selected PST in 83-100% of Parkinson’s folds and PSN in 81-86% of Alzheimer’s folds.

Patients visit fewer distinct prototypes within a fixed epoch budget from M = 12 onward (Figures 5e and 5h); the
groups do not differ at M = 5 and 8. At M = 100 the deficit reaches 28% below controls on Alzheimer’s and 21% on
Parkinson’s. At M = 12, controls traverse 83% of the training-edge mass against 63% in Alzheimer’s patients, and 85%
against 73% in Parkinson’s (Figures 5c¢, 5d, 5f and 5g; in-sample AUC 81.8% and 74.8%, Hedges’ g +1.15 and 40.95).

Split by the dominant stage of each entry, REM entries account for 38.0% of the unreached prior mass in Alzheimer’s
patients (bootstrap interval 26.3-52.3) against 20.4% in controls; the patients’ interval lies above the 18.1% that those
entries hold in the prior. The inferential comparison is the test on absolute unreached REM mass, and the share difference
is descriptive. On Parkinson the REM share difference is larger, and the test on absolute REM mass is not significant.
The transitions most often left untraversed link two N2 entries. This type also makes up the largest share of the transition
prior, so it is enriched by only about a quarter. The Parkinson REM-share difference holds at every codebook size, and the
Alzheimer one at M = 12 (Supplementary Note 7). Self-supervised models of unlabelled recordings have independently
reported reproducible substructure in conventional N2 [30]. The codebook identifies the entries where the deficit falls.
The margin over the comparator reflects two differences, the scorer (expert or model) and the level of description (five
stages or individual prototypes).

Table 3 Nested leave-one-subject-out performance against the hypnogram comparator. Areas under the ROC
curve (AUC) are those of the seed-averaged predictor, with DeLong 95% confidence intervals; accuracies carry Wilson
intervals. Probabilities are one-sided DeLong tests against the comparator. The combined feature set (C-T) is the
confirmatory analysis: its two comparisons, one per cohort, are adjusted by the Benjamini—-Hochberg procedure at m = 2
(0.038 for both). The coverage-only (C) and transition-only (T) feature sets show the discriminative value of each family on
its own. Their probabilities are descriptive and carry no correction for the feature-set search.

Cohort Feature set AUC (%) Accuracy (%)  Macro-F1 (%)
Expert hypnogram (34) 76.2 (64.3-88.1) 76.8 (65.6-85.2) 76.8
. B T (1) 82.8 (72.7-92.9), p = 0.188  72.5 (61.0-81.6) 72.4
Alzheimer (N =69) (19) 87.2 (79.2-95.3), p=0.031  76.8 (65.6-85.2) 76.7
C-T (20) 86.8 (78.0-95.7), p = 0.038  82.6 (72.0-89.8) 82.6
Expert hypnogram (34) 67.7 (56.3-79.1) 61.6 (51.1-71.2) 61.6
. 7 T (1) 76.2 (66.3-86.2), p = 0.139  70.9 (60.6-79.5) 70.9
Parkinson (N =86) 19 75.4 (65.0-85.7), p = 0.151  67.4 (57.0-76.4) 67.4
C-T (20) 80.5 (71.1-90.0), p = 0.034  73.3 (63.1-81.5) 73.3

Discussion

The PSS framework adds interpretability to sequence-to-sequence sleep staging by building, after training, a discrete
codebook of sub-stage patterns that can be reconstructed, characterized and used to describe a subject’s night. The central
question is what the prototype analysis shows about what a staging model encodes. PSN and PST stage competitively
across 20 dataset-sources, and quantizing them after training costs staging performance in proportion to the quantization
granularity.

Prototype-based models built for intrinsic explainability, such as ProtoPNet [31] and PIP-Net [32], learn their proto-
types jointly with the classifier. In PSS instead, the codebook is fitted after training in the encoder’s latent space, and
the encoder is never constrained by it. Post-hoc attribution methods such as integrated gradients and GradCAM give
instance-level saliency maps without a global vocabulary, and attention weights in Transformer models such as Sleep-
Transformer do not faithfully explain the decision [33]. PSS offers both levels: a global codebook of what the model
distinguishes, and a local assignment of each epoch to one entry.

