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Abstract

Sleep is a vital physiological process, and its
quality directly impacts human health. Although
deep learning-based automated sleep staging meth-
ods have achieved significant progress, the stud-
ies still face limitations in fully mining spatio-
temporal graph dependencies. Existing methods
face challenges in capturing implicit spatial topol-
ogy among multi-channel signals and efficiently
fusing multi-level features in long-sequence mod-
eling. To address these challenges, this paper pro-
poses a novel hybrid deep learning framework for
sleep staging that progressively and explicitly in-
tegrates spatial topology modeling, cross-level fea-
ture fusion, and global temporal aggregation. By
decoupling shallow and deep spatial features and
hierarchically organizing feature interactions, the
proposed framework effectively captures implicit
spatial dependencies while maintaining computa-
tional efficiency in long-sequence modeling. Ex-
tensive experimental results on multiple sleep stag-
ing datasets (83.1% accuracy, 80.1% F1-score on
ISRUC-S1, 84.0% accuracy, 83:8% Fl-score on
ISRUC-S3, and 85.9% accuracy, 83.7% F1-score
on Sleep-EDF-153) demonstrate that the proposed
method achieves competitive accuracy with signifi-
cantly reduced computational latency, highlighting
its strong potential for mobile and real-time sleep
monitoring applications.

1 Introduction

Sleep is an important physiological process consisting of
non-rapid eye movement (NREM) and rapid eye movement
(REM) sleep [Umlauf er al., 2015], each cycle lasting ap-
proximately 90 to 120 minutes. During sleep, the brain filters
and processes information from the day, transferring impor-
tant memories from temporary storage to long-term memory
banks. In addition, adequate sleep enhances immune func-
tion and strengthens the body’s resistance [Irwin, 2015]. With
the rapid pace of modern life, the average sleep duration has
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decreased by 1.5 hours compared to 50 years ago, while ap-
proximately 30% of the global population experiences sleep
quality issues [Huang et al., 2023).. Among various diag-
nostic methods, sleep staging is a central aspect of clinical
sleep medicine. By identifying and categorizing the differ-
ent stages of sleep [Levesque, 1984], it provides foundational
support for diagnosing conditions such as insomnia, sleep ap-
nea, and periodic limb movement disorder. Therefore, high-
precision, automated sleep staging methods are of significant
importance in improving the efficiency and accuracy of sleep
disorder diagnoses.

Traditional sleep staging methods [Memar and Faradji,
2017] rely heavily on the interpretation of polysomnographic
data by doctors and experts or on the extraction of man-
ual features, which are time-consuming and labor-intensive.
With the development of artificial intelligence[Wicaksono et
al., 2022], the use of neural network models for automated,
end-to-end sleep staging analysis of physiological signals has
become a research hotspot. Deep learning is capable of au-
tonomously learning latent temporal and spatial features [Fu
et al., 2023]. However, current methods mainly focus on
EEG signals [Eldele er al., 2021], with limited research on
other peripheral signals. The human body is a whole, and
other peripheral signals will also reflect some characteristics
of different sleep stages. Therefore, multi-modal physiolog-
ical signals can offer a more comprehensive prediction[Que
et al., 2023]. The fusion method can also affect the quality
of the extracted classification features. Additionally, existing
methods often focus on isolated time segments, overlooking
contextual relationships across the sleep cycle that are essen-
tial for understanding sleep stage transitions.

This paper proposes a novel hybrid deep learning sleep
staging framework (MSRG-CM) for sleep staging, which
mainly consists of three modules: A multi-scale residual
graph perception network constructs hierarchical graph rep-
resentations to extract discriminative spatiotemporal features.
The sparse cross-feature attention selects shallow and deep
network features as inputs to learn the correlations between
local and global features within a time window. In addition,
a multi-directional scanning temporal extractor leverages the
lightweight and efficient sequence modeling capabilities of
the architecture, incorporating a multi-directional scanning
strategy to process sequences from multiple directions. It en-
ables comprehensive aggregation of temporal or feature se-
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quences. The main contributions are as follows:

* A multi-scale residual graph perception network is de-
signed, aggregating information from different neigh-
boring nodes by constructing multi-scale graphs. The
skip connections are established with the previous layer
to extract abstract networks layer by layer.

