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Abstract—Electroencephalogram (EEG)-based emotion recog-
nition holds significant potential in healthcare, traffic safety,
and entertainment. However, cross-subject emotion recognition
remains challenging due to individual differences and the
difficulty in extracting domain-invariant features. To address
these issues, this paper proposes a novel Prototype Regular-
ization Domain Adaptation (PR-DA) framework. Experimental
results on three benchmark datasets (SEED, SEED-IV, and
SEED-VII) demonstrate that the proposed PR-DA framework
achieves superior performance compared to state-of-the-art
methods, with accuracies of 96.30%±2.87%, 86.56%±4.67%, and
50.43%±6.71%, respectively. The proposed PR-DA framework of-
fers a promising approach for cross-subject EEG-based emotion
recognition. The source code is available at the following link:
https://github.com/seizeall/PR-DA.

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

I. INTRODUCTION

Emotion recognition has garnered significant interest due to
its wide-ranging applications in healthcare, traffic safety, and
entertainment [1]. However, non-physiological signals are less
reliable, as they are susceptible to subjective manipulation. In
contrast, electroencephalography (EEG) offers a more robust
approach by directly measuring complex neural activity and
brain connectivity patterns associated with emotional states.

Despite its potential, EEG-based emotion recognition faces
a critical challenge in cross-subject scenarios due to individual
differences and the difficulty in extracting domain-invariant
features. Recent studies indicate that cross-subject EEG-based
emotion recognition consistently underperforms compared to
within-subject methods. For instance, Zhu et al. [2] utilized a
linear support vector machine (SVM) for emotion recognition
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on the SEED dataset [3], achieving an average accuracy of
64.82% for cross-subject recognition, significantly lower than
the 90.97% for within-subject recognition. Similarly, Nath et
al. [4] employed long short-term memory networks and linear
SVM on the SEED dataset, reporting an average accuracy
of 71.22% for cross-subject models, compared to 93.91% for
within-subject models. Thus, improving the accuracy of cross-
subject emotion recognition remains a critical challenge in this
field, essential for advancing brain-computer interface appli-
cations. The challenges in cross-subject emotion recognition
can be summarized as follows:

1) Extraction of Domain-Invariant Features: The ex-
traction of domain-invariant features with salient emotional
information remains a primary challenge. Graph structures
can naturally represent the connectivity relationships between
brain regions and have demonstrated high efficiency in ana-
lyzing neural mechanisms related to emotions. Consequently,
graph convolutional networks (GCN) have become an effective
technique for processing EEG signals [5]. Numerous studies
have recently focused on exploring the potential of GCN in
extracting domain-invariant features. For example, Song et
al. [6] proposed DGCNN, which dynamically constructs an
adjacency matrix during training to effectively capture both
spatial and functional connectivity among EEG channels. Jin
et al. [7] developed PGCN, which aggregates features across
the entire graph to learn relationships between EEG electrodes,
thereby enhancing the representation of EEG signals for emo-
tion recognition. However, traditional GCN models primarily
focus on modeling spatial graph representations, which fail to
fully capture the complexity and domain-invariant features of
brain structure during dynamic mood changes.

2) Alignment of Joint Probability Distributions: Dynam-
ically aligning the joint probability distributions of different



individuals remains a major obstacle. EEG signals exhibit
significant inter-individual variability, making it challenging
to align joint probability distributions in the same feature
space [8]. Recent research has increasingly focused on domain
adaptation (DA) frameworks to mitigate individual differences.
For instance, Zhou et al. [9] proposed PR-PL, which combines
prototypical representation and pairwise learning. This method
creates prototypes for each emotion and uses pairwise loss to
enhance intra-class compactness and inter-class separability.
Guo et al. [10] presented MSDA-SFE, which employs a shared
feature extractor across multiple source domains to learn
domain-invariant features and adapts them to the target domain
via domain-specific classifiers. Despite these achievements,
current domain adaptation frameworks typically focus on
capturing domain differences to update models. This approach
emphasizes marginal probability distributions while neglecting
conditional probability distributions during data alignment.

To address these challenges, we propose PR-DA, a proto-
type regularization domain adaptation framework for cross-
subjec EEG-based emotion recognition. The key contributions
of this work are threefold:

• We propose a Connection Uncertainty Spatial-Temporal
Graph (CUSTG) module as a shared feature extractor for
the DA architecture, which dynamically constructs adap-
tive graph representations and extracts domain-invariant
neural signatures using spatio-temporal features.

