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Abstract—Cross-subject EEG-based emotion recognition re-
mains a long-standing and challenging task due to the signif-
icant domain shifts in EEG signals across individuals, which
severely hinders model generalization. To address this issue, we
propose ID3A, a novel identity-disentangled multi-source domain
adaptation framework. First, the ID3A model performs explicit
disentanglement of identity-dependent and identity-independent
features via an identity disentanglement (ID) module. Then,
a subject domain adaptation (SDA) module maps identity-
dependent features to subject-specific representations and aligns
them across domains. Meanwhile, an emotion domain adaptation
(EDA) module projects identity-independent features into the
emotion space and performs cross-domain alignment of emotion-
related features. Finally, the fused emotion features and subject-
level features are combined to perform the final emotion recogni-
tion task. ID3A achieves 73.73% / 71.81% accuracy/F1 on SEED
IV and 39.93% / 39.24% on FACED, outperforming state-of-the-
art methods by 0.59% / 4.40% and 1.08% / 0.89%, respectively,
and demonstrating strong generalization and efficiency under
complex cross-subject scenarios.

Index Terms—Electroencephalogram(EEG), emotion recogni-
tion, cross-subject, domain adaptation

I. INTRODUCTION

In emotion recognition research, signals are typically cat-
egorized into non-physiological signals, such as facial ex-
pressions, body gestures, and speech, and physiological sig-
nals, including electroencephalogram (EEG), electrocardio-
gram (ECG), electromyography (EMG), and heart rate. While
approaches based on facial expressions, speech, and text pro-
vide intuitive cues for emotion recognition, they rely primarily
on external manifestations and fail to capture individuals’

This study was supported by the National Key R&D Program of China un-
der Grant 2020YFC0833102, the Central Government Guides Local Funds for
Science and Technology Development (No. 236Z0307G) and the Fundamental
Research Funds for the Central Universities (No.3142021002, 3142023021).
(*Corresponding author)

internal, genuine emotional states. In contrast, EEG signals,
governed by the autonomic nervous system and largely beyond
voluntary control, offer a more objective and reliable modality
for emotion recognition [1]–[3].

EEG-based emotion recognition has become a significant
focus in brain-computer interface (BCI) research [4], [5].
However, a persistent challenge remains: models trained on
EEG data from a subset of users often experience substantial
performance degradation when applied to unseen subjects [6]–
[8]. This performance drop is primarily due to significant inter-
subject variability in EEG responses to the same emotional
stimuli, resulting in domain shifts across individuals [9]–
[11]. To address this issue, researchers have turned to transfer
learning techniques, particularly domain adaptation methods,
to improve the cross-subject generalizability of EEG-based
emotion recognition models.

Domain Adaptation (DA) has been widely used to allevi-
ate domain shift by aligning source and target distributions
[12], [13]. Methods such as DANN adopt adversarial training
to learn domain-invariant features. At the same time, Deep
CORAL aligns second-order statistics between domains. Other
approaches like ADA, JDA, and DDA further explore feature
association, joint distribution alignment, and local-global dis-
crepancy minimization to enhance cross-domain generalization
[14]–[17].

Previous studies typically treated all known subjects as a
single source domain. In contrast, the unseen subject was
regarded as the target domain. Domain adaptation techniques
have been applied in this setting, and specific performance
improvements have been achieved. Unlike this unified-source
approach, multi-source domain adaptation (MSDA) methods
treat each subject as an independent source domain. By
explicitly modeling the distributional discrepancies among



multiple source domains, MSDA methods further enhance
cross-subject emotion recognition performance [18]. Repre-
sentative approaches achieve this by employing multiple en-
coders/decoders [19] or self-supervised strategies [20] to learn
domain-invariant and domain-specific representations, or by
dynamically reducing the discrepancy between the source and
target domains through global and subdomain-level alignment
[17].

Compared to earlier EEG emotion datasets with only a
limited number of subjects [1], recent large-scale fine-grained
EEG datasets (e.g., those with up to 123 subjects) offer greater
diversity [4]. However, it is difficult to fully cover the entire
spectrum of human emotional states, even on such a large
scale. As the number of source domains increases (e.g., to
123), applying existing MSDA methods substantially increases
both time and space complexity, making scalability a critical
concern.

