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Abstract. Automatic sleep staging is a fundamental task in sleep health
assessment and clinical diagnosis, yet it remains challenging due to insuf-
ficient exploitation of multimodal complementarity, heterogeneous phys-
iological signals, and complex sleep stage transition patterns. This pa-
per proposes CalibSleep, a dual-stream sleep stage classification frame-
work that jointly models time-domain EEG/EOG signals and their corre-
sponding time—frequency representations. CalibSleep employs modality-
specific encoders to capture complementary temporal and spectral fea-
tures, and introduces a cross-modal calibration module to explicitly align
heterogeneous representations and adaptively balance modality contri-
butions. Furthermore, physiological prior knowledge of sleep stage tran-
sitions is incorporated through a rule-aware classification strategy, im-
proving prediction stability and clinical consistency without relying on
complex long-range temporal modeling. Experiments on an in-house clin-
ical dataset from Shanghai Jiao Tong University Affiliated Sixth Peo-
ple’s Hospital and the public SHHS1 dataset demonstrate that Cal-
ibSleep achieves accuracies of 89.6% and 88.3%, respectively, outper-
forming existing methods. Ablation studies further validate the effec-
tiveness of each proposed component. These results indicate that Cal-
ibSleep provides an effective and well-generalizable solution for auto-
matic sleep stage classification. The code is publicly available at https:
//github.com/Cx3300903/CalibSleep.

Keywords: Sleep Stage Classification- Time—Frequency Representation-
Cross-Modal Calibration- Rule-Aware Learning.

1 Introduction

Sleep stage classification is a core task for sleep health monitoring and clini-
cal diagnosis, playing an indispensable role in sleep disorder early screening [1],
neurodegenerative disease progression tracking [2], and personal health manage-
ment [3]. In clinical practice, sleep stages are manually annotated from PSG
recordings, including EEG, EOG, EMG signals, by segmenting signals into 30-
second epochs according to the AASM guidelines [3,4]. However, the large volume

* Corresponding author.
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of PSG data makes manual sleep staging time-consuming and highly dependent
on expert experience [5]. These limitations have motivated research on auto-
mated sleep staging methods [6], while early approaches relied on handcrafted
features and traditional machine learning techniques with limited scalability [7].

With the development of DL, automatic feature learning has been applied to
sleep stage classification [13,14]. However, existing methods still exhibit two ma-
jor limitations in multimodal feature mining: over-reliance on single-channel
signals and one-sided domain-specific feature extraction. Several studies
perform sleep staging using only single-channel EEG [3,9] or ECG signals [10],
which capture only local physiological patterns and fail to model global sleep
dynamics. Even when multi-channel data are used, most approaches focus ex-
clusively on either raw time-domain signals or time—frequency representations.
For example, Wang et al. [11] treated signal waveforms as images with limited
performance on N1 and N3 stages, while FlexibleSleepNet [12] achieved 86.9% ac-
curacy using fused time—frequency features of EEG and EOG. Since time-domain
signals and time—frequency images describe complementary temporal dynamics
and spectral energy distributions, neglecting their joint modeling inevitably lim-
its the completeness and discriminative capacity of learned representations.

Beyond feature extraction, the feature alignment and fusion mecha-
nisms between time-domain signals and time—frequency images remain insuf-
ficiently explored. Some studies [15] simply concatenated or superimposed fea-
tures from different domains, resulting in limited performance gains. XSleep-
Net [16] learned joint representations while preserving modality-specific features,
and SEN-DAL [17] adopted domain adversarial learning to address multimodal
heterogeneity. Despite these advances, existing methods still lack explicit mod-
eling of heterogeneous feature conflicts and inter-modal interactions.

In addition to intra-epoch feature modeling, sleep stage classification also
relies on capturing the transition relationships between adjacent sleep stages.
In normal sleep cycles, stages typically evolve sequentially from W to N1, N2,
and N3, followed by transitions to REM [1]. Direct transitions across distant
stages are observed in clinical practice and are often associated with disorders
or annotation noise. However, most existing methods neglect the rationality of
stage transitions [18], leading to predictions that violate sleep patterns.

To address these challenges, we propose CalibSleep, a calibrated dual-
stream framework for automatic sleep stage classification. CalibSleep jointly
models raw time-domain EEG /EOG signals and their corresponding time—frequ-
ency representations, explicitly calibrates heterogeneous cross-modal features,
and incorporates physiological sleep-stage transition priors as a lightweight reg-
ularization strategy. The contributions of this work are summarized as follows:

1. We formulate sleep stage classification as a calibrated dual-stream learn-
ing problem, where time-domain EEG/EOG waveforms and time—frequency
representations are jointly modeled to capture complementary temporal dy-
namics and spectral sleep signatures.

