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Abstract—Multi-modal emotion recognition has attracted much
attention in human-computer interaction, because it provides com-
plementary information for the recognition model. However, the
distribution drift among subjects and the heterogeneity of different
modalities pose challenges to multi-modal emotion recognition,
thereby limiting its practical application. Most of the current multi-
modal emotion recognition methods are difficult to suppress above
uncertainties in fusion. In this paper, we propose a cross-subject
multi-modal emotion recognition framework, which jointly learns
subject-independent representation and common feature between
EEG and eye movements. First, we design the dynamic adversarial
domain adaptation for cross-subject distribution alignment, dy-
namically selecting source domains in training. Second, we simul-
taneously capture intra-modal and inter-modal emotion-related
features by both self-attention and cross-attention mechanisms,
thus obtaining the robust and complementary representation of
emotional information. Then, two contrastive loss functions are
imposed on above network to further reduce inter-modal het-
erogeneity, and mine higher-order semantic similarity between
synchronously collected multi-modal data. Finally, we used the
output of the softmax layer as the predicted value. The experimental
results on several multi-modal emotion datasets with EEG and eye
movements demonstrate that our method is significantly superior
to the state-of-the-art emotion recognition approaches.

Index Terms—EEG, cross-subject, multi-modal fusion, emotion
recognition, contrastive learning, adversarial domain adaptation.
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I. INTRODUCTION

EMOTION recognition plays an important role in under-
standing human intention and behavior, and it is one of

the core research topics in human-computer interaction [1].
Since emotions are affected by multiple complex factors, such as
physiology, psychology, and environment, it is often difficult for
machines to accurately understand human emotions. In recent
years, many intelligent emotion recognition methods have been
proposed [2], [3]. However, the uncertainty of emotion data,
mainly reflected in modal heterogeneity and cross-subject as-
pects, restricts the application of emotion recognition in practice.

There are a variety of emotion recognition methods based
on behavioral or physiological traits. Among the physiological
traits, Electroencephalogram (EEG) is the most widely used
modality in emotion recognition due to its high temporal res-
olution and anti-cheating. For EEG feature extraction, LSTM
and CNN have been used to directly extract global features and
local features from EEG signal [4]. Xing et al. [5] used a stacked
autoencoder (SAE) to model the correlation between EEG chan-
nels and considerably decompose the EEG source signals from
the collected EEG signals. Long short-term memory (LSTM)
networks are employed to extract temporal emotion-related in-
formation from differential entropy (DE) features [6]. However,
the EEG typically exhibits a low signal-to-noise ratio, which
constrains the accuracy of emotion recognition when relying on
this single modality.

As multi-modal fusion can provide complementary seman-
tic information for emotion recognition, many studies have
combined EEG with behavioral data, such as eye movements
and facial expressions, to improve the performance of emotion
recognition. For example, Huang et al. [7] projected EEG and
facial expression modalities into common feature space with
canonical correlation analysis. It is worth noting that facial
expressions can be more easily influenced by external factors,
such as lighting, context, and culture. Specifically, the meaning
of a facial expression can vary significantly across different
cultures. Compared to facial expressions, eye movement is more
consistent across individuals and cultures, and it has received
more and more attention in the field of emotion recognition.
Lu et al. [8] performed feature level fusion by concatenating
feature matrices of eye movement and EEG modalities, and
adopted a support vector machine with the linear kernel for
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Fig. 1. The neural patterns of DE features in five frequency bands from
different subjects. Areas with red color indicate the high energy, and areas with
black color indicate the low energy.

classification. Liu et al. [9] proposed a deep CCA-based method
with an attention mechanism to improve the accuracy of emotion
recognition based on EEG and eye movement modalities. Liu
et al. [10] performed the experiments of bi-modal deep auto-
encoder (BDAE) [11] with EEG and eye movement modalities,
in which two restricted Boltzmann machines (RBMs) were con-
structed for these two modalities, and another RBM is stacked to
perform the further fusion. However, the problem of effectively
integrating heterogeneous EEG and eye movement modalities
still remains an open challenge in emotion recognition.

In real-world applications, distributional differences between
individuals pose challenges to multi-modal emotion recognition.
As shown in Fig. 1, different subjects had obvious individual
inherent characteristics, which would interfere with the accu-
racy of emotion recognition. Specifically, the phenomenon that
differences in data distribution between subjects are huger than
that between emotion categories may lead to misclassification,
and the heterogeneity of multi-modal data further aggravates the
complexity of the above problem. Recently, the cross-subject
issue has been paid more and more attention in emotion recog-
nition, and some methods for cross-subject emotion recognition
have been proposed [12]. However, these existing methods are
specifically designed for subject alignment with a single modal-
ity and cannot effectively alleviate the cross-subject problem in
multi-modal emotion recognition. Therefore, there is an urgent
need to investigate and develop effective multimodal emotion
recognition methods that can accurately identify emotions across
different subjects.

In this study, we propose a robust cross-subject multi-modal
emotion recognition method. First, a self-paced adversarial do-
main adaptation network is developed to capture the subject-
independent emotion-related embeddings against distributional
differences among subjects. It simulates human cognition mech-
anisms by dynamically adding subjects to the training process,
which can avoid the negative effects of hard learning sub-
jects on the initial model. Second, we adopt both self-attention
and cross-attention mechanisms to extract the intra-modal and
inter-modal feature representations related to emotion. More-
over, by mining semantic similarity in multi-modal data, we
designed two contrastive loss functions from the feature level
and sample level, respectively, to promote modal alignment

