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Multimodal Discriminative Network for Emotion
Recognition Across Individuals

Minxu Liu ¥, Donghai Guan

Abstract—Multimodal emotion recognition is gaining signif-
icant attention for ability to fuse complementary information
from diverse physiological and behavioral signals, which benefits
the understanding of emotional disorders. However, challenges
arise in multimodal fusion due to uncertainties inherent in
different modalities, such as complex signal coupling and modal-
ity heterogeneity. Furthermore, the feature distribution drift
in intersubject emotion recognition hinders the generalization
ability of the method and significantly degrades performance on
new individuals. To address the above issues, we propose a cross-
subject multimodal emotion robust recognition framework that
effectively extracts subject-independent intrinsic emotional iden-
tification information from heterogeneous multimodal emotion
data. First, we develop a multichannel network with self-attention
and cross-attention mechanisms to capture modality-specific and
complementary features among different modalities, respectively.
Second, we incorporate contrastive loss into the multichannel
attention network to enhance feature extraction across different
channels, thereby facilitating the disentanglement of emotion-
specific information. Moreover, a self-expression learning-based
network layer is devised to enhance feature discriminability and
subject alignment. It aligns samples in a discriminative space
using block diagonal matrices and maps multiple individuals to
a shared subspace using a block off-diagonal matrix. Finally,
attention is used to merge multichannel features, and multilayer
perceptron is employed for classification. Experimental results
on multimodal emotion datasets confirm that our proposed
approach surpasses the current state-of-the-art in terms of
emotion recognition accuracy, with particularly significant gains
observed in the challenging cross-subject multimodal recognition
scenarios.

Index Terms—Attention mechanism, cross-subject, electroen-
cephalogram (EEG), emotion recognition, multimodal fusion.

1. INTRODUCTION

MOTIONS play a crucial role in human society, constantly
impacting individuals’ psychological states and cognitive
decision-making processes. Emotion state recognition
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technology [1], based on emotional signals such as
electroencephalogram (EEG) [2], [3], can identify subtle
emotional changes in individuals that may be key indicators of
cognitive levels. In healthcare, by tracking changes in emotional
responses over time, emotion recognition technology can also
serve as an important tool for monitoring the progress of
treatment for related brain disorders. However, because
emotions represent real-time and intricate cognitive behaviors
that exhibit variability among individuals and across different
contexts, the development of an accurate and robust emotion
recognition method continues to be a significant challenge.
Emotion recognition leverages two types of signals. Physio-
logical signals encompass EEG, electromyography (EMG), and
skin conductance response. Behavioral signals include facial
expressions, speech patterns, and eye movements (EM) [4].
EEG is extensively utilized in emotion recognition due to its
ease of acquisition and high temporal resolution [2], and various
machine learning approaches focused on EEG have been devel-
oped [3], [5], [6], [7]. Song et al. [3] proposed a dynamic graph
convolutional network (DGCNN) to extract the spatio-temporal
representation from EEG signals. Du et al. [5] developed an
attention-based multichannel LSTM (ATDD-LSTM) for emo-
tion recognition. Zhang et al. [8] proposed an attention-based
network, which synchronously obtained the global and local
temporal features of EEG. However, the reliance on single-
modal analysis in these methods may fall short of providing
a comprehensive reflection of emotional states, which could
result in potential limitations regarding accuracy and stability.
Moreover, emotional responses are known to fluctuate consid-
erably among individuals. Single-modal EEG emotion recog-
nition methods often encounter difficulties in capturing this
individual variability and in establishing a classification pattern
that can be universally applied across diverse individuals.
Beyond single-modality analysis, the integration of multi-
ple modalities usually provides a more comprehensive repre-
sentation and complementary information for emotion states.
Recently, an increasing number of studies combining EEG
with other modalities such as EM and facial expressions have
been proposed to improve the accuracy and robustness of emo-
tion recognition [9], [10]. For example, synchronized alongside
EEG and EM have proven to furnish complementary features
beneficial for emotion analysis [11]. Liu et al. [12] devel-
oped a bi-modal deep auto-encoder (BDAE) [13] using EEG
and EM modalities for emotion recognition. Wang et al. [14]
employed transformer-based encoder with attention fusion
to combine EEG and EM for improving the recognition
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Fig. 1. Main difference between existing emotion recognition methods with
the proposed method. (a) Multimodal emotion data fusion methods. (b) Cross-
subject emotion recognition with single modal data. (c) Proposed multimodal
discriminative network for cross-subject emotion recognition.

performance. Despite these advancements, the heterogeneity
and redundancy of features remain significant influencing fac-
tors in multi-modal emotion recognition. Existing methods of-
ten struggle to effectively handle noise and coupled information
within each modality, leading to variations in emotional expres-
sion and further complicating emotion computation.

In numerous real-world emotion recognition scenarios, there
is frequently a discrepancy between the different individuals.
The variability is attributed to the distinctive ways in which
individuals express emotions, leading to the same emotion
exhibiting a range of characteristics across different people.
On widely used datasets such as SJTU Emotion EEG Dataset
(SEED) [15], support vector machines (SVM) were used for
both intrasubject and cross-subject experiments, and the effect
showed a significant decline [16]. Recently, cross-subject stud-
ies based on EEG have received increasing attention [17], [18],
[19], [20]. The two-phase prototypical contrastive domain gen-
eralization framework (PCDG) [18] utilized a contrastive learn-
ing method based on prototypical representations to narrow
the representation differences between the subjects. The spatio-
temporal self-constructing graph neural network (ST-SCGNN)
[19] extracted activation and connectivity pattern features be-
tween different individuals and then combined them to leverage
their complementary emotion-related information. Contrastive
learning method for intersubject alignment (CLISA) [20] min-
imized intersubject differences by maximizing the similarity
of EEG representations when subjects receive the same emo-
tional stimuli versus different stimuli. The cross-subject set-
ting is crucial for verifying the model’s generalization capa-
bilities, yet it also poses a challenge due to the varying data
distributions among different individuals. Therefore, there is a
pressing demand for the development of innovative approach
to cross-subject multimodal emotion recognition, which not
only strives to establish a unified representational space from
disparate modalities and across individuals but also elevates the
discriminative capacity of features to improve the accuracy of
emotion recognition.