A sparse cross-feature attention method is proposed,
which selects shallow and deep network features for fu-
sion. It is improved by performing attention calculations
within a local window range and introducing a neighbor-
hood window mechanism, reducing computational cost.

A multi-directional feature-scanning aggregator is con-
structed, which leverages the lightweight nature of the
GRU to improve runtime efficiency while capturing in-
formation flow paths from different directions.

2 Related work

2.1 Deep Learning Methods

Significant progress has been made in sleep stage classifica-
tion using machine learning methods [Liu ez al., 2016] and
[Hached et al., 2021]. However, these methods typically rely
on extensive prior knowledge and have limited generalization
capabilities. Researchers have begun to shift towards deep
learning methods to learn complex sleep patterns. Currently,
the most widely used methods are CNN, RNN, and LSTM.
For example, some studies [Pan et al., 2024] and [Khalili and
Mohammadzadeh Asl, 2021] use CNN to extract local fea-
tures within each period and employ Bi-LSTM [He et al.,
2024] to encode temporal information. Other use complete
RNNs to model dependencies for sleep staging [Phan et al.,
2023]. These methods either extract features from local re-
gions or model the relationships between sleep stages, with-
out considering both aspects jointly.

2.2 Hybrid Sleep Staging Models

Researchers began to propose hybrid sleep staging models
to address the limitations of single-modal models. Ma et
al. introduced SleepMG [Ma et al., 2024], which evaluates
the classification and domain discrimination performance of
each modality, and further defines modality performance in-
dicators. Subsequently, the models capture local temporal
features through techniques such as Transformers and atten-
tion mechanisms. Zheng et al. proposed MMASIeepNet
[Yubo et al., 2022], a multi-modal attention network that in-
tegrates multimodal features of electrophysiological signals,
with a Transformer used to generate attention matrices and
extract the interdependencies between multimodal features.
TransSleep [Phyo et al., 2023] also uses a novel Transformer
to encode different features. CareSleepNet [Wang et al.,
2024a] further innovates the multi-modal attention mecha-
nism by constructing a local attention network. With the rise
of GNNs, utilizing graphs to interpret the spatiotemporal re-
lationships between different signals has become a research
hotspot. GraphSleepNet [Jia et al., 2020] models channel de-
pendencies via a fixed graph with learnable adjacency, while
MFST-GCN [Jia ef al., 2021a] constructs multi-view graphs
based on Euclidean distance priors. Both methods perform

convolution on a single shared topology across all layers. Ji
et al. proposed the MixSleepNet model [Ji er al., 2024],
which designs 3D-CNN modules and GCN modules to ex-
plore the correlations of frequency bands and channels along
the time and spatial dimensions. The FC-STGNN model
[Wang et al., 2024b] constructs a fully connected spatiotem-
poral graph neural network to capture the spatiotemporal de-
pendencies. Jia et al. proposed the SleepHGNN model [Jia
et al., 2023], which constructs a deep graph network com-
posed of heterogeneous graph transformer layers to capture
heterogeneity-aware message passing and target-specific ag-
gregation of physiological signal interactions. Li et al. de-
signed the MVF-SleepNet model [Li et al., 2024], which
integrates time-frequency images and graph learning repre-
sentations to improve sleep stage classification performance.
Multi-modal time series can extract more valuable informa-
tion to compensate for the shortcomings of single-modal data.
Different modalities are synchronized over time and comple-
mentary in terms of semantics. If effective cross-modal infor-
mation fusion can be achieved, it is expected to enhance the
ability to perceive subtle transitions in sleep states.