and fusion. Specifically, at the feature level, we construct the
contrastive loss between features from different modalities to
improve the cross-modal alignment before fusion. At the sam-
ple level, we construct the contrastive loss between sample
pairs composed of synchronous and asynchronous modalities
to capture inter-modal complementary information. Finally, the
classification results can be obtained by feeding the multi-
modal fused representation into a linear layer and a softmax
layer. The proposed method is significantly different from the
existing method, such as [13]. First, there are differences in
the learning tasks. The existing method [13] is based on EEG
data for cross-subject emotion recognition, while our method
accomplishes cross-subject emotion recognition tasks based on
a variety of heterogeneous modalities including EEG and eye
movements. Therefore, the problem we are studying is more
challenging. In actual applications, multi-modal methods can ex-
tract complementary emotional information, which usually leads
to better recognition effects than unimodal methods. Second,
the objectives of contrastive learning in these two works differ
significantly. The existing method [13] uses contrastive learning
to extract subject-invariant features from EEG data, whereas
our method employs adversarial domain adaptation to extract
domain-invariant representations and adopts contrastive learn-
ing to extract inter-modality fusion features on the basis of EEG
and eye movement modalities. Third, the construction methods
of the contrast tasks are different. The existing method [13]
forms positive sample pairs from EEG samples of the same trial
across different subjects and negative sample pairs from EEG
samples of different trials. In contrast, our method constructs
contrastive tasks both at the feature level and the sample level.
At the feature level, we maximize inter-modality similarity by
constructing a modal contrast loss between EEG and eye move-
ment modalities, paving the way for subsequent fusion of modal
features. At the sample level, we form positive sample pairs from
synchronously collected EEG and eye movement modal samples
and negative sample pairs from asynchronously collected EEG
and eye movement modal samples to learn high-order emotional
information.

In brief, our primary contributions are summarized as follows:
1) We propose a multi-modal emotion recognition method

with both cross-subject alignment and feature fusion be-
tween EEG and eye movements. We investigate both
above challenges of emotion recognition in a unified
framework, where the solutions to these challenges are
mutually reinforcing, thereby improving the performance
of emotion recognition.

2) We propose a dynamic cross-subject alignment method,
in which a self-paced learning strategy is introduced to
the adversarial domain adaptation network. It dynamically
selects the easy-learning subjects and gradually adds them
to the training process to alleviate the negative impact of
domain distributional variation across subjects.

3) The self-attention mechanism and cross-attention mech-
anism are adopted to extract the intra-modal and inter-
modal emotion-related features. Simultaneously, we im-
prove multi-modal alignment and fusion by constructing
two contrastive losses at feature level and sample level,
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respectively, and capture the higher-order complementary
features between modalities.

The remainder of this paper is organized as follows: In Section
II, we elaborated on the related works. Then our proposed cross-
subject multi-modal emotion recognition method is presented
in Section III. Section IV describes the materials and the details
of the experiment. In Section V, we provide the experimental
results and discussion. The paper is concluded in Section VI.

II. RELATED WORK

A. Multi-Source Domain Adaptation

Subject-independent representations can be obtained by do-
main adaptation to reduce the limitation of huge original dis-
tribution differences among individuals. The domain adaptation
techniques attempt to project the data from the original space into
a common feature space, in which the distribution difference
is eliminated as far as possible through a nonlinear mapping
function. For example, transfer component analysis [14] maps
data from two domains into a reproducing kernel hilbert space
(RKHS), in which the distribution distance between source
and target domains is reduced. Transductive parameter transfer
method [15] is designed for multi-source domain adaptation,
and it predicts the parameters of the target classifier according
to the learned relationship between the data distributions and
the parameter vectors of the classifier constructed for each
source domain. In addition, deep neural networks are also used
to learn nonlinear mappings. Gratton et al. [16] proposed to
embed maximum mean discrepancy (MMD) in neural networks
as the measure of distance between two domains, so that the
distribution of source and target domain data is similar in the
high-dimensional common projection space.

In recent years, adversarial approaches have shown remark-
able performance in domain adaptation. Domain adversarial
neural network (DANN) [17] adopts domain classifier and
gradient reversal layer to guide encoder layers to generate
domain-invariant representation. In DANN, feature extractor,
label predictor, and domain classifier are denoted as Gf , Gy ,
and Gd, respectively. We define the input as X ∈ R

n×m, where
n denotes the number of samples and m denotes the dimension.
Gf and Gy are trained to minimize the classification loss on
source domain:

Ly = H(Gy(Gf (X)), y) = −
M∑
i=1

yilog(Gy(Gf (X))) (1)

where M is the number of categories to recognize, and y is the
real emotion label. Domain classifier Gd is a binary classifier
that predicts whether a sample comes from the source domain
or the target domain. The loss of domain classifier is defined by

Ld = H(Gd(Gf (X)), d) (2)

where d ∈ {0, 1} is the real domain label. Inspired by the
generative adversarial networks (GANs), the parameters of Gd

are updated by minimizing Ld, while the parameters of Gf are
updated by maximizing Ld.

In addition, Pei et al. [18] refined the domain alignment for
class alignment and proposed multi-adversarial domain adapta-
tion (MADA). Tzeng et al. [19] introduced adversarial discrim-
inative domain adaptation (ADDA), which learns a discrimina-
tive representation using the labeled source domain data and then
projects the target data into a common space using an asymmet-
ric mapping learned through domain adversarial loss. It is worth
noting that DANN was originally proposed for the single-source
domain problem, and then applied to the multi-source domain
adaptation problem by treating multiple source domains as one
entire source domain simply. Zhao et al. [20] proposed to train an
independent feature extractor for each source domain, and then
utilized Wasserstein distance to select samples close to the target
domain to finetune the classifier. Zhao et al. [21] proposed multi-
source domain adversarial networks (MDAN), which optimized
task-adaptive generalization bounds to deal with multi-source
domain adaptation. Peng et al. [22] integrated domain invariant
feature learning, emotional state estimation, and optimal graph
learning into a unified framework to propose a joint feature
adaptive and graph adaptive label propagation model (JAGP)
for cross-subject emotion recognition based on EEG signals.
Magdiel et al. [23] presented a semi-supervised domain adap-
tation framework (FSA-TSP) to align the joint distributions of
subjects. She et al. [24] considered both domain invariant and
domain-specific features, and proposed multi-source transfer
network (MS-ADA) based on multi-source associate domain
adaptation network.