In this article, we propose a multichannel attention dual-cross
network for multimodal cross-subject emotion recognition. Our
approach effectively disentangles emotion-related information
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during the feature extraction phase and maps features across
multiple individuals into a discriminative feature space, thereby
mitigating the heterogeneity inherent in multimodal data across
different individuals. Specifically, we start by employing self-
attention and cross-attention to capture modality-specific and
complementary features, respectively, from emotion signal. Si-
multaneously, a triplet contrastive loss is devised to optimize
multichannel feature representations. Additionally, we design
a network layer based on self-expression learning to enhance
feature discriminability and subject-alignment. It utilizes class-
based block diagonal matrices to align samples in a discrim-
inative feature space and employs domain-based block off-
diagonal matrices to map multiple individuals to a common
individual space. Furthermore, we embed residual connections
within the self-expression layer to prevent gradient vanish-
ing or gradient exploding in the network. Finally, attention
mechanisms are employed to fuse multi-channel features for
extracting emotion-related features, which are then fed into
the emotion classifiers and subject classifiers constructed using
fully connected layers to achieve subject-independent emotion
classification. The main differences between the existing emo-
tion recognition strategies and our approach are shown in Fig. 1.
Fig. 1(a) demonstrates the existing multimodal emotion fusion
recognition strategy. Fig. 1(b) represents the existing cross-
subject emotion recognition strategies. These existing meth-
ods cannot be directly applied to the multimodal cross-subject
emotion recognition. Methodologically, our approach, shown in
Fig. 1(c), is specifically designed for the challenging emotion
recognition scenarios mentioned above, and it enhances the dis-
criminative power of emotion features through self-expression
module. It not only fuses the complementary information of
heterogeneous modal data but also effectively calibrates the
feature distribution across individuals, with these two processes
mutually reinforcing each other. In brief, our method offers the
following main advantages.

1) We propose a heterogeneous data fusion framework for
multimodal cross-subject emotion recognition, captur-
ing both modality-specific and complementary features
with the attention machine, effectively disentanglement
emotional information from physiological and behavioral
signals.

2) A self-expression module is introduced to enhance fea-
ture discriminability and subject alignment using a deep
learning network with block diagonal and block off-
diagonal matrices.

3) We develop an attention mechanism based on contrastive
learning to integrate key emotional features and use ad-
versarial dual-discriminators to learn subject-invariance
emotion features.

4) The experiment results on several EEG-based multi-
modal emotion datasets show that our proposed method
surpasses state-of-the-art algorithms in emotion predic-
tion, especially suitable for multimodal cross-subject
scenarios.

The structure of the article is as follows: Section Il reviews re-

lated works. Section III elaborates on the proposed method and
its optimization. Section IV presents the experimental results.
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Section V covers ablation studies and various visualizations.
Finally, Section VI provides a summary.

II. RELATED WORK
A. Multimodal Emotion Recognition

Recently, numerous multimodal emotion recognition
methodologies have been explored. Ngai et al. [21] proposed
a multibranch deep convolutional neural network, which fused
EEG, EM, and facial expressions for emotion recognition.
Huang et al.[22] applied canonical correlation analysis (CCA)
[23] to fuse EEG and facial expression in a common feature
space. Liu et al. [24] introduced a deep canonical correlation
analysis (DCCA) incorporating an attention-based feature
fusion method to enhance multi-modal emotion recognition.
Jia et al. [9] developed a heterogeneous two-stream graph
recurrent neural network for emotion classification to address
the challenge of merging spatial-spectral-temporal domain
features. Zhu et al. [25] proposed a confidence-aware fusion
network of heterogeneous signals for emotion recognition,
with a focus on systematically modeling uncertainty in fusion
and capturing dynamic variations. Liu et al. [26] developed
a multimodal mixed network for emotion recognition to use
modal auxiliary tasks to achieve modal integration. Despite
the progress in multimodal fusion techniques, challenges
such as modal heterogeneity and pervasive noise within
modalities continue to constrain the performance of emotion
classification. In this article, we propose a robust emotion
recognition network capable of simultaneously conducting
modal representation alignment and multimodal fusion.

B. Unsupervised Domain Adaptation

The feature of source domain and target domain have differ-
ent distributions for cross-subject emotion recognition, and it
is necessary to utilize domain adaptation methods to alleviate
gap to enhance recognition performance. For instance, transfer
component analysis (TCA) [27] maps the features of different
domains into a reproducing kernel Hilbert space (RKHS), re-
ducing the distribution distance between the source domains
and target domains. Gratton et al. [28] embed maximum mean
discrepancy (MMD) [28] into neural networks as a metric for
the distance between two domains, ensuring the similarity of
distributions in a high-dimensional common projection space.
Then, the adversarial-based domain adaptation mainly lever-
ages the principles of generative adversarial networks (GANSs),
where the generator and discriminator adversarially generate
sample features that possess both class discriminability and
domain invariance simultaneously. The objective of model is
learned with the minimization of the following loss function:

i Le(y, Gy(G5(X))) = B+ La(d, Ga(Gy(X))) (D
Gys
where X is input data, L. is classifier, £4 is domain classi-
fier, G is feature generator, G, and G4 are encoder of class-
related feature and domain-related feature, S is regularization
parameters, and y is class label and d is domain label. For
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example, Zhao et al. [29] developed multisource domain adver-
sarial networks (MDAN), which optimized task-adaptive gen-
eralization bounds to deal with multisource domain adaptation.
Pei et al. [30] proposed an uncertainty-induced transferability
representation (UTR), which analyze channel transferability by
source encoder uncertainty in unsupervised domain adaptive
task. It is worth mentioning that these methods primarily fo-
cus on the calibration of distributions between different data
domains, while neglecting the enhancement of feature discrim-
inability. Motivated by adversarial-based domain adaptation
[31], we develop a self-expression block constrain based to
effectively alleviate the domain distribution difference across
individuals while preserving emotion-related discriminability
of classification features.

C. Multimodal and Cross-Subject Emotion Recognition

Many studies focus on multimodal emotion recognition and
cross-subject emotion recognition. Recently, several methods
have been proposed for learning subject-invariant emotional
feature representations from multimodal data. However, the
combination of these two tasks is not a simple overlay. For
example, the distributional differences in cross-modality and
cross-subject scenarios are multiplicatively amplified when
combined. Gong et al. [32] proposed a multimodal emotion
recognition model (CiABL), which synchronously aligned the
features of two modalities in both source and target domains,
and employs weighted representation distribution alignment to
align both marginal and conditional probabilities simultane-
ously. Magdiel et al. [33] proposed the CFDA-CSF method for
cross-subject emotion recognition using EEG and EM signals,
which improved performance by aligning features both coarsely
and finely and encouraging interclass separation by placing
decision boundaries in low-density regions of the target domain.
Chen et al. [34] introduced a comprehensive multisource learn-
ing network (CMSLNet), aligning multimodal features using a
Huber loss-based consistency metric and fusing heterogeneous
multimodal data through attention-based low-rank multimodal
fusion in cross-subject emotion recognition. These approaches
account for modality-specific differences across subjects when
aligning heterogeneous multimodal data from multiple domains
during the alignment phase. Our method, not only captures
the relationships between different modalities during feature
extraction but also enhances complementarity by emphasizing
modality-specific characteristics. Through the self-expression
module, our approach progressively integrates feature align-
ment into each layer of the feature extractor, achieving stepwise
multimodal and cross-subject distribution alignment.

III. PROPOSED METHOD

In this section, we introduce our proposed multimodal cross-
subject discriminative network, and the architecture of the pro-
posed framework is shown in Fig. 2. The proposed method
consists of four modules: multichannel feature embedding
module, self-expression feature alignment module, contrastive-
based modal fusion module, and classification module. The
multichannel feature embedding module disentangles EEG and
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Fig. 2.