Both PSN and PST converge to delta-dominated N3 and an EOG-driven versus EEG-driven REM split, and PSN
alone resolves the N2 delta/sigma relevance gradient. The two models differ in architecture and in training corpus at the
same time, so their agreement and disagreement may reflect either factor.

Assessment of all 24 prototype codebook entries against an AASM-inspired checklist classifies 10 as coherent, 10 as
partially coherent, and 4 as non-canonical. The checklist separates the stages: prototypes meet the criteria of their own
stage far more often than those of another (10 against 2.0 coherent verdicts, p < 0.001). Both backbones share features
that dominate a stage (0 in N3) or follow eye movements (EOG in REM). Features that appear in only one backbone
rest on bands linked to brief events: o in N2 and « in Wake. The four non-canonical prototypes (PSN P3, P5; PST PO,
P6) may reflect alternative classification strategies, artefacts or errors, and expert review can tell these apart.

In two clinical cohorts, we asked whether the prototype-gram adds to conventional staging, using frozen PSS models.
The twenty quantities of the C-T feature set reach an area under the ROC curve of 86.8% on Alzheimer’s disease and
80.5% on Parkinson’s, against 76.2% and 67.7% for 34 hypnogram descriptors computed from the expert scoring of the
same recordings. Two properties of the prototype-gram are associated with the separation. Patients reach fewer distinct
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prototypes than controls, and the deficit grows with the codebook size from M = 12. Patients also traverse less of
the training transition mass. The unreached prototypes and transitions lie within stages, mainly in N2 entries and, on
Alzheimer’s at M = 12, in REM entries.

The Parkinson AUC is lower than the Alzheimer AUC (80.5 against 86.8%), and its margin over the comparator is
12.8 points against 10.6, with a weaker comparator (67.7 against 76.2%). The KPD cohort has mild-to-moderate disease
(Hoehn and Yahr II-III) [34], a stage at which slow-wave differences linked to later motor progression [35] may be small.
The cohort has no reported cognitive impairment, which is widely associated with EEG alterations in PD [36]. RBD was
not formally assessed in the KPD dataset, and REM sleep without atonia may have moved REM epochs to non-REM
prototypes, which could affect REM-related features in the Parkinson result.

Prototypes are learned from supervised staging labels, so they follow the scorer’s labeling conventions. They may
over-represent patterns that distinguish scoring categories and may under-represent physiological phenomena that cross
stage boundaries. We assessed prototype coherence and sub-stage patterns against an AASM-inspired checklist. Blinded
expert review, or comparison with expert-annotated micro-events such as sleep spindles, K-complexes and arousals, is
the next step for these assessments.

The clinical results are hypothesis-generating. The samples are small (ASD: N = 69; KPD: N = 86), and an external
cohort is the next test. The twenty quantities of C-T were chosen during development on these same cohorts and then
fixed before the reported evaluation, so the margins may be optimistic for new subjects. The confirmatory claim concerns
the combined C-T set. C alone is nominally significant on Alzheimer’s (p = 0.031, uncorrected), and T alone is not
(Table 3). The reported AUCs are those of a predictor averaging five inner-loop seeds; the individual seeds span 78.3 to
88.6 on Alzheimer’s and 74.8 to 80.8 on Parkinson’s.

Age is a possible contributor to the Alzheimer margin. The ASD patients are older than the controls (74.6+6.5 against
70.6£7.1 years in the cohort’s published description), and subject-level age is unavailable, so age was not adjusted within
the training folds. The comparator study did not adjust for age either. The Parkinson classification compares age- and
sex-matched groups, so age and sex show no detectable difference between patients and controls. The analysis describes
which prototypes a night occupies and which training transitions it omits; the physiological reasons remain to be tested.

Boundary wake trimming removes contiguous Wake epochs before sleep onset and after final awakening. This may
have removed clinically relevant disease signal such as sleep onset latency or early morning awakening, so Wake entries
may contribute less to the deficit than they would in untrimmed recordings.