B. Correlation Mining in Multi-Modal Fusion

Multi-modal fusion aims to combine the data of multiple
modalities and extract complementary information to facilitate
downstream prediction tasks. The subspace learning-based fu-
sion methods, such as CCA-based methods and MKL, try to
project different modalities into a common subspace by max-
imizing the correlation across modalities. CCA [25] and its
variants, such as Kernel CCA (KCCA) [26], DCCA [27] per-
form multi-modal alignment before fusion by maximizing the
correlation among different modalities, while the modal-specific
kernel in MKL [28] can be combined for heterogeneous data.

The attention mechanism has also been widely used in the
field of multi-modal fusion recently. Wei et al. [29] stacked the
features of different modalities as a whole input in cross attention
module. Pan et al. [30] proposed a multi-modal attention mech-
anism to model the correlation among three modalities. Arsha
et al. [31] introduced a transformer-based network architecture,
which uses attention bottlenecks for modality fusion at multiple
layers.

Contrastive learning has been gradually applied to multi-
modal fusion in recent years. Jia et al. [32] used a dual-encoder
architecture with a contrastive loss to align representations of
image and text modalities. Li et al. [33] introduced the con-
trastive loss to align the image and text representation before
multi-modal fusion to achieve better unimodal representation,
and induced the modality matching loss to improve the robust
predictions. Additionally, contrastive learning is also applied to
cross-subject emotion recognition based on EEG signals due to
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Fig. 2. The model architecture of the proposed cross-subject multi-modal emotion recognition method.

its ability to identify and utilize similarities across different data
representations. For example, Li et al. [34] integrated convo-
lutional neural network with supervised contrastive learning to
enhance the classification accuracy and discrimination of emo-
tional states by reducing model parameters and computational
burden. Shen et al. [13] leveraged contrastive learning to min-
imize inter-subject variability in EEG data, thereby improving
cross-subject emotion recognition performance.

Recently, some methods have been proposed for learning
subject-invariant emotional feature representations from multi-
modal data. Magdiel et al. [35] proposed the CFDA-CSF method
for cross-subject emotion recognition utilizing EEG signals
and eye movement data, which enhances knowledge transfer
between subjects by aligning coarse and fine-grained feature
distributions and promoting inter-class separability in the target
domain. Chen et al. [36] proposed an integrated multi-source
learning network (CMSLNet) that balances the consistency and
diversity of heterogeneous modalities in cross-subject emotion
recognition. Gong et al. [37] proposed a multimodal emotion
recognition model (CiABL) that enhances generalization across
subjects by capturing complete modality representations from
EEG and eye movement signals, aligning both marginal and
conditional distributions to reduce individual variability, and
offering model interpretability to understand the contribution
of different features in recognizing emotions.

III. PROPOSED METHOD

In this section, we first introduce the model architecture of
the proposed cross-subject multi-modal emotion recognition
framework (CSMM) for EEG and eye movement signals and
then specify its modules in detail. We draw an overview of the

model architecture of CSMM in Fig. 2. The network is divided
into three parts, which are cross-subject alignment, cross-modal
alignment, and multi-modal fusion. The DE feature vectors from
multiple frequency bands of EEG modality and statistical feature
vectors of eye movement modality are extracted as the input of
the framework in the stage of data processing.

A. Cross-Subject Alignment

In order to reduce the negative effects of the distribution drift
among subjects, we develop a self-paced adversarial domain
adaptation network to extract domain-invariant features. Specif-
ically, the data from the same subject are treated as a domain,
and the data are divided into the source and target domain data
according to the visibility of the labels in the training process.
Most of the previous adversarial domain adaptation networks
are specifically designed for single-source domain adaptation
problems, and such methods treat multiple source domains as
one whole source domain in dealing with multi-source domain
adaptation problems. This ill-considered approach ignores the
semantic difference among source domains and affects the
stability of the model during training. To alleviate the above
problems, we introduced self-paced learning, which is a human
being strategy, to gradually convert the multi-source domain
adaptation problem into the single-source domain adaptation
problem, alleviating the negative effects of hard-learning sub-
jects to the initial model.

The adversarial domain adaptation network aims to mo-
tivate the feature encoder to generate domain-invariant and
class-discriminative representations in the feature space. The
training goals of the domain predictor and the feature encoder
are competitive, the former guides the separation of source
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and target domains, while the latter aims at the confusion. In
addition, the emotion label predictor is added after the feature
encoder to ensure the class discrimination of generated represen-
tation. We define the input as X ∈ R

n×m, where n denotes the
number of samples and m denotes the dimension. Considering
that the shallow layers of the feature encoder are prone to
generate domain-invariant features while deep layers tend to
generate downstream task-specific features [38], we divide the
feature encoder into the shallow encoder Eshallow(.; θ1) and the
deep encoder Edeep(.; θ2). We connect the domain predictor
Pdomain(.; θ3) after Eshallow(.; θ1) and connect the emotion
label predictor Plabel after Edeep(.; θ2). Gradient reversal layer
(GRL) is added between Eshallow(.; θ1) and Pdomain(.; θ3) to
realize the antagonistic effect of a two-player game, which forces
the shallow encoder to generate domain-independent represen-
tation for cross-subject alignment. Therefore, the loss function
of cross-subject alignment module is defined as:

Lcross−subject = Llabel + α× Ldomain (3)

where α is the hyperparameter, which adjusts the weights of
Ldomain. The item Llabel is the emotion classification loss on
the source domain DS , which is defined as:

