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Abstract
Emotion recognition based on electroencephalography (EEG)
plays a significant role in brain-computer interface (BCI) ap-
plications. However, individual differences often hinder the
generalization of emotion recognition methods to unknown
subjects. To address this, we propose an unsupervised do-
main adaptive model with joint multi-source domain and two-
step alignment strategy (JMS2A). The alignment strategy con-
sists of two steps: (1) To capture the structured informa-
tion from source domain, we combine multiple source do-
mains into a mixed source domain. Simultaneously, a single
source domain and the target domain are combined to form
a pseudo-target domain, which is then indirectly aligned with
the mixed source domain; (2) To extract latent class informa-
tion from the target domain, we extend supervised contrastive
learning to enable direct alignment between source and tar-
get domain. We evaluated JMS2A on the SEED and SEED-
IV datasets, achieving accuracies of 95.30% and 86.55%, re-
spectively. Experimental results demonstrate that our approach
outperforms state-of-the-art methods. The source code is avail-
able at https://github.com/cccyangt/JMS2A.
Keywords: EEG; emotion recognition; Multi-source domain;
Transfer learning

Introduction
Emotion is a physiological activity in humans that signifi-
cantly influences our cognitive processes, especially in areas
such as learning, decision-making, and memory (Tyng et al.,
2017). Human facial expressions and body movements can-
not accurately reflect true emotions, as they are often deliber-
ately masked (Ekman, 1993). The brain, as a central part of
the nervous system, controls and regulates emotions, making
it effective and reliable to use electroencephalographic (EEG)
signals that reflect brain activity for recognizing an individ-
ual’s current emotional state (Paranjape et al., 2001).

In recent years, significant progress has been made in emo-
tion recognition using EEG signals. However, most of these
studies are subject-dependent, assuming that the data in the
training and testing sets are independently and identically
distributed. Consequently, these methods typically perform
poorly when tested on new individuals due to differences in
EEG signals between subjects, which violate the independent
and identically distributed assumption. Additionally, EEG
signals are highly non-stationary (Lotte et al., 2018). To ad-
dress these issues, researchers have introduced unsupervised
domain adaptation (UDA) methods into EEG-based emotion
recognition, utilizing labeled data from one individual to clas-
sify data from new individuals, allowing existing emotion
recognition models to be applied to unknown subjects (Saha
et al., 2019).

With the rapid development of neural networks, unsu-
pervised domain adaptation based on deep learning has at-
tracted attention because it can end-to-end extract transfer-
able features across subjects (M. Wang & Deng, 2018).
Jin et al. (2017) introduced Domain-Adversarial Neural
Networks (DANN) into cross-subject emotion recognition,
where DANN constructs a domain discriminator through a
gradient reversal layer to minimize domain discrepancies,
thereby improving cross-subject emotion recognition perfor-
mance. Y. Li et al. (2018), inspired by neuroscience, focused
on the asymmetry of emotional responses between the left
and right hemispheres of the brain, proposing the Bi-Domain
Adversarial Neural Network (BiDANN) model. This model
designs a global domain and two local domain discrimina-
tors to learn discriminative features related to emotional per-
ception from each brain hemisphere, improving feature sta-
bility across different domain shifts. X. Li et al. (2024)
proposed a graph-based unsupervised sub-domain adaptation
(Gusa) method, which performs fine-grained alignment be-
tween source and target domains from both channel and emo-
tional sub-domains. Meanwhile, attention mechanisms have
been employed to enhance cross-subject emotion recognition
performance. Xu et al. (2023) proposed the Attention-based
Multi-dimensional EEG Transformation (AMDET) model,
which leverages a multi-dimensional global attention mech-
anism to exploit the complementary nature of frequency-
space-time features in EEG data for effective feature extrac-
tion.

The above methods merge all subjects into a single source
domain. This simple merging improves the model’s perfor-
mance by expanding the training data. However, it overlooks
the differences between subjects, making it difficult to align
multiple different distributions simultaneously, which limits
the model’s performance in feature extraction. Therefore,
multi-source domain adaptation has emerged as a practical
solution.

