
Multi-view domain-adaptive representation learning for
EEG-based emotion recognition

Chao Li, Ning Bian, Ziping Zhao, Haishuai Wang, Björn W. Schuller

Angaben zur Veröffentlichung / Publication details:

Li, Chao, Ning Bian, Ziping Zhao, Haishuai Wang, and Björn W. Schuller. 2023. “Multi-view
domain-adaptive representation learning for EEG-based emotion recognition.”
Information Fusion 104 (November): 102156. https://doi.org/10.1016/j.inffus.2023.102156.

Nutzungsbedingungen / Terms of use:

Dieses Dokument wird unter folgenden Bedingungen zur Verfügung gestellt: / This document is made available under these conditions:
CC-BY-NC-ND 4.0: Creative Commons: Namensnennung - Nicht kommerziell - Keine Bearbeitung
Weitere Informationen finden Sie unter: / For more information see:
https://creativecommons.org/licenses/by-nc-nd/4.0/deed.de

CC BY-NC-ND 4.0

https://doi.org/10.1016/j.inffus.2023.102156
https://creativecommons.org/licenses/by-nc-nd/4.0/deed.de


                                

 
 

r
C

A

K
A
C
D
E
E
M

1

a
p
o
g
w
a
a
b
c
n
w
d
a

m

(

                                     

                 

                                              

Multi-view domain-adaptive representation learning for EEG-based emotion
ecognition
hao Li a, Ning Bian a, Ziping Zhao a,∗, Haishuai Wang b, Björn W. Schuller c

a College of Computer and Information Engineering, Tianjin Normal University, Tianjin 300387, China
b College of Computer Science, Zhejiang University, Hangzhou, China
c University of Augsburg, Germany and GLAM, Imperial College London, UK

R T I C L E I N F O

eywords:
ffective computing
ross-attention
omain adaptation
EG
motion recognition
ulti-view learning

A B S T R A C T

Current research suggests that there exist certain limitations in EEG emotion recognition, including redundant
and meaningless time-frames and channels, as well as inter- and intra-individual differences in EEG signals
from different subjects. To deal with these limitations, a Cross-attention-based Dilated Causal Convolutional
Neural Network with Domain Discriminator (CADD-DCCNN) for multi-view EEG-based emotion recognition
is proposed to minimize individual differences and automatically learn more discriminative emotion-related
features. First, differential entropy (DE) features are obtained from the raw EEG signals using short-time
Fourier transform (STFT). Second, each channel of the DE features is regarded as a view, and the attention
mechanisms are utilized at different views to aggregate the discriminative affective information at the level of
the time-frame of EEG. Then, a dilated causal convolutional neural network is employed to distill nonlinear
relationships among different time frames. Next, a feature-level fusion is used to fuse features from multiple
channels, aiming to explore the potential complementary information among different views and enhance the
representational ability of the feature. Finally, to minimize individual differences, a domain discriminator is
employed to generate domain-invariant features, which projects data from both the different domains into the
same data representation space. We evaluated our proposed method on two public datasets, SEED and DEAP.
The experimental results illustrate that our CADD-DCCNN method outperforms the SOTA methods.
. Introduction

Emotion is a state that combines a human’s feelings, thoughts,
nd behaviors, and which influences their rational decision-making,
erception and cognition; accordingly, emotion has a significant impact
n interpersonal communication [1]. Therefore, emotions contribute
reatly in a wide range of studies. Emotion recognition has also been
idely put into practice in many fields like depression diagnosis [2]
nd human–computer interaction [3]. Typically, multiple modalities
re used for emotion recognition, including facial expressions [4],
ody gestures [5], voice [6], electrocardiography (ECG) [7], electroen-
ephalography (EEG) [8], and electromyography (EMG) [9]. A great
umber of studies [10,11] have found that multi-view EEG signals,
hich have a strong relationship with emotion, are more difficult to
isguise compared to other modalities. Therefore, they can be utilized
s an effective approach for detecting emotions [12,13].

In EEG-based emotion recognition, significant progress has been
ade by numerous researchers in recent years. However, there are
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still two problems in urgent need of a solution. First, multi-view EEG
signals can vary significantly among individuals due to differences in
brain structure and patterns of brain activity across different subjects.
Training a common model that can adopt across different datasets or
subjects is a challenging task. Therefore, the primary problem in this
context is that of how to deal with individual differences between
different subjects or even different sessions of the same subject. Second,
due to the varying contributions of the different time frames and
channels of multi-view EEG signals to emotion recognition, it is vital to
develop better ways of identifying and utilizing these signals in emotion
recognition classifiers. Therefore, it will be necessary to obtain more
distinguishing spatio-temporal features related to emotions to boost the
effectiveness of emotion recognition.

To address the previously mentioned concerns in multi-view EEG-
based emotion recognition, we propose a Cross-attention-based Dilated
Causal Convolutional Neural Network with Domain Discriminator for
multi-view EEG-based emotion recognition called CADD-DCCNN. We
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use multiple source domains that correspond to one target domain
for domain adaptation to learn the commonalities between different
omains. Moreover, a multi-view cross-attention mechanism is applied
o learn the connection between EEG signals and emotional stimuli
rom multiple channel views, thereby enhancing the efficiency and
tability of emotion recognition. The CADD-DCCNN method we propose
akes a multi-view EEG signal as input, which is represented by a
equence of data from different electrodes, and produces an emotion
abel corresponding to this input. We focus on resolving several key
ssues in emotion recognition by adopting the following two strategies:
1) we aim to explore the complementary information between multiple
hannels through multi-view learning and combine attention mech-
nisms to identify the most informative spatio-temporal features for
motion recognition by selecting the most relevant channels and time
rames; (2) we use domain adaptation techniques to eliminate indi-
idual differences among different subjects and build domain-invariant
eatures.
Channel and time frame selection. Collected multi-view EEG signals

ave varying relevance to emotion, and different time frames may
lso activate emotions to varying degrees. In this paper, our purpose
s to identify the most informative features for emotion recognition
y assigning different weights to different channels and time frames.
e use neuro-physiological research and a data-driven approach to

xplore subtle relations both within and between channels and time
rames. We treat each channel as a view and analyze EEG signals
rom multiple views. To achieve this goal, a multi-view cross-attention
echanism is used in our proposed CADD-DCCNN. Firstly, attention
echanisms are applied within each view to explore the activation

evels of different time frames. Then, through multi-view learning, we
xplore the importance of different views to search for the optimal
hannels and time frames relevant to emotions. We employ multi-
iew learning to explore complementarity and correlation between
ulti-view EEG signals, which helps enhance the performance and

eneralizability of emotion recognition.
Domain-invariant features. Because of the shift in data distribu-

ion among different individuals, many previous studies in multi-
iew EEG-based emotion recognition build the model based on an
ndividual’s brain responses. Although user-dependent models are pop-
lar, some recent studies [14–16] suggest building specially designed
ser-independent models. Accordingly, to deal with the problem of
istribution shift in data, we integrate a domain discriminator to limit
he distributions of the features obtained from the training (source) and
esting (target) data to be similar.