• We introduce a prototype regularization strategy that
enhances domain adaptation. This method combines a
prototype contrastive loss to align features with class
prototypes, improving intra-class compactness and inter-
class separability.

• We perform extensive cross-subject experiments on three
benchmark emotion datasets: SEED, SEED-IV, and
SEED-VII. Results show our PR-DA framework outper-
forms state-of-the-art methods.

II. METHOD

We assume that the EEG samples in the source and target
domains are denoted as Ds = {Xs, Ys} and Dt = {Xt, Yt},
respectively. Here, {Xs, Ys} = {(xs

i , y
s
i )}

Ns
i=1 and {Xt, Yt} =

{(xt
i, y

t
i)}

Nt
i=1, where xs

i and xt
i are the EEG samples, and ysi

and yti are the corresponding emotion labels. Note that yti is
not available during the model training process. The complete
architecture of our proposed model is shown in Fig. 1. To
further elucidate the model’s structure, we present the detailed
structure of the CUSTG Module in Fig. 2.

A. Connection Uncertainty Spatial-Temporal Graph

The primary objective of CUSTG is to explicitly model the
uncertainty of neural connections by leveraging shared tempo-
ral features and multi-scale spatial features, thereby extracting
more robust and domain-invariant spatio-temporal transition
features for subsequent prototype regularization tasks.

1) Temporal Dependency Modeling: To capture the time-
varying relationships between EEG channels, we first model
the long-range temporal dependencies within each channel’s
signal. Given an input EEG feature tensor X ∈ RB×Nc×Din ,
where B is the batch size, Nc is the number of channels, and
Din is the input feature dimension, we first process it with a
Bidirectional Gated Recurrent Unit (BiGRU) to obtain deep
temporal representations:

Htemp = BiGRU(X), (1)

where Htemp represents the concatenated hidden states from
both forward and backward directions. Crucially, Htemp is
shared across all scales of spatial feature extraction to provide
a consistent temporal context.

To dynamically estimate the connection probabilities, we
employ a temporal edge predictor. This module, composed
of a two-layer MLP with a ReLU activation, takes pairs
of temporal node features from Htemp to quantify their
connection potential. For any two node features (hi,hj), it
computes a logit vector lij ∈ R2:

lij = W2 · ReLU(W1 · [hi||hj ] + b1) + b2, (2)

where [hi||hj ] is the concatenation of the feature vectors.
Here, W1 and W2 are the learnable weight matrices.

To generate a probabilistic adjacency mask while allowing
for discrete edge selection during inference, we employ the
Gumbel-Softmax trick on the computed logits. This produces
a temporal mask matrix Pt ∈ [0, 1]B×Nc×Nc :

Pt[i, j] =
exp((lij [1] + gij,1)/τ)∑1

k=0 exp((lij [k] + gij,k)/τ)
, (3)

where lij [1] is the logit for an edge existing between nodes
i and j. The terms gij,k ∼ Gumbel(0, 1) are independent
and identically distributed samples from a Gumbel distribu-
tion, which introduce stochasticity during training to explore
different graph structures.

The sampling process is carefully controlled throughout
training by gradually annealing the temperature parameter
τ . For a given training epoch e out of total epochs E, the
temperature is updated as:

τ (e) = max

(
τend, τstart − (τstart − τend) ·

e

E · ηa

)
, (4)

where ηa is the fraction of epochs over which annealing oc-
curs. Towards the end of training, a hard selection mechanism
is enabled to finalize the graph structure. To maintain differ-
entiability for backpropagation, the gradient is approximated
using the original soft probabilities via the straight-through
estimator:

Pt = stop gradient(P̂t,hard[i, j]− Pt[i, j]) + Pt[i, j], (5)

where P̂t,hard is the one-hot vector derived from the argmax
operation and stop gradient prevents the gradient from flowing
through the discrete selection part. The resulting matrix Pt

is a globally shared mask that encodes the learned temporal
connectivity patterns.



Fig. 1. Framework of the Proposed Prototype Regularization Domain Adaptation.