3 Method

The proposed method is an end-to-end sleep staging model
that processes a sequence of sleep epochs and outputs a se-
quence of predicted sleep stages. We define z € R"*¢
as a sleep epoch, where n represents the number of sam-
pling points, and C' denotes the number of channels. The
input multivariate physiological signal sequence is defined
as’ X = {xy,22,...,21}, where z; € R"*Y represents
a sleep epoch, and L denotes the sequence length, with
i € {1,2,...,L}. In this experiment, five sleep stages are
considered, Label = 5 (Wake, N1, N2, N3, and REM), and
g € {0,1}Label ig defined as the ground truth label cor-
responding to the sleep stage for each sleep epoch. Y =
{91,92,...,9r} represents the sleep stage sequence corre-
sponding to X = {&,#y,...,41}. Fig. 1 illustrates the
overall process of the MSRG-CM Model. It is primarily di-
vided into three parts: the residual multi-scale Graph Isomor-
phism Network (GIN), the sparse cross-feature attention and
the memory-enhanced contextual association module.

3.1 Residual Multi-Scale GIN (ResMS-GIN)

To capture structural dependencies at different granulari-
ties, we propose a multi-scale residual-aware graph convo-
lution module, which leverages multiple adjacency matrices
to model graph structures at different scales. The network
adopts residual connections and integrates features across dif-
ferent scales to enhance representation capability.
Considering the multi-channel nature of PSG signals, a
feature embedding module based on CNNss is introduced to
reduce the dimensionality of the original long-sequence sig-
nals and extract highly robust local correlation features. Sub-
sequently, a dynamic graph learning mechanism adaptively
constructs a channel-wise adjacency matrix from the feature
space. From this learned matrix, we derive multi-scale adja-
cency matrices via scale-specific quantile thresholds, yielding
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Figure 1: The MSRG-CM model diagram. The original multi-channel data is processed by the model to ultimately produce labels that
distinguish between different sleep stages. The ResMS-GIN captures multi-level graph network structures, and SCFA is applied to fuse
shallow and high-level networks to obtain spatiotemporal representations. Finally, a multi-directional sequence scanning strategy is introduced
to model long-range dependencies across temporal scales and spatial regions.

a set of matrices ranging from dense to sparse.
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Different adjacency matrices characterize multi-level re-
lationships, ranging from global weak correlations to local
strong connections. This enables each node to aggregate
information from neighborhoods of varying receptive fields
during the graph convolution process.

A(S) _ {A, A > Ts,

0, otherwise

s=1,...;8

@)

where S is the number of the multi-scale decomposition. In
this case, S is set to 3, 7, = [0.3,0.6,0.9] capture global
synchrony, regional networks, and event-specific coupling,
respectively—mirroring clinical PSGreading.

Conventional graph convolution operations have limited
capability in modeling complex structural patterns. To
enhance expressive power, the proposed multi-scale graph
convolution incorporates a multi-layer perceptron following
neighborhood aggregation, thereby strengthening the nonlin-
ear modeling of graph structures and enabling the extrac-
tion of multi-scale graph information. By stacking multiple
graph convolution layers, the network captures graph struc-
tures from local to global scales and learns deep feature repre-
sentations. Furthermore, residual connections are introduced
between layers to alleviate gradient degradation in deep net-
works and to facilitate information flow across layers.
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where hgk) is the feature of node 7 in the k-th layer, N(i) is

the set-of neighbors of node i, s is the scaling factor and € is
a learnable parameter that controls the balance between the
features of the node that self-update and the propagation of
neighboring features.

In terms of network architecture, shallow layers utilize
denser adjacency matrices to model global channel-wise col-
laboration, while deeper layers progressively adopt sparser
adjacency matrices to focus on strong and informative chan-
nel connections. This design enables a coarse-to-fine hier-
archical modeling strategy, capturing both global and local
structural patterns. After each layer, channel-wise pooling
is applied to obtain the corresponding spatiotemporal fea-
ture representation. Finally, the network outputs multi-scale
spatiotemporal-aware features from shallow to deep layers for
subsequent fusion and classification.