In summary, our proposed CADD-DCCNN method utilizes multi-
iew cross-attention mechanism to extract emotion-related features
hat are distinctive by capturing the nonlinear connections between
ultiple channels. Furthermore, it utilizes a global domain discrim-

nator to ensure a domain-invariant data representation. Our CADD-
CCNN method is evaluated on two widely used EEG emotional
atasets (SEED [17] and DEAP [18]) to demonstrate its effectiveness.
dditionally, ablation studies are executed to exhibit the effectiveness
f our multi-view learning module, cross-attention mechanism, the
ilated causal convolutional neural network, and domain discriminator
odule. In particular, the primary contributions of this paper are:

(1) We employ a multi-view cross-attention mechanism, where each
channel of the DE features is considered as a view. Attention
mechanisms are then applied to each view to extract discrimina-
tive information for each emotion. We explore the importance of
different time frames on each channel and uncover the comple-
mentarity between different views to enhance the performance
of our method. Our experimental results indicated the effec-
tiveness of multi-view cross-attention mechanism in selecting
emotion-related channels and time frames.

(2) A dilated causal convolutional neural network is utilized to cap-
2

ture the causal interactions among the features.
(3) A domain discriminator is integrated to generate a common fea-
ture space that constrains similar feature distributions between
different (source and target) domains; this allows us to not only
reduce discrepancy in data distribution in cross-subject scenarios
but also improve model generalization in cross-session experi-
ments.

(4) We propose a framework for multi-view EEG-based emotion
recognition, CADD-DCCNN, which addresses the challenges of
channel and time frame selection and building domain-invariant
features. We assess our proposed approach using two publicly
available datasets. Our approach obtains the SOTA performance
on both datasets. Specifically, on SEED, it carries out an average
accuracy of 92.44%. On DEAP, it achieves mean accuracies of
69.45% and 70.50% for valence and arousal, respectively.

The remainder of this paper is organized as follows. Section 2 de-
cribes the related works. The proposed CADD-DCCNN-based emotion
ecognition method is presented in Section 3. Experiments conducted
n the two emotion datasets and the analysis of experimental results are
llustrated in Section 4. Finally, in Section 5, we conclude this paper.

. Related work

.1. EEG features for emotion recognition

Traditional handcrafted features and machine learning classifiers
re commonly utilized in emotion detection. However, traditional ma-
hine learning approaches are significantly constrained by feature de-
ign and selection, which often demand a substantial amount of prior
nowledge. To overcome these limitations, deep learning technology
as developed to learn data representations [19,20]. Inspired by the

uccess of deep learning in speech recognition and natural language
rocessing [21–23], some scholars have utilized deep learning to ex-
ract features from EEG signals in emotion recognition.

Time-domain features, such as amplitude, variance, and mean, are
sually implemented to extract the time-domain statistics of EEG sig-
als, which are the most intuitive and accessible features in EEG signal
nalysis. Frequency-domain features show how the EEG waveform
hanges with frequency. By using an algorithm, the time domain signals
re transformed into frequency domain signals, which is the main
dea behind frequency-domain features; the results reflect the way the
eatures of the signal change with frequency, allowing the distribution
f the various rhythms in EEGs to be more intuitively observed. In order
o extract frequency-domain features, EEG signals are usually decom-
osed into several frequency bands (𝛿 band (1–3 Hz), 𝜃 band (4–7 Hz),
band (8–13 Hz), 𝛽 band (14–30 Hz), 𝛾 band (31–50 Hz)) [24,25].

hen methods such as differential entropy (DE) [25], wavelet transform
WT) [26], and power spectral density (PSD) are utilized to extract
requency-domain features from every frequency band. Time–frequency
eatures consider the above two features of the signal, describing the
ays in which it changes with both time and frequency. Methods such
s STFT [27], and Hilbert–Huang transform (HHT), among others, are
ommonly employed to extract time–frequency features.

.2. Domain adaptation

Creating subject-specific models for every subject is a feasible but
mpractical solution for addressing individual differences, as it would
equire a significant amount of effort to collect a labeled dataset for
ach subject. Another way to tackle this issue is to employ domain
daptation (DA) methods, which intend to minimize the distribution
ifferences between different domains, thereby aiding the learning of
ransferable features for emotion recognition.

Wang et al. [28] categorized deep domain adaptation into
iscrepancy-based, adversarial-based, and reconstruction-based meth-
ds. Adversarial-based methods aim to minimize the distance between
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different domains by training a domain discriminator to classify both
omain types. Bao et al. [29] developed a two-level domain adaptation
eural network (TDANN) that reduces the distribution discrepancy
f deep features between different domains through employment of
aximum mean discrepancy (MMD) and domain adversarial neural
etwork (DANN). Chen et al. [30] proposed a multi-source EEG-based
motion recognition network (MEERNet), which adopts multiple source
omains to adapt to an individual target domain separately for domain
daptation, in order to extract domain-invariant and domain-specific
eatures. Liu et al. [31] proposed an extended domain adaptation
ethod based on subject clustering (DASC), which mitigates the effects

f ‘‘negative transfer’’ by incorporating subject clustering. However,
lthough these methods can effectively reduce individual differences
nd improve generalization performance, the feature extraction meth-
ds they choose may ignore important information in EEG signals.
DANN selected a deep CNN method, which incorporates multiple
onvolutional layers and two max pooling layers, but which may lead
o a lot of valuable information being lost and the relationships between
he whole and the parts being ignored. MEERNet and DASC chose to
se a multi-layer perceptron (MLP) method, which might cause the
mission of the spatial information of EEG signals. In summary, when
xtracting features, these methods may neglect the relationships within
nd between channels as well as the temporal dimension. This also
aises a second problem that needs to be solved, namely that of how
o identify EEG samples that contain a higher amount of emotional
nformation.