2) Spatial Feature Modeling: To capture spatial informa-
tion, we employ a series of convolutional blocks. Each block
i ∈ {1, 2, 3} processes the output of the previous one,
extracting progressively more abstract spatial features:

Xconv
i = MaxPool(Dropout(ReLU(Conv2Di(X

conv
i−1 )))),

(6)
where Xconv

0 is the initial input. The output of each block
is flattened channel-wise to produce a multi-scale spatial
feature map Xspa

i . For each scale i, we construct a scale-
specific graph. The spatial features Xspa

i are projected into a
bottleneck space:

Hspa
i = tanh(W spa

bn,iX
spa
i + bspabn,i). (7)

Then, a dedicated Spatial Edge Predictor (instantiating the
architecture from Eq. 2 with its own weights) is used to
generate a spatial mask matrix Ps,i from Hspa

i .
For each scale i, a fused bottleneck representation Hfused

i

is created by combining the scale-specific spatial features
Hspa

i and the shared temporal features Htemp. A primitive
affinity matrix Âprim,i is computed and normalized:{

Hfused
i = tanh(Wfuse,i[H

spa
i ||Htemp] + bfuse,i)

Âprim,i = Softmaxrow(H
fused
i · (Hfused

i )⊤).
(8)

Final, adaptive spatio-temporal adjacency matrix for scale
i, denoted Ast,i, is formulated as the element-wise product of
the three components:

Ast,i = Âprim,i ⊙ Ps,i ⊙ Pt, (9)

where ⊙ denotes the Hadamard product. This triple-gating
mechanism ensures that a connection at a given scale is sup-
ported by multi-scale feature similarity, scale-specific spatial
plausibility, and global temporal coherence.

3) Graph Convolution Module: With the adaptive adja-
cency matrix Ast,i and the corresponding spatial features
Xspa

i for each scale, we perform graph convolution to aggre-
gate information and learn high-level node representations. As
our framework utilizes a dense adjacency matrix, we employ
a DenseGCNConv layer for this purpose. For each scale i, the
output features F trans

i are computed as:

F trans
i = ReLU(DenseGCNConv(Xspa

i ,Ast,i)), (10)

this operation allows each EEG channel to update its
representation by integrating information from other chan-
nels, weighted by the learned spatio-temporal connectivity
strengths.

Finally, the features propagated through the different scale-
specific graphs are concatenated to form the final, comprehen-
sive feature representation. This feature vector encapsulates
rich spatio-temporal dynamics of the brain:

F trans = [F trans
1 ||F trans

2 ||F trans
3 ], (11)

this concatenated feature is then flattened and passed to the
subsequent modules of the network for classification and
domain adaptation.

B. Prototype Regularization

Prototype regularization utilizes domain-invariant transition
features extracted by CUSTG to learn representative proto-
types for each emotion category. This constructs a feature
embedding space that promotes intra-class compactness and
inter-class separability among prototypes.

1) Prototype Contrastive Loss: The core of our regulariza-
tion strategy is the prototype contrastive loss, which optimizes
the structure of the base feature space. The comprehensive
feature representation F trans is first flattened to produce the
base feature vectors f base. Within each training iteration,
we compute a set of source prototypes, Ps = {pc}Ncls

c=1 ∈



Fig. 2. Detailed Architecture of the Connection Uncertainty Spatial-Temporal Graph Module.

RNcls×Df , by averaging the base feature vectors of all source
domain samples belonging to class c:

pc =

∑Bs

i=1 I(ysi = c) · fs,base
i∑Bs

i=1 I(ysi = c)
, (12)

where ysi is the label of the i-th source sample. These
prototypes serve as anchors in the feature space.

The contrastive loss then pulls the features of each sample
towards their corresponding class prototype while pushing
them away from others. For the labeled source domain, the
loss is:

LS→P (F
s,base,Y s,Ps) = − 1

Bs

Bs∑
i=1

log
exp(sim(fs,base

i ,pys
i
)/τcl)∑Ncls

k=1 exp(sim(fs,base
i ,pk)/τcl)

,

(13)

where sim(·, ·) is the cosine similarity and τcl is a temperature
hyperparameter.