In multi-source domain adaptation, multiple labeled source
domains and a single unlabeled target domain are aligned to
extract domain-invariant features through fine-grained struc-
ture learning for each source and target domain. Researchers
have made significant progress in the field of EEG-based
emotion recognition by utilizing multi-source domain adap-
tation. For example, F. Wang et al. (2021) constructed a
dedicated classifier for each source domain and used multi-
kernel maximum mean discrepancy to optimize the classi-
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fiers in an attempt to explore domain-invariant structures. Al-
though the model’s performance was reasonable, this study
used labels from the target domain, which are inaccessible in
unsupervised domain adaptation. To overcome this, Chen et
al. (2021) extended prior work by considering both domain-
invariance and domain-specificity in EEG emotion recogni-
tion. They constructed a dedicated feature extractor for each
source domain to extract domain-specific features, enabling
finer-grained domain alignment. Y. Yang et al. (2024) intro-
duced attentional alignment methods in multi-source domain
adaptation, utilizing the domain attention mechanism and do-
main consistency loss in learning and aligning rich domain
invariant features. However, these works assume inter-class
separation in EEG data and therefore only consider alignment
between different domains while ignoring the finer-grained
alignment of classes between different domains. Addition-
ally, they overlook exploring structured information in source
domain data and latent class information in target domain
data, which may result in suboptimal performance.

In order to overcome these limitations, we propose JMS2A,
an unsupervised domain adaptive model with joint multi-
source domain and two-step alignment strategy. The model
consists of three modules and a two-step alignment strat-
egy. First, we construct a common feature extractor to ex-
tract shallow common features from both source and target
domains while executing the first step of the alignment strat-
egy, indirectly aligning the common features. Since each sub-
ject’s features have their own specificity, we input them into
domain-specific feature extractors to extract deep differential
features, and then perform a two-step alignment strategy. In
the second step, the differential features are directly aligned.
Finally, we train a classifier for each source domain, and the
model’s output is averaged from the predictions of all classi-
fiers.

The main contributions of this paper are summarized as
follows:

(1)We propose JMS2A, an unsupervised domain adaptive
model with joint multi-source domain and two-step alignment
strategy. The common and differential features extracted by
the model solve the problem of domain alignment in shallow
and deep feature spaces, which is ignored by other methods.

(2) We design a two-step alignment strategy that mines the
structured information of the source domain data as well as
extracts the potential class information of the target domain
data, resulting in a model with better performance.

(3) The experimental results demonstrate that our model
outperforms others in cross-subject classification tasks.

Methodology
In this section, we provide an overview of the JMS2A model’s
overall structure, which consists of three components: (1) a
common feature extractor, (2) domain-specific feature extrac-
tors, and (3) domain-specific classifiers. We then focus on the
two-step alignment strategy employed by the JMS2A model,
which is divided into two stages: (1) indirect alignment of

shallow common features and (2) direct alignment of deep
distinctive features.

Model Structure
As shown in Figure 1, the input to the JMS2A model consists
of n independent source domain data, corresponding target
domain data, and a mixed source domain formed by com-
bining the n independent source domains. These inputs are
passed through the common feature extractor to obtain the
shallow common features. The shallow features are then fed
into the corresponding domain-specific feature extractors to
obtain the deep distinctive features. Based on the shallow and
deep features, the two-step alignment strategy is performed.
The resulting deep features are then passed into the domain-
specific classifiers to obtain the corresponding classification
predictions. The classification loss is computed based on the
predictions from the source domains. Finally, the model out-
put is the average of the predicted values from all classifiers.
The details of each module are as follows.

Feature Extractor The common feature extractor maps the
source and target domain data from the original feature space
to the shallow common feature space. These shallow features
capture the commonality between the source and target do-
main data and represent domain-invariant information. On
the other hand, the domain-specific feature extractors map
the source and target domain data to deep, unique feature
spaces. These deep features represent the differences between
the data. Notably, batch normalization layers (Ioffe, 2015) are
introduced after each hidden layer to standardize the data and
obtain more robust feature representations. Specifically, the
feature extractor can be constructed by stacking the following
formulas:

Z = Dropout(ReLU(BN(Fc(X))) (1)

where X represents the model’s input and Z represents the
model’s output. X ∈ Rb×d , Z ∈ Rb×d , where b denotes the
batch size of EEG signal samples, and d denotes the feature
dimension of the EEG signal samples.

Classifier The domain-specific classifiers use the features
extracted by the domain-specific feature extractors to predict
the results. In the domain-specific classifier, there are n sep-
arate softmax classifiers corresponding to the n source do-
mains, and the final result is the average of the predictions
from all classifiers. To train each classifier, we use the fol-
lowing cross-entropy loss to estimate the classification loss:

Lcls =
1
Ns

Ns

∑
i=1

yslog(ỹs) (2)

where Ns is the number of samples in the source domain, ys
is the true label, and ỹs is the predicted label by the classifier.