.3. Multi-view learning for EEG emotion recognition

Data is often portrayed using various perspectives, incorporating
ultiple modalities or features [32]. In the field of medical research,
lzheimer’s disease (AD) encompasses different types of data modali-

ies, including Magnetic Resonance Imaging (MRI) and Positron Emis-
ion Tomography (PET), along with diverse features [33]. Multimedia
ata, including text, video, and audio, is commonly sourced from vari-
us origins or described by multiple features [34,35], such as temporal
nd frequency features [36]. Empirical evidence from various stud-
es [37,38] consistently indicates that multi-view learning combines
ifferent views to explore the complementarity between them, thereby
mproving model accuracy. Multi-view learning has gained extensive
opularity and adoption across diverse tasks, owing to its notable
ffectiveness [39,40].

Moreover, several recent works in the field of multi-view learning
ave successfully incorporated deep learning techniques [41–43]. But
ew researchers have applied multi-view learning to emotion recog-
ition in EEG signals. EasyDA [44] utilizes an approximate empirical
ernel map generated from samples in the source and target domains
o map each view into a domain generalization feature space, followed
y a parameterless weighted combination for multi-view. However, this
ethod overlooks the interrelationships between multiple channels in
EG signals and the degree of association between different channels
nd different emotions. Since different channels play different roles
nder different emotions, we consider each channel (i.e., electrode) as a
iew and explore the complementarity between multiple channels. We
onduct emotion recognition research on EEG signals using multi-view
earning based on multiple channels.

.4. Attention mechanism

Some researchers have utilized attention mechanisms to extract
motion-related spatio-temporal features in EEG-based emotion recog-
ition. Jia et al. [45] utilized an attention mechanism to transform
hannels into a 2D map when calculating weights, and used pooling
o calculate an attention matrix. Li et al. [46] proposed the transfer-
ble attention neural network (TANN), which incorporates a global
ttention layer to merge the features from the entire brain regions
3

nd emphasize significant regions for emotion classification. How-
ver, these methods tend to neglect the interactions between EEG
ignal channels and temporal relevance. To address this limitation,
he Transformer model, based on self-attention mechanism, assigns
ifferent weights to different time frames in the temporal dimension.
his allows to fully consider the temporal dynamics in emotions. Conse-
uently, many researchers have integrated the Transformer model into
EG-based emotion recognition tasks. Wang et al. [47] utilized weight-
hared transformer encoders to adaptively capture the importance of
ifferent time frames within each channel. They also combined a hier-
rchical spatial encoder to capture the correlations between channels.
i et al. [48] proposed a hierarchical hybrid model called MACTN,
hich extracts local emotional features, global emotional features, and

motion-relevant channels through CNN, Transformer, and channel
ttention, respectively. Transformer models mainly focus on global
emporal feature extraction, often overlooking local temporal informa-
ion. On the other hand, CNN and Transformer have different abilities
o extract information at various scales. Therefore, some scholars have
ombined CNN and Transformer to extract both local and global tem-
oral information. However, it is worth noting that convolution and
ooling operations can disrupt temporal and channel correlations.

To address this issue, we note that Hao et al. [49] opted to employ
n attention mechanism, which is popularly employed in computer
ision, natural language processing, and classifying multivariate time
eries (MTS) tasks due to its ability to locate key regions in images, key
arts in sentences, and key variables in MTS. We hypothesize that this
odel also has the ability to locate global key information. We consider

ach channel as a view, and each view contains multiple time frames.
ased on this, we first utilize an attention mechanism in the tempo-
al dimension to locate key time frames. Then, through multi-view
earning, we extract key information and complementary information
etween multiple views, forming a cross-attention mechanism based on
ulti-view learning. This allows the model to automatically identify

ey emotional-related information in multi-view EEG signals.

. Proposed methodology

.1. System overview

In our model, as shown in Fig. 1, features (Fig. 1(a)) containing
emporal and spatial information are generated from the raw signals for
ach subject. These features are then input into a domain adversarial
eural network in which the deep representation of the features is ex-
racted by means of a multi-view cross-attention mechanism (Fig. 1(b))
nd a dilated causal convolutional neural network (Fig. 1(d)). Finally,
he fused deep representation, which is fused through a max-pooling
ayer, is fed to two parts, including a domain discriminator (Fig. 1(f))
nd a label classifier (Fig. 1(e)). The domain discriminator is utilized to
etermine the domain from which the input originates (training data
r testing data), in order to narrow down the distinguish shift. The
abel classifier assigns the deep representation to a class label within
classification space.

.2. Input EEG signal representation

Since DE features have exhibited remarkable performance in multi-
view EEG-based emotion recognition [50], we implement the proposed
CADD-DCCNN method with DE features obtained from multi-view EEG
ignals as input. Using (1), we formulate DE:

(𝑆) = −∫

+∞

−∞

1
√

2𝜋𝜎2
𝑒
(𝑠−𝜇)2

2𝜎2 𝑙𝑜𝑔 1
√

2𝜋𝜎2
𝑒
(𝑠−𝜇)2

2𝜎2 𝑑𝑠

= 1
2
𝑙𝑜𝑔2𝜋𝑒𝜎2

(1)

where 𝑆 is a slice of the EEG signal that obeys the Gaussian distribution
𝑁(𝜇, 𝜎2). Particularly, in the datasets referred to in Section 4.1, every
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Fig. 1. The network structure of the CADD-DCCNN framework for EEG emotion recognition.
Fig. 2. Time-frame Attention mechanism for calculating the attention of one channel.
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subject has multiple captured trials, and every trial consisting of a series
of multi-view EEG signals of specific duration recorded while expe-
riencing a specific emotion. For each trial, DE features are extracted
from five distinct frequency bands of each channel using STFT with a
non-overlapping Hanning window of 1-s. The size of DE features for
1-s windows is (62, 5) and (32, 5) for the SEED and DEAP datasets,
respectively. We concatenate the DEs of all windows into a feature
vector that represents one trial.

The proposed CADD-DCCNN method uses an input matrix de-
noted as 𝑡𝑚, which corresponds to the 𝑚th subject. Specifically, 𝑡𝑚 =
[𝑡𝑚,1, 𝑡𝑚,2,… , 𝑡𝑚,𝑛]⊤ ∈ 𝑅𝑛×𝑑𝑠 , where 𝑑𝑠 represents the size of a DE feature
vector, and the vector 𝑡𝑚,𝑖, with 𝑑𝑠 dimensions, represents a feature
associated with the 𝑖th trial of the 𝑚th subject.