Llabel = H(ŷ, y) = −
M∑

m=1

ym log ŷm (4)

where H is the cross-entropy loss, ŷ=Plabel(Edeep(Eshallow

(X; θ1); θ2); θ3) is the predicted value of the emotion label
predictor Plabel on source domain data, and y is the ground
truth emotion label, and M represents the number of emotion
states. Thus, the seeking process of the parameters θ1 and θ2 can
be represented as :

(θ̂1, θ̂2) = argmin
(θ1,θ2)

Llabel (5)

The item Ldomain in (3) is the loss of domain classification
on both source and target domains (DS , DT ), which is defined
as:

Ldomain = −(p · log(p̂) + (1− p) · log(1− p̂)) (6)

where p̂ = Pdomain(Eshallow(X; θ1); θ3) is the predicted value
of the domain label predictor Pdomain(θ3), and p ∈ {0, 1} is the
real domain label. The case p = 0 means the input data comes
from source domainDS , and the other casep = 1means it comes
from the target domain DT . Then, the parameters θ3 of domain
predictor Pdomain and the parameters θ1 of shallow encoder
Eshallow are optimized according to the following expression:

θ̂3 = argmin
θ3

Ldomain (7)

θ̂1 = argmax
θ1

Ldomain

= − argmin
θ1

Ldomain (8)

The illustration of the dynamic source domain selection algo-
rithm is shown in Fig. 3. We take the class dissimilarity among
multiple source domains into account and adopt a self-paced
learning strategy. It dynamically selects the source domain data

Fig. 3. Illustration of the self-paced learning based source domain selection
algorithm.

that are closest to the target domain in the projection space to
participate in the training process. This strategy simulates the
human cognitive mechanism that processes the learning task
from easy to hard. In other words, it gradually transforms the
multi-source domain adaptation problem into multiple single-
source domain adaptation problems rather than simply treating
multiple source domains as a whole single-source domain. Spe-
cially, the entire dataset can be defined as {S1, S2, . . ., SN , T},
whereSi is the i-th source domain with labels, andT is the target
domain without labels. The dynamic source selection algorithm
is shown in Algorithm 1. At the beginning of the training stage,
the selected domain setDselected only includes the target domain
T , that is Dselected = T . For the remaining source domains
Dunselected, we select the source domain with the minimum
distance dis(Si, T ):

Sj = argmin
Si∈Dunselected

dis (Si, T ) (9)

dis(Si, T ) = −H(Pdomain(Si ∪ T, θ3), p) (10)

where H(a, b) = −[a · log(b) + (1− a) · log(1− b)] denotes
the cross-entropy, Pdomain(Si ∪ T, θ3) is the predicted value
of domain predictor and p is the ground truth of domain. The
smaller H indicates that the source and target domains are more
easily distinguishable. At this point, −H implies a larger dis-
tance between them. Compared to unordered random selection,
this dynamic selection of training samples can further alleviate
the problem of model instability during adversarial training due
to the class dissimilarity among multiple source domains.

Cross-subject alignment module was performed for both EEG
and eye movement modal data. We define the feature vector of
EEG as X ∈ R

n×d1 , where n denotes the numbers of samples,
and d1 denotes the dimensions of EEG modality in a certain time
window, d1 = NC ×NF , NC is the number of EEG channels,
and NF is the number of frequency bands. We define the feature
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Algorithm 1: The Proposed Self-Paced Adversarial Domain
Adaptation Algorithm.

Input: N source domains S = {S1, S2, . . ., SN},
(Si = {x1, x2, . . ., xn}, n is the number of samples) and
target domain T

Output: Source domains S′ = {S ′1, S ′2, . . ., S ′N} and
target domain T ′ after cross-subject alignment

1: Initialization: parameters θ1, θ2 and θ3 in cross-subject
alignment module, hyperparameters α, β

2: while epoch <max_epoches do
3: Dunselected = S
4: for k = 1 to N do
5: T ′ = Eshallow(T, θ1)
6: d = ∅

7: for each Si ∈ Dunselected do
8: S ′i = Eshallow(Si, θ1)
9: di = dis(S ′i, T )

10: d = d ∪ {di}
11: end for
12: dj = min d
13: ŷ = Plabel(Edeep(Eshallow(Sj)))
14: p̂ = Pdomain(Eshallow(Sj ∪ T ))
15: Llabel ← calculated by Eq. (4)
16: Ldomain ← calculated by Eq. (6)
17: Lcross−subject = Llabel + α× Ldomain

18: update network.
19: Dunselected = Dunselected − Sj

20: end for
21: end while
22: S′ = Eshallow(S)
23: T ′ = Eshallow(T )
24: return S′, T ′

vector of eye movement modality as Y ∈ R
n×d2 , where d2

denotes the number of statistical features of eye movement
modality. The output feature vectors of EEG and eye movement
modalities after cross-subject alignment can be represented as
X ′ ∈ R

n×D1 , Y ′ ∈ R
n×D2 , respectively.

During the optimization process, the parameters of this mod-
ule are updated as follows:

θ1 ← θ1 − lr

(
∂Llabel

∂θ1
− α× ∂Ldomain

∂θ1

)
(11)

θ2 ← θ2 − lr
∂Llabel

∂θ2
(12)

θ3 ← θ3 − lr × α
∂Ldomain

∂θ3
(13)

where lr is the learning rate.

B. Cross-Modal Alignment

In emotion recognition, multi-modal data can provide richer
discriminative features than single-modal data, but at the same
time, it also brings greater challenges to recognition due to the
heterogeneity between modalities. Inspired by ALBEF [33], in

order to capture the latent effective intra-modal information
and alleviate the structural heterogeneity between modalities,
we set the inter-modal contrastive learning loss on the basis of
deep encoders with self-attention mechanism before fusion. For
purposes of illustration, we define X = {X1, X2, . . ., Xn} ∈
R

n×dx , Y = {Y1, Y2, . . ., Yn} ∈ R
n×dy as the feature vectors

of EEG and eye movement modalities after the projection of
shallow encoder Eshallow in the cross-subject alignment, where
n is the number of samples, and dx and dy are the dimensions of
feature vectors of two modalities. The self-attention encoder
module consists of three self-attention layers. In addition, a
residual connection layer is added to alleviate the problem of
gradient disappearance and network degradation.

