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Abstract—Classification of sleep stages is essential for assessing
sleep quality and diagnosing sleep disorders. However, manual in-
spection of EEG characteristics for each stage is time-consuming
and prone to human error. Although machine learning and deep
learning methods have been actively developed, they continue to
face challenges arising from the non-stationarity and variability
of electroencephalography (EEG) and electrooculography (EOG)
signals across diverse clinical configurations, often resulting in
poor generalization. In this work, we propose SleepDIFFormer,
a multi-channel differential transformer framework for hetero-
geneous EEG–EOG representation learning. SleepDIFFormer is
trained across multiple sleep staging datasets, each treated as a
source domain, with the goal of generalizing to unseen target
domains. Specifically, it employs a Multi-channel Differential
Transformer Architecture (MDTA) designed to process raw EEG
and EOG signals while incorporating cross-domain alignment.
Our approach mitigates spatial and temporal attention noise
and learns a domain-invariant EEG–EOG representation through
feature distribution alignment across datasets, thereby enhanc-
ing generalization to new domains. Empirically, we evaluated
SleepDIFFormer on five diverse sleep staging datasets under
domain generalization settings and benchmarked it against ex-
isting approaches, achieving state-of-the-art performance. We
further conducted a comprehensive ablation study and inter-
preted the differential attention weights, demonstrating their
relevance to characteristic sleep EEG patterns. These findings
advance the development of automated sleep stage classification
and highlight its potential in quantifying sleep architecture
and detecting abnormalities that disrupt restorative rest. Our
source code and checkpoint are made publicly available at
https://github.com/Ben1001409/SleepDIFFormer

Index Terms—Sleep stage classification, EEG, EOG, differen-
tial attention mechanism, domain generalization

I. INTRODUCTION

SLEEP is a critical biological process that ensures immune
regulation, supports memory consolidation, and maintains

metabolic stability. Disruption of sleep patterns has been
shown to degrade cognitive performance, particularly memory
retention and attentional control, while increasing susceptibil-
ity to emotional instability [1], [2]. Recent epidemiological
studies report that the prevalence of diagnosed sleep disorders
nearly doubled between 2011 and 2020 [3], underscoring
the growing need for reliable and scalable computational
approaches for sleep monitoring and disorder detection. Sleep
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stage classification (also referred to as sleep scoring) consti-
tutes the foundation for subsequent diagnosis and treatment
of sleep disorders [4]. In clinical practice, polysomnography
(PSG) remains the gold standard for sleep assessment, cap-
turing multiple physiological modalities such as electroen-
cephalogram (EEG), electrooculogram (EOG), electrocardio-
gram (ECG), and electromyogram (EMG) [5]. According to
Rechtschaffen and Kales (R&K) rules [6], PSG signals are
typically classified into six sleep stages: wakefulness (Wake),
non-rapid eye movement (NREM) stages (S1, S2, S3, S4), and
rapid eye movement (REM).

Among PSG measurements, EEG and EOG signals provide
spatio-spectral-temporal characteristics that allow experts to
identify subtle changes in sleep stages [7]. For instance, sleep
spindles in the 12–16 Hz range are present in stage N2,
whereas delta waves around 0.5–4 Hz are present in stage N3.
EOG detects slow rolling eye movements typically observed
in stage N1, as well as rapid bursts characteristic of REM
stage. Given the typical duration of overnight sleep recordings,
manual inspection is time-consuming and prone to human
errors. While machine learning and deep learning methods
have been actively developed, they continue to face challenges
because EEG and EOG signals are inherently noisy due to
their non-stationarity and high variability across domains (i.e.,
datasets). Additional challenges include artifacts and diverse
electrode placement [8], [9]. Hence, sleep stage classification
demands methods that can learn more robust joint EEG and
EOG representations.

In clinical settings, sleep staging datasets are often collected
under varying conditions, including differences in acquisition
equipment, electrode placement, and referencing, which re-
sult in significant distributional shifts across domains (i.e.,
datasets) and pose major challenges for generalization. [10] in-
vestigated domain generalization using a convolutional archi-
tecture as the backbone with a multi-level domain alignment
loss function, and has shown promising results. Meanwhile,
transformer models have gained attention from researchers in
language [11], vision [12], and time-series forecasting [13] for
the capability of learning dependencies underlying time series
segments after patching. Recent studies have demonstrated
that transformer-based models are more effective at capturing
multivariate time-series representations [14], by introducing
an architecture for representing endogenous and exogenous
variables. Hence, transformers could further improve robust-
ness and generalization for EEG signals that are inherently
more complex. Moreover, transformers have also been building
blocks for foundation models (FMs), which learn general
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representations from multiple time-series datasets for zero-shot
forecasting or task-specific fine-tuning [15]. In the context of
EEG, FMs have been trained on numerous EEG datasets to
obtain generalizable representations [16], [17]. However, em-
pirical studies have shown that performance improvements are
marginal with increasing model scale, while the computational
cost remains prohibitively high. Moreover, zero-shot general-
ization performance has been found to be impractical [18].
Here, we attempt to address these challenges to enable stronger
generalization for clinical utility.