Indirect Alignment Strategy
Mixed Source Domain In previous studies, there is no in-
formation transfer between individual source domains, which

1707



𝐗𝐒𝟏

𝐗𝐓

𝐗𝐒𝟐

𝐗𝐓

𝐗𝐒𝐧

𝐗𝐓

…

𝐗𝐒𝟏
′

𝐗𝐒𝟐
′

𝐗𝐒𝐧
′

…

𝐏𝐒𝟏

𝐏𝐓

𝐏𝐒𝟐

𝐏𝐓

𝐏𝐒𝐧

𝐏𝐓

…

𝐙𝐒𝟏

𝐙𝐓

𝐙𝐒𝟐

𝐙𝐓

𝐙𝐒𝐧

𝐙𝐓

…

෡𝐘𝐒𝟏

෡𝐘𝐒𝟐

෡𝐘𝐒𝐧

𝐘𝐒𝟏

𝐘𝐒𝟐

𝐘𝐒n

C
o

m
m

o
n

F
e
a
tu

re
E

x
tra

c
to

r

Domain-specific

Classifier
Domain-specific

Feature Extractor

Domain-specific

Feature Extractor

Domain-specific

Feature Extractor

Domain-specific

Feature Extractor

Domain-specific

Classifier

Domain-specific

Classifier

Domain-specific

Classifier

CE LOSS

CE LOSS

CE LOSS

CE LOSS

Direct

Alignment

Loss 1

Indirect

Alignment

Loss 1

Direct

Alignment

Loss 2

Direct

Alignment

Loss n

… …

Pseudo

target 

domain 1

(a) (b) (c)

𝐗𝐦𝐢𝐱 𝐏𝐦𝐢𝐱 𝐙𝐦𝐢𝐱 ෡𝐘𝐦𝐢𝐱 𝐘𝐦𝐢𝐱

Indirect

Alignment

Loss n

Pseudo

target 

domain n…

Figure 1: Overview of the JMS2A model architecture. Specifically, (a) the raw EEG signals are input into the shared feature
extractor to obtain shallow common features, followed by the calculation of the indirect alignment loss. (b) The shallow
common features are then passed to the domain-specific feature extractors to obtain deep discriminatory features, followed
by the calculation of the direct alignment loss. (c) The deep discriminatory features are finally input into the domain-specific
classifiers to generate predicted labels, and the predicted labels are compared with the true labels using cross-entropy loss to
train the classifier’s performance.

can result in large variance in the prediction results of the fi-
nal n classifiers. To address this, we introduce the concept of
a mixed source domain. Specifically, the data from all source
domains are aggregated into one domain and shuffled, and
samples from the mini-batch are randomly selected for sub-
sequent processing during model training. Since the mixed
source domain contains data from all source domains, the in-
formation it holds is more comprehensive than that of a sin-
gle source domain. More importantly, it can transfer domain
difference information between all source domains, thus in-
directly accelerating the feature alignment process.

Pseudo Target Domain We combine the labeled source do-
main samples and the unlabeled target domain samples to
form a pseudo-target domain. This approach is motivated
by two key factors: First, domain differences exist not only
between the source and target domains but also among the
source domains themselves. By combining the source and
target domains into a pseudo-target domain, we simulate a
new, expanded target domain that helps reduce the domain
differences among the source domains. Second, during model
training, the two domains within the pseudo-target domain
are mapped into the same feature space and brought closer
together, which indirectly facilitates the alignment of features
between the source and target domains.

Indirect Alignment Loss In the indirect alignment strat-
egy, we explicitly match the feature distributions of the same
class between the mixed source domain and the pseudo-target
domain using the following formula:

LIA =
K

∑
k=1

dist(Ck
ms,C

k
pt) (3)

where Ck
ms represents the centroid of the features of class k in

the mixed source domain, and Ck
pt represents the centroid of

the features of class k in the pseudo-target domain. The func-
tion dist() measures the difference between the two centroids
using cosine distance. Ck

ms ∈ Rc×d and Ck
pt ∈ Rc×d , where c

is the number of classes in the EEG signal samples and d is
the feature dimension. Although the centroid helps suppress
the impact of false pseudo-labels, to minimize the influence
of pseudo labels, we use a moving average centroid here.

Pseudo target domain 

Mixed source domain

Class 1 Class 2

Class 1 feature centroid

Class 2 feature centroid

Figure 2: Illustration of the indirect alignment loss step.