This paper proposes a subject-disentangled multi-source
domain adaptation framework to enhance the effectiveness of
multi-source domain adaptation without incurring significant
increases in model complexity. Experimental results on the
SEED IV [1] and FACED [4] datasets demonstrate that the
proposed method outperforms current state-of-the-art domain
adaptation approaches. The main contributions of this work
are summarized as follows:
• The proposed framework decomposes the overall multi-

source domain adaptation problem into two sub-
problems: subject domain adaptation for identity features
and emotion domain adaptation for emotion features, via
an identity-disentanglement module.

• These sub-problems are addressed by designing a subject
domain adaptation module and an emotion domain adap-
tation module, which jointly optimize the disentangled
adaptation process.

• The proposed method improves cross-subject recognition
accuracy by adapting generic identity features into the
emotion feature space, demonstrating superior general-
ization capability across individuals.

II. RELATED WORK

Domain-Adversarial Neural Network (DANN) introduces
an adversarial training mechanism to encourage the feature
extractor to learn domain-invariant representations [21], [22].
Deep CORAL achieves deep domain adaptation by minimizing
the covariance difference between source and target feature
representations, enabling unsupervised alignment without re-
quiring target domain labels [14]. Associative Domain Adap-
tation (ADA) emphasizes the construction of an association
matrix between source and target samples in the feature space
to promote distribution alignment and intra-class compactness
[15]. To combine the advantages of DANN and ADA, the Joint
Domain Adaptation (JDA) method introduces both shallow
and deep constraints to reduce discrepancies in marginal and
conditional distributions between domains [16]. Going further,
DDA addresses global and local distributional differences by
minimizing global domain discrepancy and subdomain-level

misalignment, effectively tackling the problem of missing
emotion labels in the target domain [17].

Although the above methods have achieved specific perfor-
mance improvements, they overlook inter-subject variability
within the source domain. This limitation becomes more
pronounced when multiple subjects are involved in the source
domain, limiting the effectiveness of these domain adaptation
methods. To address this, the MSMDA method exploits the
complementarity among multiple source domains by jointly
optimizing transfer consistency across source-specific features
[18]. Unlike MSMDA, which implicitly models inter-domain
differences, DMMR explicitly incorporates subject identity
information. By enforcing constraints that encourage the en-
coder to learn subject-invariant features, DMMR enhances
generalization to unseen subjects [19]. While MSMDA and
DMMR emphasize the importance of modeling source domain
diversity in domain adaptation, they require a separate domain
discriminator for each source domain. As the number of
source domains increases, these methods suffer from sig-
nificant growth in computational complexity, which hinders
scalability. To overcome these limitations, we propose a more
scalable and efficient multi-source adaptation framework based
on identity disentanglement.

III. METHODS

To enhance the generalization capability of EEG-based
emotion recognition models in cross-subject scenarios, we pro-
pose an identity-disentangled multi-source domain adaptation
framework, as illustrated in Fig. 1. The model consists of three
main components: the identity disentanglement (ID) Module,
the subject domain adaptation (SDA) Module, and the emotion
domain adaptation (EDA) Module.

First, subjects are exposed to emotional stimuli through
video clips, during which EEG signals are recorded using
acquisition devices. The raw signals are then processed via
filtering and denoising and fed into a handcrafted feature
extractor. The ID module further processes the extracted
features to obtain effective feature representations. In the
second stage, the extracted initial deep learning features are
disentangled and optimized along two dimensions, subject-
invariant representation and emotion-invariant representation,
to improve the robustness and transferability of EEG features.

A. Identity-Disentanglement Module

The identity disentanglement module mainly consists of a
handcrafted feature extractor and a primary encoder.

1) Handcrafted Feature Extractor: The computation pro-
cess of the handcrafted feature extractor is as follows: In the
data preprocessing stage, this paper adopts commonly used
feature extraction methods for the datasets. First, a 0-45 Hz
band-pass filter is applied to the raw EEG signals to remove
noise and facilitate feature extraction. Then, handcrafted fea-
tures are computed for five frequency bands. FACED [4] and
SEED IV [1] datasets primarily use differential entropy (DE)
[23] features. Shannon information entropy formula as entered:
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Fig. 1. Multi-Source Domain Adaptation Framework with Identity Disentanglement for Cross-Subject Emotion Recognition
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∑
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p(x) log(p(x)). (1)

Differential entropy (DE) [23] is a generalized form of
Shannon’s information entropy for continuous variables:
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The resulting feature representation is denoted as x ∈
RC×F , where C represents the number of EEG channels (30
or 62), and F denotes the dimensionality of the handcrafted
features, which is set to 5 by default.