In this work, we propose a Sleep Stage Classification
method by developing Multi-channel Differential Transformer
(SleepDIFFormer) for heterogeneous EEG and EOG repre-
sentation learning. Specifically, SleepDIFFormer comprises
Multi-channel Differential Transformer Architecture (MDTA),
combined with cross-domain feature alignment. The MDTA
mitigated signal and attention noise, while the cross-domain
feature alignment learned domain-invariant features through
feature distribution alignment across datasets, enabling gener-
alization to unseen target datasets. Empirically, we evaluated
SleepDIFFormer on five different sleep staging datasets and
conducted comprehensive ablation analyses to assess the con-
tribution of each component.

The main contributions of this work are as follows:

1) We propose SleepDIFFormer, a framework that captures
heterogeneous EEG–EOG representations across diverse
clinical configurations for sleep stage classification.

2) We developed the MDTA to learn hierarchical spatio-
temporal dependencies of EEG and EOG, while suppress-
ing inherent signal & attention noise.

3) We incorporated cross-domain feature alignment across
datasets during training to enhance generalization.

4) We evaluated our method on five public datasets, com-
pared strong baselines, and conducted comprehensive
ablation studies.

The remainder of this paper is organized as follows. Section
II provides a review of related work. Section III describes the
proposed method, SleepDIFFormer. Section IV presents the
experimental setup, empirical results, and comparative analysis
against existing methods, followed by an ablation study. Sec-
tion V discusses the results and interprets the representations
learned by our method. Finally, Section VI concludes the paper
with a summary and directions for future research.

II. RELATED WORKS

Existing literature was organized based on the methodolog-
ical evolution from traditional machine learning to advanced
deep learning, followed by the potential of domain generaliza-
tion techniques and transformer models. Early machine learn-
ing approaches for sleep staging relied on handcrafted EEG
and EOG feature engineering (e.g., statistical descriptors [19],
and graph-based measures [20]). However, their performance
often plateaued and did not scale effectively with larger
datasets. Deep learning introduced a paradigm shift from man-
ual feature engineering to end-to-end neural architecture learn-
ing, in which network modules are designed to automatically

capture highly relevant aspects of the data. Widely used archi-
tectures include convolutional neural networks (CNNs) [21]–
[23], recurrent neural networks (RNNs) [24]–[26] and graph
neural networks (GNNs) [27]–[30], each capturing distinct
characteristics of the EEG and EOG data, including local spa-
tial patterns, temporal dependencies, and relational structures.
Furthermore, a number of hybrid models have been introduced
to integrate the complementary architectural strengths for more
comprehensive representational capacity [26], [31]. However,
these works were primarily trained and validated on the same
dataset, without examining generalization to other datasets
collected under different clinical settings.

For clinical applications, ensuring the transferability of
models to unseen datasets is of critical importance, as EEG
and EOG signals are typically recorded under diverse clinical
configurations. Considerable efforts have focused on domain
adaptation techniques, which aim to reduce distribution gaps
between training and validation domains in the absence of
labeled data [32], [33], with partially labeled data [34], or
with entirely unlabeled data [35]. In contrast, domain gen-
eralization seeks to develop models that can generalize to
previously unseen target domains. SleepDG [10] represents a
notable framework addressing domain shifts across datasets by
employing a convolutional backbone trained with supervised
learning and multi-level domain alignment. This work laid the
groundwork for models to generalize to new data distributions
without further training or fine-tuning. Our work built upon
this line of research.

Transformer models, equipped with self-attention and cross-
attention mechanisms, enable neural networks to capture de-
pendencies within a single input and across multiple inputs.
In [36], multi-resolution CNN features were fused using
multi-head attention for integrating local motifs and global
context, while [37] demonstrated its competitiveness against
CNN–RNN hybrids. Recent studies in EEG have adapted
transformer to extract multi-channel time–frequency represen-
tations for automatic sleep staging [38] and emotion recog-
nition [35]. In [39], a transformer-based approach was pro-
posed to handle multiple channels of raw EEG signals, where
channel-specific encoders were employed and their outputs
were subsequently aggregated and fed into a sequence encoder
to form a joint feature representation. Transformer-based ar-
chitectures have recently been extended to foundation mod-
els (FMs) [16], [40], which employ self-supervised learning
across multiple datasets and are subsequently fine-tuned for
specific downstream tasks. While FMs generally outperform
non-FMs trained on a single dataset, the performance improve-
ments tend to plateau with increasing model scale, and the
associated computational cost becomes prohibitive [17], [18],
[41]. Furthermore, although [42] demonstrated that non-FM
diffusion models can surpass existing FMs, these models still
require fine-tuning on individual datasets and fail to explicitly
address domain generalization to unseen datasets. Moreover,
two other challenges remain when applying transformer mod-
els to EEG: (i) coping with inherent noise in both the signals
and the attention mechanism, and (ii) adapting the architecture
to effectively handle multivariate inputs (e.g., EEG and EOG)
with domain generalization. In this work, we addressed these
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Fig. 1. Panel A illustrates the overall architecture of SleepDIFFormer, which is trained on heterogeneous EEG and EOG data from multiple source domains
SD{·} (collected across different hospitals and recording conditions). Our method is developed to generalize during inference to a completely unseen dataset
TDi /∈ SD{·} under different settings (highlighted with a purple background). Panel B provides a zoomed-in view of the Multi-channel Differential
Transformer Architecture (MDTA), which comprises our proposed differential self-attention (DSA) and differential cross-attention (DCA).

issues by drawing on insights from differential transformer
architectures [43] and time-series–based transformers [14].

