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Abstract 
Electroencephalography (EEG) has proven to be effective in 
emotion analysis. However, current methods struggle with 
individual variations, complicating the generalization of 
models trained on data from source subjects to unseen target 
subjects. To tackle this issue, we propose the Denoising 
Mixed Mutual Reconstruction (DMMR) model, employing 
a two-stage pre-training followed by fine-tuning approach. 
During the pre-training phase, DMMR leverages self-super-
vised learning through a multi-decoder autoencoder, which 
encodes and reconstructs features of one subject, aiming to 
generate features resembling those from other subjects within 
the same category, thereby encouraging the encoder to learn 
subject-invariant features. We introduce a hidden-layer 
mixed data augmentation approach to mitigate the limitations 
posed by the scarcity of source data, thereby extending the 
method to a two-stage process. To bolster stability against 
noise, we incorporate a noise injection method, named “Time 
Steps Shuffling”, into the input data. During the fine-tuning 
phase, an emotion classifier is integrated to extract emotion-
related features. Experimental accuracy on the SEED and 
SEED-IV datasets reached 88.27% (±5.62) and 72.70% 
(±8.01), respectively, demonstrating state-of-the-art and 
comparable performance, thereby showcasing the superiority 
of DMMR. The proposed data augmentation and noise injec-
tion methods were observed to complementarily enhance ac-
curacy and stability, thus alleviating the aforementioned is-
sues.  

Introduction    
Human emotions are closely related to health conditions and 
behavioral patterns, such as Autism Spectrum Disorder 
(Mayor-Torres et al. 2021)  and depression (Bocharov, 
Knyazev, and Savostyanov 2017), as well as malicious be-
haviors resulting from the accumulation of negative emo-
tions. Real-time monitoring of individuals’ emotional states 
can contribute to objective health assessments and early 
warning of malicious behaviors. Due to the difficulty in dis-
guising physiological signals, wearable devices are com-
monly used to monitor emotion-related physiological sig-
nals, such as EEG, eye movements (Lu et al. 2015), facial 
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electromyography (Chen et al. 2015), etc. Among them, 
EEG-based emotion recognition has become a crucial 
means of emotion identification due to its high temporal res-
olution and accuracy. 

EEG signals from specific channels and frequency bands 
demonstrate different responses to various emotional stimuli 
(Zheng and Lu 2015), making it possible to detect fine-
grained emotional tendencies. However, individuals differ 
in their cranial structure and emotional experiences, which 
result in varying sensitivity to the same emotion. Conse-
quently, there are significant distributional differences 
among data from different subjects, making it challenging 
for a model trained on source subject data to generalize ef-
fectively to target subjects. To solve this problem, transfer 
learning and other methods are employed to extract subject-
invariant emotion features, with the expectation that emo-
tional knowledge can be effectively transferred to target 
subjects from data of source subjects. Early works assumed 
that a large amount of unlabeled data or a small amount of 
labeled data from the target subjects is available, explicitly 
narrowing the distribution gap between source and target 
subjects. These methods are known as unsupervised domain 
adaptation  (Luo and Lu 2021; Li et al. 2018a) and semi-
supervised domain adaptation approaches (Li et al. 2020a). 
However, these approaches rely on the target subject's data 
to train the model, making them less user-friendly. A more 
challenging task is domain generalization (DG), which as-
sumes that the target subjects are entirely unseen during the 
training process, so the model is trained solely on the source 
subject’s data to create a subject-invariant and robust model.  

There are two main types of cross-subject DG methods 
for EEG-based emotion recognition: Sample-intrinsic sub-
ject-invariant feature extraction methods (SI-SIFE) and 
Cross-subject subject-invariant feature extraction methods 
(CS-SIFE). The two methods are related to two non-inclu-
sive categories of features: internally-invariant and mutu-
ally-invariant (Lu et al. 2022). The former extracts features 
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from a single subject, the later takes into account the differ-
ences and traits among subjects, treating each subject as a 
separate domain, thereby incorporating traditional DG tech-
niques to extract subject-invariant features. Despite related 
methods’ great achievements, several issues remain: 
• Involve joint training (simultaneously training subject-in-

dependent feature extraction and emotion recognition 
tasks), where task interference may impede the extraction 
of subject-independent features. 