Model architecture of the proposed multimodal cross-subject emotion recognition method comprises four modules: (a) multichannel feature embedding

module, which includes (b) and (c) to extract emotion features from multimodal signals; (b) self-expression feature alignment module, embedded within the
attention network, which enhances subject representation invariance and class discriminability; (c) contrastive-based modal fusion module, which fuses
multichannel multimodal features; and (d) classification module, which uses a dual-discriminator structure to extract subject-invariant emotional features.

EM signals into modality-specific features and complementary
features. The self-expression feature alignment module embeds
a self-expression module in each layer of the attention net-
work to align features into discriminative feature space. The
contrastive learning-based multimodal feature fusion module
further optimizes disentanglement using contrastive loss and in-
tegrates modal features from multiple channels using attention.
Finally, emotion classification loss and subject discrimination
loss are utilized to optimize features, further extracting subject-
invariant emotion-related features.

A. Multichannel Feature Embedding Module

The model takes EEG and EM as input. We define the EEG
as Dgpg € RVXG1XT1 and the EM as Dpy € RV*C2xT2,
where N is sample number in a batch, {C;,C5} is channels
number of EEG and EM samples, and {T7,T%} is sample
length of EEG and EM. N € {Ng, Nr} is the sample number
which includes source domains and target domain, denoting
D = [Dsource, Dtarget]- A linear layer is utilized to transform
the dimensions of the two modalities into feature space with
same dimensionality as A € RV*T and B € RVXT,

We feed A and B into a multihead self-attention layer to
extract modality-specific features. In the self-attention layer,
queries (Q), keys (K), and values (V') for both modalities are
computed using distinct linear projections

Ka=AWYE Qa=AWS Va=AWY
Kp=BWE,Qz=BWZ, Vg = BW)Y )

where Wi, Wg, Wy, are the parameter matrices utilized to
generate keys, queries, and values. We determine the attention
coefficients between brain regions by computing the scaled
dot-product correlation between ) and K. These coefficients
are then passed through the SoftMax function to obtain the
attention weights. The final feature matrix with self-attention
is produced by multiplying these attention weights by V'

QuKY"
Vi
PLOEARE

where fi € RVXT and f4 € RV*T are the learned feature

of EEG and EM after passing the self-attention layer, respec-
tively, selfAtt() denotes self-attention computing, and d is the
normalization hyperparameter that d; =dy =T. We employ

h heads for self-attention and each head can be denoted by

[ =selfAtt(Q?, K%, V). Then, the output of the multihead

self-attention is

fx = IEI-IFOW + X 4)

where h is the number of heads in self-attention layer, W is
a linear transformation, || denotes the concatenation operation,
and X € {A, B} is a set of EEG or EM features. The equa-
tion combines the outputs of multiple attention heads, and ob-
tains representation applied a linear transformation and residual
connection.

f4 = selfAtt(QY, K'Yy, Vi) = softmax Vi

[ =selfAtt(Q', Kk, V) = softmax
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Fig. 3.

Diagram of the proposed self-expression feature alignment module. Feature alignment is achieved by training two self-expression matrices: the block

diagonal matrix M and the block off-diagonal matrix U. After passing through the attention encoder, the EEG and EM features of different subjects achieve

enhanced class discrimination and subject invariance.

To disentangle the complementary features from the two
modalities, we use cross-attention to perform cross-modal fea-
ture extraction. Compared with the calculation formula of self-
attention in (3), cross-attention replaces the K and V' of both
EEG and EM with the other modality

i i T
i = crossAtt(Q? ,Ki 7V" — goftmax | XB=B_ | ¢
9ga (@B, Kp, Vi) X i A
gi :crossAtt(Qi K Vi):softmax M Vi
B ArfYA» VB \/672 B
5

where g%, € RV*T and gt € RVXT are the new feature maps
of EEG and EM after passing through the cross-attention layer,
crossAtt() denotes cross-attention computing, and the other pa-
rameters are consistent with the self-attention layer. The output
of multihead cross-attention as follows:

gx = (gxllgxl---lg%)W + X. (6)

B. Self-Expression Feature Alignment Module

Self-expression learning aims to represent a given sample
using other samples, which optimizes features by constraining
the difference between the features before and after the self-
expression multiplication. We apply a set of learnable block
diagonal matrices and a block off-diagonal matrix to represent
the samples and propose two paradigms of self-expression.

1) Class Self-Expression: Achieved through a sparse block-

diagonal matrix, it captures the category-discriminative
representations within samples of the same emotion
category.
Domain Self-Expression: Achieved through a block off-
diagonal matrix, it models the relationships between fea-
tures across different subjects, ensuring that the feature
distribution of any subject can be represented by oth-
ers, thus facilitating cross-subject alignment between the
training and testing subjects.

2)

To equip the model with both cross-modal alignment and
cross-subject alignment, as depicted in Fig. 3, we propose a
stepwise self-expression module. This layer can be embedded
within each network to achieve two objectives simultaneously:
1) aligning same-category samples and eliminating noise of
data; and 2) reducing differences across multiple domains in
multimodal data.

The first self-expression module utilizes sparse block-
diagonal matrices to promote the generation of compact, effi-
cient representations corresponding to different categories, en-
hancing intraclass clustering. We introduce the self-expression
coefficient matrix M € RVs*Ns ag a diagonal block matrix,
which facilitates preliminary sample alignment. After passing
through this module, the process and constraints are as follows:

Y = RecoverSort(M - Sort (X, ls))

X =Y, s.t.diag(M) =0 @)

where X € {fa,94, fB,95} is the input of self-expression
layer, [ is emotion category label of source subjects, Sort(-) is
function to sort samples by emotion label, and RecoverSort(-)
is function to restore the sample ordering before sorting.

The diagonal-block structure emerges in self-expression co-
efficients and each diagonal block corresponding to the cor-
responding category. To prevent trivial solutions and suppress
mutual representation among different categories, we propose
out-of-class mask matrix Q € RVs*Ns a5

1n1><n1 0

Q=1nxN— +Enxy  (8)

0 e 1nc><nC

where n;, 7 = 1 : c is the number of samples of class ¢. The self-
expression and the diagonal-block constraint of M constitute
the loss function of the self-expression layer

2 2 2
Lex—class = ”MHF + M Z ||MX - X”F +X[QO MHF

i=1
©)
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where A1, Ay are regularization parameters, || - ||2F denotes the
matrix Frobenius norm, and ® indicates the Hadamard product.
In this equation, the first term prevents overfitting, the second
term encourages M to obtain the self-expression ability, and
the third term enhances the discriminative capability of M
by minimizing the diagonal coefficients and out-of-class self-
expression coefficients.