III. METHOD

This section provides a detailed description of the Sleep-
DIFFormer architecture, outlining its core components, design
principles, and functional building blocks.

A. Main Framework

We illustrate our main framework, SleepDIFFormer, in
Fig. 1, which comprises signal embedding, MDTA, and a mod-
ule for capturing inter-epoch dependencies. Our method was
developed to learn domain-invariant heterogeneous EEG–EOG
representations for sleep stage classification. SleepDIFFormer
was trained using EEG and EOG data from multiple source
domains. Here, SDi denotes the i-th source domain where
each sample consists of N epochs, and the model was opti-
mized using data from multiple source domains SD{·} with
the objective of generalizing effectively to an unseen target
domain, denoted as TDi /∈ SD{·}.

B. Signal Embedding

To capture temporal variations in raw EEG and EOG,
we designed a hierarchical convolutional module for signal
embedding (SE), which converts raw signals into tokens, as
shown in Fig. 1.

{s1, s2, . . . , sN} = ϕ(x) (1)

Here, x = {x1, x2, . . . , xT } ∈ RT×1 denotes the raw in-
put with T samples, where ϕ(·) denotes signal embedding
(i.e., 3 convolutional layers with pooling were used here).

After passing through the ϕ(·), a set of N series tokens
{s1, . . . , sn, . . . , sN} were obtained, with sn ∈ Rd.

The resulting tokens were further enriched by adding
learnable positional embeddings (PE), applied separately to
modality m, which is EEG or EOG.

Sm = PE({s1, s2, . . . , sN}) (2)

C. MDTA

In multi-head attention (MHA), the query (Q), key (K),
and value (V ) representations used to compute attention
are obtained by projecting their respective input sources
XQ, XK , XV through learned weight matrices:

Q = XQWQ, K = XKWK , V = XV WV , (3)

where WQ,WK ,WV are trainable parameters. The attention
operation is then defined as

MHA(Q,K, V ) = softmax
(

QK⊤
√
dk

)
V. (4)

A typical special case is multi-head self-attention (MHSA),
where all three inputs are identical (XQ = XK = XV ). An-
other is multi-head cross-attention, where the query originates
from one source (XQ) and the key–value pairs from another
(XK = XV ).

Differential Transformers (DT) [43] built upon multi-head
attention (MHA) and enhanced robustness to attention noise
through the Differential Attention (DA) mechanism, orig-
inally proposed for language modeling tasks, denoted as
DiffAttn(Q,K, V ).
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DiffAttn(·) =
(
softmax(

Q1K
T
1√

d′
)− λ softmax(

Q2K
T
2√

d′
)
)
V

(5)

Specifically, DA constructs two sets of MHSA modules
by decomposing the query, key, and value representations.
Specifically, the query Q is split into two parts Q1 and Q2,
the key K into K1 and K2, while the value V remains
unchanged. Subsequently, it computes the weighted difference
with λ between the attention scores from two parts. d′ is
the dimension for tokens. This mechanism amplifies important
signal components and cancels noise, thereby improving both
the sparsity and selectivity of the attention distribution. Our
MDTA, illustrated in Fig. 1, comprises:

1) Differential Self-attention (DSA) for Intra-Channel :
We extended DA to represent EEG and EOG signals. For
each modality, we introduced a learnable global token G that
functions as a semantic hub. During attention computation,
this token interacted with tokens within modalities to integrate
features across the full sequence and can subsequently be used
to fuse semantic representations between modalities.

The DSA mechanism is defined as follows:

S′
m, G′

m = DSA([Sm, Gm]) (6)
S′′
m, G′′

m = LayerNorm([Sm, Gm] + [S′
m, G′

m]) (7)

The concatenated series tokens Sm and global tokens Gm

serves as the shared input to construct Q,K, V for differential
self-attention module. The output was then integrated with
the original input via a residual connection, followed by layer
normalization.

2) Differential Cross-attention (DCA) for Inter-Channel :
To capture multi-channel representations and interactions, DA
is incorporated into cross-attention mechanism between the
global tokens of EEG and EOG, facilitating feature fusion
while suppressing noise.

G′′′
eeg = LayerNorm

(
G′′

eeg + DCA(G′′
eeg, G′′

eog)
)

(8)

G′′′
eog = LayerNorm

(
G′′

eog + DCA(G′′
eog, G′′

eeg)
)

(9)

The global tokens G′′′
eeg and G′′′

eog are obtained via differential
cross-attention DCA(G′′

m, G′′
m′), where the same modality m

serves as Q and the other modality m′ provides K and V ,
with the outputs passed through MLP projection and residual
addition, followed by layer normalization.

S̃m, G̃m = LayerNorm(MLP([S′′
m, G′′′

m]) + [S′′
m, G′′′

m]) (10)

where S̃m and G̃m represent the series tokens and learned
global token for EEG or EOG modality.