In the self-attention layer, queries (Q), keys (K), and values
(V ) of both modalities are calculated through different linear
projections:

KX = XWK
X , QX = XWQ

X , VX = XWV
X (14)

KY = YWK
Y , QY = YWQ

Y , VY = YWV
Y (15)

where parameter matrices WQ, WK , WV are updated by the
back propagation in the training stage, which are used to generate
Q, K and V . The correlation between different features within
the single modality is modeled through scaled dot-product. The
final feature matrix of two modalities with self-attention is
computed as:

f(X) = softmax

(
QXKT

X√
dx

)
VX (16)

g(Y ) = softmax

(
QY K

T
Y√

dy

)
VY (17)

Since the heterogeneity between modalities limits the per-
formance of the model, it is necessary to align the modalities
before fusion. Inspired by contrastive representation learning,
we construct the contrastive loss between synchronous features
and asynchronous features to reduce the structural differences
between modalities. Based on the fact that emotional stimuli
can be reflected in human physiological activities such as brain
electricity, facial expressions, eye movement and etc., the sim-
ilarity between synchronous modalities is higher than that of
asynchronous modalities. Inspired by the idea of MOCO [39],
we set the momentum encoders, which share the same structure
with the self-attention modules to obtain two queues with re-
cently stored M EEG-eye movement sample pairs. The feature
vectors after the projection of momentum encoders are denoted
as f ′(X) and g′(Y ). The similarity between different modal
representations is defined as:

s(X,Y ) = f(X)T g′(Y ) (18)

s(Y,X) = g(Y )T f ′(X) (19)

For each sample that contains two modalities, the pairwise
modal similarity px(X) = {px1(X), px2(X), . . ., pxM (X)} and
py(Y ) = {py1(Y ), py2(Y ), . . ., pyMY } with the representations
stored in the momentum queue are calculated separately as (20)
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and (21).

pxm(X) =
exp(s(X,Ym)/τ)∑M
i=1 exp(s(X,Yi)/τ)

(20)

pym(Y ) =
exp(s(Y,Xm)/τ)∑M
i=1 exp(s(Y,Xi)/τ)

(21)

where τ is a temperature parameter, Xm and Ym represent the
m-th EEG modality representation and the m-th eye movement
modality representation stored in the momentum queue, respec-
tively.

The ground-truth similarity of different modalities are
represented as qx(X) and qy(Y ). Specifically, qx(X) =
{qx1 (X), qx2 (X), . . ., qxM (X)} denotes the similarity between
EEG modality representation extracted by the self-attention
module and the eye movement features preserved in the momen-
tum queue. Likewise, qy(Y ) = {qy1 (Y ), qy2 (Y ), . . ., qyM (Y )}
denotes the similarity between the eye movement modality ex-
tracted by the self-attention module representation and the EEG
modality representation preserved in the momentum queue.
The probability of synchronized EEG-eye movement pairs is
1; Otherwise, it is set to 0. To be specific, for sample Xj ,

qxi (Xj) =

{
1, tXj

= tYi

0, tXj
�= tYi

(22)

For sample Yj ,

qyi (Yj) =

{
1, tYj

= tXi

0, tYj
�= tXi

(23)

The modal contrast loss is defined as the cross-entropy H
between p and q:

Lcontrast =
1

2
E(X,Y )∼D[H(qx(X), px(X))

+H(qy(Y ), py(Y ))] (24)

C. Multi-Modal Fusion

Although EEG and eye movement data are different in sensing
mode, they are semantically consistent because neural patterns
of the brain and human behavior interact with each other in
response to the same emotional stimulus. In order to capture
the higher-order semantic information between modalities and
improve the reliability of emotion recognition, we design the
modal matching loss based on contrastive learning to constrain
the cross-attention encoder to generate latent inter-modal infor-
mation. Specifically, the representation A and B mapped from
cross-modal alignment modules will be concatenated, and they
are fed to the multi-modal cross-attention encoder as the input
Z = [A B] for further modal fusion at the feature level, where
Z ∈ R

n×(dx+dy). The expressions of query, key, and value are
as follows:

KZ = ZWK
Z = [A B]

[
WK

A

WK
B

]
= KA +KB

(25)

QZ = ZWQ
Z = [A B]

[
WQ

A

WQ
B

]
= QA +QB

(26)

VZ = ZWV
Z = [A B]

[
WV

A

WV
B

]
= VA + VB

(27)

Attention(QZ ,KZ , VZ) = softmax

(
QZK

T
Z√

dx + dy

)
VZ

(28)

where KA = AWK
A , QA = AWQ

A , VA = AWV
A , and KB =

BWK
B , QB = BWQ

B , VB = BWV
B . The item QZK

T
ZVZ in

cross attention of the multi-modal fusion module is:

QZK
T
ZVZ = (QA +QB)(KA +KB)

T (VA + VB)

= QAK
T
AVA +QBK

T
AVA +QAK

T
BVA +QBK

T
BVA

+QAK
T
AVB +QBK

T
AVB +QAK

T
BVB +QBK

T
BVB

(29)
As can be seen from the above formula, the cross-attention

module considers both intra-modal and inter-modal information.
These representations are followed by a fully connected layer
and softmax layer for binary classification, and the predicted
probability of them is defined as uxy . In the multi-modal
cross-attention module, we utilize contrastive learning to cap-
ture the semantic similarity between modalities. Synchronously
collected EEG signals and eye movement data constitute a pos-
itive sample pair, i.e (Xj , Y