• Tend to overfit to the scarce source data, resulting in poor 
generalization performance on unseen subject data. 

• Not emphasize the model’s robustness against potential 
noise in the data collection process. 
Inspired by DiMAE (Yang et al. 2022), this paper pro-

poses a new CS-SIFE model named DMMR to address the 
aforementioned issues. We introduce the “mutual recon-
struction” method for EEG-based cross-subject emotion 
recognition. It reconstructs one subject’s features into an-
other’s, which is a novel approach in the field. Unlike the 
Joint training mode, DMMR combines two-stage pretrain-
ing with mutual reconstruction self-supervised learning for 
the first time, addressing individual variability in EEG sig-
nals. To tackle the problem of scarce source data, we pro-
pose a mixed data augmentation strategy extending the 
mixup technique (Zhang et al. 2018), boosting data general-
ization without the need for extra parameters by creating 
new subject features in the hidden layer, improving recog-
nition accuracy. To enhance the model’s stability against 
noise, we incorporate the denoising task proposed by 
(Vincent et al. 2008). This involves relearning clean samples 
from noise-distorted features. We propose an EEG-tailored 
noise injection method enhancing denoising while preserv-
ing essential information, improving stability.  

The main contributions of this paper are as follows: 
• Proposing the DMMR model with a pre-training-fine-tun-

ing paradigm, which extends the mutual reconstruction 
method by proposing a novel mix data augmentation ap-
proach in the hidden layer and a noise injection method 
named Time Steps Shuffling. 

• The experimental accuracy on the SEED (Zheng and Lu 
2015) and SEED-IV (Zheng et al. 2019)  datasets reached 
88.27% (±5.62) and 72.70% (±8.01), respectively, 
achieving state-of-the-art and comparable performance, 
demonstrating the superiority of DMMR. 

• The proposed data augmentation and noise injection 
methods are observed to complementarily enhance accu-
racy and stability, alleviating the issues of the scarcity of 
source data and potential noise interference. 

Related Work 
This section describes the two subject-invariant feature ex-
traction methods (SIFE): SI-SIFE and CS-SIFE. And ana-
lyze the differences between our approach and related work. 

SI-SIFE methods always consider the correlations be-
tween different channels from a single subject. The method 
assumes cross-subject invariance in channel correlations. 
One strategy constructs inter-channel connections into a se-
quence manually, utilizing LSTM for high-dimensional 
emotional features (Li et al. 2020b). Others employ distance 
metrics or trainable parameters to create adjacency matrices, 
employing graph neural networks for high-dimensional 
emotional semantics (Song et al. 2018; Zhong, Wang, and 
Miao 2020; Zhang et al. 2021; Priyasad et al. 2022). Build-
ing upon this, GMSS (Li et al. 2022) enhances data using 
self-supervised learning, employing jigsaw tasks for robust 
intrinsic feature extraction and utilizes unsupervised con-
trastive learning methods for distance manipulation.  

CS-SIFE methods treat each subject as a different domain. 
DG-DANN (Ma et al. 2019) employs gradient reversal 
(Ganin and Lempitsky 2015) to confuse subject discrimina-
tors and yielding subject-invariant features. Notably, it 
aligns the Jensen-Shannon divergence, implicitly aligns the 
marginal probability distributions across multiple subjects 
(Li et al. 2018b). DResNet (Ma et al. 2019) further combines 
residuals from subject-specific and subject-shared encoders 
for emotion classification. In the case of shared features in 
same-label samples across subjects, methods like contras-
tive learning manipulate sample distances. Clisa (Shen et al. 
2022) uses contrastive learning to minimize distances be-
tween samples from the same emotional stimulus and max-
imize distances between different stimuli, ensuring con-
sistent representations for identical emotional stimuli. 