For the distribution difference between the target domain
and the source domain, this article proposes utilizing self-
expression module to introduce confusion among subjects. We
assume that each subject can be constructed as a weighted
combination of distributions from other subjects

d
Xk<—ZAik'Xi

i=1

(10)

where X, represents the kth subject, d is the number of subjects
in X, and A;; denotes the weight. Based on this assumption,
we aim at using self-expression coefficient matrix U to closely
approximate an block off-diagonal matrix, and the form of out-
of-class mask matrix K € RV*N ag

]-n1><n1 0

K= (11)

0 v lpyxng

where n; represents the number of samples in each subject. We
combine the source and target domains as inputs of the self-
expression layer, i.e., X = (Xsource || Xtarget ), Where Xource is
Y in (7). We process self-expression operation as follows:

Y = RecoverSort(U - Sort(X, lgomain))

X =Y, s.t.diag(U) =0 (12)

where [qomain 1S the subjects label of X, and U is the second
self-expression coefficient matrix that U € RV XN The self-
expression and its diagonal-block constraint constitute the loss

Lex—domain = ”UH% + A3 Z ||UX - X“i“ + >‘4||K © UH??
i=1

13)

where A3, \4 are regularization parameters. Equations (9) and
(13) represent intraclass alignment and subject distribution
alignment, respectively, which complement each other and gen-
erate a discriminative feature space of multiple subjects. Each
layer of the self-expression layer contains two consecutive self-
expression processes. The former can eliminate differences be-
tween samples of the same type in multiple source domains. The
latter can transfer the generalization from source domains to tar-
get domain, enabling the model to learn the feature distribution
of the target domain. The loss function of the self-expression
layer is formulated as follows:

‘Cselffexpression = £exfclass + Aoﬁexfdomain (14)
where \q is hyperparameter to adjust weights of Lex—domain- In
the test stage, the model will skip the self-expression module.
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Fig. 4. Feature disentanglement network extracts high-dimensional features
through the multichannel attention network with contrastive loss.

C. Contrastive-Based Multimodal Fusion

As shown in Fig. 4, through multimodal feature embedding
and self-expression module, two modalities A and B obtain four
features: fa, ga, fB, and gp, where f4 and fp epresents the
modality-specific features of EEG and EM, g 4 and gp represent
the complementary features. For the aforementioned features,
we utilize contrastive learning for further disentanglement. In
each modality, since its mode-specific features and complemen-
tary features are derived from the same modality, we use the
distance function to narrow their distance in the feature space.
However, for the two sets of complementary features produced
by the cross-attention shared by the two modalities, we need
to increase their distance in the feature space. Since there are
both positive and negative samples, we employ Triplet loss to
constrain the feature contrast distance

Lr(z, 2", 27) =max (D(z*,2) — D(z ™, z) + m,0) (15)

where D(-,-) represents the Jensen-Shannon distance, z™ is
the feature that needs to be pulled closer to anchor z in their
feature distance, ™~ needs to be pulled farther from z, and m is
boundary parameter. Therefore, we set the corresponding two
sample pairs (z, 27, z7) for contrastive learning
Lc = Lr(fa,94,98) + L1(fB, 98, 94)- (16)
Moreover, for the features f and g through contrastive learn-
ing, we employs attention mechanisms to fuse them. Atten-
tion mechanisms enable the model to automatically learn the
weights of features, emphasizing information that is more
relevant to current task during the fusion process. The final
emotion-related features for classification by

Z=(a1fa+ (1 —ai)ga)ll(aefp+ (1 —az)gp) (17)

where o1 and oo denote the attention weights of EEG and EM
signals, when combining the modality-specific and complemen-
tary features.
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D. Classification Module

The model adopts an adversarial network architecture to fur-
ther generate emotion-related features with subject invariance.
Following the extraction of emotion feature, a domain discrim-
inator and an emotion discriminator are integrated to obtain
Leclass and Lgomain- A gradient reversal layer (GRL) is utilized
before the domain discriminator to ensure adversarial train-
ing, compelling shallow encoders to generate domain-invariant
representations. The classification module is implemented by
minimizing the following loss functions:

Lce(y,p) = —ylogp — (1 —y)log(1 — p) 18)

where y is the ground-truth label, and p is the predicted value.
Consequently, Leiass = Lor (Y2, Cetass(2)) and Ldomain =
ECE(ydomain7 GRL(Cdomain(Z))) where Cvclass and Cdomain
are the classifiers for emotion labels and subject labels, respec-
tively. The overall model is then optimized with the following
objective function:

L= Eclass + /J‘Cdomain + )\‘Cselffexpression + OéLCL (]9)

where u, A, and « are hyperparameters to adjust the weights of
‘Cdomain’ Lselffexpression and ECL-

IV. EXPERIMENT

A. Data Materials and Preprocessing

We conducted the experiments on four emotion datasets
to evaluate our proposed method: SEED [15], SEED-IV [4],
SEED-V [35], and emotion analysis using physiological signals
(DEAP) [36]. SEED, SEED-1V, and SEED-V are multimodal
datasets with EEG and EM signals, while DEAP includes EEG
and EOG signals. A summary description of dataset is shown
in Table L.

SEED: This dataset is collected using the 62-channel ESI
NeuroScan system and SMI eye-tracking glasses from twelve
Chinese subjects who participated in an emotion elicitation
experiment. Fifteen Chinese movie clips were used to induce
positive, neutral, and negative three emotional categories, which
lasted approximately 4 min for one experiment. A total of three
sessions were recorded at different times.

SEED-IV: This dataset is collected from 15 subjects who
watched 24 movie clips, each viewed three sessions at different
times. One session of each subject contains 24 EEG trials, and
the movie clips were selected to evoke happy, sad, fear, and
neutral four emotional categories.

SEED-V: This dataset is collected from 16 subjects while
they watched 15 video clips designed to induce happy, sad, neu-
tral, fear, and disgusted five emotional categories. All subjects
participated in three different sessions in three days, resulting
in a total of 15 trials.

DEAP: This dataset is collected from 32 subjects while they
watched 40 1-min video clips. All participants rated each video
on a 1-9 scale with the indicators, i.e., arousal and valence.

We utilized the precomputed EEG and EM features available
from the SEED, SEED-IV, and SEED-V datasets. Initially, the
EEG raw data were downsampled from 1000 to 200 Hz. Next,
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TABLE I
SUMMARY OF DATASETS
SEED SEED-IV SEED-V DEAP
Statistics
EEG EM EEG EM EEG EM EEG EOG
Features/sample 310 33 310 31 310 33 128 256
Num. trails 540 1080 1080 1280
Num. samples 30312 37425 29168 76 800
Num. subject 12 15 16 32
Num. categories 3 4 5 2

Note: Raw data points/trail means the average number of original data
within a trail. Features/sample means the final extracted feature dimen-
sions of a sample.

differential entropy (DE) features were extracted using the short
time Fourier transform (STFT) with a 4-s time window and
no overlap, focusing on five specific frequency bands: § (1-
4 Hz), 0 (4-8 Hz), o (8-14 Hz), 8 (14-31 Hz), and ~ (31-50
Hz). The linear dynamic system (LDS) was used to eliminate
the noise and artifacts for feature smoothing. Each EEG trial
consists of 310 dimensions, derived from 62 channels across
five frequency bands. Regarding EM, SMI BeGaze was used
for feature extraction, which included 33 distinct EM features
such as dispersion and other eye movement events. For all
three datasets, we applied the standardization in EEG and EM
features to extract initial features as the input of our method.
For the DEAP dataset, we utilized 32-channel EEG and two-
channel EOG signals for the experiment, and the dimensions
of valence, and arousal were chosen as emotion assessment
criteria. We downsample the EEG and EOG data from 512 to
128 Hz, and a 1 s nonoverlapping time window was imple-
mented to generate samples. The power spectral density (PSD)
features were extracted from precomputed EEG signals, and
precomputed EOG is directly used as the eye-related features.