D. MHSA for Inter-Epoch Dependencies

After L layers of MDTA, MHSA was employed to model
sequence-level context and enhance the model’s ability to
capture the evolution of sleep stages over long periods. In con-
trast to local modeling within a single epoch, sequence-level
encoding emphasizes phase continuity and temporal trends
across successive epochs. Both the standard MHSA and DA
can be applied here. However, as shown in the ablation study

in Section IV-B, DA negatively impacted performance when
used for inter-epoch dependencies, likely due to its tendency
to amplify inter-epoch differences while suppressing intra-
sequence common structures. Therefore, we utilized MHSA
with concatenation (Concat) and global average pooling (Avg-
Pool):

Ḡ = MHSA(Concat(G̃eeg, G̃eog)) (11)

S̄ = MHSA(AvgPool(Concat(S̃eeg, S̃eog))) (12)

where G̃eeg and G̃eog denote the global tokens of each EEG
and EOG epoch, respectively. S̃eeg and S̃eog represent the
corresponding series tokens, S̄ is the fused feature map and
Ḡ is the fused global token with dimensionality RD=2d.

E. Loss Function

The Ḡ from Equation 11 was passed to a linear classifier
for sleep stage classification with cross-entropy loss:

Lcls = −
N∑

n=1

C∑
c=1

ySDi
n,c log

(
PredSDi

n,c

)
(13)

where C is the number of sleep stages and N is the total
number of epochs in the sequence from domain SDi, PredSDi

n,c

denotes the predicted probability and ySDi
n,c is the annotation

for the n-th sample and c-th class from domain SDi.
From Equation 12, the S̄ is passed to a decoder φ(·)

(i.e., 5 layers CNN) for signal reconstruction of inputs. The
reconstruction loss is defined as:

Lrec =
1

T

T∑
t=1

∥xt − x̂t∥22 (14)

where xt denotes the raw signal and x̂t denotes the recon-
structed signal from φ(·) for each sleep epoch. ∥ · ∥22 is the
squared L2 norm.

To improve cross-domain generalization, we incorporated a
multi-level feature alignment (FA) loss that explicitly mini-
mizes distributional difference between source domains [10].
By aligning epoch-level statistical properties, mean [44] and
covariance [45], together with sequence-level [10] statisti-
cal properties, the model was encouraged to learn domain-
invariant representations while preserving temporal structures.
The total epoch-level alignment loss consists of two compo-
nents:

Lexp =
∑
i̸=j

∥∥E(S̄i)− E(S̄j)
∥∥2
2

(15)

Lcov =
∑
i̸=j

∥∥COV(S̄i)− COV(S̄j)
∥∥2
F

(16)

Lepo = Lexp + Lcov (17)

where S̄i and S̄j denote the feature sets from different source
domains SDi and SDj . E(·) and COV(·) represent the mean
and covariance, while ∥ · ∥2 and ∥ · ∥F are the L2 and Frobe-
nius norms operators. This loss enforced local distribution
alignment across domains. To further promote inter-epoch
alignment, we adopted:

Lseq =
∑
i̸=j

∥Ri −Rj∥2F (18)
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TABLE I
SUMMARY OF DATASETS STUDIED, CHARACTERISTICS, AND SLEEP STAGE DISTRIBUTION

Domain SDi/TDi # of Subjects # of Samples Sampling Frequency W(%) N1(%) N2 (%) N3 (%) REM (%)

1. SleepEDFx 197 236120 100 Hz 26.02 10.64 37.63 8.24 14.47
2. HMC 154 63420 256 Hz 19.04 10.02 33.85 26.85 10.24
3. ISRUC 126 112060 200 Hz 22.01 13.17 31.85 19.69 13.28
4. SHHS-1 5793 147340 125 Hz 30.37 3.19 40.79 13.01 12.64
5. P2018 994 132720 200 Hz 17.36 13.44 42.54 13.27 13.39

where Ri and Rj are correlation matrices computed using
the Pearson Correlation Coefficient (PCC) from the sleep
sequences in each domain SDi and SDj . This component
captured and aligned the temporal dependency structure across
domains at the sequence level. The overall loss function:

Ltotal = Lcls + λrecLrec + λalign (Lepo + Lseq) (19)

where the parameters λrec and λalign control the relative im-
portance of reconstruction and domain alignment.

IV. EXPERIMENT AND RESULTS

We provided detailed descriptions of the sleep EEG datasets,
preprocessing steps, experimental settings, main results, com-
parative analysis, and ablation studies.

A. Datasets & Experimental Settings

We utilized five publicly available sleep EEG datasets,
summarized in Table I. We followed the American Academy of
Sleep Medicine (AASM) recommendations [46] and merged
the N3 and N4 stages in the SleepEDFx and SHHS datasets
into a unified N3 stage. Due to the large size of the SHHS
and the P2018 datasets, we have retained only the first 150
recordings. Following [24], each recording in SleepEDFx was
cropped to include only segments ranging from 30 minutes
before the onset of the first sleep epoch to 30 minutes after
the end of the final sleep stage, due to the long Wake stage.
Our preprocessing includes bandpass filtering (0.3–35 Hz),
resampling to 100 Hz, and Z-score normalization (channel-
wise). For dataset SHHS-1, EEG signals were recorded using
a referential montage. To ensure comparability with other
datasets that used bipolar montage, we constructed a bipolar
channel by subtracting two electrodes, which are the ROC
and LOC electrodes, and used it as the EOG channel for the
SHHS-1 dataset.

We followed the same experimental settings as described in
[10]. In each experiment, four datasets were used for training
and the remaining dataset for testing. We adopted the same
EEG and EOG channel selection:

1) SleepEDFx [47]: EEG from Fpz–Cz and EOG from
EOG–Horizontal.