However, the aforementioned methods did not address 
three critical issues: constrained joint training, overfitting to 
scarce source data, and practical noise robustness needs. In 
image processing, Ghifary et al. (Ghifary et al. 2015) pro-
posed MTAE using multiple decoders for mutual recon-
struction. During the pre-training process, they employed a 
single domain’s feature as input and assigned specific de-
coders for each source domain, aiding domain-invariant fea-
ture generation. Yang et al. (Yang et al. 2022) extended this 
with DiMAE, using CP-styleMix for data augmentation and 
a mask mechanism for visible parts. Differing from these 
methods, this paper further proposes hidden layer output 
mixing for data augmentation and a custom noise injection 
method for EEG signals to address the mentioned challenges. 

Methods 
We let 𝑋! = {𝑋!" , 𝑌!"}"#$%  to be the data and labels of n source 
subjects, the model trained with the data of source subjects 
is used to predict the emotion class for the unseen target sub-
ject 𝑋&. Similar to the data preprocessing method of (Zhao, 
Yan, and Lu 2021), to fully exploit the EEG data’s temporal 
features, we employ overlapping sliding windows along the 
time axis with time steps 𝑇, thus a sample to be fitted into
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Figure 1. The pre-training phase of DMMR, it aimed at extracting subject-invariant features from multiple source subjects’ 
data in a self-supervised mode, which consists of a noise injection process and three different modules, namely the ABP module, 
the MMR module and the DG-DANN module

 
Figure 2. The fine-tuning phase of DMMR. Subject-invari-
ant emotional features are further extracted, which are clas-
sified into different emotions by a new emotion classifier. 

the model is represented as 𝑥 = (𝑥$, 𝑥'⋯𝑥() ∈ 𝑅(∗* , 
among them, 𝐷 = 𝐶 ∗ 𝐵	represents the number of feature 
dimensions, 𝐶  represents the number of channels, and 𝐵 
represents the number of frequency bands. 

Figure 1 and Figure 2 show the pre-training and fine-tun-
ing phases of the proposed framework DMMR, respectively. 
The solid arrows indicate the flow of data, while the dashed 
arrows represent the losses to be computed. In the pre-train-
ing phase, to solve the potential noise problem, a noise in-
jection process is used to the input, followed by three differ-
ent modules, namely the ABP module, the DG-DANN mod-
ule and the Mixed Mutual Reconstruction (MMR) module. 
In the ABP module, we introduce the way of (Zhao, Yan, 
and Lu 2021), use the self-attention method to add weights 
for important channels and frequent bands of a sample. In 
the MMR module, an encoder 𝐸! is used to extract shared 
features among subjects. Like the way of (Yang et al. 2022), 
we set n special decoder 𝐷! = {𝐷!"}"#$%  to reconstruct fea-
tures of different subjects within the same category. To 
solve the problem of the scarcity of source data, we further 
propose a two-stage mixed mutual reconstruction approach. 
In the first stage, the outputs of multiple decoders are mixed 
to generate a new mix-subject data. In the second stage, the 
mixed output is fed back into the multi-decoder autoencoder. 
To supervise the decoders with self-supervised learning, we 

utilize sampled samples of the same category taken from dif-
ferent subjects. These samples are then processed through 
the ABP module to generate weighted features, which can 
be considered as representations of the same category fea-
tures in different subjects. The DG-DANN module (Ma et 
al. 2019) is an application of the DANN model (Li et al. 
2018a) to DG problems. It leverages a multi-domain dis-
criminator (since we treat each subject as an individual do-
main, we rename it as the Subject Discriminator	𝑆𝐷) and 
domain adversarial techniques to extract subject-invariant 
features. In the fine-tuning phase, only the ABP module and 
encoder 𝐸! is preserved, and a new emotion classifier 𝐶 is 
added to achieve emotion classification. It further leverages 
emotion category labels for supervised learning, enabling 
the model to extract emotion-related but subject-invariant 
features. Accordingly, algorithm 1 summarizes the pseudo-
code of DMMR. The testing process directly employs the 
fine-tuned model for evaluation, so we won’t provide addi-
tional details in the following text and pseudo-code. 