3.2 Sparse Cross-Feature Attention (SCFA)

After the above module, we obtain the multi-layer network
structural features of the entire sleep cycle. This section pro-
poses a sparse cross-feature attention fusion method. Deep
GIN features, while robust for stable sleep stages, undergo
progressive over-smoothing during hierarchical propagation,
which can submerge brief transitional patterns (e.g., N1 spin-
dles lasting only 1-2 epochs). Shallow features preserve fine-
grained morphological cues critical for detecting these transi-
tional stages.

Unlike standard window attention (e.g., Longformer) that
applies self-attention within a single feature space, SCFA
introduces a Cross-Feature Neighborhood Index (Egs. (7)-
(8)) for multi-level feature fusion: shallow features serve as
queries attending to deep feature neighborhoods, and vice
versa. This bidirectional cross-hierarchical exchange bridges
the semantic gap between shallow morphological features
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Figure 2: Sparse cross-feature attention module. Local window par-
titioning bridges shallow morphological features and deep semantic
representations. Global dependency modeling is deferred to subse-
quent modules.

and deep semantic representations within local temporal win-
dows, while delegating the task of global dependency model-
ing to subsequent modules. The main process is shown in the
Fig. 2. Taking shallow features as an example, the temporal
feature X is used as the input Qg and the spatial feature Xy
is used as the input Kq4, V4.

Qs = WX + b, € RT*H 4)
Kg = WiXq + b, € RTXH ®)
Va=W,Xq4+b, € RT*H (6)

where T’ is the time step and [ is the feature dimension. First,
the time window is decomposed into locally processed pat-
allel windows, W = 8. The corresponding K,V neighbor
windows are obtained. The window sizes are symmetrically
padded to ensure valid neighborhoods at the boundaries.

X, = Reflect(Xs, (K, K)) € NN*ZkED) @)

where NN is the number of local windows and K is the number
of neighboring windows, with K set to 16. A neighborhood
index is generated for each window, and the neighborhood
features X2¢i8h are collected through the index matrix.
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The sparse cross-attention is calculated based on the com-

puted neighborhood shallow features. Compared to tradi-

tional cross-attention, each window only computes cross-

attention on a few adjacent spatial feature windows, reducing
computation and limiting noise propagation.

QK3
VH

Similarly, the deep feature X4 is used as Qq and the shal-
low feature X is used as K, V. Finally, the cross-attention
X405 is computed. Through residual connections, the orig-
inal features are integrated with the hierarchical features X’
for sleep staging.

X594 = Softmax( YVaq ©)
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Figure 3: Multi-directional scanning temporal aggregation mod-
ule. It acquires global temporal features through parallel multi-
directional feature extraction, thereby improving the efficiency of
the feature acquisition process.

3.3 Multi-Directional Scanning Temporal
Aggregation Module (MDSTAM)

To fully exploit the cross-scale dependency structures in com-
plex temporal data, we introduce a multi-directional feature-
scanning aggregator. ‘This module integrates convolutional
modeling, directional sequence scanning, attention aggrega-
tion, and adaptive fusion. It achieves robust long-range de-
pendency perception within a lightweight architecture by op-
timizing image-based scanning strategies [Zhu er al., 2024]
specifically for time-series analysis. Compared with methods
such as Bi-LSTM, the proposed module is computationally
efficient, parameter-friendly, and capable of preserving the
precision of global feature extraction. The overall architec-
ture is shown in the Fig. 3.

First, the input sequence X' = {x},x5,...,x}}, is nor-
malized to enhance training stability. To strengthen the abil-
ity to learn local patterns, we adopt a depthwise separable
convolutional structure consisting of depthwise and pointwise
convolutions, enabling efficient local feature extraction. This
convolutional module not only expands the temporal recep-
tive field but also captures short-range dependencies.

