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Abstract

In recent years, using Electroencephalography (EEG) to rec-
ognize emotions has garnered considerable attention. Despite
advancements, limited EEG data restricts its potential. Thus,
Generative Adversarial Networks (GANs) are proposed to
mimic the observed distributions and generate EEG data.
However, for imbalanced datasets, GANs struggle to produce
reliable augmentations for under-represented minority emo-
tions by merely mimicking them. Thus, we introduce Emo-
tional Subspace Constrained Generative Adversarial Net-
works (ESC-GAN) as an alternative to existing frameworks.
We first propose the EEG editing paradigm, editing refer-
ence EEG signals from well-represented to under-represented
emotional subspaces. Then, we introduce diversity-aware and
boundary-aware losses to constrain the augmented subspace.
Here, the diversity-aware loss encourages a diverse emotional
subspace by enlarging the sample difference, while boundary-
aware loss constrains the augmented subspace near the de-
cision boundary where recognition models can be vulnera-
ble. Experiments show ESC-GAN boosts emotion recogni-
tion performance on benchmark datasets, DEAP, AMIGOS,
and SEED, while protecting against potential adversarial at-
tacks. Finally, the proposed method opens new avenues for
editing EEG signals under emotional subspace constraints,
facilitating unbiased and secure EEG data augmentation.

Introduction

With the rapid development of deep learning technology, ar-
tificial intelligence systems have developed fantastic percep-
tion and computing capabilities. Nonetheless, it is critical to
enable Al to communicate emotionally with humans to meet
their emotional and psychological needs. To this end, affec-
tive computing strives to develop systems that bridge the gap
between human emotions and machine intelligence (Tao and
Tan 2005). In recent years, researchers have increasingly fo-
cused on analyzing the EEG of different emotions, applying
these research results to emotional artificial intelligence.
With the advancement of deep learning in image and nat-
ural language processing, attention is being paid to its ap-
plication in EEG-based emotion recognition (Song et al.
2020; Zhang et al. 2020; Zhao, Yan, and Lu 2021; Tripathi
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et al. 2017; Thammasan, Fukui, and Numao 2017). How-
ever, a significant challenge is that deep learning algorithms
require extensive training data to obtain high-performance
models (Li et al. 2021). Compared with image and natu-
ral language data, EEG data acquisition is labor-intensive
and time-consuming, resulting in limited available EEG data
(Wei et al. 2015; Lin and Jung 2017), which restricts the po-
tential of deep learning algorithms (Hu et al. 2019).

To tackle this problem, data augmentation is widely ap-
plied. Traditional data augmentation methods, such as geo-
metric transformation and noise addition, are often argued
to be unsuitable for EEG signals (Bao et al. 2021). If we ro-
tate or shift the EEG data, the feature of time domain will be
destroyed (Wang et al. 2018). If the EEG signal is noisy, the
amplitude and data distribution of the original signal will be
changed. (Bao et al. 2021).

As an alternative, Generative Adversarial Networks
(GANSs) have garnered widespread attention for their ability
to mimic the observed distributions and generate real-like
augmented data (Bao et al. 2021; Luo and Lu 2018). GANs
depend heavily on extensive, diverse, and high-quality train-
ing examples (Zhao et al. 2020). However, several studies
that used public datasets are observed to have a high im-
balance of emotional data (Wirawan, Wardoyo, and Lelono
2022). For example, the AMIGOS dataset (Santamaria-
Granados et al. 2018) is skewed toward higher arousal rat-
ings, while the DEAP dataset (Koelstra et al. 2011) con-
tains a higher proportion of positive emotions compared to
negative ones (Wang et al. 2022). We concur that current
GANSs can generate real-like samples for well-represented
majority emotions. However, for underrepresented minority
categories, merely mimicking observed distributions can be
problematic, potentially leading to issues, e.g., mode col-
lapse (Zheng et al. 2020). As depicted in Fig. 1(a), if an emo-
tion category lacks sufficient data, mimicking the observed
distribution will increase sample density but not fulfill po-
tential emotional subspaces like well-represented ones, hin-
dering the development of unbiased emotion recognition
systems.