B. Experimental Settings and Comparison Methods

We experimentally validated the superiority of our proposed
method in the cross-subject multimodal emotion recognition
task. Beside, we conducted two additional tasks: intrasubject
multimodal recognition and cross-subject unimodal recogni-
tion, to separately verify the effectiveness of our method in
multimodal fusion and cross-subject alignment tasks.

1) Intrasubject Multimodal Setting: In this setting for SEED,
SEED-IV, and SEED-V datasets, we divide the data of the
first 60% trials into the training set and the remaining trials
into the test set for each subject. For the DEAP dataset, 10-
fold cross-validation is adopted. Specifically, we divide the
samples of each subject into 10 subsets of equal size, using
one subset as the test set and the other 9 as the training set in
each fold. For our proposed method, we apply only the class
self-expression paradigm, which aligns features at the category
level to ensure consistent representation of samples within the
same emotion category. The comparison includes MKL [37],
CCA [23], KCCA [38], DCCA [39], DCCA-AM [24], BDAE
[12], TMVC [40], ETF [14], MAET [41], MDDF [42], and
CAFNet [25].

2) Cross-Subject Unimodal Setting: In this setting, we
adopted the leave-one-subject-out experimental method in all
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datasets. We utilize the single EEG modality of the source
and target domains to perform our proposed method. For each
subject in datasets, we use his/her EEG data from all trials
as target samples, and the EEG data of the rest subjects as
source samples. The average results of all subjects are recorded.
The comparison includes TCA [27], KPCA [43], MMD [28],
DAN [44], DANN [45], MADA [46], MDAN [29], DSAN [47],
RSDA [48], FSA-TSP [49], DS-AGC [50], and BCJDA [51].

3) Cross-Subject Multimodal Setting: In this setting, a leave-
one-subject-out cross-validation scheme is adopted to validate
our overall model. For each subject of SEED, SEED-IV, and
SEED-V datasets, we use the last 40% of his/her samples with
EEG and EM modalities as target domain, and the first 60% of
the multimodal data of the remaining subjects as source domain,
which avoids the problem of repetitive stimuli in the training
set and the test set on the basis of the reserve-one test method.
For DEAP dataset, the leave-one-subject-out cross-validation
strategy to validate our method. We selected some methods
with relatively good performance in above two settings as the
comparison methods. Additionally, CFDA-CSF [33], CiABL
[32], MMDA [52], and CAFNet [25] are also included as the
comparison methods in this experimental setting.

C. Implementation Details

Our proposed method is implemented in the public toolbox
Pytorch, and all experiments were conducted with the NVIDIA
GTX 3090 4-GPU. For the hyperparameters of the proposed
model in all experiments, the number of attention layers of the
multichannel feature extractor is set to 3, the dimensionality of
the representation is set in the range of {128, 256, 512}, the
dropout of self-attention and cross-attention feature extractor
is set to 0.5, { Ao, A1, A2, Az, Ag} is set to {0.8, 0.5, 1, 0.5, 1},
the boundary parameter m is set to 1.5, and the hyperparameters
{1, A, a} to adjust the weights of loss in (19) is set to {0.5, 0.8,
0.4}. During training, the model is trained using the Adaptive
Moment Estimation (ADAM) optimizer with a batch size of
{24, 32, 40, 32} in SEED, SEED-1V, SEED-V, and DEAP
datasets, respectively, the learning rate is set to 5e~2, and the
grid search is adopted to find the optimal parameter combina-
tion for accuracy. Our code is available at https://github.com/
xbrainnet/DCDNet.

D. Classification Performance on Emotion Recognition

The classification performance of our proposed method
across three distinct scenarios, along with comparative results
to other methods, is presented in Tables II-IV for the SEED,
SEED-1V, SEED-V, and DEAP datasets, respectively, with val-
ues representing the mean/standard deviation for both accuracy,
macro-F1, and F1 scores. As observed in Table II, our method
surpasses all others in the intrasubject multimodal setting, with
average accuracies of 91.79%, 89.94%, and 83.11% on the
SEED, SEED-IV, and SEED-V datasets, respectively, while
also achieving the highest Macro-F1 score. For the DEAP
dataset, our proposed method achieves accuracies of 97.16%
and 97.04% in the valence and arousal dimensions, respec-
tively. These results highlight the effectiveness of our method
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in integrating multimodal heterogeneous emotional data by ex-
tracting both distinct and complementary features from various
modalities. This can be attributed to the multichannel attention
network’s ability to disentangle modal-specific and comple-
mentary features from multimodal signals, enhancing modality
fusion through contrastive learning. The block diagonal ma-
trix in the self-expression module will not only enhance the
similarity between samples of the same emotion category but
also expand the discriminability of representation. Table III
reveals that our method also excels in the cross-subject uni-
modal setting, due to the two-step alignment provided by the
self-expression module, which enhances both subject alignment
and discriminative feature representation. This demonstrates
that our proposed self-expression module improves the class
discriminability and subject invariance of the representations
by enabling mutual representation among samples of the same
class. Furthermore, the results presented in Table IV reveal
that our method achieves the most distinguished recognition
performance in cross-subject multimodal scenarios. This set-
ting is particularly challenging and is a common occurrence
in real-world applications, with our method leading in both
accuracy and Macro-F1 scores. The efficacy of our method may
be due to its concurrent handling of subject alignment and the
amalgamation of heterogeneous data for the cross-subject mul-
timodal emotion recognition task. Through the self-expression
module embedded in the multichannel attention network, the
multi-modal representation of emotion categories on different
subjects is aligned. By contrastive learning, the interaction and
fusion of multimodal representations are promoted, and the
complementary connections are constructed while the modal
heterogeneity is eliminated.

E. Feature Visualization

To verify the discriminability of the features, we use
T-SNE to visualize the learned features for various methods, as
illustrated in Fig. 5(f). Fig. 5(a) and 5(b) displays the T-SNE
visualizations of the original EEG and EM features, respec-
tively. From Fig. 5(c)-Fig. 5(e), the T-SNE visualizations are
presented for the features after the fusion of the two modalities
and subject calibration, respectively, showcasing the compari-
son methods and our approach. We visualize the features based
on emotion labels and subject labels in the two rows of Fig.
5, respectively. It is evident that the original features shown in
Fig. 5(a) and 5(b), whether EEG or EM signals, exhibit mixed
distribution in categories but show clearer separations across
individuals. The results indicate that our method can effectively
differentiate between emotion categories. Using block diagonal
matrices, we achieve cohesion of features within the same class,
while the features exhibit similar distributions across different
individuals. Specifically, all the three comparison methods em-
ploy the segregated strategy to multimodal fusion and subject
alignment. While these approaches can enhance the separa-
bility of emotion categories, its classification performance is
markedly inferior to that of our method. Our proposed approach
demonstrates higher cohesion among samples within the same
emotion class, more distinct boundaries between samples from
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TABLE I
COMPARISONS OF DIFFERENT MULTIMODAL FUSION (MF) METHODS ON THE TASK OF INTRASUBJECT MULTIMODAL EMOTION RECOGNITION (%)