X g = DWConv(X') (10)
X, = GELU (BN (PWConv(Xg,))) (11)

Next, average pooling is applied for temporal downsam-
pling to compress the sequence length and reduce compu-
tational complexity, while emphasizing long-range pattern
modeling:

X, = AvgPool(X,) (12)

Unlike traditional RNNs or transformers that model se-
quences only in the forward direction, our proposed mod-
ule incorporates four complementary information flow paths:
forward sequential scanning, backward sequential scanning,
vertical scanning, and vertical-backward scanning. This de-
sign overcomes the limitations of a single temporal perspec-
tive when capturing complex sleep patterns. Specifically,
horizontal scanning captures transient features and variations
across continuous time segments, while vertical scanning in-
troduces temporal dilation to capture non-contiguous, strided
long-range dependencies. Together, these paths establish
multi-granularity temporal views. Lightweight GRUs are
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employed for sequence modeling, and an attention pooling
mechanism is introduced to automatically select the most in-
formative hidden states within each direction. This procedure
preserves directional structure while improving representa-
tional efficiency. To enable vertical scanning, the pooled fea-
tures are rearranged with an interleaved index set to form a
re-ordered sequence X, The computation formulas for each
directional scan are as follows:

= GRUY(X,)
H® = GRU® (Flip(X,)) .
H (vd) _ GRU(vd)( )

H" = GRU" (Flip(X,,))
A learnable attention mechanism is applied to each direc-
tion d € {f,b,vd,vu}. The attention score and global direc-
tional feature are computed as:

e = WTn® (14)
£ =3 af"hy” (15)
t

where a( ) is the normalized attention weight. After obtain-
ing the global features from the directional scans, a softmax
function is applied to derive adaptive directional weights, al-
lowing the model to emphasize the most discriminative scan-
ning directions based on data characteristics. The weighted
directional features are concatenated and fed into a fusion
network for high-dimensional projection and feature recom-
position, enhancing nonlinear representational capacity:

feoncat = [f} ” fl; ” f H 'Uu} (16)
fiusion = GELU (LayerNorm (W ;f.oncar)) 17)

where f} denotes the weighted feature for direction'd. To fur-
ther enhance robustness, a lightweight residual term based on
the mean of the input sequence is introduced. This allows the
final output to retain global statistical properties of the input,
preventing over-reliance on any single scanning direction:

1 T
r=W, (sz;> (18)
t=1

S=W, (ffusion + BI‘) (19)
where the residual scaling coefficient is set to § = 0.2. Fi-
nally, the fused representation is transformed by an output lin-
ear layer to match the original feature dimensionality, serving
as the final global representation.

4 Experiment

4.1 Datasets and Preprocessing

To evaluate the performance of the proposed model, exper-
iments were conducted on two subsets of the public IS-
RUC datasets [Khalighi et al., 2016], and the Sleep-EDF-
153 [Goldberger et al., 2000] dataset. These datasets are
commonly used as benchmarks for sleep stage classification.
Note that all sleep records used in the experiment were pre-
processed with bandpass filtering (0.3 Hz—35 Hz) and notch
filtering (50 Hz).

4.2 Settings

We use PyTorch to implement the model, which is an end-to-
end model trained based on backpropagation. The Adam op-
timizer is employed with a learning rate set to 1e-3. The num-
ber of training epochs is set to 100, with a batch size of 64.
To avoid data leakage, a subject-based k-fold cross-validation
strategy is adopted, where the subjects in each dataset are di-
vided into k groups, as done in existing methods. To ensure a
fair comparison with existing methods, k is set to 10.

ACCIT F1lE AVG-ACC--~-AVG-F1----
0.85 0.88 0.90
p. 0831 _ ¢
0.840 0838 0.859
- | I I0801 | | | I IJ I | I|0837
0.77|| ” I Iloso 0.80 1 I
Folds Folds Folds

(a) ISRUC-S1 dataset (b) ISRUC-S3 dataset (c) Sleep-EDF-153 dataset

Figure 4: The 10-fold cross-validation result of three datasets.