To overcome this challenge, we propose a novel paradigm
for augmenting EEG signals in emotion recognition, as de-
picted in Fig. 1(b). (1) We propose sampling EEG signals
from the majority category and using them as starting points
for generating new data. These EEG signals are considered
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Figure 1: The paradigm differences between existing GAN-
based methods and the proposed Emotional Subspace Con-
strained Generative Adversarial Networks (ESC-GAN).

reference EEG signals, providing information from various
collected samples. We then learn to edit reference EEG sig-
nals to a well-constrained emotional subspace for augment-
ing under-represented emotions. (2) To encourage a diverse
emotional subspace for under-represented distributions, we
propose enlarging the difference between augmented sam-
ples, preventing the augmented EEG signals from becoming
too homogeneous. (3) Inspired by related work (Karimi and
Tang 2020), deep neural networks (DNNs) are susceptible
to erroneous instances near decision boundaries (Pei et al.
2017; Karimi and Tang 2020). Therefore, we propose prior-
itizing the emotional subspace near the decision boundary to
sample augmented signals and mitigate potential vulnerabil-
ities.

Finally, the contributions of this work lie in three as-
pects: (1) We first propose the Emotional Subspace Con-
strained Generative Adversarial Network (ESC-GAN) as
an alternative to existing GAN-based augmentation frame-
works. (2) We first propose an editing paradigm that trans-
forms reference EEG signals from well-represented emo-
tions to under-represented emotional subspaces. Then, we
introduce diversity-aware and boundary-aware losses to con-
strain the augmented subspace. Here, the diversity-aware
loss encourages a diverse emotional subspace for under-
represented distributions by enlarging the sample differ-
ence, while boundary-aware loss constrains the subspace
near the decision boundary to defend against adversarial at-
tacks. (3) Experiments demonstrate that employing ESC-
GAN for data augmentation aids simple yet efficient clas-
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sifiers in achieving satisfactory performance on the DEAP,
AMIGOS, and SEED datasets. Moreover, ESC-GAN also
yields benefits in defending against adversarial attacks.

Methodology
Model Architecture

This paper proposes a novel data augmentation framework
for EEG-based emotion recognition, i.e., Emotional Sub-
space Constrained Generative Adversarial Network (ESC-
GAN).

As shown in Fig 2, the ESC-GAN consists of a generator
and two discriminators. The generator G is the core module
of ESC-GAN. It takes the control signal ¢ and the reference
EEG signal e as input. Here, the control signal ¢ refers to a
user-specific emotional category, e.g., low arousal. For the
reference EEG signal, existing studies (Russell and Mehra-
bian 1977; Mehrabian 1995, 1996; Russell 1980) show emo-
tions can be described in nearly orthogonal dimensions, in-
cluding valence and arousal. For under-represented emo-
tions, we lack samples consistent with these emotions in
both valence and arousal dimensions. Nevertheless, abun-
dant EEG signals from well-represented emotions match
under-represented emotions in one dimension. Thus, we se-
lect one such signal at random, designated as the reference
EEG signal e, to serve as the starting point for augmentation.

Then, the generator GG edits the reference EEG signal e
to a new EEG signal with the user-specific emotional cate-
gory t, thereby producing augmented samples. Specifically,
G contains an encoder and a decoder. In the encoder, we
utilize stacked convolutional layers to downsample the EEG
signal and derive a compact feature representation. This rep-
resentation is then combined with the control signal ¢ and fed
to the decoder. The decoder maps the feature representation
according to ¢ and upsamples the features to create a new
EEG signal using stacked deconvolution layers.