SEED SEED-1IV SEED-V DEAP(Valence) DEAP(Arousal)
MF-Method
Accuracy Macro-F1 Accuracy Macro-F1 Accuracy Macro-F1 Accuracy F1 Accuracy F1
MKL 75.81/13.76  76.78/15.25  73.43/1523  70.08/17.61  69.62/17.25  64.59/17.62  72.36/07.51  72.85/07.71  73.74/05.26 ~ 74.29/11.12
CCA 68.90/09.71  71.13/10.66  67.15/13.75  68.68/13.26  60.37/14.53  59.31/11.26  83.82/06.46  85.39/05.56  84.48/05.87  83.36/05.71

KCCA 76.75/09.46  75.39/10.42  71.52/12.72  67.71/13.59  66.61/13.16 ~ 62.62/13.09  84.10/04.64  84.78/05.66 ~ 84.12/05.41  85.63/06.34
DCCA 87.38/08.12  87.21/08.76  76.25/11.97  73.18/10.61  70.14/12.12  68.72/12.82  84.73/07.35  83.76/05.12  85.60/07.75  85.36/06.02
DCCA-AM  91.07/07.68  90.79/08.63  83.12/10.36  83.93/12.20  75.61/10.93  73.28/10.03  89.52/07.72  90.71/06.85  90.13/07.64  89.83/06.55
BDAE 88.24/08.93  88.05/09.07  84.86/12.02  82.68/11.68  80.07/06.61  77.49/07.12  91.93/06.53  91.42/05.25  92.32/06.09  92.11/05.93
T™MVC 81.75/08.26  79.51/09.60  73.45/11.46  71.70/12.23  68.86/13.93  65.04/13.30  86.74/06.59  85.36/07.45  89.21/04.98  90.47/05.22
ETF 84.34/08.77  88.08/10.79  79.02/10.76  81.22/11.78  70.26/10.43  67.91/11.03  87.28/05.01  88.46/05.44  86.41/06.61  87.11/06.53
MAET 88.88/08.54  88.79/08.59  83.21/09.93  81.49/11.11  80.63/08.91  78.51/09.72  92.62/05.93  93.31/04.88 ~ 92.11/04.68  92.88/05.27
MDDF 90.13/09.69  90.92/09.21  82.49/10.97  80.68/09.23  81.02/09.85  80.80/10.90  93.15/04.51  94.14/04.21  93.62/04.12  94.23/04.58
CAFNet 91.33/07.86  90.97/08.13  89.16/07.44  88.03/08.49  82.35/09.66  82.87/10.73  95.25/03.84  94.50/03.97  94.89/03.07  95.55/03.30

Oursyp 91.79/07.02  91.04/07.86  89.94/06.76  88.84/08.80  83.11/09.26  82.43/10.42  97.16/02.16  98.35/01.86  97.04/02.31  96.98/01.88

Note: The bold entries indicate the best result among all methods.

TABLE III
COMPARISONS OF DIFFERENT CROSS-SUBJECT (CS) METHODS ON THE TASK OF CROSS-SUBJECT UNIMODAL EMOTION RECOGNITION (%)

CS-Method SEED SEED-1V SEED-V DEAP(Valence) DEAP(Arousal)
-Metho
Accuracy Macro-F1 Accuracy Macro-F1 Accuracy Macro-F1 Accuracy Fl1 Accuracy Fl1
SO 64.09/12.24  70.52/11.73  63.26/14.53  60.28/10.61  52.19/14.74  50.38/15.89  51.36/05.12  52.61/07.81  52.64/06.85  53.18/08.02
TCA 73.47/11.46  74.78/12.31  66.43/11.63  67.09/11.89  58.63/14.35  53.21/13.23  52.51/08.26 ~ 53.75/11.81  54.09/09.14  54.98/10.76

KPCA 75.99/12.06  77.38/13.42  65.90/10.37  66.87/11.11  57.16/13.87  56.94/13.01  52.73/07.69  53.13/09.22  53.34/08.48  54.36/08.40
MMD 84.96/10.96  83.97/09.89  77.49/08.20  78.04/08.80  75.76/09.70  71.31/10.12  56.22/08.64  57.63/10.59  58.82/13.34  59.08/12.16
DAN 82.39/09.07  81.18/09.85  74.24/10.05  75.82/09.32  76.39/11.32  74.27/12.37  54.87/07.51 = 56.70/08.81  56.31/09.56  57.34/10.03
DANN 86.23/07.97  85.59/07.85  81.24/07.44  83.63/08.48  77.93/11.48  75.38/11.16  59.26/06.33  59.15/07.47  61.43/10.18  63.35/11.64
MADA 83.32/08.59  84.00/09.07  72.34/09.11  73.51/08.78  70.57/10.07  69.21/11.43  57.42/07.29  56.70/08.12  58.93/11.75  58.76/13.28
MDAN 82.47/10.38  83.31/10.36  72.48/07.78  74.10/08.20  69.50/10.71  66.69/10.09  57.33/08.03  58.23/09.68  57.98/10.36  59.35/12.73
DSAN 81.13/09.69  80.72/09.21  76.49/10.97  75.69/09.23  78.01/11.34  76.78/12.65  60.24/07.67  61.76/09.64  61.38/09.89  62.14/11.41
RSDA 83.52/08.70  82.50/09.64  82.49/11.13  80.68/09.83  77.24/10.72  77.03/10.15  61.53/07.93  62.15/08.47  62.43/10.18  63.35/11.64
FSA-TSP 91.79/07.50  91.76/07.54  85.45/09.81  85.33/09.22 -
DS-AGC 87.37/06.19 - 66.00/07.93 - 59.40/09.99 - - - - -
BCIDA 90.25/07.27  90.89/08.02  81.40/08.51  81.72/07.96  78.05/11.45  77.64/11.59  62.98/06.38  62.10/08.92  64.32/09.15  64.19/11.42

Ourscs 92.52/07.13  93.10/07.47  85.63/07.54 84.87/07.32  80.63/09.43  79.14/10.17  65.16/05.38  64.75/09.43  66.31/08.60  65.72/10.42

Note: The bold entries indicate the best result among all methods.