4.3 Results

The 10-fold cross-validation results are shown in the Fig. 4.
On the ISRUC-S1 dataset, the average accuracy and F1 score
are 83.1 4+ 3:12% and 80.1 £ 4.78%, respectively. On the
ISRUC-S3 dataset, the average accuracy and F1 score are
84.0 £ 2.67% and 83.8 £ 2.99%. On the Sleep-EDF-153
dataset, the proposed method attains an average accuracy and
an F1-score of 85.8 +4.84% and 83.7 £ 4.66%, respectively.
Except for the N1 stage, all other stages have higher scores
than 78%. Because N1 is a transitional sleep stage from Wake
to N2. Within the entire sleep cycle, the N1 stage lasts for
a very short duration. As seen in the Fig. 4, each fold is
fairly balanced. Performance on ISRUC-S3 surpasses that on
ISRUC-S1, as S3 contains only healthy subjects while S1 in-
cludes sleep disorder cases with variable sample quality. The
highest performance on Sleep-EDF-153 likely results from its
more distinct sequential features.

Params FLOPs Inf. Time Memory

RecSleepNet 08M 86M 2.07ms -
DynamicSleepNet 1.07M 8.26 G - -

MMAS]leepNet 1.2M 460M 8.55ms -
CareSleepNet 196 M 11.7G 16.1 ms -
Ours 1.5M 11.6G 2.61lms 24M

Table 1: Performance comparison on ISRUC-S1 dataset.

Computational Efficiency Analysis The model runtime
performance is presented in the table 1. Compared to tra-
ditional LSTM/RNN structures that rely on processing com-
plete sequences, our approach adopts optimized lightweight
GRUs combined with sparse attention mechanisms, effec-
tively reducing redundant computations. It is worth noting
that while the theoretical computational cost (FLOPs: 11.6
G) is comparable to that of the large-scale CareSleepNet
[Wang er al., 2024a] (11.7 G), our measured inference time
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Overall Metrices Per-class F1-scores

Datasets Methods

Acc F1 Kappa Wake NI N2 N3 REM
SVM [Alickovic and Subasi, 2018] 69.3 63,5 055 770 453 654 789 70.1
FFTCN [Bao et al., 2024] 778 723 071 882 28.89 77.8 82.0 84.6
MMASIeepNet [Yubo et al., 2022] 79.0 775 073 878 540 77.0 853 833
RecSleepNet[Nie er al., 2021] 79.7 719 - 88.8 537 79.3 86.8 80.8
ISRUC-S1 MSTGCN [Jia et al., 2021al 809 787 0775 893 53.1 799 86.7 844
MixSleepNet [Ji er al., 2024] 81.1 79.0 - 89.5 547 7977 876 83.6
NeuroLingua [Samaee et al., 2025] 819 802 076 869 57.6 850 86.0 857
MVF-SleepNet [Li et al., 2024] 82.1 802 077 908 562 81.1 87.1 857
LGBM [Shao et al., 2024] 825 804 077 897 512 814 88.6 87.8
CareSleepNet [Wang et al., 2024a] 832 81.8 0.79 902 553 827 89.6 86.0
Ours 83.1* 80.1* 0.78 89.8 56.5 79.6 88.1 84.1
SVM [Alickovic and Subasi, 2018] 733 72.1 0.66 868 523 699 78.6 73.1
SleepMG [Ma et al., 2024] 78.7 77,5 073 883 569 76.1 864 795

SleepHGNNl[Jia er al., 2023] 79.0 77.0 - - - - - -

FC-STGNN [Wang et al., 2024b] 80.9 78.8 - - - - - -
ISRUC-S3 MMASIleepNet [Yubo er al., 2022] 81.9 80.6 0.77 889 59.6 82.0 87.0 86.9
MSTGCN [Jia et al., 2021al 82.1 80.8 077 894 596 80.6 89.0 85.6
DynamicSleepNet [Wenjian er al., 2023] 829 81.7 0.79 89.9 62.4 80.7 90.7 76.8
MixSleepNet [Ji et al., 2024] 83.0 82.1 - 899" 625 819 899 86.0
MVF-SleepNet [Li et al., 2024] 84.1 795 0.83 900 625 83.3 91.1 873
Ours 84.0* 83.8* 0.80 90.8 64.1 834 91.0 86.3
SVM [Alickovic and Subasi, 2018] 713 534 059 804 503 639 823 7I.1
LGSleepNet [Shen er al., 2023] 823 760 075 92,6 437 855 83.0 749
MMASIeepNet [Yubo et al., 2022] 827 776 076 929 490 849 813 79.8
DynamicSleepNet [Wenjian er al., 2023] 83.0 77.7° 076 923 481 858 822 80.3
Sleep-EDF-153 Multi-task model [Zhao et al., 2024] 834 786 077 929 526 849 789 837
SalientSleepNet [Jia er al., 2021b] 84.1 79.5 - 933 542 858 783 858
CBLSNet [She er al., 2024] 84.1 785 079 829 509 855 809 835
CareSleepNet [Wang et al., 2024a] 85.1 . 80.4 0.79 912 553 857 8l1.6 83.0
NeuroLingua [Samaee et al., 2025] 859 800 079 941 538 86.6 824 852
Ours 859* 83.7* 080 883 554 89.0 855 86.6