2) Primary Encoder: We design a feature encoder us-
ing a multilayer perceptron (MLP) to extract discriminative
high-level representations from the raw input. The encoder
consists of three fully connected (linear) layers, with ReLU
activation functions inserted between each layer to enhance

the nonlinearity of the network. Let the input feature vector
be x ∈ R310, which is typically formed by concatenating
features from multiple EEG channels and their corresponding
frequency bands. The forward propagation of the network is
as follows:

h1 = ReLU(W1x+ b1), W1 ∈ R128×310, b1 ∈ R128,

h2 = ReLU(W2h1 + b2), W2 ∈ R64×128, b2 ∈ R64,

h3 = ReLU(W3h2 + b3), W3 ∈ R32×64, b3 ∈ R32.
(4)

The final representation h3 ∈ R32 is used as the encoded
embedding of the original EEG input. The use of ReLU
activation in all hidden layers enhances the non-linearity of the
encoder and helps mitigate the vanishing gradient problem.

This hierarchical transformation reduces the input dimen-
sionality from 310 to 32 while preserving critical information
relevant to emotion-related neural activity. The resulting latent
vector h3 serves as the input to downstream modules such
as classifiers, domain discriminators, or projection heads,
depending on the task.

Let the output of the primary EEG feature encoder be h3,
where h3 = zid + znid. We then extract two types of rep-
resentations using two separate encoders: The subject-related
representation: zsub = Esub(zid), and The subject-independent,
emotion-related representation: zemo = Eemo(znid).

B. Subject Domain Adaptation (SDA)

The SDA module is designed to extract subject-related
information from the input features while making the identity



features from the source and target domains indistinguishable
through an adversarial process. This module comprises a
subject encoder, a subject decoder, and a discriminator.

The Subject Encoder Esub is responsible for extracting
subject-specific latent features zsub = Esub(zid), where zid ∈
Rd is the input EEG feature vector. To ensure that zsub
effectively captures individual identity information, a Subject
Decoder Dsub is employed to perform subject classification.

Specifically, the decoder predicts the subject label ŷsub =
Dsub(zsub), and the network is optimized using the subject
classification loss defined as the standard cross-entropy loss:

Lce-sub = CE(ŷsub, ysub), (5)

where ysub denotes the ground-truth subject identity. This
loss encourages the subject encoder to preserve identity-
discriminative information in the latent space, which can later
be disentangled from emotion-related features.

The Subject Discriminator Ddom-s attempts to predict the
subject identity domain yds from zsub, and influences the
Subject Encoder Esub via a gradient reversal layer (GRL),
forcing it to learn features that are uninformative for subject
classification.

Ladv-s = CE(Ddom-s(zsub), yds). (6)

C. Emotion Domain Adaptation (EDA)

The EDA module extracts emotion-related but domain-
invariant features from the input. Like the SDA module, the
EDA module consists of an emotion encoder, an emotion
decoder, and a domain discriminator. The Emotion Encoder
Eemo extracts emotion-related features zemo.

The final feature used for emotion recognition is given by:
z′emo = zemo⊕α · zsub, where α is a weighting coefficient for
the subject-related representation, and ⊕ denotes element-wise
combination.

In contrast, the Emotion Decoder Demo imposes constraints
on z′emo through a cross-entropy loss for emotion classifica-
tion:

Lce-emo = CE(Demo(z
′
emo), ye). (7)

Domain Discriminator Ddom-e: attempts to distinguish the
domain or subject domain (e.g., source vs. target) of the
emotion-related representation zemo, and is trained in an adver-
sarial manner. Again, a GRL is placed before Ddom-e to enforce
feature invariance, the domain adversarial loss is defined as:

Ladv-e = CE(Ddom-e(zemo), yde). (8)

D. Final Objective and Joint Training

The full training objective integrates both reconstruction and
adversarial losses:

Ltotal = Lce-sub + Lce-emo + λ1Ladv-s + λ2Ladv-e, (9)

where λ1 and λ2 are hyperparameters balancing reconstruction
and adversarial terms.