3.3. Attention-based feature extractor

The feature extractor consists of a multi-view cross-attention mech-
anism (MvCA), a band removal mechanism, and a dilated causal con-
volutional neural network (DCCNN).

3.3.1. Multi-view Cross-Attention mechanism (MvCA)
The input of the feature extractor is a multivariate (time frame

and channel) EEG signal sequence. Since human emotions are pro-
ressive and diverse, and the activated degrees of different emotions
lso differ across brain regions. Therefore, we consider each channel
s a view. Additionally, since different emotions exhibit varying acti-
ation patterns across different time frames, we employee an attention
echanism within each view to calculate attention weights on the time
imension. Finally, we employ a similar attention mechanism across
ultiple views to dynamically learn the weights for each view, and

hen combines them with the original signal to build a new vector
epresentation for the EEG trial using multi-view learning.
4

The MvCA module in our model comprises two modules: multi-
iew time-frame attention (MvTFA) and multi-view attention (MvA).
n this paper, we consider a channel as a view. MvTFA extracts the
ong- and short-term dependencies of past values in each view of
ignals. MvA evaluates connections between multiple views. The MvCA
odule initially applies the MvTFA module. For one view, we employ

𝑆 = (𝑠11, 𝑠
2
1,… , 𝑠𝐿1 )… (𝑠1𝐶 , 𝑠

2
𝐶 ,… , 𝑠𝐿𝐶 ) to embody the original data feature

equence, where 𝐿 represents the count of time frames and 𝐶 denotes
he quantity of views. The specific computation process is demonstrated

in Fig. 2.
As the first stage in the MvCA module, 𝑆 is converted into three

distinct feature domains (𝑄, 𝐾, and 𝑉 ) using (2):

𝑄(𝑆) = 𝑆 ⋅𝑊𝑄, 𝐾(𝑆) = 𝑆 ⋅𝑊𝐾 , 𝑉 (𝑆) = 𝑆 ⋅𝑊𝑉 (2)

here 𝑊𝑄,𝑊𝐾 , and 𝑊𝑉 are weight matrices with dimension 𝐵×𝐵. The
utputs 𝑄(𝑆), 𝐾(𝑆), and 𝑉 (𝑆) share the dimension 𝐿×𝐵 and represent
he query space, key space, and value space, respectively. The MvCA

seizes the connections between a potential query and the key–value
pairs in the data. The conversion of 𝑆 into each feature space can be
ccomplished by utilizing a 1 × 1 convolutional operation on 𝑆.

During the second stage, the time-frame attention for a single view,
ndicated as 𝛼 in Fig. 2, is computed using the features in the query and
ey spaces by two equals depicted in (3) and (4).

= 𝑄(𝑆) ⋅𝐾(𝑆)⊤ (3)

𝑞,𝑘 = 𝑒𝑥𝑝(𝐻𝑞,𝑘)∕
𝑞
∑

𝑗=1
𝑒𝑥𝑝(𝐻𝑞,𝑘)(1 ≤ 𝑘 ≤ 𝑞 ≤ 𝐿). (4)

Here, 𝐻𝑞,𝑘 is a hidden state within the 𝐻 matrix (where 𝐻 ∈ 𝑅𝐿×𝐿)
hat records the attention of features from previous time step 𝑘 to

current time step 𝑞. To ensure that 𝐻𝑞,𝑘 is only applicable when 𝑘 ≤ 𝑞,
𝐻 is updated to 𝐻 ′ through setting 𝐻 to zero when 𝑚 < 𝑛. That is to
𝑚,𝑛
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Fig. 3. A dilated causal convolution with dilation factors d = 1,2,4 and filter size k = 3.
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ay, the upper right corner of the 𝐻 ′ matrix is assigned zero, resulting
lower triangular matrix. Hence, 𝐻 ′ can directly seize the attention of
oth long- and short-term past values. Finally, (4) is used to normalize
he attention, which produces the attention matrix 𝛼.

During the third action, 𝛼 is employed on the features in 𝑉 (𝑆)
o compute the attention 𝑂𝑀𝑣𝑇𝐹𝐴 using (5). Next, 𝑂𝑀𝑣𝑇𝐹𝐴 is again
erged with 𝑆 to obtain the hidden states 𝑌 using (6).

𝑀𝑣𝑇𝐹𝐴 = 𝛼 ⋅ 𝑉 (𝑆) (5)

= 𝑂𝑀𝑣𝑇𝐹𝐴 + 𝑆. (6)

To our knowledge, to compute attention, current attention mech-
nisms either disregard the temporal order of features [45], or only
onsider features that already indicate the temporal order. The MvTFA
echanism in our proposed model differs from these existing attention
echanisms because it can capture the time dependency of values
irectly.

Apart from developing the MvTFA module to learn the long- and
hort-term dependencies of features in time sequence from each view,
e also construct the MvA module to assess the relationships between
iews. The input of the MvA is a feature sequence at time step 𝑡 from
views, denoted as 𝑌 𝑡 = (𝑦𝑡1, 𝑦

𝑡
2,… , 𝑦𝑡𝐶 ). Using a similar process to that

sed to compute 𝛼 in the MvTFA module, we can compute a normalized
iew attention. We then apply the view attention to 𝑌𝑡 and denote the
utput as 𝑂𝑀𝑣𝐴. Finally, 𝑂𝑀𝑣𝐴 is merged with the 𝑌 once more to
btain the hidden states 𝑍 using (7).

= 𝑂𝑀𝑣𝐴 + 𝑌 . (7)

he ultimate features in 𝑍, which combine both the 𝑂𝑀𝑣𝑇𝐹𝐴 and 𝑂𝑀𝑣𝐴,
re referred to as multi-view cross-attention features.

.3.2. Band removal
The second part is a band removal mechanism. We perform a
× 1 × 1 convolution on the features from MvCA to compress the

imension of frequency band direction and reduce the amount of
ubsequent computation.

.3.3. Dilated Causal Convolutional Neural Network (DCCNN)
The third part of the feature extractor is a DCCNN. The DCCNN is

ormed by the combination of dilated convolution and causal convo-
ution. Causal convolution is a convolutional model used for solving
ime series problems, where each node only considers preceding nodes,
nsuring that information cannot flow into the future and capturing
he causal relationships between time frames. Dilated convolution, on
he other hand, expands the receptive field, allowing the current node
o look ‘very far’ into the past. When the dilation factor is 1, dilated
onvolution is equivalent to a standard Convolutional Neural Network
CNN). Fig. 3 shows an illustration of a DCCNN. The kernal size 𝑘 is

and the dilation factors 𝑑 of three dilated layers are 1, 2, and 4,
5

r

espectively. A 1D dilated convolution is calculated as shown in (8).