2) HMC [48]: EEG from F4–M1 and EOG from E1–M2.
3) ISRUC [49] : EEG from F4–M1 and EOG from LOC–

A2.
4) SHHS-1 [50]: EEG from C4–M1 and EOG from ROC-

LOC.
5) P2018 [51]: EEG from C3–M2 and EOG from E1–M2.

We set the length of the input sleep epoch sequence to N =
20, meaning that each input sample consists of 20 consecutive
epochs, similar to [10]. The feature dimension, d, for each
epoch was fixed at 128. Four layers (L = 4) of MDTA were
used during training, where each layer consisted of 4 heads. In
the inter-epoch MHSA, only 1 layer was utilized, with 8 heads.
As part of our training objective, we used a composite loss
function with equal weights (λrec = λalign = 0.5 ) to ensure
balanced optimization. The model performance was evaluated
based on Accuracy and Macro-F1 score across 5 datasets.

Our code was implemented using PyTorch and the experi-
ment was performed on a workstation with NVIDIA GeForce
RTX 4090 GPU with 24GB VRAM. Training lasted for 50
epochs with a batch size of 16. The model was optimized
using the Adam with a learning rate of 5×10−4 and a dropout
rate of 0.1 were applied.

B. Main Results and Ablation Analyses

We compared our method with existing works listed in
Table II. SleepDIFFormer outperformed the current state-of-
the-art, SleepDG [10] by a margin, with 1.29% in accuracy and
2.19% in MF1, demonstrating SleepDIFFormer’s superiority
in capturing the underlying EEG representation that could be
generalized to unseen datasets. The only exception was the
ISRUC dataset, where SleepDIFFormer ranked second. This
may be attributed to differences in the EOG channel configu-
ration used in ISRUC compared with other datasets. Methods
relying on feature engineering, such as using spectrograms in
DeepSleepNet [24], performed the worst, 8.84% and 9.90%
lower than SleepDIFFormer in average accuracy and MF1,
respectively, highlighting the advantage of models that learn
representations directly from raw signals. SalientSleepNet
[23], which adopted a U2-CNN architecture, underperformed
SleepDIFFormer by 7.41% in average accuracy and 8.31% in
average MF1, reinforcing the limitations of purely CNN-based
models in addressing the non-stationarity of EEG and EOG
signals. AttnSleep [36], ResnetMHA [31], TinySleepNet [25],
U-time [22] and EnhancingCE [26] did not achieve notable
improvements over the baseline DeepSleepNet [24], despite
extensive exploration of architectural variations.

To examine the effectiveness of SleepDIFFormer in sup-
pressing non-stationary noise and the ability of feature align-
ment in reducing domain shift, we conducted an ablation
study shown in Table III, by removing DSA and DCA from
MDTA (DA), replacing signal embedding (SE) with patching,
removing inter-channel cross-attention (CA), removing feature
alignment (FA), and using MHSA (✓) vs. DA (×) for inter-
epoch dependency (ID).
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TABLE II
COMPARATIVE ANALYSIS OF GENERALIZATION. EACH METHOD WAS TRAINED USING MULTIPLE SOURCE DOMAINS SD{·} AND EVALUATED ON A

TARGET DOMAIN TDi /∈ SD{·} . THE BEST RESULTS ARE HIGHLIGHTED IN BOLD, WHILE THE SECOND-BEST RESULTS ARE UNDERLINED.

Source Domain SD{·} SD{2,3,4,5} SD{1,3,4,5} SD{1,2,4,5} SD{1,2,3,5} SD{1,2,3,4} Average
Target Domain TDi TD1-SleepEDFx TD2-HMC TD3-ISRUC TD4-SHHS-1 TD5-P2018

Metrics ACC MF1 ACC MF1 ACC MF1 ACC MF1 ACC MF1 ACC MF1

DeepSleepNet [24] 72.28 65.72 64.04 62.84 69.71 67.80 64.73 52.79 66.62 60.51 67.48 61.93
U-Time [22] 72.51 65.84 65.13 63.71 70.58 68.10 64.53 51.68 67.35 61.07 67.82 62.28
AttnSleep [36] 73.76 66.93 64.49 62.19 70.39 68.19 64.07 51.82 66.19 60.78 67.78 61.98
ResnetMHA [31] 73.01 65.89 65.18 63.02 70.11 67.54 65.16 53.99 67.89 61.87 68.27 62.46
TinySleepNet [25] 73.34 66.10 65.87 64.01 69.18 66.99 65.76 54.56 68.29 61.36 68.49 62.60
EnhancingCE [26] 73.51 66.69 65.98 64.37 70.56 69.12 65.88 54.39 67.84 61.19 68.75 63.14
SalientSleepNet [23] 73.92 67.59 65.44 63.22 69.93 68.16 66.36 55.49 68.89 63.13 68.91 63.52
SleepDG [10] 77.44 71.29 73.85 71.16 78.69 74.44 70.45 60.89 74.74 70.43 75.03 69.64

SleepDIFFormer (Ours) 78.19 72.44 75.82 73.39 76.46 73.22 76.39 68.33 74.72 71.78 76.32 71.83

Fig. 2. Layer-wise differential attention weights for EEG and EOG across sleep stages, overlaid on z-score–normalized EEG and EOG waveforms to illustrate
stage-specific attention patterns.