IV. DATASETS AND EVALUATION METRICS

A. Datasets

We conduct experiments on the SEED IV [1] dataset, which
contains EEG recordings from 15 subjects using 62-channel
electrodes. The EEG signals were recorded at a sampling rate
of 200 Hz. Each subject participated in three independent
sessions, and during each session, they were presented with
24 emotion-eliciting video clips. The target emotional states
include neutral, sad, fear, and happy, resulting in four distinct
emotion categories.

FACED [4] contains EEG signals recorded from 123 sub-
jects with 30 EEG channels at a sampling rate of 128 Hz.
During the experiment, the subjects watched 28 emotion-
eliciting video clips covering nine emotion categories: anger,
disgust, fear, sadness, neutral, amusement, inspiration, joy, and
tenderness.

B. Evaluation Protocols and Metrics

Evaluation Protocols: We employ the leave-one-subject-out
(LOSO) cross-validation strategy for the SEED IV dataset [1],
where each subject is used once as the test set. In contrast,
the remaining subjects are used for training. This process is
repeated for all subjects. The results of this experiment are
shown in Table I.

Unlike the above, FACED [4], the EEG data of the subjects
were divided into 10 folds (12 in the first nine folds and 15 in
the 10-th fold). Nine folds are used as the training set, and the
remaining fold are used as the test set. The results are shown
in Table II.

The evaluation metrics include Accuracy, Cohen’s Kappa,
and F1 score, both reported as the mean and standard deviation
over multiple runs.

C. Comparison Methods

We compare our approach with several representative do-
main adaptation methods, including DDC [12], DANN [21],
CORAL [14], ADA [15], JDA [16], MSMDA [18], DDA
[17], and DMMR [19]. For fair comparison, the same network
architecture as the primary encoder in our method is used as
the feature extractor in DDC, DANN, CORAL, ADA, and
JDA. All models are retrained on each dataset separately.

D. Implementation Details

All experiments were conducted on a workstation running
Ubuntu 20.04, equipped with an Intel Core i7-7700K CPU,
16 GB of RAM, and an NVIDIA RTX 3090 Ti GPU with
24 GB of memory. The CUDA and cuDNN versions used
were 11.6 and 8.0.5, respectively. The model was implemented
using PyTorch 2.3.1 in a Python 3.8.0 environment. To ensure
training stability, all experiments were conducted with fixed
random seeds and repeated multiple times, reporting the aver-
aged results. The training employed the Adam optimizer with
a learning rate of 1×10−3, a weight decay of 5×10−4, batch
sizes ranging from 128 to 512, and total epochs between 100
and 200.



V. EXPERIMENTS

To evaluate the effectiveness and robustness of our proposed
model, we conduct extensive experiments on two benchmark
EEG emotion datasets: SEED IV and FACED. The experi-
mental section is structured into two major parts:

Comparison with state-of-the-art methods: We bench-
mark our approach against various classical and recent domain
adaptation models under the cross-subject setting.

Ablation Study: To comprehensively assess the effective-
ness of our proposed method, we design four groups of abla-
tion studies covering module contribution, feature distribution,
model complexity, and fusion weight sensitivity.

A. Comparison with state-of-the-art methods

1) Benchmarking Against State-of-the-Art on SEED IV: To
assess the generalization performance of the proposed method
under subject-independent conditions, we conduct experiments
following the LOSO protocol on the SEED IV dataset. The
results are summarized in Table I.

TABLE I
PERFORMANCE COMPARISON UNDER LOSO SETTING ON SEED IV

DATASET (MEAN ± STD, %). RESULTS MARKED WITH * ARE CITED FROM
ORIGINAL PAPERS. BOLD INDICATES BEST, UNDERLINE INDICATES

SECOND BEST.