+
j ), while asynchronous modal data

constitute a negative sample pair, i.e. (Xi, Y
−
j ). For arbitrary

sample pair (Xi, Yj), we expect that it could be closer to the
positive samples that are composed of synchronous modalities
and be far away from the negative samples that are composed of
asynchronous modalities. The modal matching label vxy of the
positive sample will be set to 1; Otherwise, it will be set to 0.
The modal matching loss is represented as follows:

Lmatch = E(X,Y )∼DH(vxy, uxy) (30)

In order to ensure the discriminability of the model on the
emotion classification, we also use the classification loss on the
positive sample pairs:

Lclass = E(X,Y )∼DH(yclass, pclass) (31)

where yclass is the ground-truth emotion label, pclass is the
predicted value. Thus, the overall loss of cross-modal alignment
module and multi-modal fusion module is :

Lcross−modal = Lcontrast + Lmatch + Lclass (32)

Considering the problem of missing modality may cause the
failure of the model in the real world, we make full use of
the discriminative information in the cross-subject alignment
module at the decision level. In the cross-subject alignment mod-
ule, deep encoders tend to further generate class discriminative
information based on the subject-independent representations,
and the emotion label predictor can be generalized from the
source domain to the target domain. The output Pfusion of the
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TABLE I
THE SUMMARY OF DATASETS

final layer of our model can be expressed as:

Pfusion = softmax(peeg + peye + pcross−modal) (33)

where peeg and peye are the normalized vectors before the
softmax layer in the label predictor of cross-subject modules,
respectively. The index of the maximum value of the output
Pfusion is the predicted value.

IV. EXPERIMENTS

In this section, we conduct extensive experiments of our
proposed method and other comparison methods on three multi-
modal emotional datasets.

A. Data Materials

The SEED, SEED-IV and SEED-V datasets with EEG and
eye movement modalities were provided by the BCMI lab-
oratory. The summary description of datasets is shown in
Table I. The SEED dataset contains 540 multi-modal trials
with positive/negative/disgust/neutral/fear emotion states from
12 subjects. Each of these subjects participated in a total
of 3 experimental sessions, with 15 trials in each session.
The SEED-IV dataset contains 1080 multi-modal trials with
happy/sad/neutral/fear emotion states from 15 subjects. Each
of these subjects participated in a total of 3 experimental ses-
sions, with 24 trials in each session. The SEED-V dataset con-
tains multi-modal 720 trials with happy/sad/neutral/fear emotion
states from 16 subjects. Each of these subjects participated
in a total of 3 experimental sessions, with 15 trials in each
session. The EEG signals were collected with the 62-channel
ESI NeuroScan System and the eye movement modality was
collected with SMI eye-tracking glasses. For the multi-modal
setting, the sliding windows of both EEG and eye movement
modalities are set as 4 seconds. We directly use the features
that have been processed by authorities in the experiments.
The raw EEG signals are filtered with a 0.2–50 Hz bandpass
filter, and eye blinking artifacts are removed with a threshold
algorithm. Finally, the processed EEG signals are downsampled
from 1000 Hz to 200 Hz. According to [40], [41], differential
entropy features (DE) are extracted from five frequency bands of
EEG modality. The linear dynamic system approach is applied
to smooth DE features [42]. In addition, the eye movement
modality data contains statistical information such as pupil
diameter and blink duration, and computational statistics such
as temporal and frequency features.

B. Experiment Settings

We conduct experiments to verify the superiority of our pro-
posed model on the task of cross-subject multi-modal emotion
recognition. In addition, we also adopted two common tasks,
namely intra-subject multi-modal and cross-subject single-
modal emotion recognition to verify our cross-subject alignment
module and multi-mode fusion module, respectively.

1) Cross-subject multi-modal setting: In this setting, a leave-
one-subject-out cross-validation scheme is adopted to verify our
overall model. For each subject, we use his/her samples with
EEG and eye movement modalities as target domain data, and
the multi-modal data of the remaining subjects as source domain
data. The representation of the source domain after cross-subject
alignment is used as the training data set of the downstream
multi-modal fusion network, while the cross-subject aligned
representation of the target subject is used as the test data set.
During the entire training process, the label data of the source
domain is not visible.

2) Intra-subject multi-modal setting: For each subject, the
data of first 9 trials of SEED dataset/ first 14 trials of SEED-
IV dataset/ first 9 trials of SEED-V dataset is divided into the
training set, and the remaining data is divided into the test set.
In each experiment, our proposed multi-modal alignment and
fusion module and other compared methods are performed on
one subject’s EEG signals and eye movement data. The average
results of all subjects are recorded.

3) Cross-subject unimodal setting: In this setting, we adopted
the same leave-one-subject method as the cross-subject multi-
modal setting. We utilize the single EEG modality data of
source and target domains to perform our proposed self-paced
adversarial domain adaptation model. For each subject, we use
his/her EEG data from all trials as target samples, and the EEG
data of the rest subjects as source samples.

C. Performance Metrics

For emotion classification, accuracy and standard deviation
are the most common metrics to measure the performance of the
model. We also introduce Macro-F1 score to comprehensively
measure the performance of models in multi-classification sce-
narios. The calculation formula of Macro-F1 in n-class problem
is as follows:

Precisioni =
TPi

TPi + FPi
(34)

Recalli =
TPi

TPi + FNi
(35)

Precisionmacro =

∑n
i=1 Precisioni

n
(36)

Recallmacro =

∑n
i=1 Recalli

n
(37)

Macro−F1 =
2 ∗ Precisionmacro ∗Recallmacro

Precisionmacro +Recallmacro

(38)
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In addition, AUC metric, calculated by the area under the
ROC curve is also introduced to evaluate the discriminability of
models.