Noise Injection 
In order to enhance the stability of the model against noise, 
we propose a method called “Time Steps Shuffling” to inject 
noise into the input samples. This method shuffles only the 
order of the temporal dimension, leaving the feature dimen-
sions within individual time steps unaffected. Considering 
that the encoder structure utilizes a unidirectional LSTM, 
the final time step is retained more than other time steps and 
represents the current moment’s emotional state. Hence, we 
fix the final time step and only shuffle others to preserve the 
essential characteristics of the input samples. To distinguish 
it from the original input feature 𝑥, we use 𝑥%+"!,- to repre-
sent the noise injected feature. 
The ABP Module 
The ABP module is a bottom-layer feature weighting 
method proposed by (Zhao, Yan, and Lu 2021). It assigns 
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weights to channels and frequency bands of samples auto-
matically using a self-attention weighting method. This 
method introduces a linear layer to map the original features 
to a new feature space. The weights are obtained by normal-
izing the mapped features using the Softmax function. As 
shown in Formula 1, in which 𝑊. ∈ 𝑅*∗*  and 𝑏. ∈ 𝑅*∗$ 
represent trainable weights and bias in the linear layer, re-
spectively, 𝛼 ∈ 𝑅*∗$ is a one-dimensional attention weight. 
The weighted features are obtained through element-wise 
multiplication of the normalized weights with the original 
features, as shown in Formula 2.	𝑥8 ∈ 𝑅(∗* 	represents the 
weighted feature. 

𝛼 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊.𝑥%+"!,- + 𝑏.)                  (1) 
𝑥8 = 𝛼 ∙ 𝑥%+"!,-                                 (2) 

The MMR Module 
The MMR module defines a shared encoder for all subjects 
and different decoders for each source subject. After extract-
ing high-dimensional features with the encoder, these fea-
tures are reconstructed into features of different subjects 
within the same category using different decoders. This 
forces the encoder to learn subject-invariant representations 
for specific emotions. As the reconstruction loss requires the 
use of emotional labels from the source subjects, this 
method is a self-supervised learning approach. 

Both the encoder and multiple decoders take the weighted 
features from the ABP module’s output corresponding to the 
subject as their input and supervision, respectively, creating 
a symmetric and mutually reconstructive autoencoder struc-
ture. The encoder and decoders in this paper are single-layer 
LSTM models. The construction of the decoder is consistent 

with that in (Zhao, Yan, and Lu 2021), generating features 
for each time step in reverse order and then using a linear 
layer to map the features to the same dimension as the input 
of the encoder. To simplify the description, we formally de-
fine the encoder and decoders in Equation 3. 𝑜$" ∈ 𝑅(∗* rep-
resents the output representation of the i-th decoder in the 
first stage. 

𝑜$" = 𝐷!"(𝐸!(𝑥8)),  𝑖 ∈ {1,2,⋯𝑛}                  (3) 
To further address the scarcity of source data, we draw 

inspiration from the mixup technique (Zhang et al. 2018), 
which linearly combines different samples and labels to cre-
ate new samples for data augmentation, we propose a two-
stage mixed mutual reconstruction method. In the first stage, 
the outputs of each decoder are summed directly to obtain 
new mix-subject features 𝑥/"0 ∈ 𝑅(∗*, as shown in Equa-
tion 4. These features are linear combinations of same-cate-
gory features from different subjects, creating new subject 
features unseen by the model while preserving their label 
information. 

𝑥/"0 = ∑ 𝑜$"%
"#$                                   (4) 

In the second stage, we reconstruct these mix-subject fea-
tures into features of different subjects within the same cat-
egory using the encoder and multi-decoder structure defined 
above, as shown in Equation 5. 𝑜'" ∈ 𝑅(∗*  represents the 
output representation of the i-th decoder in the second stage. 

𝑜'" = 𝐷!"(𝐸!(𝑥/"0)),  𝑖 ∈ {1,2,⋯𝑛}               (5) 
 Since the encoder and decoders between the two stages 

are parameter-sharing, we only need to calculate the recon-
struction loss for each subject after the second stage. The 
Mean Squared Error (MSE) loss is employed to quantify the 
differences between the generated features and the corre-
sponding subject features, as shown in Equation 6. In which 
𝑟" ∈ 𝑅(∗* represents the representation of the i-th subject’s 
features (without noise injection) after being weighted by 
the ABP module. These representations share the same la-
bels as x and are used as supervision for the corresponding 
decoder. The final reconstruction loss 𝑙1,2+% is the sum of n 
individual reconstruction losses, as shown in Equation 7. 