(𝑠) =
𝑘−1
∑

𝑙=0
𝑓 (𝑙)ℎ(𝑠 − 𝑑 ⋅ 𝑙). (8)

ere, ℎ(∗) represents the input, 𝑝(∗) represents the output of the dilated
onvolution, 𝑓 (𝑙) represents the filter of length 𝑘, and 𝑠 − 𝑑 ⋅ 𝑙 denotes
he historical direction of feature 𝑠.

In simple terms, the dilated convolution, without increasing the
umber of parameters, incorporates local information of different sizes
y setting different dilation factors at different layers. Therefore, by
sing DCCNN, we can further extract the temporal features and causal
elationships of EEG signals while reducing the number of parameters
or subsequent calculations, thereby improving computational speed.

.4. Domain Discriminator (DD)

Motivated by the generative adversarial network (GAN), we develop
n adversarial training process for the feature extractor and the DD.
hroughout the training process, the DD seeks to determine whether
he features belong to the source or target domain. Meanwhile, the fea-
ure extractor is trained to transform the inputs from different domains
nto a shared latent space. By reducing the classification capability of
he DD, the feature extractor is trained to produce features that are
omain-independent. By adopting this approach, our proposed method
an reduce the problem of feature distribution shift.

Particularly, we first use average pooling to fuse the deep repre-
entation from multi-view features and transform the input 𝑃 (𝑆) to a
ector 𝑑𝑚. Then, we introduce a gradient reversal layer (GRL), which
an maximize DD loss, prior to applying ReLU activation to 𝑑𝑚 which is
alculated by (9). The GRL is not effective during forward propagation,
ut changes the direction of gradient transfer during backpropagation,
o that the updating direction is reversed.
𝑟
𝑚 = 𝑅𝑒𝐿𝑈 (𝑊 𝑟 ⋅ 𝑑𝑚 + 𝑏𝑟) (9)
𝑠
𝑚 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 𝑠 ⋅ 𝑑𝑟𝑚 + 𝑏𝑠). (10)

Finally, we derive the probability of the input originating from
he source or target domain by transforming 𝑑𝑟𝑚 into a 2D space and
mplementing a softmax function in (10), where 𝑊 𝑟, 𝑏𝑟, 𝑊 𝑠, and 𝑏𝑠 are
eight matrices and bias vectors that can be learned during training.

.5. Label classifier

The label classifier is connected to the emotion recognition task
nd is trained to learn the distribution of emotions to output emotion
abels from deep representations of EEG signals. We first use average
ooling to fuse the multi-view features to learn more discriminative

epresentations. Then, to decode these deep representations, we use
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several fully connected (FC) layers to construct a classifier. The label
classifier predicts emotions by mapping the deep representations from
he common space to the emotion space. Specifically, the classifier
omprises three FC layers and a softmax function, which transforms
he network predictions into emotions using (11).
𝑠
𝑚,𝑓 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 𝑠 ⋅ 𝑑𝑚 + 𝑏𝑠). (11)

Here, 𝑊 𝑠 and 𝑏𝑠 are the learnable weight matrix and bias vector.

. Experiments and results

.1. Datasets

.1.1. SEED
The SEED dataset is a public affective EEG dataset for emotion

ecognition. It contains EEG data acquired from 15 subjects, recorded
ia 62 EEG electrodes while they watched 15 film videos, each lasting
bout four minutes. The videos elicited three types of emotions (pos-
tive, neutral, and negative). Each subject participated in the experi-
ents three times on different days, watching the same 15 movie videos
ithin each experiment; these settings allow for subject-dependent (SD)
nd subject-independent (SI) experiments to validate the robustness
nd transferability of emotion recognition models. In SEED, a bandpass
ilter ranging from 1.0 to 75.0 Hz in frequency was employed. Then
he DE features were extracted. Since the 15 trials undertaken by
ach subject were of different durations, we performed a zero-filling
peration: specifically, we selected the longest duration of the trial as
he final duration, then performed zero-filling operations after other
rials to unify the trial length.

.1.2. DEAP
The DEAP dataset is also a public affective EEG dataset for emotion

ecognition, containing the collected data of 32 subjects watching 40
ne-minute music videos. Participants rate their levels from 1 to 9 after
atching each video on four dimensions: Arousal, Valence, Liking, and
ominance. In this paper, we removed the eight peripheral channels
nd used only EEG signals for emotion recognition. We split the valence
nd the arousal dimension into high/low, separately, resulting in two
inary classification task. In DEAP, a bandpass filter ranging from 4.0
o 45.0 Hz in frequency was used, as reported in [51]. Initially, we
isassemble the EEG signals into the same five frequency bands. Next,
E features are extracted from each channel for every frequency band.

.2. Experimental settings

The feature extractor of our model includes a multi-view cross-
ttention, a band removal, and a DCCNN. The DCCNN includes three
onvolutional layers with kernels of (1, 8), (1, 5), and (1, 3), re-
pectively. The dilation factors for the second and third layers are
1, 8) and (1, 5). As DCCNN only works in the time dimension, the
onvolutional kernel and dilated factor are set to 1 in the channel
imension. The output tensor of the three convolutional layers has 72,
8, and 24 channels, respectively. The label classifier consists of three
ully connected layers, with outputs of size 1024, 150, and 3 (for the
EED dataset) or 2 (for the DEAP dataset). During the training process,
e utilized a batch size of 5 for 200 epochs and employed the Adam
ptimizer with a learning rate of 1e−4.

.3. Compared methods

Within this part, we exhibit experimental results on two commonly
dopted EEG datasets (as outlined above, SEED and DEAP) and com-
are our proposed CADD-DCCNN with several other methods, which
re listed below:

∙ Two traditional shallow machine learning techniques: SVM [52]
and kNN [53];
6

∙ Three deep neural network models: DGCNN [50], SparseD [54],
and MATCN [48];

∙ Seven cutting-edge domain adaptation models for emotion recog-
nition in EEG: ATDD-LSTM [51], MEERNet [30], MS-MDA [55],
AD-TCNs [56], HVF2N-DBR [57], MMDA-VAE [58], MSDA-SFE
[59], TMLP+SRDANN [60], and TSFIN [61].