The discriminators are designed to optimize the generator
G in a zero-sum game with G. We present two discrimina-
tors: R, which distinguishes between generated EEG signals
and real EEG signals, and C, which predicts the emotional
category of a given EEG sample. The two discriminators
share stacked convolutional layers that use strided convo-
Iutions to extract compact feature representations from EEG
signals. The representations are then fed into unshared fully
connected layers for predictions. Discriminator R utilizes
its fully connected layers to distinguish real samples from
generated samples, while discriminator C' uses its own fully
connected layers to classify the emotional category of the
EEG signal.

Model Optimization

Then, we design loss functions to optimize the ESC-GAN
as shown in Fig. 2, which includes controllable adversarial
loss, diversity-aware loss, and boundary-aware loss.

Controllable Adversarial Loss For well-represented
emotions, optimizing GAN to learn the distribution and pro-
duce real-like samples poses no issues because these emo-
tions involve relatively adequate EEG signals to learn gener-
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Figure 2: The overall framework of Emotional Subspace Constrained Generative Adversarial Networks (ESC-GAN).

ative models. In this situation, we introduce controllable ad-
versarial loss to approximate the real distribution via adver-
sarial training while learning a mapping to the target emo-
tional category.

In detail, the discriminator R is trained to distinguish be-
tween real and generated samples, while the discriminator C'
is optimized to classify the emotional categories correspond-
ing to the EEG signals. Mathematically, the loss function of
R and C' can be formulated as:

ﬁade = Eenp, [Heross (R(e),0)]
+ IE@NIF’8 [Hcross (R(G(e, t))7 T)]

+ Eewﬂl’e [Hcross (C(e), y)]

where the first two terms, formed by the cross-entropy loss
Heross (-5 -), serve to differentiate between real samples e
and fake samples G(e, t) for R. In the last term, the cross-
entropy loss is employed for C' to classify the given EEG
signals e. To prevent the model from making overconfidence
predictions, we use the one-side label smoothing technique
(Salimans et al. 2016) to smooth the labels of fake samples
with the label 7 (0.5 < 7 < 1). In this way, R leans to-
ward exhibiting moderate confidence in detecting generated
samples and producing low cross-entropy loss during adver-
sarial training. Thus, it avoids the instability of the optimiza-
tion process and helps the convolutional layers extract stable
features for classification.

The generator aims to fool the discriminator R into clas-
sifying the generated samples as real EEG signals and to
force the discriminator R to classify the generated samples
into the target emotional category. The loss function of G
can be formulated as follows:

LEY = Eenp,|le — Gle,y)|
+ EeNIP’c [Hcross (R(G(ea t))v O)]
+ EeNPE [Hcross (C(G(@, t))a t)]
where the first term denotes the L2 distance between the
generated and real EEG signals. It means that if the control

ey

@)
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signal ¢ is consistent with the category y of the given EEG
signal, the generator will generate EEG signals similar to the
given EEG signals. The second term aims at fooling R into
classifying the generated samples as real EEG signals with
cross-entropy loss. The last term is to produce EEG signals
classified as the target emotional category ¢. Through adver-
sarial training, the generator will eventually approximate the
real distribution with the pattern of the target emotional cat-
egory.
Diversity-aware Loss For under-represented emotions in-
volving inadequate EEG signals, optimizing generated EEG
signals to mimic their observed distributions may result in
similar samples near the limited observed samples. The ho-
mogeneous samples hinder the augmented samples from ex-
tending under-represented emotions to build an unbiased de-
cision boundary. Thus, we introduce an additional loss func-
tion to encourage a diverse emotional subspace to enhance
the diversity of under-represented emotional distributions.