Looking forward, unsupervised prototype learning, independent of staging labels, could reveal physiologically relevant
patterns that supervised training suppresses. The prototype-gram could also be modelled as a sequence, beyond the
coverage and transition summaries used here. Blinded expert evaluation of prototype coherence is the most direct next
step.

Methods

Eleven polysomnographic datasets spanning 12,317 unique subjects were used (Supplementary Note 1): nine benchmark
cohorts (SHHS [5], MrOS [37], MESA [38], WSC [39], HomePAP [40], DCSM [41], MASS [29], HMC [42], SleepEDF [43])
and two clinical cohorts for Alzheimer’s disease (ASD [2], N=69) and Parkinson’s disease (KPD [44], N=86). All
recordings were harmonized to three channels (EEG, EOG, EMG), resampled to 100 Hz, bandpass-filtered (EEG/EOG:
0.3-40 Hz; EMG: highpass 10 Hz), and converted to log-power spectrograms via STFT. No per-subject normalization was
applied. Dataset demographics, channel mappings, and full preprocessing details are in Supplementary Note 1.

Sequence-to-Sequence Sleep Staging

Let S € REXCXTXFE denote an input sequence of L consecutive 30-second PSG epochs, each with C' recording channels,
T = 29 time frames, and F = 129 frequency bins. A sequence-to-sequence sleep staging model learns a mapping
f:S— Y € REXK , where K = 5 sleep stages. The architecture decomposes into two stages: an epoch encoder fgg
that maps each epoch independently to a D-dimensional embedding, H = fgg(S) € REXP | and a sequence encoder fsg
that models temporal dependencies across epochs, Z = fsg(H) € REXP. A linear classifier maps each sequence-level
embedding to stage logits: Y =ZW +b.
We evaluate the PSS framework on two backbone architectures:
e SegSleepNet [8]: a learnable filterbank followed by a 4-layer bidirectional LSTM with attention pooling as epoch
encoder, and a 4-layer bidirectional GRU as sequence encoder. Trained on MASS [29] (L=20, D=128).
e SleepTransformer [10]: a 4-layer Transformer encoder with sinusoidal positional encoding and attention pooling
as epoch encoder, and a 4-layer Transformer encoder as sequence encoder. Trained on SHHS [5] (L=21, D=128).
In both cases, each recording channel is encoded independently by a shared epoch encoder before channel aggregation,
unlike the original architectures which concatenated channels along the frequency dimension.

Proto-Sequence-to-Sequence Framework

The Proto-Sequence-to-Sequence (PSS) framework extends the standard sequence-to-sequence architecture by adding
modular components that improve robustness and interpretability while allowing quantization. It is shown here on two
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sequence encoders (SeqSleepNet and SleepTransformer) and is in principle compatible with others. When applied to
SeqSleepNet, the result is ProtoSleepNet (PSN); when applied to SleepTransformer, the result is ProtoSleepTransformer
(PST).

Each of the C channels is encoded independently by the shared epoch encoder, yielding per-channel embeddings
h, = fee(S...c..) € RIXP for ¢ = 1,...,C. A learned modality embedding e. € RP is added to identify each channel
type: h, < h. + e..

During training, accuracy-weighted modality dropout stochastically replaces channels with a zero-input embedding
hy = fer(0). A per-channel auxiliary classifier produces accuracy estimates a.; the drop probability of channel c is
proportional to its accuracy, p. = ac/ > ; @5, SO that higher-accuracy channels are occluded more frequently, forcing the
model to learn from secondary modalities. At each training step, with probability pappy = 0.5, a number n of channels,
drawn at random between 1 and C'—1 with all values equally likely, is sampled without replacement according to {p.}
and replaced with hg.

The channel embeddings [hy,...,h¢] € RE*P are processed by a single-layer Transformer encoder fcy operating
over the channel dimension (dg = 256, 4 heads). An additive residual connection preserves the original per-channel
representations:

h:::hc+fCM([h17"'7hC])C (1)
Attention pooling aggregates across channels: w, = softmax(v 'h’), yielding h = Y~ _w.h! € REXD.
The pooled epoch embeddings h are passed through the sequence encoder with a second additive residual:

z=h+ fsp(h) e R"*P (2)

The dual residual design ensures that the epoch-level representations h remain directly accessible to the classifier. At
inference, each epoch embedding can be replaced by its nearest codebook entry ﬁq = arg minp cc |h— P;||2, discretizing
the continuous representation into one of M prototypes. The quantized embedding then follows the same forward path:
Zg = }_lq + fSE(}_lq). This post-hoc quantization requires no retraining; the residual skip connection preserves the prototype
vector in the classifier input, which is why models with residual connections tolerate quantization far better than those
without (Supplementary Note 3).