2. We propose a Cross-Modal Calibration and Fusion (CMC) module that goes
beyond naive feature concatenation by explicitly aligning heterogeneous rep-
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Fig. 1. Architecture of the proposed CalibSleep model.

resentations through bidirectional cross-attention and adaptively balancing
modality contributions using a learnable calibration gate.

3. We introduce a rule-aware transition regularization strategy that incorpo-
rates physiological sleep-stage transition priors as a soft training constraint,
improving prediction consistency and clinical plausibility without relying on
computationally expensive long-sequence modeling.

2 Method

2.1 Overall Architecture of CalibSleep

The overall architecture of CalibSleep is illustrated in Fig. 1. The framework
processes synchronized multi-channel EEG/EOG signals through two parallel
branches: a time-domain branch that extracts local waveform and temporal dy-
namics from 30-second epochs, and a time—frequency branch that captures rhyth-
mic and periodic structures from corresponding time—frequency representations.
The resulting heterogeneous features are integrated by a cross-modal calibration
and fusion module, which performs bidirectional cross-attention for semantic
alignment and applies adaptive calibration to balance modality contributions.
The fused representation is finally fed into a rule-aware classification head to
produce sleep stage probabilities under soft stage transition regularization.

2.2 Modality-Specific Feature Encoders

Time-Domain Signal Encoder. The time-domain encoder consists of a multi-
scale 1D convolutional network followed by a bidirectional GRU (BiGRU). The
convolutional layers capture local waveform patterns at different temporal scales,
while a SENet-style [20] channel attention mechanism is employed to adaptively
reweight EEG and EOG channels. The channel-weighted features are then fed
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into the BiGRU [19] to model intra-epoch temporal dependencies and generate
an epoch-level representation:

H, =C(X,), H,=H,00(WGAP(H,)), f,=W,RHus, (1)

where C(-) denotes the convolutional encoder, GAP(+) is temporal global average
pooling, o(+) is the Sigmoid function, ® denotes channel-wise weighting, and R(-)
represents the BIGRU operation.

Time—Frequency Encoder Based on TimesNet. In the time-frequency
branch, the short-time Fourier transform (STFT) is applied to obtain a time—
frequency representation, which is organized as a multivariate temporal sequence:

X;=l[z1,22,...,2ZN], z, € RY, (2)

where F' denotes the frequency dimension and N denotes the number of time
steps. A TimesNet [21] encoder is adopted to capture latent rhythmic and pe-
riodic structures in the time—frequency domain, producing high-level spectral—-
temporal features. To facilitate subsequent cross-modal calibration, features from
both branches are projected into a shared embedding space:

F;=T(X;), F,=F,W,, F;=F/W,, (3)

where 7 (-) denotes the period-aware transformation in TimesNet, and W, W
are learnable projection matrices. The projected features Fy and F; are subse-
quently fed into the CMC module for cross-modal fusion.

2.3 Cross-Modal Calibration Fusion

Cross-Modal Semantic Alignment: To mitigate cross-modal semantic dis-
crepancies, the CMC module introduces a bidirectional cross-attention mecha-
nism, which uses time-domain features as queries and time-frequency features
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as keys and values. The alignment process is expressed as:

.
=F,W5, K; =F/W, V; = F; W/, F, = soft VR v, @
Qs sYV.QrIxf fYWEK» VS f Wy, g = soltmax \/& Iz ()

Similarly, by taking time-frequency features as queries and time-domain features
as keys and values, we obtain:

Q/K/
Vd

Adaptive Calibration and Feature Fusion: To dynamically balance the con-
tribution of each modality, the CMC module introduces an adaptive calibration
mechanism. First, global feature representations are obtained via pooling along
the time dimension; subsequently, the calibration coefficients are calculated:

Qs = f‘fWg,Ks =F.W,V, =F,W;,, = softmax( ) V,. (5)

f, =Pool(F,), f;=Pool(F};), a=o0 (w' [£s || £¢] +0), (6)
where o(-) denotes the Sigmoid function. Finally, fused feature expressed as:
Ffusion :aF;+<1—Oé) F} (7)

This mechanism enables the model to adaptively select more reliable modal in-
formation, thus avoiding performance degradation caused by fixed-weight fusion.