Here, we propose a new metric to measure the difference
between augmented samples in the emotional subspace and
maximize the difference between sample pairs to encourage
the generator to generate diverse samples:

_ —|G(eioti)=G(ej.t5)] 3
LA = Eei’ejwputi’tj,vpte‘F(G(ei*ti))fF(G(ej’tj))| 3)

In detail, in mini-batch training, EEG signal sample pairs
(ei,€;) are first sampled from a batch of samples. Subse-
quently, we employ the generator G to edit the pair of sam-
ples based on the provided control signal pair (¢;,¢;), yield-
ing the generated EEG samples (G(e;, t;), G(e;, t;)). Here,
drawing inspiration from the Radial Basis Function (RBF)
kernel (Scholkopf 2000; Lin and Chen 2011) (as known
as “squared exponential” kernel), we utilize an RBF-like
measurement to compute the difference between the two
generated EEG signals mapped in an infinite-dimensional
space, to capture complex relationships between samples
that might not be apparent in the original feature space.
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Moreover, considering that different classes of EEG
signals with distinct patterns should exhibit a substan-
tially larger numerical difference than EEG signals shar-
ing the same patterns, we maximize the ratio of sam-
ple difference (|G (e;,t;) — G (ej, t;)]) to feature difference
(IF (G (ei, t;)) — F (G (e4,t5))]), between pairs of gener-
ated samples. As a result, the generator is optimized to
highlight the difference in terms of the generated EEG sig-
nals according to the level of feature difference. Finally, the
diversity-aware loss results in stronger diversity of the gen-
erated EEG signal samples to cover potential distribution.

Boundary-aware Loss Recent studies (Possas and Zhou
2017) have shown that adversarial attacks are more severe on
imbalanced datasets. Thus, we propose to augment samples
to improve the robustness against potential attacks for under-
represented emotions. Inspired by related work, DNNs are
vulnerable to erroneous instances near their decision bound-
aries (Pei et al. 2017; Karimi and Tang 2020), prompting
us to constrain the augmented subspace near the decision
boundaries. Then, we can optimize models to classify aug-
mented samples near the decision boundary precisely to mit-
igate vulnerabilities. However, how do we measure whether
a sample is near the classification boundary?

In this paper, we propose a new metric to leverage dis-
criminator C' to determine to measure the distance of sam-
ples to the decision boundary in the emotional space. For a
binary classification problem, when the generated EEG sig-
nal is far from the classification boundary, C' will classify the
generated signal into one category with a high probability.
Conversely, when the generated EEG signal is on the classi-
fication boundary, C' will classify it into two categories with
a nearly equal probability of 50%. Based on these observa-
tions, we design the boundary-aware loss that minimizes the
KL divergence between C’s predictions and a uniform dis-
tribution U (¢):

LY = Eonp, e, KLUD|C(Gle,1)) ()
where K L(P||Q) is the KL divergence between two dis-
tributions P and @, which is defined as KL(P||Q) =

> P(1)log L) In this way, the boundary-aware loss can

prevent the 1?1(02161 from producing the generated EEG sig-
nal, which can be classified into a single category with a
higher probability, thereby nudging the generated samples
toward the classification boundary. It is worth noting that
due to the constraint of Eq. (2), the augmented samples will
not be exactly on the boundary, avoiding the generation of
noise samples.

Classifier Optimization

After optimizing the ESC-GAN, we utilize the generator
to produce augmented samples for optimizing the emotion
recognition classifier. To ensure the quality of the augmented
samples, we use the discriminators R and C' to filter the gen-
erated samples. Specifically, we retain the generated samples
that meet the following criteria for use as augmented sam-
ples in classifier training:
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Condition (1) : R(G(e,t)) < o
Condition (2) : argmax C(G(e, t)) == ®)

Condition (1) mandates that the discriminator R not clas-
sify the generated sample as fake with a confidence greater
than 6. We set  to 0.5. This ensures that the distribution
of the augmented samples is close to the real distribution.
Condition (2) requires that the discriminator C' classify the
generated samples into the target category ¢, ensuring that
the augmented samples contain patterns corresponding to
the control signal ¢.