Three cross-entropy losses supervise the network at different depths, each with equal weight:

C
L channel = Z CE (lec(hc), Y) (3)
c=1
Eepoch =CE (le(ﬁ)v Y) (4)
Lonain = CE(le(z), y) (5)
['total = Emain + Eepoch + Echannel (6)

Lchannel Provides per-channel accuracy estimates used by the modality dropout mechanism; Lepocn Supervises the pre-
sequence representations used for prototype learning; L,.i, is the primary staging objective.

Prototype Selection and Reconstruction

After training, the encoder is frozen and all training-set epoch embeddings are extracted. A codebook C = [Py,..., Py €
RMXD is constructed via K-Means clustering. Each test epoch is assigned to its nearest prototype: j* = arg min; |h; —
P; |2. The codebook size M is selected post-hoc as an explanation granularity parameter, independently of the training
procedure; a randomization test confirms that K-Means codebooks significantly outperform random exemplar codebooks
for PSN at all tested sizes and for PST for M > 8 (Supplementary Note 8), and a seed stability analysis shows that the
resulting prototypes are reproducible across independent training runs (Supplementary Note 9).

To interpret each prototype in the PSG input space, three reconstruction strategies are employed: (1) data-driven,
which retrieves the nearest real epochs to Py in latent space; (2) model-driven, which optimizes a spectrogram S from
random noise to minimize || feg(S) — Pk||3; and (3) hybrid, which seeds the optimization from the data-driven recon-
struction. Reconstruction quality is assessed via fidelity (Lo distance to prototype embedding), plausibility (MMD to
the empirical data distribution), and stability (pairwise MMD across reconstructions from independent datasets). Full
evaluation across 16-20 datasets per backbone is in Supplementary Note 5.

Local Instance-to-Prototype Explanations

For a given epoch S assigned to prototype P, we define a scalar proximity objective fx(S) = —||fer(S) — PJ|3. Local
attribution is computed by accumulating gradients along the straight-line interpolation path from a population-average
baseline Sy to S:

& Lo f

A(S) = (S—So) @ / 2 (S0 +a(8 — o)) da (7)
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approximated via 128 Riemann steps. The resulting attribution map A € REXTXF jdentifies which time-frequency regions

of the input epoch drive its assignment to P, with signed values indicating whether each feature increases or decreases
prototype affinity. Example attributions are in Supplementary Note 4.

Prototype-Summary Generation

Each prototype is characterized through combinatorial spectral ablation on its hybrid reconstruction. The EEG spectro-
gram is decomposed into 8 bands (0, 0, «, oy, op, Bi, Br, 7); EOG and EMG enter as whole channels. The procedure is
add-back. From a baseline in which the EEG spectrogram is replaced by the training-set mean and the peripheral chan-
nels are held at their reconstructed values, every one of the 28 = 256 band subsets is restored and passed through the
frozen encoder. The marginal importance of band ¢ is the mean, over all subsets S that exclude it, of the reduction in
latent distance obtained by adding it,

imp, = Esyi[ I fee(Ss) — Pill3 — | fer(Ssugy) — Prll3 }, (8)

a Shapley-like decomposition in which all subsets receive equal weight, averaged over the 256 reconstructed epochs of
the prototype. A positive imp, therefore means that restoring the band moves the reconstruction towards the prototype.
Channel importance is computed separately, by replacing each of the three channels in turn with its training mean.
Sensitivity normalizes importance by spectral deviation: sens; = imp, / max(]AdB;|, 3.0), where the floor of 3.0 keeps
the ratio finite for features close to baseline. Band relevance is reported as a percentage of the total EEG contribution,
that is, of the distance reduction obtained by restoring all eight bands at once; it is consequently not bounded to [0, 100]
and can be negative for bands whose restoration moves the reconstruction away from the prototype.