Contrastive Calibration Loss (Training Phase): To further stabilize the
cross-modal alignment process during training, this paper introduces a con-
trastive calibration loss to impose constraints on feature representations at the
distribution level. For cross-modal features of the same epoch, their latent repre-
sentations should be consistent; meanwhile, intra-modal constraints are applied
to cluster sample features of the same sleep stage. Thus, the cross-modal and
intra-modal losses are defined as:

f(t) _ f(t)H Linera = Z Z Hf( i) f(J)

mée{s,f} (i,j)EP

;o (8)

£cross =

where P denotes the set of sample pairs sharing the same sleep stage label.
The contrastive calibration loss is thus obtained by combining the above com-
ponents. This loss is only used during the training phase and does not increase
the computational complexity in the inference phase.

Ecalib = »Ccross + )\»Cintrm (9)

2.4 Rule-Aware Sleep Stage Classification

After cross-modal calibration and fusion, sleep stage prediction is performed
based on the fused representation. A lightweight multi-layer perceptron (MLP)
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is employed to generate classification logits, followed by a softmax function to
obtain the sleep stage probability distribution:

Z = Q(Fﬁﬁlion) , Pt = softmax(z), (10)

where p; € RX and K = 5 corresponds to the Wake, N1, N2, N3, and REM.

To encourage physiological consistency in stage transitions, a rule-aware tran-
sition regularization term is introduced. A stage transition matrix M € [0, 1]5*¥
is constructed based on commonly observed AASM-based sleep-stage transition
patterns and hypnogram continuity priors, where M;; denotes the physiological
plausibility of transitioning from stage ¢ to stage j. It should be noted that the
transition matrix is used as a soft regularization prior rather than a hard post-
processing constraint. Therefore, the model is still allowed to predict atypical
transitions when supported by signal evidence, while high-confidence physiolog-
ically implausible transitions are discouraged during training. For two adjacent
epochs, the predicted transition distribution and the corresponding regulariza-
tion loss are defined as:

K K
Tt :Pt—lp;r, Etrans :ZZE(%]) (1_Mlj) (11)

i=1j=1
The overall training objective is formulated as:
»Ctotal = »CCE + /\calibﬁcalib + )\trans['transa (12)

where Lcg is the cross-entropy loss, Lcain denotes the cross-modal calibration
loss, and Lians is the stage transition regularization term.

3 Experiments and Results

3.1 Datasets and Implementation

No.6 Hospital Dataset (Affiliated Sixth People’s Hospital of Shanghai Jiao
Tong University): It includes PSG data of 358 subjects collected from 2024 to
2025, with EEG C3-A2 and EOG LOC-A2 signals acquired at a sampling rate of
100 Hz. Each 30-second signal segment is labeled with sleep stages in accordance
with the AASM guidelines.

SHHS1: It contains PSG data of 5793 participants aged over 40, collected from
November 1995 to January 1998. The same EEG and EOG signals were se-
lected and divided into 30-second epochs, with all sleep stage labels following
the AASM criteria. In the experiment, SHHS1 was mainly used as an external
dataset to evaluate the generalization ability of the model.

Implementation Details: All raw signals were resampled to 100 Hz, with
low-quality waveforms removed, and segmented into non-overlapping 30-second
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epochs following the AASM guidelines. Time-domain signals were normalized to
zero mean and unit variance. For the time—frequency branch, short-time Fourier
transform (STFT) was applied using a 2-second window with 50% overlap. The
No.6 Hospital dataset was split into training, validation, and test sets with a
ratio of 7:1.5:1.5. The model was trained using the Adam optimizer with an
initial learning rate of 1 x 10=® and batch size of 32. The loss weights were
set t0 Acalib = 1.0 and Agpans = 0.1. All experiments were implemented in Py-
Torch and conducted on an NVIDIA RTX 4090 GPU. Since the calibration and
transition losses are only used during training, they do not introduce additional
computational overhead during inference.

Table 1. Performance Comparison of Different Input Modality Methods.