Method Accuracy F1 score Cohen’s Kappa

DDC [12] 66.89±9.51 65.64±10.11 55.19±12.80
DANN [21] 66.90±11.08 64.17±13.25 55.32±14.77
CORAL [14] 67.97±11.79 66.28±13.11 56.76±15.88
ADA [15] 66.10±9.79 64.49±10.78 54.06±13.34
JDA [16] 65.40±10.25 63.97±11.36 53.04±13.94
MSMDA [18] 59.34±5.48* 59.70±13.74 46.93±18.39
DDA [17] 73.14±9.43* 67.41±12.44 56.94±16.47
DMMR [19] 72.70±8.01* 66.50±14.05 57.94±13.90
ID3A 73.73±11.04 71.81±12.65 64.55±14.63

As shown in Table I, our method achieves the best perfor-
mance across all evaluation metrics. Specifically, we obtain an
accuracy of 73.73%, an F1 score of 71.81%, and a Cohen’s
Kappa of 64.55%, outperforming the strongest baseline, DDA,
in accuracy and robustness. Compared to the current state-
of-the-art domain adaptation method, DDA, our approach
improves accuracy, F1 score, and Cohen’s Kappa by 0.59%,
4.4%, and 7.61%, respectively.

The improvement can be attributed to our dual-branch
adversarial architecture, which explicitly disentangles subject-
specific and emotion-relevant components. In contrast, tra-
ditional methods such as JDA and CORAL rely on global
distribution alignment, which cannot handle individual dif-
ferences. Adversarial methods like DANN and DDC also
struggle due to the absence of explicit feature separation. Our
model demonstrates superior cross-subject generalization in
EEG emotion recognition tasks. It highlights its practical value
in real-world scenarios without subject-specific calibration.

2) Benchmarking Against State-of-the-Art on FACED:
To further evaluate the cross-subject transferability of our
proposed ID3A model in complex real-world scenarios, we

conduct experiments on the FACED dataset following the
official cross-subject training protocol. Table II presents a
performance comparison between our method and various
classic and state-of-the-art domain adaptation models, includ-
ing DDC, DANN, CORAL, JDA, DDA, ADA, MSMDA, and
DMMR. The evaluation metrics include Accuracy, F1 score,
and Cohen’s Kappa.

TABLE II
PERFORMANCE COMPARISON UNDER CROSS SUBJECT SETTING ON

FACED DATASET (MEAN ± STD, %). BOLD INDICATES BEST, UNDERLINE
INDICATES SECOND BEST.

Method Accuracy F1 score Cohen‘s Kappa

DDC [12] 36.54±4.10 36.39±3.98 28.51±4.62
DANN [21] 38.53±3.57 38.03±3.43 30.73±4.00
CORAL [14] 38.06±2.86 37.47±2.74 30.22±3.22
ADA [15] 33.55±3.51 32.92±3.07 25.20±3.96
JDA [16] 33.44±2.60 32.71±2.19 24.96±2.87
MSMDA [18] 37.55±3.28 33.79±3.25 26.48±3.79
DDA [17] 38.23±4.00 37.82±3.95 30.43±4.50
DMMR [19] 38.85±3.22 38.35±2.96 31.13±3.60
ID3A 39.93±2.93 39.24±2.93 32.30±3.33

The Table II shows that our proposed ID3A model consis-
tently performs best on the FACED dataset, outperforming all
existing mainstream methods across all three evaluation met-
rics. Compared to the state-of-the-art baseline model, DMMR,
our approach achieves improvements of 1.08, 0.89, and 1.17
in Accuracy, F1 score, and Cohen’s Kappa, respectively.

Moreover, traditional transfer methods such as JDA and
CORAL exhibit inferior performance on this dataset. In
contrast, ID3A leverages identity disentanglement and emo-
tion domain alignment to filter out subject-specific variations
and structurally transfer emotion-related features, ultimately
achieving more stable and reliable cross-domain recognition.

B. Ablation Study

To further validate the effectiveness of the proposed method,
we conduct four groups of ablation studies:

1) Component-Wise Ablation: To examine the contribu-
tion of each individual component within the framework.

2) Feature Visualization Comparison: To compare with
state-of-the-art domain adaptation methods using feature
distribution visualization, providing intuitive insights
into how our model components shape the learned
representations.

3) Model Complexity Comparison: To evaluate the scal-
ability of our approach against recent multi-source do-
main adaptation methods, especially under scenarios
with increased source domain complexity.

4) Sensitivity Analysis of Fusion Weights: To investigate
the impact of different fusion weight settings on the
emotion recognition task, highlighting that incorporating
identity-related features can further enhance recognition
performance to some extent.