Each prototype is distilled into a compact four-sentence prototype summary. Sentence S1 identifies the predicted sleep
stage, classification purity (fraction of assigned epochs belonging to that stage), and the channel dominance hierarchy
(e.g., “EEG-driven, 72% importance”). Sentence S2 reports the two most discriminative EEG bands ranked by sensitivity,
revealing which spectral features the model is most responsive to per unit of spectral deviation. Sentence S3 describes
the temporal structure of the top band, as the fraction of the epoch’s frames in which it exceeds the training mean and
the variability of its envelope, and the peripheral-channel context (EOG activity pattern, EMG tone level). Sentence S4
evaluates coherence against a stage-specific checklist derived from the AASM criteria [4] and assigns a verdict.

The coherence assessment applies the following investigator-defined checklist, inspired by the AASM criteria and
adapted from them (Supplementary Note 6). Wake requires « elevated relative to the training mean and relevant (>10%
band relevance; one criterion), tonic EMG, and active EOG. N1 requires 6 elevated and « either suppressed or irrelevant
(<5%). N2 requires o elevated in at least one of its two sub-bands, o relevant in at least one of them (>15%, applied
to each sub-band separately), and quiescent EOG. N3 requires § elevated, 6 dominant (>30%), and atonic EMG. REM
requires EOG dominant (>30% channel importance), atonic EMG, and 0 elevated. The four qualitative peripheral
conditions are operationalized as percentile ranks within the codebook: tonic and active mean above the 60th percentile
of EMG tone and EOG power across the M prototypes of that backbone, atonic and quiescent below the 40th. Each
prototype is classified as coherent (all criteria satisfied), partially coherent (>50%), or non-canonical (<50%). To test
whether the checklist separates the stages, we assigned each prototype a stage other than its own 10,000 times, keeping
the number of prototypes per stage in each codebook, and compared the number of coherent verdicts with the resulting
distribution, with p = (1+n)/(10,000+ 1), where n is the number of assignments with at least as many coherent verdicts
as observed. The thresholds were fixed before the verdicts were inspected. How far they can move before a verdict changes
is reported in Table 2 and Supplementary Note 6. Because the peripheral conditions are relative to the codebook and the
relevance thresholds are investigator-chosen, the verdicts are a structured summary of the model’s own band and channel
attributions, not an independent physiological validation. Full prototype summaries, coherence results, and per-prototype
spectral cards for both backbones are in Supplementary Note 6.

Evaluation Protocol

All staging metrics are computed per subject and reported as mean + 1 standard deviation across subjects. Per-subject
metric distributions are non-Gaussian (confirmed by Shapiro-Wilk tests); we therefore use Wilcoxon signed-rank tests
with Bonferroni correction as the significance test for all paired model comparisons, with m the number of paired com-
parisons of the same analysis (staging, occlusion or residual) over all datasets and metrics together. The two confirmatory
clinical comparisons use one-sided DeLong tests with Benjamini-Hochberg correction (m = 2). Accuracy is the fraction
of correctly classified epochs. Cohen’s k measures agreement corrected for chance. Macro-F1 is the unweighted mean of
per-class F1 scores. Per-class F1 is reported for each stage (W, N1, N2, N3, REM).

Five-fold subject-stratified cross-validation with linear probing (a single linear classifier trained on frozen sequence-
level embeddings, isolating representation quality from classifier complexity) and sliding-window voting is used for out-of-
domain staging evaluation (Supplementary Note 1). Ablation experiments use fixed train/test splits: 34 held-out subjects
from MASS (PSN), 1,636 from SHHS (PST), with four occlusion scenarios plus the clean condition (Supplementary
Notes 2-3). For clinical probing, PSS models trained on benchmark datasets were applied frozen to the KPD and ASD
cohorts, with none of their subjects in the training sets. Twenty per-subject features (nineteen describing which prototypes
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a night visits and one describing how much of the training transition graph it never traverses) were classified by logistic
regression under nested leave-one-subject-out cross-validation: an outer leave-one-subject-out loop, an inner stratified
five-fold loop in which backbone, dimensionality reduction, penalty, regularization strength and scaling are all selected,
and five inner-loop seeds whose probabilities are averaged. Areas under the ROC curve are compared against a classifier
built on 34 hypnogram descriptors from the expert scoring over the same subjects and folds, using the one-sided DeLong
test for correlated areas. Full pipeline in Supplementary Note 7.