While SVM and kNN can only process EEG signal channels one at
time, other deep networks are capable of handling multi-channel

EG signals. These methods are all characteristic approaches in prior
esearch studies on emotion recognition from EEG signals. To ensure

persuasive comparison with the proposed approach, we directly
uoted the outcomes from the relevant literature. Additionally, we
ave conducted ablation studies to investigate the roles of each part
n CADD-DCCNN and their influence on the whole method.

.4. Experiment on two publicly available datasets

.4.1. Experiment on SEED dataset
SD Experiment. Compared to the DEAP dataset, each subject in

EED participated in three trials at different time, resulting in data
onsisting of three sessions. We utilized this characteristic to design

SD cross-session trial that forecasts the emotions from the same
ubject at different time. The results illustrate the robustness of differ-
nt models over time, making this experiment setting more useful for
ractical applications. However, few research works have conducted
ross-session experiments until now. In the cross-session scenario, we
sed leave-one-session-out cross-validation. In particular, two out of
hree sessions of each subject were utilized as training data, whereas
he unused session was employed to test. The classification accuracy
or each subject was computed as the mean accuracy across three
rials. Finally, the mean classification accuracy (ACC) and standard
eviation (STD) across 15 subjects were calculated as the final result
f cross-session experiment.
SI Experiment. We used leave-one-subject-out cross-validation

LOSO-CV), where 14 subjects were utilized as training data and the
nused subject was employed to test. We computed the ACC and STD
cross 15 subjects as the final results for cross-subject experiment.

.4.2. Experiment on DEAP dataset
To perform a binary classification task, we categorized the emotions

n the DEAP dataset as high/low arousal and valence, using the same
artition scheme and threshold as described in [18].
SD Experiment. We applied leave-one-clip-out cross-validation,

here 39 out of 40 trials of one subject were utilized as training data
nd the unused trial was employed to test. An ACC and STD were
omputed as the final result of SD experiment over 40 trials for each of
he 32 subjects. In the DEAP dataset, each trial of each subject contains
nly one data point; however, in this experiment, using one trial for
esting would result in an insufficient amount of data. Therefore, we
pplied sliding windows with a size of 9 s and no overlap to split the
ata into multiple segments, which divided the data into 7 data points
or one trial. Thus, the training data was made up of 273 (39 ∗ 7) data
oints, and the testing data contained 7 (1 ∗ 7) data points for one
ubject.
SI Experiment. Similar to our approach on SEED, we applied LOSO-

V for the current experiment. This means that 31 out of 32 subjects
ere utilized as training data, and the unused subject was employed to

est. We compute an ACC and STD across 32 subjects as the final result
f SI experiment.
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Table 1
Mean accuracies (%) and STD for SD achieved by different methods on SEED
ataset.
Model ACC/STD

kNN [53] 72.00/12.60
DGCNN [50] 73.06/10.36
SVM [52] 81.19/14.79
MEERNet [30] 86.20/05.80
CADD-DCCNN 87.41/01.80

Table 2
Mean accuracies (%) and STD for SI achieved by different methods on SEED dataset.

Model ACC/STD

SVM [52] 56.73/16.29
kNN [53] 73.93/09.95
DGCNN [50] 79.95/09.02
TMLP+SRDANN [60] 81.04/06.28
MMDA-VAE [58] 85.07/11.81
MEERNet [30] 87.10/02.00
HVF2N-DBR [57] 89.33/10.13
MS-MDA [55] 89.63/06.79
MSDA-SFE [59] 91.65/02.91
CADD-DCCNN 92.44/06.16

Table 3
Mean accuracies (%) and STD for SD achieved by different methods on DEAP
ataset.
Model ACC/STD

Valence Arousal

kNN [53] 50.11/21.92 57.76/23.14
SVM [52] 53.76/19.56 55.67/20.91
DGCNN [50] 86.06/02.61 85.61/02.44
ATDD-LSTM [51] 90.91/12.95 90.87/11.32
SparseD [54] 95.72/09.52 91.75/05.23
CADD-DCCNN 90.97/13.96 92.42/12.72

Table 4
Mean accuracies (%) and STD for SI achieved by different methods on DEAP dataset.

Model ACC/STD

Valence Arousal

kNN [53] 54.38/09.27 54.38/11.93
SVM [52] 55.62/09.44 52.66/14.47
TMLP+SRDANN [60] 57.70/07.23 61.88/05.55
DGCNN [50] 59.29/06.83 61.10/12.28
SparseD [54] 60.65/06.24 65.39/09.41
AD-TCNs [56] 64.33/07.06 63.25/04.62
MATCN [48] 66.10/06.10 67.80/08.10
TSFIN [61] 67.03/– 68.13/–
HVF2N-DBR [57] 68.91/– 69.22/–
MSDA-SFE [59] 69.26/– 70.10/–
CADD-DCCNN 69.45/05.60 70.50/09.39

4.4.3. Results and analysis
The results of our experiments are summarized in Tables 1 to 4.

old indicates the highest average accuracy. Based on the experimental
results, we made three key observations:

(1) Our proposed CADD-DCCNN method outperformed all compa-
rable methods on both the SEED and DEAP datasets. Specifi-
cally, compared to non-domain adaptation methods such as SVM,
kNN and DGCNN, the average precision improvement of CADD-
DCCNN was approximately 20.97%, 16.96% and 13.42% on the
SEED dataset. On the DEAP dataset, the average precision in-
creased by around 25.52%, 27.97%, 8.54%, 2.03%, and 3.35%
for valence and 27.30%, 25.39%, 8.11%, 2.89%, and 2.7% for
arousal when compared to SVM, kNN, DGCNN, SparseD, and
MATCN, respectively. These results validate the effectiveness of
our learned transferable data representation for EEG-based emo-
7

tion recognition and demonstrate the practicality of the domain
Fig. 4. Line chart of average accuracy of CADD-DCCNN under different combinations
of kernel size in DCCNN. c1 represents the kernel sizes in the temporal dimension as
3, 3, 3). c2 represents the kernel sizes in the temporal dimension as (5, 5, 5). c3
epresents the kernel sizes in the temporal dimension as (8, 8, 8). c4 represents the
ernel sizes in the temporal dimension as (3, 5, 8). c5 represents the kernel sizes in
he temporal dimension as (8, 5, 3). Among them, c5 is the kernel sizes used in our
odel.

able 5
ean accuracies (%) and STD for SI achieved in an ablation study on SEED dataset.
Model ACC/STD

DANN 88.15/07.99
DCCNN-DANN 89.48/07.34
TFA-DANN 88.44/06.89
MvCA-DANN 90.37/07.11
CADD-DCCNN 92.44/06.16

adaptation method in cross-subject EEG-based emotion recogni-
tion.