D. Comparison Methods

The comparison emotion recognition methods of our pro-
posed method are selected from two aspects, i.e. multi-modal fu-
sion based method, and cross-subject alignment based methods.
However, among the few cross-subject multi-modal emotion
recognition methods, some methods such as SDAE [43], did not
strictly perform domain alignment, simply using source-only
(SO) experimental setting instead of making better improve-
ments for domain drift. We also compare with some recent
cross-subject multi-modal emotion recognition methods, such as
CFDA-CSF [35], CMSLNet [36] and CiABL [37]. In addition, to
be fair, we compare our multi-modal fusion module with other
multi-modal based fusion methods in the intra-subject multi-
modal setting, and compare our cross-subject alignment module
with other cross-subject alignment based methods and source-
only methods in the cross-subject unimodal setting. Finally, in
the cross-subject multi-modal setting, SO method and five effec-
tive cross-subject based methods are selected to combine with
three different multi-modal fusion methods as the comparison
methods. Notably, we compared our method with some of these
comparison methods, including CFDA-CSF, CMSLNet, JAGP,
FSA-TSP and MS-ADA, using experimental results provided by
the authors in their original papers. To ensure fair comparisons,
all methods used the same data processing and experimental
settings. The selected multi-modal fusion based methods and
cross-subject alignment based methods are as follows:

1) Multi-modal fusion based methods, including MKL [28],
CCA based methods, such as CCA [25], KCCA [26],
DCCA [27], DCCA-AM method [9], deep learning methods
such as BDAE [11], TMVC [44] and MDDF [45].

2) Cross-subject alignment based methods, including conven-
tional transfer learning methods, such as TCA [14], KPCA [46],
TPT [15], deep domain confusion method using maximum
mean discrepancy (MMD) [16], adversarial domain adapta-
tion networks such as DANN [17], MADA [18], ADDA [19],
MDDA [20], MDAN [21], JAGP [22], FSA-TSP [23] and MS-
ADA [24].

E. Parameter Settings

In the cross-subject alignment module, there were two shal-
low layers with 256 and 128 hidden units and one deep layer
with 32 hidden units in the encoder. The output layer of the
label classifier has three units corresponding to three emo-
tions, and the output layer of the domain predictor has two
units corresponding to the source domain and target domain.
In the cross-modal alignment module, two hidden layers with
a multi-head attention mechanism are set on both EEG and
eye movement modalities. The structure for the EEG branch
is 310-128-64 with two attention heads, and the structure for
the eye movement branch is 33/31-128-64 with one attention
head. ReLU is used as the activation function. In addition, a

dropout layer and a norm layer are adopted to avoid overfit-
ting and internal covariate shifts. The structure of the cross-
attention module is 128-64-32. The grid search is adopted to
select the optimal parameters. The queue size searches from
sets {256, 512, 1024, 2048, 4096}, the momentum parameter
searches from sets {0.5, 0.7, 0.8, 0.85, 0.9, 0.95} and the tem-
perature parameter t searches from sets {0.2, 0.4, 0.5, 0.6, 0.8}.
We used the AdamW optimizer, and the training epochs
are searched from 100 to 1000 with a step size of 50,
and the learning rate is within the range of {1e− 4, 1e−
3, 0.002, 0.005, 0.01, 0.02, 0.05, 0.1, 0.2}.

V. RESULTS AND ANALYSIS

A. Classification Performance

Performance of our proposed cross-subject multi-modal emo-
tion recognition method and the comparison algorithms on three
datasets are illustrated in Table II. The experimental results
show the effectiveness and stability of our proposed method
are better than other algorithms. As can be seen in Table II,
the average accuracy of our proposed method on the task of
cross-subject multi-modal emotion recognition reach 94.96%,
89.82% and 89.22%, respectively, on SEED, SEED-IV and
SEED-V datasets, which are obviously better than other com-
parison methods. We plot the ROC curves of our method and
other comparison algorithms on SEED dataset in Fig. 4. It can
be seen that the ROC curve of our method is significantly closer
to the upper left corner than other algorithms, and our method
has a higher AUC. Fig. 5 illustrates the confusion matrices of the
performance of single modality under the action of our cross-
subject alignment module, and the performance of our overall
cross-subject multi-modal fusion emotion recognition model.
As can be seen from Fig. 5, it is obvious that the recognition
performance of multi-modal fusion is better than that of single
modality, and the reason may be that our multi-mode fusion
module can mine higher-order semantic information.

In addition, the experiment results of intra-subject multi-
modal setting and cross-subject unimodal setting are illustrated
in Tables III and IV. Figs. 6 and 7 show the overall perfor-
mance comparisons of cross-subject alignment methods and
multi-modal fusion methods, respectively. It is worth noting
that even if we remove one of the cross-subject alignment
module and multi-modal fusion module from our method, it
still has better classification performance compared with other
algorithms. In Table III, the average accuracy of our cross-
modal alignment and multi-modal fusion modules on the task of
intra-subject multi-modal emotion recognition reaches 91.36%,
89.56% and 80.10%, respectively, on SEED, SEED-IV and
SEED-V datasets. This demonstrates that our multi-modal fu-
sion strategy based on attention mechanisms and contrastive
representation learning can mine latent higher-order emotion-
related semantic information, which assists the model in making
more accurate and reliable emotion predictions. In Table IV, the
average accuracy of our cross-subject alignment module on the
task of cross-subject single-modal emotion recognition reaches
92.41%, 85.60% and 86.29%, respectively, on SEED, SEED-IV
and datasets. It is clear that our self-paced adversarial domain
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TABLE II
THE EXPERIMENT RESULTS OF DIFFERENT METHODS ON THE TASK OF CROSS-SUBJECT MULTI-MODAL EMOTION RECOGNITION (%)

Fig. 4. ROC curves of the proposed method and comparison algorithms on the SEED dataset.