Training Budget and Model Selection

PSS models and their backbone baselines were trained under identical budgets with code-default hyperparameters. Every
run used a maximum of 50 epochs, learning rate 10~%, no weight decay, batch size 32 and early-stopping patience of 10
epochs, with sequence length 20 and validation every 100 optimizer steps within the SeqSleepNet family (PSN and the
one-channel, three-channel, modality-dropout and channel-mixer baselines), and sequence length 21 and validation every
1,000 steps within the SleepTransformer family. The epoch limit was set to the same value for all runs, and all other
values are code defaults.

Early stopping counts epochs without improvement in validation loss. Model selection keeps the checkpoint with the
lowest validation loss, identically for PSS and for the baselines.

Ethics approval and consent

All research involving human participants was conducted in accordance with the Declaration of Helsinki. This study uses
publicly available datasets that received prior ethical approval and informed consent from their respective institutions,
as documented in the corresponding primary publications. The KU Leuven Parkinson’s dataset (KPD) was collected
during the screening phase of a project that had previously received ethical approval from the Ethics Committee Research
UZ/KU Leuven (reference number S61792); participants provided written informed consent for the re-use of their data
in the respective informed consent form, and the retrospective analyses reported here were subsequently approved by the
Ethics Committee Research UZ/KU Leuven (reference number S70708).

Data Availability

Of the nine benchmark datasets, five are available on the NSRR [45] (SHHS, MESA, MrOS, WSC, HomePAP), two on
PhysioNet (SleepEDF, HMC), and two under request (MASS, DCSM). The ASD [2] and KPD [44] datasets are under
restricted access at KU Leuven and can be made available upon reasonable request to authors MG and LM respectively,
pending ethical approval and a data transfer agreement.

Code Availability

The PyTorch implementations of the PSS framework, including ProtoSleepNet and ProtoSleepTransformer, are avail-
able as part of the PhysioEx library (v2.0.0) [46]. PhysioEx provides the data loaders, preprocessing pipelines,
dataset splits, random seeds, and evaluation protocols used in this work. The library is available on GitHub (https:
//github.com/guidogagl/physioex) and on PyPI (pip install physioex). The experimental setups for model training,
prototype reconstruction, prototype explanations, and clinical probing are available via https://github.com/guidogagl/
protosleepnet. The results reported in this paper correspond to PhysioEx release v2.0.0. An interactive explainability
demo and the full documentation are available at https://protosleepnet-demo.pages.dev and https://guidogagl.github.
io/protosleepnet, respectively.
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Figure Legends

Figure 1. The Proto-Sequence-to-Sequence framework for interpretable sequence-to-sequence sleep stag-
ing. The framework extends sequence-to-sequence architectures such as the two tested here with three components: (i) a
channel mixer with dual residual connections, drawn as the two dashed arcs that bypass the mixer and the sequence
encoder, fusing the channels after a shared epoch encoder has encoded each PSG channel independently, (ii) a sequence
encoder that captures inter-epoch temporal context, and (iii) post-hoc K-Means prototype assignment on the resulting
embedding space. This design yields a discrete, characterizable codebook of sleep sub-stage patterns while preserving
staging accuracy. Prototype instances can be reconstructed in the input space and summarized as compact prototype
summaries describing the power spectral density of each channel together with its importance. Each encoder uses the
module of its backbone: recurrent for ProtoSleepNet (PSN) and self-attention for ProtoSleepTransformer (PST). Modality
dropout acts during training only and is described in the Methods.