(2) Our proposed CADD-DCCNN method outperformed existing do-
main adaptation methods. Compared to models trained using do-
main adaptation learning strategies, such as ATDD-LSTM, MEER-
Net, MS-MDA, AD-TCNs, HVF2N-DBR, MMDA-VAE, MSDA-SFE,
TMLP+SRDANN, and TSFIN, the CADD-DCCNN achieved an av-
erage precision improvement of 5.14%, along with improvements
of 4.00% for valence and 3.98% for arousal, in SI scenarios
on the SEED and DEAP datasets, respectively. These results in-
dicate that our proposed multi-view cross-attention mechanism
can effectively explore the complementary and consistent in-
formation among channels. Furthermore, the use of attention
mechanisms within each view enables effective learning of more
discriminative temporal information.

(3) On the DEAP dataset, we observed that the model performance
was much lower in SI scenarios than in SD scenarios, which
demonstrates that individual differences have a negative impact
on multi-view EEG-based emotion recognition. In cross-session
scenarios on the SEED dataset, we found that differences be-
tween different testing times for the same subject are even harder
to eliminate than individual differences between different sub-
jects, resulting in lower precision in SD scenarios than in SI
scenarios. However, despite these challenges, our method still
outperformed the compared methods. Therefore, overall, our pro-
posed CADD-DCCNN method has an advantage in minimizing
both intra-individual and inter-individual differences.

4.5. Ablation study and visualization

4.5.1. Ablation study
We conducted an ablation study on the SEED and DEAP datasets

to evaluate the efficiency of each part in our CADD-DCCNN approach.
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able 6
ean accuracies (%) and STD for SI achieved in an ablation study on DEAP dataset.
Model ACC/STD

Valence Arousal

DANN 66.95/07.48 68.67/10.36
DCCNN-DANN 67.19/07.29 69.14/09.79
TFA-DANN 67.50/05.86 68.79/10.20
MvCA-DANN 68.91/06.38 69.45/09.43
CADD-DCCNN 69.45/05.60 70.50/09.39

CADD-DCCNN was constructed based on DANN, with three supple-
entary modules: a time-frame attention, a multi-view cross-attention

mechanism and a DCCNN. In particular, we compared our full CADD-
DCCNN method with four alternate methods:

∙ DANN: only DANN model without two supplementary modules;
∙ DCCNN-DANN: the DANN model with only the DCCNN;
∙ TFA-DANN: the DANN model with only the time-frame attention

mechanism;
∙ MvCA-DANN: the DANN model with only the multi-view cross-

attention mechanism.

The outcomes of our ablation study are presented in Tables 5
nd 6. Our model achieves, by far, the best recognition performance.
urthermore, DANN’s recognition accuracy is 2.87% lower than CADD-
CCNN’s, showing the effectiveness of DCCNN and multi-view cross-
8

ttention mechanism. The accuracy of DCCNN-DANN is 0.68% higher i
han DANN, demonstrating the positive role of DCCNN in extracting
ontextual relationships in multi-channel EEG signals during the im-
rovement of this algorithm. The accuracy of TFA-DANN is 0.32%
igher than DANN, validating that the same channel exhibits differ-
nt emotional responses across different time frames. By employing
n attention mechanism to assign different weights to different time
rames, more influential emotion-related features can be extracted. The
ccuracy of MvCA-DANN is 1.86% higher than TFA-DANN, indicating
hat the information between multiple channels is complementary.
earning the complementary information among multiple channels can
ffectively improve the performance of the model, further validating
he effectiveness of multi-view learning. Drawing on these findings,
e believe that the proposed CADD-DCCNN method is beneficial for

mproving EEG-based emotion recognition performance.

.5.2. Impact of kernel size in DCCNN
Fig. 4 shows the relationship between different convolutional ker-

nels and the performance of CADD-DCCNN. DCCNN increases the
eceptive field by introducing dilations in the convolutional kernel.
herefore, using different kernel sizes can capture features at differ-
nt scales. Larger kernels can capture global contextual information,
hile smaller kernels can extract local detailed information. As shown

n the figure, using the same kernel size in all three layers cannot
imultaneously capture global and local information. By using different
ernel sizes and combining features at different levels, the model can
etter capture multi-scale sequential patterns, enhancing its model-

ng capability. Additionally, placing larger kernels at earlier layers
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llows the model to capture global contextual information first when
rocessing input sequences, helping to better understand the overall
equence structure. Furthermore, gradually decreasing kernel sizes can
educe the total number of model parameters. Therefore, we chose the
ombination of c5.

.5.3. Validation of model components
To further comprehend and demonstrate the impacts of multi-view

earning, multi-view cross-attention (MvCA), DCCNN, and the domain
iscriminator in EEG-based emotion recognition, we utilized two visu-
lization techniques and a set of comparative experiments. Specifically,
e employed EEG topographic maps to visualize the spatial distribution
f electrical activity in different brain regions under various conditions,
hich enabled us to observe how different patterns of brain activity
ere associated with different emotions in the presence of multi-view

ross-attention. We conducted comparative experiments by combining
CCNN and standard CNN with the baseline model DANN to validate

he effectiveness of DCCNN. Additionally, we used 2-dimensional t-SNE
lots to analyze the shift in feature distribution between training and
esting data, as well as to evaluate the performance of the domain
iscriminator.

As shown in Fig. 5, to verify the usability of multi-view learning, we
isplay the activation degrees of all channels at the same moment under
ifferent emotions. In negative and neutral emotions, the activation
evels are relatively higher in the blue regions, while in positive emo-
ions, the activation levels are relatively lower. In negative emotions,
he activation levels are relatively lower in the green regions, while in
ositive and neutral emotions, the opposite is observed. In neutral emo-
ions, the activation levels are relatively higher in the purple regions,
hile in positive and negative emotions, the opposite is observed.
9

his indicates that the activation degrees of different channels vary
ignificantly under different emotions. Therefore, we can consider each
hannel as a view and explore the complementarity between multiple
iews to learn emotion-related features more comprehensively, further
nhancing the model’s generalization ability.