For the unlabeled target domain, we extend the con-
trastive learning framework by generating online pseudo-
labels. Specifically, the pseudo-label for a target sample is de-
termined by assigning the class that corresponds to the highest
prediction probability from the model’s output. Ultimately, the
loss for the target domain samples is formulated over the set:

LT→P (F
t,base, Ŷ t,Ps) = − 1

B′
t

Bt∑
i=1

Ii·

log
exp(sim(f t,base

i ,pŷt
i
)/τcl)∑Ncls

k=1 exp(sim(f t,base
i ,pk)/τcl)

,

(14)

To further enhance the discriminability of the embedding
space, we introduce a prototype separation loss. The prototype
separation loss is defined as the average cosine similarity
between all pairs of distinct class prototypes:

Lsep(Ps) =
1

Ncls(Ncls − 1)

∑
i̸=j

sim(pi,pj), (15)

where Ncls is the total number of emotion classes.

The total prototype contrastive loss is a weighted sum of
the sample-to-prototype contrastive losses for both source and
target domains, and the prototype separation loss. The final
objective for prototype regularization is given by:

Lproto =
1

2
(LS→P + LT→P ) + λpsLsep, (16)

where λps is a hyperparameter that controls the contribution
of the prototype separation term.

2) Bilinear Interaction: After structuring the embedding
space, we further enhance the features by infusing them with
class-specific context through a bilinear interaction mecha-
nism. For each base feature vector f base, its interaction with
the corresponding class prototype pc is modeled as:

Interaction(f base,pc) = Winter(f
base ⊙ pc), (17)

where ⊙ is the Hadamard product and Winter is a learnable
projection matrix. This effect is integrated back into the
base feature with a dynamic weight wb to produce the final,
enhanced feature f inter:

f inter = f base + wb · Interaction(f base,pc), (18)

this sequential approach ensures that the features being aligned
and classified have already been regularized for maximum
class separability.

C. Multi-Objective Loss Function
To effectively train our model, we formulate a multi-

objective loss function that simultaneously optimizes for sev-
eral goals.

1) Classification Loss: The classification loss ensures that
the features extracted from the source domain data are dis-
criminative enough to be correctly classified:

Lcls = − 1

Ns

Ns∑
i=1

C∑
k=1

yi,k log(pi,k), (19)

where Ns is the number of labeled samples in the source
domain, C is the number of classes, yi,k is the ground-
truth label, and pi,k is the predicted probability of sample i
belonging to class k.



2) Domain Discrimination Loss: To encourage the model
to learn domain-invariant features, we adoption an adversarial
domain discrimination loss. The loss for the domain classifier
is typically a binary cross-entropy loss:

Ldom = −Exs∼Ds
[logD(G(xs))]−

Ext∼Dt
[log(1−D(G(xt)))],

(20)

where G(·) is the feature extractor and D(·) is the domain
classifier.

3) Total Loss: The final objective function combines the
classification loss, the domain discrimination loss, and the
prototype contrastive loss:

Ltotal = Lcls + λdomLdom + λprotoLproto, (21)

where λdom and λproto are trade-off hyperparameters that
balance the influence of the domain alignment and prototype-
based regularization terms, respectively.

III. EXPERIMENTS

A. Emotion Datasets

The experiments were conducted on three widely used
benchmark emotion datasets:

• SEED [3] comprises EEG data from 15 subjects across
three emotional categories: negative, neutral, and positive.
Emotions were elicited using 15 carefully selected 4-
minute video clips. Data collection involved three sep-
arate sessions per subject on different dates, with each
session consisting of 15 EEG recording trials.

• SEED-IV [11] includes 15 subjects across three sessions.
It employs 24 culturally relevant film clips to induce four
emotional states—neutral, sad, fear, and happy—with six
unique audiovisual stimuli representing each category.

• SEED-VII [12] involves 20 subjects across four sessions.
Using 80 video clips, it evokes seven emotions: disgust,
fear, sad, neutral, happy, anger, and surprise. EEG data
was collected in 20 trials per session, with subjects
providing continuous emotional intensity labels.

B. Experiment Results and Analysis

To validate the generalization ability of PR-DA for new
subjects, experiments were conducted using the LOSO cross-
validation paradigm. Table I presents the prediction results of
PR-DA on the SEED and SEED-IV datasets, while Table II
shows the prediction results on the SEED-VII dataset. Com-
pared to recent state-of-the-art GCN methods (e.g., MSFR-
GCN [13] and CU-GCN [14]) and domain adaptation frame-
works (e.g., CL-DDA [15] and DANN-PRLI [16]), PR-DA
demonstrates superior predictive performance, achieving the
best results. Specifically, PR-DA improves accuracy by 1.85%
on the SEED dataset, 0.73% on the SEED-IV dataset, and
1.30% on the SEED-VII dataset compared to various state-
of-the-art methods. Furthermore, to provide a more compre-
hensive evaluation of PR-DA’s performance, the AUC (area
under the curve) curves for the model’s training and testing
processes are presented in Fig. 3.