Figure 2. Sleep staging performance and post-hoc quantization capabilities. (a) Cohen’s kappa for ProtoSleep-
Net (PSN) versus the single-channel SeqSleepNet-1ch (left) and ProtoSleepTransformer (PST) versus SleepTransformer-
1ch (right). Filled markers are in-domain datasets, evaluated with the end-to-end models; open markers are out-of-domain
datasets, evaluated by linear probing on frozen encoders. The 13 markers cover 20 dataset-sources: the five MASS cohorts
form one marker and the four WSC visits another. Per-source values are in Supplementary Note 1. PSN outperforms
SeqSleepNet-1ch on 13 of 15 out-of-domain sources. (b) Staging accuracy (solid lines) and Cohen’s kappa (dashed lines)
as a function of the post-hoc quantized codebook size, denoted M, ranging from 5 to 100. As in panel (a), SeqSleepNet-1ch
(SSN) and SleepTransformer-1ch (ST) are the single-channel references. Horizontal dotted lines show the non-quantized
performance of each model. Performance rises with codebook size and flattens between approximately 48 and 65 for
both backbones. At M = 100 quantization costs Cohen’s x 0.013 for PSN and 0.020 for PST; the epoch-level cost is in
Supplementary Note 3.5.

Figure 3. Quantitative comparison of three prototype reconstruction methods across both backbones
(PSN and PST). (a) Fidelity: the L2 distance between reconstruction embeddings and prototype embeddings (lower
is better). The hybrid method achieves the best fidelity. (b) Plausibility: the maximum mean discrepancy between
reconstructions and empirical instances close to each prototype (lower is better). Data-driven plausibility is zero by con-
struction; model-driven reconstructions diverge substantially from the empirical distribution. (¢) Stability: the pairwise
maximum mean discrepancy between reconstructions derived from independent datasets (lower is better). Model-driven
reconstructions are dataset-independent by design, whereas data-driven and hybrid reconstructions show cross-dataset
variability. Each box summarizes the distribution across the 12 prototypes.

Figure 4. Prototype codebook summary for both backbones (12 prototypes each). Each row is a prototype,
grouped by dominant sleep stage (colour strip on the left). The central heatmap shows EEG band relevance as a percentage
on a diverging colour scale, with cool colours indicating negative relevance and warm colours indicating positive relevance;
values with an absolute magnitude of at least 5 percent are annotated. Relevance is renormalized per prototype so that
the absolute values of the eight bands sum to 100, which is what makes the rows comparable; the raw quantity is a
fraction of the total EEG contribution that can lie outside that range and can be negative, so the plotted percentages
differ from the raw values. The stacked bars on the right show per-prototype channel importance (EEG, EOG and
EMG). Dashed lines separate stage groups. (a) ProtoSleepNet (PSN, trained on MASS): two Wake, six N2, two N3 and
two REM prototypes. (b) ProtoSleepTransformer (PST, trained on SHHS): four Wake, four N2, two N3 and two REM
prototypes. Both backbones converge on delta-dominated N3 and on an eye-movement-driven versus EEG-driven REM
split. PSN resolves the N2 delta/sigma relevance gradient; the N2 entries of PST have o, below 11%. Neither backbone
has a dedicated N1 prototype.

Figure 5. Exploratory clinical probing with prototype-grams. (a, b) Nested leave-one-subject-out area under
the ROC curve for Alzheimer’s disease and Parkinson’s disease, for three feature sets: C, the 19 coverage features; T,
the single transition feature; and C-T, their union. The dashed line marks the expert scoring-based comparator. Bars
are 95 percent confidence intervals. An asterisk marks the two confirmatory comparisons, C-T against the comparator,
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corrected for multiplicity (Benjamini-Hochberg, m = 2); the probabilities on the T and C rows are descriptive. (c, f)
Training transition graph at a codebook size of 12, one panel per group. Each node is a prototype, sized by its use in
training and drawn as a pie of its mean staging posterior; arrow width is the transition mass and darkness the fraction of
the group traversing it, so untraversed edges are faint. (d, g) The same transition-mass per subject, with in-sample (not
cross-validated) area under the curve and Hedges’ g at a codebook size of 12. (e, h) Distinct prototypes a night visits
within a fixed epoch budget, against codebook size; thin lines are subjects, thick lines group medians. The Alzheimer
cohort is orange, the Parkinson cohort blue and controls grey throughout.
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