TABLE IV
COMPARISON OF DIFFERENT COMBINATORIAL METHODS ON THE TASK OF CROSS-SUBJECT MULTIMODAL EMOTION RECOGNITION (%)

SEED SEED-1V SEED-V DEAP(Valence) DEAP(Arousal)
MF-Method ~ CS-Method
Accuracy Macro-F1 Accuracy Macro-F1 Accuracy Macro-F1 Accuracy F1 Accuracy F1
TCA 74.52/10.62  75.62/10.36  61.52/09.96  62.72/10.57  66.13/17.96  64.35/16.79  56.13/09.57  61.19/11.82  57.03/07.46  59.46/13.05

MMD 72.33/12.63  73.08/18.85  68.53/09.05  66.87/08.29  73.66/15.12  71.09/16.41  62.13/08.34  64.19/10.71  63.03/09.77  64.46/14.28

Keea MDAN 77.52/10.52  78.52/10.63  76.69/07.26  76.71/07.71  71.50/14.71  70.69/15.09  61.84/08.08  63.78/11.69  61.78/10.19  64.51/12.70

DANN 76.82/11.66  77.10/11.05  75.92/08.16  76.94/08.10  74.46/15.75  74.66/14.53  63.86/07.57  65.05/11.49  63.19/09.89  65.58/11.87

TCA 78.47/11.81  80.01/10.55  75.32/1590  74.12/15.49  58.72/10.61  56.64/10.51  59.73/12.65  63.08/10.65  62.21/08.88  61.05/13.63

DCCA MMD 72.33/12.63  73.08/18.85  68.53/09.05  66.87/08.29  73.66/15.12  71.09/16.41  65.70/07.41  67.37/10.30  64.47/09.71  66.98/12.07

MDAN 77.52/10.52  78.52/10.63  76.69/07.26  76.71/07.71  71.50/14.71 ~ 70.69/15.09  64.18/08.53  65.39/11.56  63.29/10.40  64.65/13.65

DANN 76.82/11.66  77.10/11.05  75.92/08.16  76.94/08.10  74.46/15.75  74.66/14.53  66.29/09.17  68.64/09.64  67.11/09.38  66.72/12.34

TCA 80.26/10.89  81.23/11.08  67.45/13.01  67.02/14.85  70.38/11.35  71.32/11.08 ~ 59.50/11.41  63.65/10.06 ~ 64.83/09.16  67.45/12.59

MDDF MMD 90.77/06.03  89.83/07.13  83.72/08.94  85.06/08.87  77.23/12.50 = 78.35/14.24  68.53/06.94  69.19/09.65  67.73/10.37  68.62/11.51

MDAN 90.89/06.56  91.92/07.77  79.10/06.84  80.24/07.35  78.74/14.05  77.38/13.57  67.74/09.45  68.60/10.89  65.56/11.75  67.10/13.52

DANN 91.50/07.29  91.32/08.05  84.02/07.80  83.98/06.92  82.53/13.35  83.23/12.50  68.15/08.77  68.97/11.08  68.85/09.72  69.75/11.44

TCA 75.14/10.92  76.33/10.02  62.90/08.81  64.07/09.63  69.23/14.95  70.09/15.78  58.51/11.19  62.56/12.27  62.05/09.57  62.42/12.50

RSDA MMD 81.08/10.63  81.79/11.83  78.89/08.72  78.09/09.24  75.34/13.28  76.53/14.35 67.91/07.21  68.61/11.70 ~ 68.41/11.76  67.32/11.98

MDAN 83.43/09.81  82.23/10.12  79.72/07.72  79.34/09.05  76.27/14.27  77.23/15.07  67.24/08.33  67.90/11.02  66.75/12.50  66.92/13.19

DANN 82.90/09.62  83.82/10.61  80.25/06.82  81.04/07.82  81.78/12.10  82.23/13.64  68.02/09.34  69.59/09.63  69.31/10.56  68.53/12.16
CFDA-CSF 90.47/05.08  90.37/05.18  80.63/06.14  80.38/06.16  84.89/11.30  84.42/11.55 - - - -
CiABL 64.79/12.86  75.03/10.88  61.00/12.84  74.02/08.72  73.19/07.55  83.40/04.70 - - - -
MMDA 94.82/02.41  94.75/02.41  85.54/08.11  85.28/08.05  86.77/10.32  86.56/10.42 - - - -

CAFNet 92.62/07.03  92.21/07.82  86.14/07.34  85.25/06.50  85.76/11.21  86.65/10.66 ~ 72.22/06.68  71.81/08.08  70.69/08.94  76.83/10.31

Ours 94.93/05.75  94.95/06.96  89.31/06.53  90.96/05.70  88.76/09.16  90.09/07.51  73.51/06.32  72.87/08.17 73.63/08.18  75.05/09.62

Note: The bold entries indicate the best result among all methods.
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Fig. 5. T-SNE visualization for the features learned by different methods on SEED dataset under the multimodal cross-subject experimental setting. The

first row shows the representation distribution with emotion labels, while the second row shows representation distribution with subjects (source and target)
labels. (a) Original EEG. (b) Original EM. (c) DCCA + MMD. (d) DCCA + DANN. (e) MDDF + DANN. (f) Ours.

TABLE V
ABLATION STUDY FOR CROSS-SUBJECT MULTIMODAL CLASSIFICATION PERFORMANCE (MEAN/STD) (%)

Method SEED SEED-IV SEED-V DEAP(Valence) DEAP(Arousal)

CFD SE Lco Accuracy Macro-F1 Accuracy Macro-F1 Accuracy Macro-F1 Accuracy F1 Accuracy F1
X X X 83.50/09.01  81.03/08.56  71.24/10.12  70.78/09.65  70.89/09.85  70.12/09.47  63.41/07.83  62.15/08.92  64.33/07.45  63.50/09.33
v X X 90.33/07.50  89.80/07.97  85.74/07.24  84.93/07.87  83.65/09.14  82.89/08.92  69.73/08.04  68.89/07.55  68.55/08.63  69.20/08.79
X 4 X 86.72/07.33  87.87/08.19  80.92/09.02  80.15/09.13  78.46/09.86  77.78/08.95  66.22/06.94  65.01/08.11  65.03/07.66  64.89/08.23
X X N4 85.40/08.97  85.22/08.50  78.85/08.91  78.10/09.25  76.34/09.78  75.89/09.18  64.87/07.02  64.13/08.43  63.72/08.15  63.59/08.86
4 v X 91.44/06.75  92.67/07.21  88.03/06.59  88.55/07.04  86.72/08.94  87.03/08.85  72.15/06.63  71.89/07.54  71.45/07.91  71.62/08.04
v X Vv 90.76/06.81  91.53/08.05  86.91/07.01  87.23/07.92  85.12/08.96  84.78/08.11  70.81/07.23  70.44/08.02  70.23/07.73  70.65/08.37
X v v 89.61/07.93  89.14/08.36  84.72/07.68  84.11/08.19  82.56/09.32  81.89/09.13  69.04/06.98  68.75/08.33  68.45/08.12  68.89/08.64
W/o self-attention 92.89/06.35  93.07/07.27  88.87/06.23  89.12/07.18  87.61/09.14  87.85/08.64  72.76/06.85  72.32/08.15  71.85/08.02  72.04/08.27
W/o cross-attention ~ 92.11/07.47  92.65/07.63  88.12/06.91  88.34/07.23  86.78/09.42  86.65/08.73  71.89/07.23  71.50/08.02  71.25/07.94  71.40/08.18
JS = Euclid 91.74/08.04  92.02/07.94  87.59/06.74  87.80/07.85  85.92/09.13  85.56/08.59  71.12/07.45  70.75/08.11  70.53/07.73  70.79/08.45
JS = Consine 93.39/07.21  93.68/07.81  89.03/06.28  89.31/07.14  88.02/08.96  87.72/08.41  73.02/06.67  71.88/08.53  72.54/07.96  72.79/08.22
Ours 94.22/05.75  94.95/06.96  89.31/06.53  90.96/05.70  88.76/09.16  90.09/07.51  73.51/06.32  72.87/08.17  73.63/08.18  75.05/09.62

Note: The bold entries indicate the best result among all methods.

different classes, and a significant degree of subject represen-
tation invariance. This is due to our method simultaneously
addressing the fusion of heterogeneous emotional features and
the calibration of features across individuals, with these two
aspects mutually reinforcing each other to achieve superior
performance.