1708



The indirect alignment loss minimizes the distance be-
tween the centroids of the same class across different do-
mains, facilitating the alignment of features belonging to the
same class. The specific procedure is illustrated in Figure
2. First, we calculate the feature centroids for each class in
both the mixed source domain and the pseudo-target domain.
Then, we use cosine distance to measure the difference be-
tween the two domains. Finally, we reduce this difference
to align the centroids of each class across the two domains.
However, in unsupervised domain adaptation tasks, the la-
bels of the target domain are unavailable. Therefore, we em-
ploy domain-specific classifiers to assign pseudo-labels to the
pseudo-target domain samples, addressing the issue of miss-
ing label information.

Direct Alignment Strategy
Direct Alignment Loss In the direct alignment loss strat-
egy, we extend the supervised contrastive learning loss to a
semi-supervised contrastive learning form suitable for UDA.
This extended loss can be seamlessly integrated into any
UDA framework and enhances the adaptation of class dis-
crimination knowledge. It brings features of samples belong-
ing to the same class closer together, while pushing features
of samples from different classes further apart. The defi-
nitions of supervised contrastive learning and the extended
semi-supervised contrastive learning formula are as follows:

Lsame
DA = ∑

i∈I

−1
|P(i)| ∑

p∈P(i)
log

exp(zi • zp)

∑a∈A(i) exp(zi • za)
(4)

Ldi f f
DA = ∑

i∈I

−1
|P(i)| ∑

q∈Q(i)
log

exp(zi • zq)

∑a∈A(i) exp(zi • za)
(5)

where I represents the set of all samples, and A(i) represents
the set of all samples except the i-th one, P(i) = {p ∈ A(i) :
ỹp = ỹi}, Q(i) = {q ∈ A(i) : ỹq ̸= ỹi}, and • denotes the dot
product. z represents the simplified interaction features of the
EEG signals. z ∈ Rb×d , where b is the batch size of EEG
signal samples and d is the feature dimension of the EEG
signal samples. Combining equations (5) and (6), the direct
alignment loss function is defined as:

LDA = Lsame
DA −λLdi f f

DA (6)

where λ is a hyperparameter.

Sample Pair Pseudo-label Acquisition Since the direct
alignment loss relies on supervised contrastive learning, sam-
ple labels are essential. In UDA, target domain labels are
unavailable, making the acquisition of pseudo-labels crucial.
The quality of these pseudo-labels significantly influences the
final performance of the direct alignment strategy. Instead of
directly obtaining pseudo-labels for the target domain, we uti-
lize simplified interactive features to capture the intrinsic re-
lationships between different sample pairs. We then compute
the pairwise similarity between samples to generate pseudo-
labels for these sample pairs.

𝐗𝐒

𝐗𝐓

Feature
centroid

Cs
k

Simplified
Interaction

Feature
Extraction
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… 0.98… … …
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… …
… 0.74

1 − 0
− 0 1
0 − −

… 1
… −
… 1… … …

0 1 −
… …
… −

Direct

Alignment

Loss

Figure 3: Illustration of the direct alignment loss step.

The specific operation is shown in Figure 3. First, we cal-
culate the centroid of the sample features for each class in
the source domain, which represents the mean of the sample
features for that class. Next, we perform simplified interac-
tive feature extraction by computing the dot product of all
samples with the centroids of the source domain. This step
produces feature representations that are more advantageous
for the contrastive learning task. We then calculate the co-
sine similarity between all pairs of simplified interaction fea-
tures. If the similarity is greater than 0.9, the pair is assigned
a pseudo-label of 1 (indicating they belong to the same class),
and the loss is computed using equation (4). If the similarity
is less than 0.5, the pair is assigned a pseudo-label of 0 (indi-
cating they belong to different classes), and the loss is com-
puted using equation (5). Pairs with similarities between 0.5
and 0.9 are considered uncertain and are not assigned pseudo-
labels. Our method does not directly acquire pseudo-labels
for the samples; instead, it uses simplified interaction fea-
tures to determine whether samples belong to the same class.
This approach integrates the sample pair pseudo-labels with
the direct alignment loss, reducing errors caused by pseudo-
labels and enhancing the effectiveness of downstream direct
alignment strategies.