TABLE III
THE EXPERIMENT RESULTS OF DIFFERENT METHODS ON THE TASK OF INTRA-SUBJECT MULTI-MODAL EMOTION RECOGNITION (%)
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TABLE IV
THE EXPERIMENT RESULTS OF DIFFERENT METHODS ON THE TASK OF CROSS-SUBJECT UNIMODAL EMOTION RECOGNITION (%)

Fig. 5. The confusion matrices of our proposed method on the task of cross-
subject emotion recognition with different modalities on the SEED dataset. (a)
shows the performance of EEG modality under the cross-subject alignment
module, (b) shows the performance of eye movement modality under the
cross-subject alignment module, and (c) shows the performance of our overall
cross-subject multi-modal fusion emotion recognition model.

TABLE V
THE ABLATION STUDY RESULTS OF OUR SELF-PACED DOMAIN ADAPTATION

METHOD (%)

TABLE VI
THE ABLATION STUDY RESULTS OF OUR MULTI-MODAL FUSION

NETWORK.(%)

Fig. 6. Performance comparison of multi-modal fusion methods in the intra-
subject multi-modal setting on the SEED dataset.

Fig. 7. Performance comparison of cross-subject alignment methods in the
cross-subject unimodal setting on the SEED dataset.

adaptation method in the cross-subject alignment module works
compared to the method without cross-subject distribution align-
ment. Our method can effectively extract domain-invariant and
class-discriminative features to achieve accurate emotion clas-
sification.

B. Ablation Study

1) Validity of Self-Paced Domain Adaptation Network: To
obtain subject-independent feature representation to improve the
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Fig. 8. The T-SNE visualization of different cross-subject emotion recognition methods on the SEED dataset. (a) shows the data distribution of source-only
method without cross-subject alignment. (b)-(f) are the distributions by different cross-subject alignment methods. (g) shows the distribution generated by our
proposed self-paced adversarial domain adaptation network (SDAN) module, and (h) is the representation space of our proposed cross-subject multi-modal method.

generalization ability of the model, we perform cross-subject
alignment in (11), (12), (13). In this section, we investigate
the effectiveness of the adversarial domain adaptation network
modified by a self-paced domain selection algorithm to improve
the performance of cross-subject emotion recognition. Under
the same single-modality cross-subject experimental setting,
we respectively compare the performance of three methods,
that is source-only method without alignment, adversarial do-
main adaptation alignment without self-paced source domain
selection, and adversarial domain adaptation alignment with
self-paced source domain selection. The results are shown in
Table V. Obviously, the result of our method is better than oth-
ers, indicating the necessity of cross-subject alignment and the
ability of our self-paced adversarial domain adaptation network
to extract domain-invariant representation while preserving class
discriminative information.

2) Validity of Multi-Modal Fusion Network: Our multi-
modal fusion network can extract intra-modal and inter-modal
high-order information related to emotional patterns. The at-
tention mechanism is applied to capture potential higher-order
semantic representations in both the unimodal branch and the
cross-modal branch. The modal contrastive loss is designed to
optimize self-attention modules of two modalities to produce
modal-aligned representation. In addition, the modal matching
loss between paired samples and unpaired samples promotes the
network to mine semantic similarity between different modali-
ties. To verify the effectiveness of multi-modal fusion network,
we conducted ablation studies on different combinations of at-
tention mechanism, modal contrastive loss, and modal matching

loss, and the results are shown in Table VI. It is obvious that
the performance can be improved when any of the attention
mechanism, modal contrastive loss, and modal matching loss is
individually added to the original model.

C. Visualization

In order to verify the domain-invariant discriminative high-
er-order semantic representation generated by our proposed
method, we visualize the features learned by different cross-
subject recognition methods in Fig. 8. The representation
vectors learned from different methods are mapped into
two-dimensional space through the T-SNE method for
visualization. Compared with other cross-subject alignment
methods, the representation space of the source-only method
shows lower class discriminability and the data distribution
distance between source domains and target domain is more
obvious, as shown in Fig. 8(a). As shown in Fig. 8(b)–(f), it
is difficult to distinguish three emotion states in the feature
representation space of other comparison methods. It can be
seen in Fig. 8(g), our proposed self-paced adversarial domain
adaptation network (SDAN) on the single EEG modality can
extract domain-invariant features and retain the discriminability
of emotion states, but there is still a slight stickiness in negative
and neutral emotions. Fig. 8(h) is the final representation space
projected by our proposed cross-subject multi-modal emotion
recognition method. Compared to SDAN module in Fig. 8(g),
samples with the same emotional state are clustered together, and
samples with different emotional states show more significant
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differentiation in Fig. 8(h). It illustrates that our multi-modal
fusion network based on attention mechanism and contrastive
learning can effectively extract the higher-order semantic
information inherent between the modalities to improve the
class-discriminability of embedding representation.

VI. CONCLUSION

In this paper, we propose the cross-subject multi-modal emo-
tion recognition model, which effectively fuses the comple-
mentary information between EEG and eye movement, while
alleviating distribution drift among different subjects. First, the
self-paced adversarial domain adaptation network is designed to
capture domain-invariant features from EEG and eye movement
modalities. Second, an attention mechanism is introduced to
both cross-modal alignment and multi-modal fusion modules
for improving the intra-modal and inter-modal embedding rep-
resentations. The contrastive learning in both feature and sample
levels is applied to constrain feature encoders to extract emotion-
related higher-order semantic information. Finally, we used the
output of the softmax layer as the predicted value. Experimental
results on several multi-modal emotion datasets demonstrate that
our method outperforms other state-of-the-art emotion recog-
nition methods. In addition, the visualization illustrates our
proposed model can effectively extract the inherent correlation
among multiple modalities and generate domain-invariant and
class-discriminative representations for accurate multi-modal
emotion classification.
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