V. DISCUSSION
A. Ablation Study

The main method proposed in the article comprises three
parts: the cross-attention feature disentanglement (CFD) mod-
ule, the self-expression (SE) module, and the contrastive loss
(LcL) module. To rigorously evaluate their contributions, we
conducted ablation studies by systematically removing each
module. As shown in Table V, removing any individual
module leads to a significant performance drop, with accu-
racy reductions of up to 10.72% (SEED), 18.07% (SEED-
1V), 17.87% (SEED-V), 10.10% (DEAP Valence), and 9.30%
(DEAP Arousal), highlighting the necessity of each component.
It is evident from the table that utilizing paired combinations of
modules, as shown in Table V, yields superior classification per-
formance compared with using individual modules alone. This

finding serves to underscore the significance of each module
within our proposed method.

To further assess the role of self-attention and cross-attention,
and to test the adaptability of the self-expression module, we
replaced the attention mechanisms with equivalent multilayer
perceptrons (MLPs). For self-attention, we used a direct MLP
replacement, while for cross-attention, we used two MLPs
to extract features from different modalities, concatenated the
results, and mapped them to the same dimensionality as the
original cross-attention output. The results in Table V indicate
that self-attention enhances representation learning, improving
accuracy by 0.44%-1.78%, while cross-attention is crucial for
multimodal fusion, boosting accuracy by 1.19%-2.38%. Addi-
tionally, we replaced the Jensen-Shannon distance in the con-
trastive learning module with Euclidean and cosine distances.
The results show that Jensen-Shannon distance performs best,
likely because Euclidean distance struggles with large feature
value variations, while cosine distance is more suited for high-
dimensional sparse data or normalized vectors.

Moreover, as shown in Table VI, varying the number of
attention layers confirms that three layers strike the best balance
between complexity and generalization. Reducing to one or two
layers results in performance drops of 0.89%-1.34%, whereas
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TABLE VI
ABLATION STUDY FOR THE NUMBER OF ATTENTION LAYERS OF THE MULTICHANNEL FEATURE EXTRACTOR (MEAN/STD) (%)
Method SEED SEED-IV SEED-V DEAP(Valence) DEAP(Arousal)
etho
Accuracy Macro-F1 Accuracy Macro-F1 Accuracy Macro-F1 Accuracy F1 Accuracy F1
Layerqtt =1 93.05/07.12  93.25/07.89  88.32/06.85  88.45/07.34  86.96/08.97  87.18/08.52  72.35/07.02  72.05/08.22  71.53/08.14  71.77/08.39
Layerqt: =2  93.22/06.97  93.40/07.68  88.59/06.53  88.75/07.11  87.21/08.74  87.15/08.33  72.45/06.81  72.16/08.10 ~ 71.71/07.98  71.95/08.31
Layerqty =4 91.89/08.52  92.12/08.43  86.92/07.23  86.54/07.98  85.12/09.62  84.20/09.01  69.76/87.58  69.92/08.45  69.53/08.27  69.85/08.54
Layerqis =3 94.22/05.75  94.95/06.96  89.31/06.53  90.96/05.70  88.76/09.16  90.09/07.51  73.51/06.32  72.87/08.17  73.63/08.18  75.05/09.62
Note: The bold entries indicate the best result among all methods.
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Fig. 7. Performance of classification accuracy of the proposed method under
different parameters.

increasing to four layers introduces overfitting, causing slight
declines across datasets. These findings validate the effective-
ness of our design choices.

B. Self-Expression Functional Analysis

To validate the role of the self-expression module, we ran-
domly extracted a layer from the self-expression layer of the
trained model and visualized two self-expression matrices. As
shown in Fig. 6, with an increase in training epochs, the self-
expression matrices gradually evolve from initial chaotic forms
to clarity. The class self-expression matrix within the model
gradually learns representations within different classes, form-
ing a clear diagonal block matrix, indicating its ability to impart
discriminability on features regarding classes. Meanwhile, the
domain self-expression matrix gradually learns commonalities
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Visualization for class self-expression matrixes and domain self-expression matrixes learned by the proposed method.

between different subjects, forming a block off-diagonal matrix.
Furthermore, the self-expression matrices from different layers
exhibit slight differences, indicating variances in adapting to
noise distributions across layers. These results underscore the
effectiveness of the self-expression layer in this model, enabling
feature learning with both class discriminability and domain
invariance.

C. Parameters Analysis

The objective function in (19) introduces three regularization
parameters u, A, and « in our proposed method. These regular-
ization parameters are utilized to balance the contributions of
domain classification constraint, self-expression constraint, and
contrastive constraint. To explore the classification accuracy
under different parameter settings, we conducted experiments
on the SEED dataset using a cross-subject multimodal experi-
mental setting. The regularization parameters pu, A, a are each
selected from the set {0.1,0.2,...,1}. We adopt grid search to
determine the optimal parameters through the test set accuracy
across various hyperparameter combinations of these parame-
ters, and the optimal values are ;= 0.5, A = 0.8, a = 0.4. For
visualization purpose, we held one parameter constant at its
optimal value and systematically varied the other two parame-
ters in pairs to observe the resulting changes in accuracy. The
results presented in Fig. 7 show that our proposed method is
not sensitive to these parameters.

VI. CONCLUSION

In this article, we propose a multichannel framework for
heterogeneous feature integration and distribution calibration
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for cross-subject multimodal emotion recognition. Our method
embeds the fusion of heterogeneous emotional data and sub-
ject calibration within a unified recognition framework, where
these processes mutually enhance each other to elevate the
performance of the recognition task. Specifically, our proposed
method first leverages self-attention and cross-attention mecha-
nisms to respectively capture specific and complementary fea-
tures across modalities. Second, we incorporate a contrastive
loss function into the multichannel attention network, which
significantly enhances feature extraction across different chan-
nels and achieves disentanglement of emotion information.
Additionally, a self-expression learning-based network layer
is proposed to enhance feature discriminability and subject-
agnosticism. It utilizes block diagonal matrices to align samples
in a discriminative space and block off-diagonal matrices to
map multiple individuals to common subspace. Finally, we
employ an adversarial dual-discriminator mode to constrain the
model to generate subject-agnostic discriminative features. Ex-
perimental results from a range of multimodal emotion recog-
nition datasets indicate that our proposed method consistently
achieves superior accuracy compared with current methodolo-
gies. Significantly, our model’s performance is particularly ro-
bust while recognizing emotions in cross-subject multimodal
scenario.
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