𝑙1,2+%" = 𝑀𝑆𝐸(𝑜'" , 𝑟"),  𝑖 ∈ {1,2,⋯𝑛}              (6) 
𝑙1,2+% = ∑ 𝑙1,2+%"%

"#$                              (7) 

The DG-DANN Module 
We utilize the DG-DANN method from (Ma et al. 2019) to 
establish a multi-class subject discriminator 𝑆𝐷 (a single-
layer fully connected network) for discerning feature own-
ership. Each subject receives a distinct ID for supervision 
during training. A gradient reversal layer (GRL) is added 
before the discriminator, multiplying gradients by	−𝜆 in the 
backpropagation process. This confounds the discriminator 
and encourages subject-insensitive feature extraction by the 
encoder. This adversarial interplay between encoder and 
discriminator strives for a Nash equilibrium, enabling the 
encoder to generate subject-invariant features. It’s important 

Algorithm 1: DMMR method 
Input:  

Iteration T1, T2. 
Source data 𝑋! = {𝑋!" , 𝑌!"}"#$% . 

Output: optimal DMMR model 
The Pre-Training Phase: 
1: Randomly initialize ABP, 𝐸!, 𝐷!$~% and 𝑆𝐷. 
2: for t=1: T1 do 
3: Inject noise to source data. 
4:   Optimize ABP, 𝐸!, 𝐷!$~% and 𝑆𝐷 by minimizing 

Equation (10). 
5: end for 
6: return ABP, 𝐸!. 
The Fine-Tuning Phase: 
7:   Randomly initialize 𝐶. 
8:   Obtain the pre-trained ABP, 𝐸!. 
9.  for t=1: T2 do 
10:   Optimize ABP, 𝐸! and 𝐶 by minimizing Equation 

(12). 
11: end for 
12: return ABP, 𝐸! and 𝐶 
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to note that the DG-DANN module is limited to the first 
stage to avoid interfering with decoder feature generation. 
The process for feature ownership prediction is shown in 
Equation 8. 𝑑L"  represents the Softmax predictions of 𝑆𝐷 . 
The computation of the adversarial loss 𝑙4-5	is presented in 
Equation 9, in which 𝑑" is the ID of the i-th subject. 

𝑑L" = 𝑆𝐷(𝐸!(𝑥8)),  𝑖 ∈ {1,2,⋯𝑛}                 (8) 
𝑙4-5 = −𝜆𝑑"𝑙𝑜𝑔(𝑑L"),  𝑖 ∈ {1,2,⋯𝑛}             (9) 

Learning Loss in The Pretraining Phase 
The final pre-training loss combines the reconstruction loss 
and adversarial loss using a balancing hyperparameter 𝛽, as 
shown in Equation 10. 

𝑙61,7&14"%"%8 = 𝑙1,2+%+𝛽 ∗ 𝑙4-5              (10) 

The Fine-Tuning Phase 
The fine-tuning stage aims to further extract subject-invari-
ant emotion features. The input data is the same as in the 
pre-training phase, and noise injection is no longer needed. 
We take the ABP module and encoder from the pre-trained 
model and add an emotion classifier 𝐶 (a single-layer fully 
connected network) on top of the encoder’s output to get the 
emotion prediction result. All parameters need to be fine-
tuned in order to obtain distinct emotion category bounda-
ries in the extracted features. We use the original emotion 
labels for supervised learning. As shown in Formula 11. 
𝑦P 9 ∈ 𝑅2∗$ is the Softmax predictions of emotion and 𝑐 is the 
number of emotion classes. 𝑙2:! is the cross-entropy loss for 
emotion classification, as shown in Formula 12. Where 𝑦" ∈
𝑅2∗$ is the ground truth emotion label. 