During the training process of the classifier f(.), we use
both augmented samples € and real samples. We adopt the
mix-up technique (Zhang et al. 2018) to sample EEG sig-
nal pairs from augmented samples and real samples, mixing
them in a ratio of 7. The mixed EEG signal samples and
their respective labels are subsequently used to optimize the
classifier through cross-entropy:

Ly=—Ee,e;miw)V-yi+1=7)y;)
(f(r-eit(1—=7)-¢€))

where (e;,e;) ~ P.yuqey represents pairs of EEG signals
sampled from augmented samples and real samples, and
(¥i»y;) ~ Pgyyuqe represents the pairs of corresponding
labels for the EEG samples. The discriminator C, proposed
in this study, has been demonstrated as an effective model
for recognizing patterns relevant to emotional categories in
EEG signals during adversarial training. Thus, the classifier
shares similar model architectures as C'.

(6)

Experiments

We conduct experiments on three widely used benchmark
datasets, the DEAP dataset (Koelstra et al. 2011), the AMI-
GOS dataset (Santamaria-Granados et al. 2018), and the
SEED dataset (Duan, Zhu, and Lu 2013). In the experiments,
we use the five-fold cross-validation technique to partition
training and test datasets. In each experiment, one-fifth of
the continuous EEG segments are selected from each trial,
forming the test dataset, while the remaining samples con-
duct the training dataset.

Emotion Recognition Performance

We first conduct comparative experiments to demonstrate
the overall performance of our proposed approach, com-
paring it with other generative adversarial network-based
data augmentation techniques and recent state-of-the-art al-
gorithms. In this section, we report the average emotion clas-
sification accuracy in both valence and arousal dimensions
on the DEAP and AMIGOS datasets. We also report the av-
erage accuracy of classifying emotions as positive, neutral,
or negative, on the SEED dataset. As shown in Table 1, our
method outperforms GAN-based data augmentation tech-
niques and other state-of-the-art algorithms on the DEAP
and AMIGOS datasets. Specifically, our performance sur-
passes Zhang et al.’s (Zhang, Zhong, and Liu 2022) work by
2% in classifying valence and arousal on the DEAP dataset,
illustrating the effectiveness of our proposed method.
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DEAP AMIGOS

Method Valence | Arousal | Valence | Arousal SEED

Santamaria et al. (Santamaria-Granados et al. 2018) - - 75.00 76.00 -

Siddharth ef al. (Jung, Sejnowski et al. 2019) 71.09 72.58 83.02 79.13 -
Topic et al. (Topic and Russo 2021) 76.61 77.72 87.39 90.54 88.45

Recent Hu et al. (Hu et al. 2021) 71.8 71.88 74.06 69.52 -
state-of-the-art Zhang et al. (Zhang, Zhang, and Wang 2022) 85.86 84.27 - - 92.47

Yang et al. (Yang et al. 2018) 90.26 90.98 - - -

Tao et al. (Tao et al. 2020) 93.72 93.38 - - -
Shen et al. (Shen et al. 2020) 94.22 94.58 - - 94.74
Feng et al. (Feng et al. 2022) 95.04 95.52 - - 96.72
Imbalanced learning Chawla et al. (Chawla et al. 2002) 94.41 94.65 93.77 94.38 95.85
He et al. (He et al. 2008) 94.25 94.6 93.75 94.42 95.76
Luo et al. (Luo and Lu 2018) 73.89 78.17 - - 86.96

GAN-based Liu et al. (Liu, Hao, and Guo 2023) 92.75 93.52 - - -
augmentation Zhang et al. (Zhang, Zhong, and Liu 2022) 93.52 94.21 - - 97.7
Proposed 96.33 96.68 94.40 95.23 97.14

Table 1: Comparative experiments on the benchmark datasets DEAP and AMIGOS for classifying EEG signals in valence and

arousal dimensions.