Table 2: Performance comparison with the cutting-edge methods on the three datasets (%). Bold indicates the best effect, while underlined
represents the second-best effect. Besides, * indicates p < 0.05 in paired t-test against the SVM baseline. Paired t-tests against CareSleepNet
further confirm significant F1 improvement on ISRUC-S1 and Sleep-EDF-153 (both p < 0.05).

is substantially lower at 2.61 ms versus 16.1 ms. This six-
fold latency reduction stems from our architecture’s 100%
parallelization—unlike CareSleepNet, which suffers from se-
quential RNN bottlenecks. On edge NPUs and mobile de-
vices, the minimal memory footprint (2.4 MB) and ultra-
low inference latency are the primary determinants of real-
time viability, not raw FLOPs. These characteristics give our
model a distinct competitive advantage over peer models.

Comparison with Cutting-edge Methods The perfor-
mance of the MSRG-CM was compared with various state-
of-the-art methods published in recent years. The comparison
model has been introduced in related work. As shown in the
table 2, the model demonstrates advantages when compared
with the advanced methods of recent years. Its ACC, F1, and
/ index surpass most of the models introduced. Although
the overall accuracy is slightly lower compared to CareSleep-
Net [Wang et al., 2024a] and MVF-SleepNet [Li e al., 2024]
(with a difference of only about 0.1%), the model achieves the
best performance in stage-wise classification. In particular, it
outperforms the current models in identifying the N1 stage,
indicating that the proposed multi-layer network is capable of
capturing deeper discriminative features. Beyond competitive

classification accuracy, our model excels in computational
efficiency. The model requires only 1.5 M parameters and
achieves an ultra-low inference time of 2.61 ms. Compared to
large-scale models like CareSleepNet, which suffer from high
latency or massive parameter counts, our approach strikes an
optimal balance between high accuracy, lightweight design,
and real-time capability. This makes it not only accurate but
also highly practical for deployment in clinical or portable
monitoring devices. Beyond the SVM baseline, paired t-tests
against CareSleepNet under identical 10-fold splits confirm
significant F1 improvement on ISRUC-S1 (p < 0.05) and
Sleep-EDF-153 (p < 0.05).

Ablation Study Ablation experiments are primarily based
on module design to analyze the impact of each module and
demonstrate its effectiveness in the model. The module-based
ablation experiment design is as follows:

* Ablation 1: Remove ResMS-GIN

* Ablation 2: Remove SCFA

* Ablation 3: Replace SCFA with Cross-Attention
* Ablation 4: Remove MDSTAM
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Overall Metrices Per-class F1-scores
Acc F1 Kappa Wake N1 N2 N3 REM

Ablation 1 82.5 82.3 0.77 92.9 60.1 75.7 88.5 87.0
Ablation 2 82.0 80.3 0.77 91.2 54.7 79.2 88.9 81.3
Ablation 3 82.6 81.5 0.78 91.5 60.2 78.5 90.2 82.5
Ablation 4 81.0 79.5 0.77 91.4 55.5 79.1 89.6 83.0
Ablation 5 82.7 80.9 0.79 89.4 56.0 81.9 89.7 87.5
MSRG-CM 84.0 83.8 0.80 90.8 64.1 83.4 91.0 86.3

Variant

Table 3: Ablation studies on the ISRUC-S3 dataset (%).