𝑦P 9 = 𝐶(𝐸!(𝐴𝐵𝑃(𝑥))),  𝑗 ∈ {1,2,⋯ 𝑐}          (11) 
𝑙2:! = 𝑦9𝑙𝑜𝑔(𝑦P9)  𝑗 ∈ {1,2,⋯ 𝑐}              (12) 

Experiments 

Datasets 
We evaluated the performance of the DMMR model on two 
publicly available datasets, SEED and SEED-IV. Both da-
tasets involve inducing EEG signals by presenting specific 
emotional videos. The SEED dataset consists of 15 different 
emotional videos, covering three emotion categories (posi-
tive, negative, and neutral). The SEED-IV dataset includes 
24 different emotional videos, covering four emotion cate-
gories (happy, sad, neutral, and fearful). The experiments 
were conducted across three separate sessions. For data ac-
quisition, both datasets utilized the ESI NeuroScan system, 
following the international 10-20 standard, to collect 62- 
channel EEG signals. The EEG signals were downsampled 
of 0-75Hz. These filtered signals were further divided into 
five frequency bands: δ: 1-3 Hz, θ: 4-7 Hz, α: 8-13 Hz, β: 
14-30 Hz, and γ: 31-50 Hz. To extract frequency domain 
features from the EEG signals, a non-overlapping sliding 

Method SEED SEED-IV 
Avg. Std. Avg. Std. 

DGCNN 79.95 9.02 - - 
BiHDM* 81.55 9.74 67.47 8.22 
RGNN* 81.92 9.35 71.65 9.34 
GMSS 86.52 6.22 73.48 7.41 
DG-DANN 84.30 8.32 - - 
DResNet 85.30 7.97 - - 
Clisa 86.40 6.40 - - 
PPDA-NC 85.40 7.10 - - 
PPDA 86.70 7.10 - - 
DMMR 88.27 5.62 72.70 8.01 

Table 1. Performance comparison of our proposed DMMR 
with baselines (%) 

window of 1 second size was applied in the raw signals, and 
in each window, the Differential Entropy (DE) feature was 
extracted. This process mapped every 1-second data to a 
310-dimensional feature space (62 channels * 5 frequency 
bands), the data sizes for a single experiment are approxi-
mately 3400 and 830 for the two datasets, respectively. 

Implementation Details 
We utilized the DE features from the first session of all sub-
jects in both datasets. For evaluation, we adopted a leave-
one-subject-out cross-validation approach, where we used 
one subject as the test set while using the remaining subjects 
as the training set. The average accuracy (avg.) and standard 
deviation (std.) were calculated across all subjects after each 
subject served as the target subject once. 

Regarding hyperparameters, for both datasets, the input 
data has a feature dimension of 310, and the hidden size of 
the encoder is 64. The balancing hyperparameter 𝛽 is set to 
0.05.  We utilize the Adam optimizer with a learning rate of 
1e-3 and a weight decay rate of 5e-4. Due to the different 
sizes of the SEED and SEED-IV dataset, the batch sizes are 
set to 512 and 256, while time steps 𝑇 are set to 30 and 10, 
respectively. To ensure reproducibility, the random seed for 
all experiments is fixed at 3. All experiments were imple-
mented using PyTorch on a Nvidia Tesla V-100 GPU. Code 
of DMMR is at https://github.com/CodeBreathing/DMMR. 

Experiment Results 
Comparison with baseline methods The performance 
comparison between DMMR and baseline models is shown 
in Table 1. In order to comprehensively compare with rele-
vant baseline methods, we selected the best-performing 
models in two categories of SIFE methods. Among them, 
DGCNN (Song et al. 2018), BiHDM (Li et al. 2020b), 
RGNN (Zhong, Wang, and Miao 2020), and GMSS (Li et 
al. 2022) are SI-SIFE methods. In which BiHDM and 
RGNN are unsupervised domain adaptation models, which 
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Method SEED SEED-IV 
Avg. Std. Avg. Std. 