DEAP
Method Valence | Arousal
w/0 augmentation 94.17 94.75
reference one-side iv ou
paradigm | smoothing L& | £hov | Valence | Arousal
v v v 95.07 95.28
v v v 96.11 96.63
v v v 95.83 95.9
v v v 96.23 96.11
v v v v 96.33 96.68

Table 2: An ablation study on the DEAP dataset demon-
strates performance gains brought about by the edit-
ing paradigm, one-side smoothing techniques in control-
lable adversarial loss ﬁ‘éd”, diversity-aware loss L4 and

boundary-aware loss LZZ?“.

On the balanced SEED dataset, our model exhibits out-
standing performance, ranking just behind the most recent
state-of-the-art method, GANSER. Notably, without our
proposed data augmentation framework, the model’s perfor-
mance on the SEED dataset is 95.22%. This indicates that
our data augmentation framework contributes to a perfor-
mance improvement of 1.92%, highlighting the generaliza-
tion capability of our proposed model on balanced datasets.

Further, we apply the imbalanced learning techniques,
SMOTE (Chawla et al. 2002) and ADASYN (He et al.
2008), under the same experimental setting. As shown in Ta-
ble 1, these methods fall short compared to our proposed
ESC-GAN, particularly on the DEAP dataset. It demon-
strates compared to oversampling under-represented cate-
gories via linear combinations of observed data, ESC-GAN
has advantages in modeling EEG signals and complement-
ing imbalanced datasets.

We also conduct ablation studies to investigate the perfor-
mance contribution of various designs in the proposed algo-
rithm. First, we train a baseline classifier without using ESC-
GAN augmented samples, while maintaining other settings.
We then ablate various modules in the proposed algorithm,
including the editing paradigm based on reference EEG sig-
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nals, controllable adversarial loss, diversity-aware loss, and
boundary-aware loss, retaining the others. For the ablation
of the editing paradigm, we follow related work that gen-
erates EEG signal samples from random vectors, instead of
reference EEG signals to produce new samples. To ablate
the adversarial loss, we eliminate the one-side smoothing
technique in controllable adversarial loss £, assessing
the performance of the conditional adversarial generation
network. When ablating the diversity-aware loss Eéiv and
boundary-aware loss £2", we remove the corresponding
loss functions to optimize the generator. The performance of
different ablated versions of the model is reported in Table
2.

It can be found that compared to the model performance
without augmented samples, the ESC-GAN-based data aug-
mentation results in approximately 2% performance gains,
indicating the contribution of augmented samples. Then, in
the ablated versions of the model that remove different mod-
ules, the model without the editing paradigm demonstrates
the greatest performance decline. This phenomenon high-
lights the role of generating new EEG signals by editing
reference EEG signals from well-presented emotions. Ad-
ditionally, the removal of diversity-aware loss, boundary-
aware loss, and one-side smoothing also leads to perfor-
mance declines, demonstrating that these modules con-
tribute to the final recognition performance, underscoring
the importance of generating diverse augmented samples
near classification boundaries.

Analysis on Augmented EEG Signals

In this subsection, we conduct experiments to investigate
the quality, diversity, and distribution of samples generated
by ESC-GAN. Following GAN-based related work for EEG
data augmentation (Zhang, Zhong, and Liu 2022), we em-
ploy Kernel Maximum Mean Discrepancy (MMD) (Gret-
ton et al. 2006), Inception Score (IS) (Salimans et al. 2016),
and Fréchet Inception Distance (FID) (Heusel et al. 2017) to
evaluate the augmented samples generated by the optimized
ESC-GAN.
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Method Kernel MMD | ISt FID |
smooth loss | diversity loss | boundary loss | Valence | Arousal | Valence | Arousal | Valence | Arousal
v v 3.36 322 1.47 149 1000.28 | 974.43
v v 3.01 2.89 1.61 1.48 838.91 | 842.01
v v 4.67 35.77 1.19 1.21 1619.59 | 2745.02
v v v 3.15 3.11 1.52 1.50 947.87 | 921.52

Table 3: Ablation experiments on the DEAP dataset demonstrate performance gains brought about by various modules in terms

of the quality and diversity of augmented samples.