1) Component-Wise Ablation: To investigate the contribu-
tion of each component in our proposed framework, we per-
form ablation studies by systematically removing the Subject
Domain Adaptation (SDA) module and the Emotion Domain
Adaptation (EDA) module, respectively. Table III shows the
performance degradation after removing each module under
the LOSO protocol on the SEED IV dataset.

TABLE III
ABLATION STUDY ON THE SEED IV DATASET (MEAN ± STD, %). BOLD

INDICATES BEST.

Method Accuracy F1 score Cohen‘s Kappa

ID3A 73.73±11.04 71.81±12.65 64.55±14.63
w/o EDA 70.36±10.59 67.79±11.98 59.90±14.08
w/o SDA 72.05±10.86 70.46±12.31 62.12±14.82

The complete ID3A model achieves the best performance
across all three evaluation metrics, with an Accuracy of
73.73±11.04, an F1 score of 71.81±12.65, and Cohen’s Kappa
of 64.55±14.63. When the EDA module is removed, accuracy
drops to 70.36±10.59, while F1 score and Kappa decrease by
4.02 and 4.65 points, respectively. These results highlight the
critical role of EDA in enhancing the domain invariance of
emotion-related features.

By comparison, removing the SDA module leads to a
slightly smaller yet still significant performance degradation,
with Cohen’s Kappa dropping by more than 2 points. This
suggests that SDA plays a beneficial role in mitigating subject
variability and improving cross-subject consistency.

Overall, the experimental results validate the synergistic ef-
fect of the two modules in our proposed identity-disentangled
multi-source domain adaptation framework. Specifically, the
EDA module performs domain alignment to enhance the abil-
ity to generalize emotion-related features. In contrast, the SDA
module improves cross-subject robustness by disentangling
subject-specific information. These two components contribute
to the model’s superior performance in multi-subject EEG-
based emotion recognition tasks.

2) Feature Visualization of Domain Adaptation Variants:
To demonstrate that the proposed multi-domain adaptation
model can effectively extract identity-independent emotional
features, we perform feature visualization using t-SNE [24].
The original 32-dimensional features are first reduced to
two dimensions using PCA. The visualized features include
subject-wise and emotion-wise distributions. In the subject
distribution visualization, different shapes represent different
emotions. In contrast, different colors indicate different sub-
jects, with red denoting the target domain. Different shapes
denote emotions in the emotion distribution visualization, with
blue representing source domain data and red indicating target
domain data.

As shown in Fig. 2, we can find that:
• Subject-wise Feature Distribution Comparison: There

is a large discrepancy in identity information across mul-
tiple source domains in the raw data. The model trained

solely on source domains fails to achieve overlap between
subject-related features of the source and target domains.
After applying the DDA domain adaptation method, the
discrepancy between source and target domains is re-
duced; however, the features become overly concentrated
and lose separability. In contrast, the proposed method
enables the target domain’s subject-related features to be
evenly distributed across different source domains.

• Emotion-wise Feature Distribution Comparison: The
raw emotion features show significant differences be-
tween the source and target domains, and the emotional
categories are not separable. After training on source
domain data, the source emotion features exhibit clear
class boundaries. However, the target domain features
still deviate significantly from the source distribution.
The DDA method somewhat reduces this discrepancy, but
some target features remain misaligned. In comparison,
the proposed ID3A method disperses the target domain
features across the global emotional feature space, achiev-
ing the best alignment between source and target features
with minimal discrepancy.
These results fully validate the efficiency of our method
in terms of architectural design. Unlike DMMR, which
requires separate encoders and decoders for each source
domain, our framework adopts a unified and parameter-
efficient encoder-decoder structure. This significantly re-
duces model complexity and inference overhead and
maintains competitive performance in cross-subject emo-
tion recognition tasks.

3) Model Complexity and Computational Efficiency Anal-
ysis: To further evaluate the computational efficiency of our
proposed method, we compare its model complexity against
DMMR [19] under both SEED IV and FACED datasets. As
shown in Table IV, the comparison includes total parameter
count, floating-point operations (FLOPs), parameter memory
footprint, and estimated total memory cost.