Method Time TF No.6 Hospital SHHS1

ACC MF1 K ACC MF1 K
XSleepNet [23] v/ 7.4 73.5 0.77 79.9 74.3 0.74
SleepBoost [24] v/ 81.7 75.6 0.76 81.4 80.1 0.81
CoReSleep [25] v/ 80.3 7.4 0.76 79.1 80.6 0.80
SleepNet [20] v 84.3 79.4 0.81 83.9 80.3 0.78
SeqSNet [27] v 85.1 82.6 0.82 84.7 82.2 0.81
SFormer [28] v 81.1 77.9 0.79 80.7 81.1 0.76
MultiSNet [29] v/ v 84.7 82.3 0.84 81.5 80.3 0.81
CFSNet [30] v v 873 841 085 859 841  0.82
CalibSleep Vv v 89.6 87.7 0.87 88.3 85.9 0.85

3.2 Comparative Results and Analysis

Tab. 1 reports the performance of unimodal and time—frequency multimodal
sleep staging models on the No.6 Hospital and SHHS1 datasets, evaluated by
accuracy (ACC), macro Fl-score (MF1), and Cohen’s Kappa (K). CalibSleep
achieves the best performance on both datasets, reaching accuracies of 89.6%
and 88.3%, respectively. Compared with the best unimodal baselines, Calib-
Sleep improves accuracy by 4.5% on the No.6 Hospital dataset and 3.6% on
SHHS1. Compared with the strongest multimodal baseline, CalibSleep further
improves accuracy by 2.3% and 2.4% on the two datasets, respectively. These
results demonstrate that explicit cross-modal calibration can better exploit com-
plementary time-domain and time—frequency information, leading to improved
robustness and cross-dataset generalization.

3.3 Ablation Study

To evaluate the contribution of each component in CalibSleep, ablation experi-
ments are conducted on the in-house dataset (Tab. 2). Single-stream models and
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Table 2. Ablation study of CalibSleep on the No.6 Hospital dataset.

Variant Time TF CMC Rule Acc MF1 Kappa

A: Signal only v 0.827 0.815 0.809

B: Time-Freq only v 0.814 0.803 0.799
C: Dual-stream (concat) v v 0.836 0.833  0.828
D: Dual-stream + CMC v v v 0.872  0.846 0.841
E: + CMC + Rule (Full) v v v v/  0.896 0.877 0.874

(a) Stage-wise Distribution of CMC Weight (b) Without Rule-aware Transition Loss (¢) With Rule-aware Transition Loss

08

True Stage
2

Calibration Weight o

REM

w N1 N3 REM W NI N2 N3 REM w N2 N3 REM

N2 NI
Sleep Stage Predicted Stage Predicted Stage

Fig. 3. Interpretability Analysis of CMC and Rule-Aware Classification.

simple feature concatenation yield inferior performance, indicating that neither
modality alone nor naive fusion is sufficient. Introducing the proposed cross-
modal calibration module improves accuracy from 0.836 to 0.872 and macro-F1
from 0.833 to 0.846. Further incorporating rule-aware stage transition regular-
ization achieves the best performance, with an accuracy of 0.896, macro-F1 of
0.877, and kappa of 0.874, validating the effectiveness of all components.

3.4 Interpretability Analysis

To investigate the interpretability of CalibSleep, we randomly selected 100 sub-
jects from the SHHS test set and analyzed the stage-wise behavior of the cali-
bration weight . As shown in Fig. 3(a), « exhibits clear sleep-stage-dependent
patterns. Higher a values during Wake suggest greater reliance on time-domain
EEG/EOG waveform information, consistent with the diagnostic relevance of
eye movements and wake-related dynamics. In contrast, lower a values during
N1-N3 indicate increased dependence on time—frequency representations, where
spectral cues such as sleep spindles and slow-wave activity are informative. The
rebound of a during REM further agrees with the importance of EOG-related
features for identifying rapid eye movements, suggesting that the calibration
module learns physiologically meaningful modality preferences.

Figs. 3(b) and 3(c) compare confusion matrices with and without stage tran-
sition regularization. Without transition constraints, the model shows notice-
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able confusion between physiologically implausible stage pairs, especially N3
and REM. Rule-aware regularization reduces such implausible transitions, lead-
ing to more concentrated diagonal distributions and improved consistency. These
results suggest that the proposed regularization improves both classification per-
formance and the physiological plausibility of the predicted hypnogram.

4 Conclusion

In this paper, we presented CalibSleep, a calibrated dual-stream framework
for automatic sleep stage classification. CalibSleep jointly models time-domain
EEG/EOG signals and time—frequency representations, and combines cross-
modal calibration with rule-aware transition regularization to align heteroge-
neous features, balance modality contributions, and improve physiological con-
sistency. Experiments on the No.6 Hospital dataset and the external SHHS1
dataset demonstrate robust and competitive performance across different data
sources, highlighting the effectiveness of the proposed physiologically guided cal-
ibration strategy. Future work will validate CalibSleep on larger multi-center
cohorts, diverse PSG configurations, and real-world clinical scoring workflows.
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