In detail, we report the MMD, IS, and FID of augmented
samples generated by the proposed ESC-GAN and compare
them with ablated models. These ablated models include
versions without one-side smoothing, diversity-aware loss,
and boundary-aware loss. As shown in Table 3, small Kernel
MMD and FID values represent better quality and diversity
of generated samples, while the opposite is true for the IS
metric. We utilize bold text to indicate the best model and
underline the second-best model. From Table 3, we can ob-
serve that the indicators improve when removing boundary-
aware loss. This is because the indicators access quality
and diversity of samples by comparing them with the ob-
served dataset, while the boundary-aware loss does not con-
tribute to approximating the observed distribution. Instead,
the boundary-aware encourages the augmented sample near
the decision boundaries to improve the classification ability
of systems near the boundaries (to defend against adversar-
ial attack). It leads to a drop in quality due to the difference
from the observed data. However, jointly analyzing Table 2
and Table 3, the boundary-aware loss helps improve clas-
sification performance, demonstrating the inconsistency be-
tween the objectives of data augmentation and EEG signal
simulation (to generate real-like EEG signals). Moreover,
we can also observe that when removing diversity-aware
loss and one-side smoothing loss, the quality and diversity of
augmented samples decline. This phenomenon indicates that
diversity loss contributes to the diversity of augmented sam-
ples, while one-side smoothing loss positively affects the
stability of adversarial optimization, thus leading to higher-
quality samples.

Emotion Recognition Performance against Hard
Cases

To gain further insight, we conduct hard-case experiments
to investigate the ability of ESC-GAN to handle imbalanced
datasets with a cold-start problem, where under-represented
emotions are significantly missing. Here, we first divide the
DEAP dataset into the training set and test set at a ratio
of 80% to 20%. As the emotional space can be split into
four quadrants under the valence-arousal emotional model
(Russell 1980; Kanimozhi and Raj 2015) (high valence-
high arousal, high valence-low arousal, low valence-high
arousal, and low valence-low arousal), we take turns se-
lecting each quadrant as a control quadrant to simulate the
under-representation of emotion distribution by removing
parts of training samples (50%-90%) in that quadrant. We
use the remaining training samples as the training set to train
ESC-GAN and use them for data augmentation. The perfor-
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Figure 3: The hard-case experiments on the DEAP dataset
by removing parts of training samples and keeping 10% to
50% training samples in the control quadrant.

mance of the classifier is recorded, and the average perfor-
mance with different quadrants as the control quadrant is
reported in Fig. 3.

Here, line plots denote the accuracy rate of the model
classifying total category samples in the test set, while the
bar plots report the accuracy rate of the model classifying
test samples in the control quadrant, denoting the recogni-
tion performance on minority emotions. The proportion of
training samples remaining in the control quadrant is taken
as the horizontal axis. It can be found that regardless of
the proportion of training samples retained, data augmen-
tation can always help the model improve classification per-
formance, although a lower proportion of training samples
leads to worse classification performance. Compared with
accuracy for the total category, the improvement brought by
the proposed data augmentation is more evident in the mi-
nority emotions. The performance gain can even exceed a
margin of 20%. It shows that the model effectively tack-
les the cold-start problem of minority emotions through data
augmentation and finally contributes to the performance of
the imbalanced dataset.