As shown in Table IV, our method demonstrates a sig-
nificant advantage in model efficiency across all evaluation
metrics. For example:

• On the SEED IV dataset, the pretraining stage of
DMMR involves over 1.8 million parameters and con-
sumes approximately 31.82M FLOPs. In contrast, our
method achieves comparable recognition performance
with only 35.9K parameters and 0.03M FLOPs. Notably,
our model’s total memory footprint on SEED IV is just
0.13 MB, representing a 67× reduction compared to
DMMR’s 8.69 MB.

• On the FACED dataset, the model complexity of DMMR
increases significantly. The complete DMMR model (in-
cluding pretraining and fine-tuning stages) contains over
8 million parameters, requires approximately 146.33M
FLOPs, and occupies a total size of 38.33 MB. In
contrast, due to the reduced number of EEG electrodes
in FACED (32 channels versus 62 in SEED IV), the
parameter count of our primary encoder decreases sub-
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TABLE IV
MODEL COMPLEXITY COMPARISON ON SEED IV AND FACED DATASETS.

Dataset Module #Params FLOPs (M) Params Size (MB) Total Size (MB)

SEED IV DMMR (PreTrain) 1823260 31.82 7.29 8.69
(# Domains =15) DMMR (FineTune) 82755 0.56 0.33 0.36

Ours 54391 0.05 0.22 0.22

FACED DMMR (PreTrain) 8014468 146.33 32.06 38.33
(# Domains =123) DMMR (FineTune) 197150 0.97 0.79 0.83

Ours 35895 0.04 0.14 0.15

stantially. Moreover, our domain-adversarial module does
not introduce additional computational overhead. As a
result, our method becomes even more lightweight than
in the SEED IV setting. Specifically, it contains only
35.9K parameters, requires 0.04M FLOPs, and has a
total memory footprint of just 0.15 MB. Overall, this
represents a 223× reduction in parameter count and
a 3658× reduction in computational cost compared to
DMMR, significantly reducing training and deployment
overhead.

4) Sensitivity Analysis of Fusion Weights α: To investigate
the balance between emotion-related and identity-related fea-
tures, we conduct experiments on the SEED IV dataset by
varying the fusion weight α between these features, ranging
from 0.00 to 1.00. This hyperparameter controls the degree to
which identity information complements emotion representa-
tions during training, and it plays a critical role in determining
the model’s generalization ability across individuals in EEG-
based emotion recognition.

As shown in Fig. 3, as the fusion weight α increases from
0 to 1.0, the model exhibits a steady improvement across all
three evaluation metrics: Accuracy, F1 Score, and Cohen’s
Kappa, with the best performance observed around α = 0.07.

Fig. 3. Performance comparison on the SEED IV dataset under different
fusion weight α. A peak is observed around α = 0.07, suggesting a proper
trade-off between emotion-related and identity-related features.

However, further increasing the weight leads to a performance
decline, indicating that excessive identity information may
undermine the model’s generalization ability. These results
suggest that moderate identity-aware supervision can enhance
the model’s discriminative power while effectively preventing
overfitting. Therefore, we set α = 0.07 for all subsequent



experiments. Overall, this experiment provides complemen-
tary evidence, from identity and emotion representation per-
spectives, for the model’s strong cross-subject generalization
capability, surpassing that of mainstream domain adaptation
methods.

VI. CONCLUSIONS

This paper proposes a multi-source domain adaptation
framework for cross-subject EEG-based emotion recognition,
which explicitly disentangles identity-related and emotion-
related features. By introducing the subject domain adap-
tation (SDA) and emotion domain adaptation (EDA) mod-
ules, the proposed method effectively enhances generaliza-
tion under subject variability while preserving strong dis-
criminative power. Extensive experiments on two benchmark
datasets, SEED IV and FACED, demonstrate that our approach
outperforms state-of-the-art domain adaptation baselines and
achieves superior efficiency in model complexity and com-
putation. Ablation studies and feature visualizations further
confirm the critical roles of each module. Overall, the proposed
method provides a novel and efficient solution for cross-
subject emotion recognition, especially suitable for resource-
constrained or subject-diverse brain–computer interface (BCI)
scenarios.

In future work, we plan to explore few-shot and contin-
ual learning strategies for more adaptive EEG representation
learning.
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