Fig. 3. AUC Curves for the Training and Testing Phases of the Proposed
Model on Different Datasets. The lines of different colors represent the results
of the experiment for different subjects.

TABLE I
PERFORMANCE COMPARISON OF PR-DA AND STATE-OF-THE-ART

METHODS ON SEED AND SEED-IV DATASETS USING
LEAVE-ONE-SUBJECT-OUT (LOSO) CROSS-VALIDATION.

Methods SEED SEED-IV

Pacc F1 score Pacc F1 score

MSFR-GCN [13] 86.78±05.40 88.67±06.24 73.43±07.32 73.86±07.52
PGCN [7] 84.59±08.68 84.71±08.64 73.69±07.16 73.75±07.24

CU-GCN [14] 87.10±05.44 87.22±05.49 74.50±07.88 74.64±07.93
BAFNet [17] 93.93±02.76 – 85.83±04.59 –

PR-PL [9] 93.06±05.12 93.12±05.18 81.32±08.53 81.47±08.55
ASJDA [18] 93.75±11.39 93.84±11.36 80.29±19.44 80.37±19.48

S2A2-MSDA [19] 90.11±07.32 90.18±07.37 76.23±09.02 76.32±09.09
CL-DDA [15] 90.08±06.04 90.83±06.42 77.55±11.95 77.92±10.87
CMTCF [20] 93.80±04.96 – 79.37±06.05 –

DANN-PRLI [16] 94.45±04.67 94.57±04.72 81.68±07.29 81.73±07.38

Ours 96.30±02.87 96.33±02.64 86.56±04.67 86.73±04.62

As depicted in Fig. 3, the AUC curves for both the training
and testing phases across all three datasets exhibit rapid
convergence, stabilizing within approximately 50 epochs. This
indicates that the model efficiently learns features and quickly
reaches a stable state. For the SEED and SEED-IV datasets,
the test AUC values consistently exceed 0.9, demonstrating
the model’s excellent generalization capabilities. In contrast,
for the more challenging SEED-VII dataset, the test AUC
stabilizes around 0.6. The small gap between the training
and testing curves across all datasets suggests that the model
effectively mitigates overfitting.

Furthermore, the t-SNE visualizations in Fig. 4 highlight the
quality of the domain-invariant features learned by the model.
After training, the feature distributions for different emotions
exhibit significantly more compact intra-class clustering and
clearer inter-class separation. This demonstrates that the PR-
DA model effectively aligns the joint probability distributions
of the source and target domains. By creating a feature space
with a more distinct structure, the model learns a powerfully
discriminative representation.



TABLE II
PERFORMANCE COMPARISON OF PR-DA AND STATE-OF-THE-ART

METHODS ON SEED-VII DATASET USING LEAVE-ONE-SUBJECT-OUT
(LOSO) CROSS-VALIDATION.

Methods Pacc F1 score

RGNN [5] 37.49±05.44 34.52±04.83
PGCN [7] 38.67±05.41 37.28±05.49

MAET [12] 40.90±05.52 38.47±06.09
CMTCF [20] 49.13±08.22 –

Ours 50.43±06.71 48.93±05.24

Fig. 4. t-SNE Visualization of Feature Distributions for the PR-DA Model
Before (a-c) and After Training (d-f).

IV. CONCLUSION

In this study, a prototype regularization domain adaptation
framework is proposed for cross-subject EEG-based emo-
tion recognition. The connection uncertainty spatial-temporal
Graph module is utilized to extract domain-invariant features
by dynamically learning spatial-temporal connections. Addi-
tionally, a prototype regularization method pulls intra-class
samples toward their class prototypes while separating inter-
class prototypes. It then uses a bilinear interaction module
to align the joint probability distributions between the source
and target domains. The experimental results demonstrate that
the proposed model achieves state-of-the-art performance on
three EEG emotion recognition databases, SEED, SEED-IV,
and SEED-VII, thereby highlighting the potential of the model.
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