To analyze the effectiveness of MvCA, we plotted heatmaps using
he multi-view time-frame attention (MvTFA) and EEG topographic

maps after applying MvCA. We selected key channels based on the
EEG topographic map and conducted experiments after removing those
key channels. First, we plotted heatmaps of the same experiment for
different subjects and different trials for the same subject after applying
MvTFA, as shown in Fig. 6.(a) and (b) represent the same trial for
different subjects, while (b) and (c) represent different trials for the
same subject. The higher the activation level, the lighter the color. From
the figure, it can be observed that during the time intervals of 30 s to
45 s, 81 s to 96 s, and 189 s to 207 s, (a) and (b) exhibit relatively
higher activation levels, while (c) shows relatively lower activation
levels. However, during the time interval of 0 s to 21 s, the activation
levels are reversed, indicating that the activation levels in the temporal
dimension are similar for the same trial, while they differ for different
trials. Therefore, we can extract key time frames using MvTFA.

Next, we plotted topographic maps of EEG signals after applying
MvCA (as shown in Fig. 7). Fig. 7 depicts a time frame of EEG data
from the 7th subject in the SEED dataset. (a), (b), and (c), respectively,
show the activation of brain regions in the five frequency bands under
negative, neutral, and positive emotions. Darker colors indicate higher
activation levels and greater attention weights. From Fig. 7, we can
observe that during negative emotion, the pre-frontal and frontal lobes
exhibit high activation levels, and the right brain region on the 𝛽 and
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Table 7
Channels of EEG signals, mean accuracies (%), and STD for SI achieved on SEED
ataset.
Parameters All-Channels No-Key-Channels

Channels 62 57
ACC/STD 92.44/06.16 78.52/09.67

𝛾 bands also shows high activity. During neutral emotion, the pre-
rontal cortex is more active. During positive emotion, the left brain
egion exhibits high activity. These findings are consistent with those
f neuroscience studies [62,63].

Based on Fig. 7, we selected the top 5 channels with higher activa-
ion levels, namely FP2, F7, F5, T7, and P7. We conducted experiments
fter removing these 5 channels, and the number of channels and
esults are shown in Table 7. After removing the key channels, the
ccuracy decreased by 13.92%, demonstrating that MvCA can indeed
xtract key channels, thus validating the effectiveness of MvCA.

We conducted a series of comparative experiments to assess the ef-
ectiveness of DCCNN. In our study, we integrated DCCNN and standard
NN into the baseline DANN model for EEG-based emotion recognition.
he parameters and experimental results are shown in Table 8. The
ccuracy of CNN-DANN is 88.30%, which is 0.15% higher than the
ANN model but 1.18% lower than DCCNN-DANN. These findings

uggest that the CNN model is proficient at extracting emotion-related
eatures. However, when employing multi-layer convolution operations
n CNN, the feature map size tends to decrease and the receptive field
10
able 8
arameters of DCCNN-DANN and CNN-DANN, mean accuracies (%), and STD for SI
chieved on SEED dataset.
Parameters DCCNN-DANN CNN-DANN

Convolution layers 3 3
Kernel size (1, 8), (1, 5), (1, 3) (1, 8), (1, 5), (1, 3)
Dilation factors (1, 8), (1, 5) None
Output tensors 72, 48, 24 72, 48, 24
ACC/STD 89.48/07.34 88.30/07.00

size also decreases. In contrast, DCCNN utilizes dilated convolution,
which not only preserves the feature map size but also expands the re-
ceptive field through dilation factors. Consequently, DCCNN effectively
captures temporal features at various scales, enabling the extraction of
both local and global temporal information.

Finally, to show the efficiency of the domain discriminator, we
display the training and testing feature distributions in the same 2D
space before and after passing through the domain discriminator, re-
spectively (see Fig. 8). Each colored shape stands for a subject, i. e., a
domain. Fig. 8 displays the feature distribution of each subject in SEED
and DEAP before and after passing through the domain discriminator.
As depicted in (a) and (c), the allocation of EEG data among various
subjects (represented by distinct colors) is similar, with the majority of
trials clustering together and only a small number of outliers occurring
in certain subjects. However, after passing through the domain discrim-
inator, the feature distribution of each subject becomes more uniform.
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herefore, the inclusion of the domain discriminator into our model
llows us to ensure data representation invariance while minimizing
ignificant feature distribution shifts between different subjects.

Fig. 9 presents the outcomes of our experiments on SEED. Specif-
cally, the figure includes a confusion matrix (Fig. 9(a)) displaying
ercentages with row normalization, where the horizontal axis repre-
ents the true label and the vertical axis stands for the predicted label.
he element (𝑖, 𝑗) represents the percentage of samples in class 𝑖 that
ere classified as class 𝑗, with the matrix block on the diagonal line

ndicating the probability of correct prediction. Additionally, the figure
ncludes a feature map (Fig. 9(b)) in which red points represent true la-
els for negative emotion, green points represent true labels for neutral
motion, and blue points correspond to true labels for positive emotion.
rom the results presented in Fig. 9, it is clear that our model achieves
igh average accuracies for recognition of all emotions in general.
11

owever, the recognition accuracy for negative emotions is relatively
oor when compared to that for neutral and positive emotions. In the
xperiments, negative emotions were more prone to be misclassified as
ositive emotions. One possible reason is that the EEG signals activated
uring negative and positive emotions bear similarities. Subjects may
xhibit strong responses to both types of emotions. Additionally, the
ataset may have a relatively smaller number of samples for negative
motions, leading to misclassification of negative emotions as positive
motions.

. Discussion

In this paper, we proposed the CADD-DCCNN method for emotion
ecognition from EEG signals, achieving SOTA outcomes on the popular
EED and DEAP datasets. The success of our method can be largely
ttributed to its utilization of multi-view learning combined with at-

tention mechanisms to effectively select emotion-related channels and
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ime frames. Additionally, the model leverages the ability of dilated
ausal convolutional neural networks to extract temporal informa-
ion from multi-view features. Moreover, feature-level fusion is per-
ormed on the features from multiple views, enabling the exploration
f complementary information between different views. Furthermore,
domain discriminator is incorporated to ensure uniform feature dis-

ribution coverage and invariant data representation, thus minimizing
he problem of data distribution shift in cross-subject scenarios and
mproving model generalization. Finally, we performed an ablation
tudy to evaluate the individual contributions of each part, and the
xperimental outcomes confirmed their validity. Future efforts will
eed to verify the effectiveness in real-world ‘in-the-wild’ settings.
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