TABLE III
ABLATION STUDY OF SLEEPDIFFORMER BASED ON THE AVERAGE

PERFORMANCE ACROSS DIFFERENT TARGET DOMAINS.

DA SE CA FA ID ACC MF1
✗ ✓ ✓ ✓ ✓ 75.61 71.30
✓ ✗ ✓ ✓ ✓ 73.52 68.58
✓ ✓ ✗ ✓ ✓ 76.10 71.62
✓ ✓ ✓ ✗ ✓ 75.44 71.08
✓ ✓ ✓ ✓ ✗ 74.91 70.35

✓ ✓ ✓ ✓ ✓ 76.32 71.83

As shown in Table III, SleepDIFFormer outperformed the
variant without the DSA and DCA by 0.71% in average accu-
racy (ACC) and 0.53% in average macro-F1 (MF1), indicating
that the our method effectively suppressed non-stationary noise
and enhanced salient features to a certain extent. Removing the
signal embedding module led to a performance drop of 2.80%
in ACC and 3.25% in MF1, demonstrating the necessity of a
lightweight module for tokenization of raw signal effectively.
Removing inter-channel attention slightly reduced the perfor-
mance, with decreases of 0.22% in ACC and 0.21% in MF1,
suggesting that information exchange between modalities via

global tokens was beneficial for improving sleep staging.
Moreover, SleepDIFFormer achieved a 0.88% and 0.75%
improvement in ACC and MF1, respectively, through feature
alignment, indicating its ability to learn domain-invariant rep-
resentations. By contrast, applying differential attention in the
for inter-epoch dependencies degraded performance by 1.41%
(ACC) and 1.48% (MF1), implying that differential attention
could suppress useful temporal context across epochs.

V. DISCUSSION

In Section IV-B, SleepDIFFormer demonstrated superior
performance over existing methods, highlighting its enhanced
capability to capture underlying EEG–EOG representations
that generalized effectively to unseen datasets. The ablation
study further validated the contribution of each proposed
component, which collectively enabled our method to achieve
consistently better overall performance compared to prior
approaches.

To further analyze our method, we visualized the differential
attention weights on EEG and EOG signals across layers in
Fig. 2. Overall, attention weights tended to be more uniformly
distributed in the shallow layers of SleepDIFFormer, while
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the deeper layers revealed increasingly contrastive and se-
mantically meaningful attention patterns. In the Wake stage,
beta waves were observed at several timestamps and were
emphasized by the attention weights. From the N1 stage,
the EOG showed slow eye movements (SEM), which were
emphasized by the attention weights at 1st second. For the
N2 stage, sleep spindles appearing around the 6th second
were not fully suppressed by SleepDIFFormer, whereas the
K-complexes observed at the 7th second were highlighted.
In the N3 stage, prominent delta waves, characterized by a
larger amplitude and slow oscillations, occurring at the 12th
to 13th second were detected and emphasized. Notably, Sleep-
DIFFormer consistently amplified delta-wave activity across
nearly all layers, from the shallow to the deep levels. During
REM, the EOG segment at the 15th second showed blink
features, amplified by SleepDIFFormer in the yellow region
of the last layer, and the sawtooth waves (STWs) appeared in
the EEG, signifying the characteristics of REM waves. These
observations demonstrated the capability of SleepDIFFormer
to emphasize relevant characteristics by assigning higher at-
tention weights, while progressively suppressing irrelevant
context across layers.

Hence, the results and analyses provided evidence
that SleepDIFFormer learned meaningful and interpretable
EEG–EOG representations that underlay its superior gener-
alization to unseen datasets, a capability crucial for clini-
cal application. Interpretability was particularly important, as
it provided insights into the physiological relevance of the
learned representations and allowed us to examine whether
the model’s decisions aligned with established sleep science.
Such interpretability could increase the clinical trustworthiness
of SleepDIFFormer, enabling clinicians to understand not
only the classification outcome but also the neural patterns
driving the prediction. By enabling robust and automated sleep
stage classification, our approach had the potential to reduce
reliance on labor-intensive manual scoring of PSG, improve
diagnostic efficiency, and facilitate large-scale screening of
sleep disorders. This work therefore represented a critical
step toward clinically relevant AI systems for sleep quality
assessment, diagnosis, and treatment planning.

VI. CONCLUSION AND FUTURE WORK

In this paper, we propose SleepDIFFormer, a framework
for sleep stage classification that learned multi-channel raw
EEG and EOG representations while reducing attention noise
caused by the non-stationarity of these signals through the use
of MDTA. Moreover, we incorporated domain generalization
by employing cross-domain feature alignment to minimize
domain shifts and extract domain-invariant features for infer-
ence on unseen datasets. The proposed model outperformed
current state-of-the-art methods on almost all public sleep
staging datasets studied. Furthermore, we provided layer-wise
attention visualizations for EEG and EOG inputs, enhancing
model interpretability. These findings have implications for ad-
vancing automated sleep stage classification and its application
to quantifying sleep architecture and detecting abnormalities
that impact restorative rest.