Emotion Recognition Performance against
Adversarial Attacks

In this subsection, we further explore the ability of ESC-
GAN-based data augmentation to defend against adversarial
attacks. To our knowledge, the adversarial attack is consid-
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Figure 4: Performance of classifiers with and without ESC-
GAN augmented samples in classifying emotional arousal
on the AMIGOS dataset before and after adversarial sam-
ple attacks using the Fast Gradient Sign Method (Goodfel-
low, Shlens, and Szegedy 2014). The optimal performance
is highlighted in bold.

ered one of the greatest threats deep learning models face.
The attacker can deceive the attacked model into making in-
correct predictions by operating specific perturbations on the
input samples, while the permutation is imperceptible to hu-
mans. Nowadays, adversarial attack already poses a security
risk for brain-computer interface applications. For example,
in BCI-based driver drowsiness estimation, adversarial at-
tacks may make a drowsy driver look alert, increasing the
risk of accidents (Wu et al. 2021). Recent studies further
show that adversarial attacks are more severe on imbalanced
datasets (Possas and Zhou 2017), which is the case encoun-
tered in EEG-based emotion recognition, inspiring us to pay
attention to prevent potential security problems.

In this subsection, we conduct experiments to explore
whether boundary-aware augmented samples contribute to
a robust classification boundary and defend against adver-
sarial sample attacks. In detail, experiments are conducted
on the AMIGOS dataset with the typical Fast Gradient Sign
Method (FGSM) (Goodfellow, Shlens, and Szegedy 2014)
as the attack algorithm. We first perform five-fold cross-
validation on the AMIGOS dataset. Following the above-
mentioned setting, we optimize ESC-GAN to augment the
data and train the model to complete the emotion recogni-
tion task in classifying emotional arousal. Then, we use the
FGSM with € set to 0.01 to attack the trained models with
adversarial samples separately.

We report the classification accuracy of the models with
and without adversarial attack in Fig. 4. The whiskers of
boxplots are the range of accuracies over five-fold cross-
validation experiments, and the line inside the boxplots de-
notes the medium value of classification accuracies. We
can find that regardless of attack, the models trained with
augmented samples achieved better performance than those
trained without augmented samples, indicating the stable
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Adversarial Attacks | w/o Aug. | w/ Aug.
w/o attack 94.25 95.59
w/ FGSM attack 66.15 71.22
w/ PGD attack 63.3 68.44
w/ Deep Fool attack 1.24 4.80

Table 4: Experiments on the AMIGOS dataset show perfor-
mance under various adversarial attacks with (w/) and with-
out (w/o) data augmentation.

contribution of the ESC-GAN data augmentation method to
defend against the adversarial attack.

In line with the experimental setting mentioned above, we
further conduct emotion classification experiments on the
AMIGOS dataset under other attack algorithms. For other
hyperparameters during these attacks, we set € to 0.01 for
both FGSM and PGD attacks, set o to 0.001, and specify the
number of steps as 10 for PGD. For the Deep Fool attack, the
overshoot is configured to 0.001, with the number of steps
set to 10. As shown in Table 4, we observe that the perfor-
mance of the emotion classifier deteriorates when exposed
to more sophisticated attack methods—specifically, itera-
tive attacks like PGD—as compared to FGSM. The results
also indicate a consistent performance gain across all types
of adversarial attack algorithms when the proposed ESC-
GAN data augmentation method is employed. This finding
demonstrates that constraining the augmented data subspace
close to the decision boundary effectively aids in defending
against a diverse array of adversarial attacks.

Conclusion and Future Work

We observe that collecting vast amounts of EEG signals
encompassing all emotions is challenging, and there are
imbalanced EEG datasets involving under-presented emo-
tions. Current GANS can generate real-like samples for well-
represented majority emotions; however, augmenting the
minority class by merely mimicking observed distributions
is problematic. To tackle this problem, we propose an al-
ternative to existing frameworks, Emotional Subspace Con-
strained Generative Adversarial Networks (ESC-GAN). Ex-
periments on DEAP, AMIGOS, and SEED datasets demon-
strate the superior performance of our proposed method
compared to state-of-the-art approaches. Further experimen-
tal results demonstrate the effectiveness of the ESC-GAN on
imbalanced problems in case studies. Moreover, ESC-GAN
shows superiority in defending against adversarial attacks.
Finally, the proposed method opens new avenues for editing
EEG signals under emotional subspace constraints, facilitat-
ing unbiased and secure EEG data augmentation.
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