Total Loss

We sum the previously mentioned cross-entropy loss, indirect
alignment loss, and direct alignment loss to obtain the total
loss, as follows:

Ltotal = Lcls +α(βLIA +LDA) (7)

here, α is calculated using the formula 2
(1+e−10∗η)

−1, where

η = iteration
max iteration , with iteration being the current iteration and

max iteration the total number of iterations. β is a hyperpa-
rameter that controls the model.
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Experiments

Datasets

We conducted experiments on two publicly available EEG
emotion datasets: SEED (Zheng & Lu, 2015) and SEED-
IV (Zheng et al., 2018). The EEG data from both datasets
were collected using a 62-channel ESI NeuroScan system,
with electrode placements following the international 10-20
system.

SEED The SEED dataset consists of EEG emotion signals
recorded from 15 subjects while watching 15 videos, which
evoked three types of emotions: negative, neutral, and posi-
tive. The EEG data includes recordings from three different
time periods, approximately once a week, corresponding to
three sessions.

SEED-IV The SEED-IV dataset consists of EEG emotion
signals recorded from 15 subjects while watching 24 videos,
which evoked four types of emotions: happiness, sadness,
fear, and neutral. Like the SEED dataset, the EEG data in-
cludes recordings from three different time periods, approxi-
mately once a week, corresponding to three sessions.

Data Processing We directly used the pre-computed differ-
ential entropy features provided by the SEED and SEED-IV
datasets (Y. Wang et al., 2021; Zheng et al., 2018). The raw
EEG signals from both datasets were downsampled to 200 Hz
and then band-pass filtered in the range of 1-75 Hz. The fil-
tered signals were subsequently segmented into 1-second and
4-second segments. For SEED, since the length of each EEG
trial varied, we trimmed each trial signal to a consistent length
and processed them using a 9-second window with 8-second
overlap (L. Yang & Liu, 2019). For SEED-IV, no special
processing was applied. Finally, for both datasets, Z-score
normalization was performed on the processed EEG data for
each subject in each session by subtracting the mean and di-
viding by the standard deviation.

Implementation Details

In our experiments, we used leave-one-subject cross-
validation to evaluate the performance of the proposed
method in the cross-subject task. During the cross-validation
process, no information leakage occurs between the source
and target domain data, as they are from different subjects.
It is worth noting that, unlike the approach of Zhang et al.
(2024), our method exclusively uses target domain data dur-
ing model training and does not involve any label informa-
tion. We set the mini-batch size for all domains to 50, as vari-
ations in batch size do not significantly affect model perfor-
mance. Additionally, we employed the RMSprop optimizer
for model training, with a learning rate of 1e-3 and an L2
regularization weight factor of 1e-5. The SEED dataset was
trained for 2000 iterations, while the SEED-IV dataset was
trained for 3000 iterations. For the SEED task, we set λ and
β to 0.01 and 1, respectively; for the SEED-IV task, λ and β

were set to 1 and 0.01, respectively.

Our model was trained on an NVIDIA GeForce GTX 3060
12GB GPU using Windows 11 22H2, PyTorch 1.12.1, Python
3.10.13, and CUDA 11.3.

Results
We compared the proposed JMS2A model with state-of-the-
art methods, as presented in Tables 1 and 2. MS-MDA (Chen
et al., 2021) simultaneously considers both the domain invari-
ance and domain specificity of EEG signals, enabling the ex-
tracted features to undergo finer-grained domain alignment.
MFA-LR (Jiménez-Guarneros & Fuentes-Pineda, 2023) and
Gusa (X. Li et al., 2024) build on MFA-LR by incorporat-
ing pseudo-label correction strategies and multi-level graph
convolution modules, respectively. The former fully lever-
ages target domain label information, making the model more
robust, while the latter exploits the spatial structure of EEG
channels to improve model recognition capability. Moreover,
(Zhou et al., 2023) is the first to introduce prototype learn-
ing into EEG emotion recognition, transforming the emotion
recognition task into pairwise learning to improve the model’s
tolerance to noisy labels. S2A2-MSDA (Y. Yang et al., 2024)
proposes a spectral-spatial attention mechanism to learn rich
domain-invariant features, enabling the model to easily gen-
eralize to new subjects. Our proposed model achieved accura-
cies of 95.30%, 92.02%, and 91.24% across three sessions on
the SEED dataset, and 80.79%, 86.55%, and 82.48% across
three sessions on the SEED-IV dataset.

(a) (b)

Figure 4: Confusion matrix for JMS2A. Each row represents
the true class and each column represents the predicted class
of the model output. (a) Confusion matrix for SEED. (b) Con-
fusion matrix for SEED-IV.