» Ablation 5: Replace MDSTAM with GRU

The table 3 shows the results of the ablation experiments.
Removing MDSTAM resulted in the worst performance, indi-
cating that it could capture potential contextual relationships,
playing a crucial role in distinguishing sleep stages. Replac-
ing MDSTAM with the GRU improves the performance, in-
dicating that multi-directional scanning is effective in cap-
turing interactive information generated during different in-
formation propagation flows. Replacing SCFA with conven-
tional cross-attention causes a notable drop in performance
(Acc from 84.0% to 82.0%), validating our design choice:
standard cross-attention attends indiscriminately across the
entire time window, introducing global noise and increas-
ing computational overhead, whereas SCFA restricts atten-
tion to local neighborhoods and enables shallow-deep cross-
level alignment. Removing ResMS-GIN results in a decrease
in F1, confirming the necessity of multi-scale hierarchical
graph modeling.

ISRUC-S1 [ ISRUC-S3 N

0.86 0.88
0.75 0.81 »
0.64 0.70
1 2 3 4 5 0.0 0.1 02 03 0.4
Scales Residual

(a) Different scales (b) Different residual value

Figure 5: F1-score sensitivity analysis.

Analysis of Sensitivity = We investigated the sensitivity of
ResMS-GIN to scale number and MDSTAM to residual ratio
(Fig. 5). As shown in Fig. 5(a), using too few scales lim-
its hierarchical feature capture, while too many scales intro-
duce redundancy and overfitting. A three-scale configuration
achieves the optimal trade-off across both ISRUC subsets.
Fig. 5(b) shows that the optimal residual ratio for MDSTAM
is 0.2. Smaller ratios disrupt original spatial feature integrity,
whereas larger ratios weaken temporal modeling and long-
range dependency capture.

Attention Visualization The SCFA attention scores reveal
global features after feature fusion, as illustrated in Fig. 6. In
this figure, the red boxes highlight the biomarkers of sleep
stages within the physiological signals, and the lower part

250 250
K-complex REM
-250 -250
I N
low high low high
(a) EEG N2 (b) EOG REM

Figure 6: Attention visualization in SCFA.

displays the corresponding attention scores. For instance,
the discriminative marker for the N2 stage is the K-complex,
and the model assigns higher attention weights to these re-
gions to correctly identify N2. Similarly, for the REM stage,
the model captures rapid fluctuations in the EOG signal.
Fig. 7 presents the t-SNE visualization results on the two IS-
RUC subsets. Most classes are roughly separated and form
compact clusters, indicating that the proposed method learns
discriminative feature representations with good intra-class
compactness and inter-class separability.

Wake@ N1©O N2@ N3@ REM@

(a) ISRUC-S1 dataset (b) ISRUC-S3 dataset (c) Sleep-EDF-153 dataset

Figure 7: Visualization results using t-SNE.

5 Conclusion

This paper proposes a hybrid deep learning model for au-
tomated sleep staging, integrating multimodal information
and contextual dependencies through these modules: a multi-
scale residual graph network, a sparse cross-feature attention
mechanism, and a multi-directional scanning temporal aggre-
gation module. Experiments on public datasets show that the
model outperforms most existing methods in accuracy and
robustness, while offering significant advantages in inference
speed and parameter size. Thus, it provides a new approach
for sleep disorder assessment, enabling accurate characteriza-
tion of complex sleep patterns with computational efficiency
suitable for clinical and long-term home applications.

Limitations and Future Work The model currently oper-
ates on fine-grained unit-level time points, incurring substan-
tial computational cost. Future work will investigate more ef-
ficient multimodal fusion strategies and lighter-weight archi-
tectures. Additionally, for sleep stages with limited samples,
such as N1, the model shows low cross-dataset sensitivity,
with many samples misclassified into other stages. To address
this, future work will introduce low-rank learning matrices
for bottom-up feature decomposition to enhance N1’s distinc-
tive characteristics and improve classification accuracy.
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