DMMR 88.27 5.62 72.70 8.01 
w/o noise 87.15 6.02 72.93 12.16 
w/o mix 85.42 5.89 71.12 10.06 
w/o both 85.25 5.29 71.12 11.63 
Mask Time Steps 85.46 5.61 70.83 10.79 
Channels Shuffling 86.83 5.79 71.65 9.49 
Mask Channels 86.54 4.79 72.41 9.69 
Dropout 86.37 5.43 71.21 11.54 

Table 2. Ablation Studies and Performance Comparison of 
Different Noise Injection Methods (%)  

can be used for DG tasks when the gradient reversal layer is 
removed. We use an asterisk “*” to indicate their perfor-
mance in DG tasks. DG-DANN (Ma et al. 2019), DResNet 
(Ma et al. 2019), and Clisa (Shen et al. 2022) are CS-SIFE 
methods, where the first two are classical joint learning DG 
methods, and Clisa is a special method that generates more 
robust DE features through contrastive learning. Addition-
ally, Some basic modules of DMMR and PPDA (Zhao, Yan, 
and Lu 2021) are shared for their excellent performance 
shown in PPDA, like the ABP module and DG-DANN mod-
ule. Specifically, the two models both extract temporal fea-
tures from the DE features using sliding windows and em-
ploy LSTM autoencoders. Therefore, PPDA is included as 
one of the baselines for comparison. However, unlike DG 
methods, PPDA calibrates the pre-trained model using a 
small amount of unlabeled data from the target subject. 
When the calibration part is eliminated, the resulting 
PPDA_NC model can achieve DG tasks. Differently, 
DMMR utilizes inter-subject mutual reconstruction to ex-
tract subject-invariant features, rather than PPDA’s self-re-
construction approach, which only ensures the robustness of 
the generated features. 

By comparing with the optimal results of two SIFE meth-
ods, the proposed DMMR model achieves the highest accu-
racy of 88.27% and the lowest standard deviation of 5.62 on 
the SEED dataset. Particularly, the performance of the 
DMMR model outperforms the PPDA model. However, 
there have been almost no reports on the performance of CS-
SIFE methods on the SEED-IV dataset. By comparing with 
the current state-of-the-art SI-SIFE methods, we find that 
our method’s performance of 72.70% (±8.01) is only 
slightly inferior to the GMSS model, which could be due to 
the smaller dataset, which limits the efficiency of the tai-
lored data augmentation method. The performance compar-
ison on both datasets demonstrates the effectiveness of our 
approach.  

Ablation studies To analyze the effectiveness of our pro-
posed noise injection method and data augmentation tech-
nique, we conducted ablation experiments on both datasets,  

 
Figure 3. Different Noise injection methods, with the Time 
Steps Shuffling being the method used in DMMR. 

as shown in the upper side of the double solid line in Table 
2. “w/o noise” refers to the ablation of the noise injection 
module; “w/o mix” refers to the ablation of the mixed data 
augmentation module. In this case, the two-stage mixed mu-
tual reconstruction reduces to a one-stage mutual recon-
struction, where the reconstruction loss is directly applied to 
the first output of multiple decoders; “w/o both” means that 
both the two modules are ablated.  

It is observed that both modules contribute to the overall 
performance improvement. The data augmentation method 
based on multi-decoder fusion shows a more significant ef-
fect on accuracy enhancement, while the noise injection 
method significantly reduces the standard deviation, indicat-
ing that both modules complement each other. Particularly, 
although ablating the noise injection module leads to 
slightly higher accuracy on the SEED-IV dataset compared 
to the DMMR model, its standard deviation is considerably 
higher, indicating that this method lacks stability. 
Noise injection methods comparison To validate that our 
proposed noise injection method is more suitable for sub-
ject-invariant feature extraction in the EEG based emotion 
recognition task, Figure 3 illustrates the Time Steps Shuf-
fling method proposed in this paper, along with three other 
random noise injection methods, including “Mask Time 
Steps” (excluding the last time step), “Channels Shuffling”, 
“Mask Channels”. It represents different time steps with 
various dashed and solid lines, and different colored circles 
indicate different channels, with white color indicating a sit-
uation where a time step or channel is masked out. In this 
case, the features of each time step are composed of C-di-
mensional channels and B-dimensional frequency bands. In 
order to manipulate the channel dimension, it is necessary to 
reshape the shape into (𝑇, 𝐶, 𝐵), and then apply noise injec-
tion methods only along the C dimension. Additionally, 
Dropout is also a commonly used noise augmentation tech-
nique, which randomly drops a corresponding rate of chan-
nels or frequency bands at each time step. Therefore, we also 
include this method for comparison. Both the masking and 
dropout ratios are set to 20%. From the results in the lower 
side of the double solid line in Table 2, we found that our 
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proposed noise injection method performs the best, while 
the other four noise injection methods even perform worse 
than the “w/o noise” baseline, suggesting that for EEG data, 
a careful selection of the noise injection method is essential. 