While this work focused only on the problem of cross-
domain generalization with EEG and EOG signals, future
work could investigate the benefits of incorporating additional
modalities and leveraging the multi-modal nature of biosig-
nals. For example, incorporating EMG could further increase
the expressiveness of the model. Another promising direction
is to explore feature disentanglement techniques to separate
domain-invariant from domain-specific features, ensuring that
alignment is applied only to invariant representations. More-
over, extending our method to train on a broader range of EEG
datasets could enhance robustness and lay the groundwork for
developing an EEG foundation model capable of generalizing
across multiple tasks.

ACKNOWLEDGMENT

The work was supported by the Ministry of Higher
Education Malaysia through the Fundamental Research
Grant Scheme (FRGS/1/2023/ICT02/XMU/02/1), Xiamen
University Malaysia Research Fund (XMUMRF/2022-
C10/IECE/0039, XMUMRF/2024-C13/IECE/0049), Universiti
Malaya Impact Oriented Interdisciplinary Research Grant
(IIRG004C-2022SAH), and Geran Penyelidikan Fakulti
(GPF017A-2023).

REFERENCES

[1] A. N. Goldstein and M. P. Walker, “The role of sleep in emotional
brain function,” Annual review of clinical psychology, vol. 10, no. 1, pp.
679–708, 2014.

[2] Y. T. Yew, J. H. Puah, C. K. Chan, N. M. Zain, C. K. Toa, and S. K.
Goh, “Eeg sleep stages classification using transformer-based models:
A review,” in 2024 International Conference on Computing Innovation,
Intelligence, Technologies and Education (CIITE). IEEE, 2024, pp.
1–6.

[3] E. Ahn, Y. Baek, J.-E. Park, S. Lee, and H.-J. Jin, “Elevated preva-
lence and treatment of sleep disorders from 2011 to 2020: a nation-
wide population-based retrospective cohort study in korea,” BMJ open,
vol. 14, no. 2, p. e075809, 2024.

[4] K. A. I. Aboalayon, M. Faezipour, W. S. Almuhammadi, and S. Mosleh-
pour, “Sleep stage classification using eeg signal analysis: a comprehen-
sive survey and new investigation,” Entropy, vol. 18, no. 9, p. 272, 2016.

[5] S. A. Keenan, “An overview of polysomnography,” Handbook of clinical
neurophysiology, vol. 6, pp. 33–50, 2005.

[6] A. Rechtschaffen, A manual of standardized terminology, techniques
and scoring system for sleep stages of human subjects, 1968. [Online].
Available: https://ci.nii.ac.jp/naid/10023901533

[7] P. Jadhav and S. Mukhopadhyay, “Automated sleep stage scoring using
time-frequency spectra convolution neural network,” IEEE Transactions
on Instrumentation and Measurement, vol. 71, pp. 1–9, 2022.

[8] X. Jiang, G.-B. Bian, and Z. Tian, “Removal of artifacts from eeg
signals: a review,” Sensors, vol. 19, no. 5, p. 987, 2019.

[9] S. K. Goh, H. A. Abbass, K. C. Tan, A. Al-Mamun, C. Wang, and
C. Guan, “Automatic eeg artifact removal techniques by detecting
influential independent components,” IEEE transactions on emerging
topics in computational intelligence, vol. 1, no. 4, pp. 270–279, 2017.

[10] J. Wang, S. Zhao, H. Jiang, S. Li, T. Li, and G. Pan, “Generalizable
sleep staging via multi-level domain alignment,” in Proceedings of the
AAAI Conference on Artificial Intelligence, vol. 38, no. 1, 2024, pp.
265–273.

[11] J. Achiam, S. Adler, S. Agarwal, L. Ahmad, I. Akkaya, F. L. Aleman,
D. Almeida, J. Altenschmidt, S. Altman, S. Anadkat et al., “Gpt-4
technical report,” arXiv preprint arXiv:2303.08774, 2023.

[12] A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X. Zhai,
T. Unterthiner, M. Dehghani, M. Minderer, G. Heigold, S. Gelly et al.,
“An image is worth 16x16 words: Transformers for image recognition
at scale,” arXiv preprint arXiv:2010.11929, 2020.

[13] Y. Nie, N. H. Nguyen, P. Sinthong, and J. Kalagnanam, “A time series
is worth 64 words: Long-term forecasting with transformers,” arXiv
preprint arXiv:2211.14730, 2022.



JOURNAL OF LATEX CLASS FILES, VOL. X, NO. X, SEPTEMBER 2025 8

[14] Y. Wang, H. Wu, J. Dong, G. Qin, H. Zhang, Y. Liu, Y. Qiu, J. Wang,
and M. Long, “Timexer: Empowering transformers for time series
forecasting with exogenous variables,” arXiv preprint arXiv:2402.19072,
2024.

[15] Y. Liu, G. Qin, Z. Shi, Z. Chen, C. Yang, X. Huang, J. Wang, and
M. Long, “Sundial: A family of highly capable time series foundation
models,” arXiv preprint arXiv:2502.00816, 2025.