Figure 4 shows the confusion matrix for the best session of
the JMS2A model on two datasets. Each row represents the
true class, while each column corresponds to the predicted
class output by the model. The color intensity indicates the
accuracy. On the SEED dataset, our model performs better
in identifying negative emotions than in recognizing positive
and neutral emotions, suggesting that the model better lever-
ages information from negative emotions. On the SEED-IV
dataset, the model achieves relatively high accuracy in iden-
tifying fear, while the accuracy for happy emotions is lower,
indicating that non-happy emotions are more easily recog-
nized.
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Table 1: The comparison of accuracy performance (%) of different studies on the SEED dataset.

Method Session 1 Session 2 Session 3 Best Session Average
MS-MDA 85.65 ± 05.37 85.32 ± 07.97 85.12 ± 09.46 85.65 ± 05.37 85.36
S2A2-MSDA 90.11 ± 07.32 / / / /
MFA-LR 89.73 ± 06.98 83.16 ± 12.91 84.93 ± 11.58 89.73 ± 06.98 85.94
PR-PL 93.06 ± 05.12 88.38 ± 07.85 87.01 ± 09.37 93.06 ± 05.12 89.48
Gusa 91.77 ± 05.91 / / / /
Ours 95.30 ± 04.17 92.02 ± 07.12 91.24 ± 07.83 95.30 ± 04.17 92.85

Table 2: The comparison of accuracy performance (%) of different studies on the SEED-IV dataset.

Method Session 1 Session 2 Session 3 Best Session Average
MS-MDA 67.06 ± 09.61 72.38 ± 08.88 68.40 ± 12.24 72.38 ± 08.88 69.28
S2A2-MSDA / / / / 76.23
MFA-LR 66.35 ± 14.02 77.05 ± 13.45 70.31 ± 15.25 77.05 ± 13.45 71.23
PR-PL 71.05 ± 07.97 81.32 ± 08.53 74.32 ± 15.13 81.32 ± 08.53 75.53
Gusa / / / / 75.12
Ours 80.79 ± 08.24 86.55±06.94 80.09 ± 11.11 86.55±06.94 82.48

Table 3: Ablation study on the SEED and SEED-IV datasets.

Method SEED SEED-IV
w/o direct alignment loss (diff) 94.71 82.35
w/o direct alignment loss(all) 89.67 81.54
w/o indirect alignment loss 93.32 82.87
w/o mixed source domain 93.40 84.09
— w/o direct alignment loss (diff) 92.58 80.84
— w/o direct alignment loss (all) 89.08 80.22
Ours 95.30 86.55

Ablation Study

We conducted ablation experiments on the SEED and SEED-
IV datasets to validate the effectiveness of each module in the
proposed model. The results are shown in Table 3.

(1)Removing the semi-supervised loss term from the direct
alignment loss: After removing this term, the model loses
some of the potential class information from the target do-
main. As a result, the accuracy on SEED and SEED-IV de-
creased by 0.59% and 4.2%, respectively.

(2)Removing the entire direct alignment loss: Without the
entire direct alignment loss, the model no longer extracts po-
tential class information from the target domain, leading to
a decrease in accuracy by 5.63% on SEED and 5.01% on
SEED-IV.

(3)Removing the indirect alignment loss: Ignoring the
structured information from the source domain results in a de-
crease in accuracy by 1.98% on SEED and 3.68% on SEED-
IV.

(4)Removing the mixed source domain: Additionally, we
examined the effect of removing both the semi-supervised
loss term and the entire direct alignment loss after removing

the mixed source domain. As presented in Table 3, the mixed
source domain plays a crucial role in transferring source do-
main information, thereby facilitating feature alignment.

In summary, every module in the model is meaningful and
effective, contributing significantly to the improvement of the
model’s performance.

Conclusion
In this paper, we propose an unsupervised domain adaptive
model with joint multi-source domain and two-step align-
ment strategy (JMS2A). This model is capable of extracting
and leveraging the structured information from the source do-
main data, as well as the latent class information from the
target domain data. We construct public feature extractors
for extracting shallow public features and domain-specific
feature extractors for extracting deep differential features in
this model. In addition, we incorporate a two-step align-
ment strategy into the model. The first step involves indi-
rectly aligning the mixed source and pseudo-target domains,
while the second step focuses on directly aligning the source
and target domains. The experimental results demonstrate
that our model outperforms existing methods in cross-subject
classification tasks, and the effectiveness and significant con-
tribution of each module to these tasks are validated through
ablation experiments. However, our model currently incurs
significant computational overhead during the training pro-
cess. In the future, we plan to improve the network architec-
ture, adopt more efficient training strategies, and enhance the
model’s computational efficiency.
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