In particular, the mask-based and dropout methods both 
lead to a certain degree of information loss. We speculate 
that due to the relatively small size of the dataset, the nega-
tive impact of information loss is more pronounced. More-
over, the “Channels Shuffling” method confuses the bound-
aries among dimensions, making the data boundaries within 
the same dimension less distinct. The “Time Steps Shuffling” 
used in DMMR does not cause any information loss and has 
no impact on the features at individual time steps. As a result, 
it achieves better performance compared to other methods. 
Visualization of extracted features To assess whether our 
model can extract subject-invariant  features and clearly de-
lineate the boundaries of emotion categories, we employed 
the T-SNE algorithm (Van der Maaten and Hinton 2008) on 
the randomly selected 50 samples from data of each source 
subject of the SEED dataset. We visualized the subject dis-
tribution and emotion distribution of the original features 
and the features extracted by our pre-trained model and fine-
tuned model. The resulting plots are shown in Figure 4. In 
the subject distribution, each subject is represented by a 
unique color, notably, the target subject is represented in red; 
in the emotion distribution, positive, neutral, and negative 
correspond to orange, light blue, and dark blue, respectively.  

From the perspective of subject distributions, the original 
distribution of subjects is relatively scattered with little 
overlap. However, following self-supervised pretraining, 
there is a high degree of feature overlap among subjects, and 
their distributions tend to become consistent. After fine-tun-
ing, influenced by emotional categories, three clusters 
emerge, yet the distributions of subjects within each cate-
gory still exhibit significant overlap. Regarding emotional 
distributions, the original emotional distribution shows con-
siderable overlap. Since the pretraining process only focuses 
on extracting subject-invariant features, the issue of over-
lapping emotional distributions remains unaddressed. Nev-
ertheless, through the fine-tuning process, features corre-
sponding to the distinct emotional categories cluster sepa-
rately with clear boundaries. 

The aforementioned observations show that the pre-
trained model captures subject-invariant features. The fine-
tuning process further delineates category boundaries and 
captures subject-invariant features within each category. 
Particularly, based on the post-fine-tuning subject distribu-
tion graph (bottom left corner), the distribution of target sub-
ject data highly overlaps with the distribution of source sub-
jects, indicating that the DMMR is effective in aligning the 
distributions between source subjects and unseen target sub-
jects. From the post-fine-tuning emotional distribution plot 
(bottom right corner), it is observed that the features corre-
sponding to positive-neutral and negative-neutral emotional 

 
Figure 4. Features visualization. From left to right, we have 
the subject distribution and emotional distribution. From top 
to bottom, we show the original DE features, features after 
pre-training, and features after fine-tuning. 

pairs are more prone to confusion, aligning with the process 
of continuous emotional transitions. 

Conclusion and Future Work 
In conclusion, this paper introduces the DMMR model, a 
novel approach for EEG-based emotion recognition that ad-
dresses critical challenges in DG. The model leverages a 
two-stage pre-training followed by fine-tuning approach, in-
corporating self-supervised learning through mutual recon-
struction to extract subject-invariant features. To address the 
problem of the scarcity of source data and potential noise in 
the data, this paper proposes a method of mixed data aug-
mentation at the hidden layer and a noise injection method 
called Time Steps Shuffling. The experimental accuracy on 
the SEED and SEED-IV datasets reached 88.27% (±5.62) 
and 72.70% (±8.01), respectively, achieving state-of-the-art 
and comparable performance. The methods for data aug-
mentation and noise injection have been observed to effec-
tively enhance both accuracy and stability, providing com-
plementary solutions to the aforementioned issues. 

In the future, we plan to explore DG methods under the 
condition of limited annotated EEG data for source subjects, 
accelerating the practical application of relevant techniques. 
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