[16] W.-B. Jiang, L.-M. Zhao, and B.-L. Lu, “Large brain model for learning
generic representations with tremendous EEG data in BCI,” in The
Twelfth International Conference on Learning Representations, 2024.
[Online]. Available: https://openreview.net/forum?id=QzTpTRVtrP

[17] J. Wang, S. Zhao, Z. Luo, Y. Zhou, H. Jiang, S. Li, T. Li,
and G. Pan, “CBramod: A criss-cross brain foundation model
for EEG decoding,” in The Thirteenth International Conference
on Learning Representations, 2025. [Online]. Available: https:
//openreview.net/forum?id=NPNUHgHF2w

[18] W.-B. Jiang, Y. Wang, B.-L. Lu, and D. Li, “NeuroLM: A universal
multi-task foundation model for bridging the gap between language
and EEG signals,” in The Thirteenth International Conference
on Learning Representations, 2025. [Online]. Available: https:
//openreview.net/forum?id=Io9yFt7XH7

[19] E. Alickovic and A. Subasi, “Ensemble svm method for automatic
sleep stage classification,” IEEE Transactions on Instrumentation and
Measurement, vol. 67, no. 6, pp. 1258–1265, 2018.

[20] R. Jain and R. A. Ganesan, “An efficient sleep scoring method
using visibility graph and temporal features of single-channel eeg,”
2021 43rd Annual International Conference of the IEEE Engineering
in Medicine & Biology Society (EMBC), 2021. [Online]. Available:
https://doi.org/10.1109/embc46164.2021.9630863

[21] S. K. Goh, H. A. Abbass, K. C. Tan, A. Al-Mamun, N. Thakor,
A. Bezerianos, and J. Li, “Spatio–spectral representation learning for
electroencephalographic gait-pattern classification,” IEEE Transactions
on Neural Systems and Rehabilitation Engineering, vol. 26, no. 9, pp.
1858–1867, 2018.

[22] M. Perslev, M. Jensen, S. Darkner, P. J. Jennum, and C. Igel, “U-time: A
fully convolutional network for time series segmentation applied to sleep
staging,” Advances in neural information processing systems, vol. 32,
2019.

[23] Z. Jia, Y. Lin, J. Wang, X. Wang, P. Xie, and Y. Zhang, “Salientsleepnet:
Multimodal salient wave detection network for sleep staging,” arXiv
preprint arXiv:2105.13864, 2021.

[24] A. Supratak, H. Dong, C. Wu, and Y. Guo, “Deepsleepnet: a model for
automatic sleep stage scoring based on raw single-channel eeg,” IEEE
Transactions on Neural Systems and Rehabilitation Engineering, vol. 25,
no. 11, p. 1998–2008, Jun. 2017.

[25] A. Supratak and Y. Guo, “Tinysleepnet: An efficient deep learning model
for sleep stage scoring based on raw single-channel eeg,” in 2020 42nd
Annual International Conference of the IEEE Engineering in Medicine
& Biology Society (EMBC), 2020, pp. 641–644.

[26] J. Phyo, W. Ko, E. Jeon, and H.-I. Suk, “Enhancing contextual encoding
with stage-confusion and stage-transition estimation for eeg-based sleep
staging,” in ICASSP 2022 - 2022 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), 2022, pp. 1301–
1305.

[27] Z. Jia, Y. Lin, J. Wang, R. Zhou, X. Ning, Y. He, and Y. Zhao,
“Graphsleepnet: Adaptive spatial-temporal graph convolutional networks
for sleep stage classification.” in Ijcai, vol. 2021, 2020, pp. 1324–1330.

[28] X. Chen, Y. Zhao, S. Shen, and X. Chen, “Mmsleepgnet: Mixed multi-
branch sequential fusion model based on graph convolutional network
for automatic sleep staging,” IEEE Transactions on Instrumentation and
Measurement, vol. 73, pp. 1–10, 2024.

[29] Z. Jia, Y. Lin, Y. Zhou, X. Cai, P. Zheng, Q. Li, and J. Wang,
“Exploiting interactivity and heterogeneity for sleep stage classification
via heterogeneous graph neural network,” in ICASSP 2023 - 2023 IEEE
International Conference on Acoustics, Speech and Signal Processing
(ICASSP), 2023, pp. 1–5.

[30] X. Chen, Y. Zhang, Q. Chen, L. Zhou, H. Chen, H. Wu, Y. Xu,
K. Chen, B. Yin, W. Chen, and C. Chen, “Astgsleep: Attention-based
spatial–temporal graph network for sleep staging,” IEEE Transactions
on Instrumentation and Measurement, vol. 74, pp. 1–14, 2025.

[31] W. Qu, Z. Wang, H. Hong, Z. Chi, D. D. Feng, R. Grunstein, and
C. Gordon, “A residual based attention model for eeg based sleep
staging,” IEEE journal of biomedical and health informatics, vol. 24,
no. 10, pp. 2833–2843, 2020.

[32] E. Eldele, M. Ragab, Z. Chen, M. Wu, C.-K. Kwoh, X. Li, and
C. Guan, “Adast: Attentive cross-domain eeg-based sleep staging

framework with iterative self-training,” 2022. [Online]. Available:
https://arxiv.org/abs/2107.04470

[33] Y. Zhou, S. Zhao, J. Wang, H. Jiang, S. Li, B. Luo, T. Li, and
G. Pan, “Personalized sleep staging leveraging source-free unsupervised
domain adaptation,” in Proceedings of the AAAI Conference on Artificial
Intelligence, vol. 39, no. 13, 2025, pp. 14 529–14 537.

[34] S. Zheng and D. Wu, “Semi-supervised domain adaptation for eeg-based
sleep stage classification,” in ICASSP 2024 - 2024 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), 2024,
pp. 1776–1780.
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