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An EEG-Based Human Emotion Recognition
Model Using Attention Hierarchical
Variational EEGNet

, Bharati Rathore
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Vinay Kumar Singh

Abstract—The physiological factors and decisions we
make daily are greatly affected by a person’s emotional
state. An appropriate subfield of study and research is
how brain—-computer interface devices can be used to iden-
tify people’s emotional states. The electroencephalogram
(EEG) is used to understand why there are changes over
time in our physiological signal patterns that help us iden-
tify how we feel about something. The EEG signal is used
more often now in combination with machine learning and
deep learning algorithms to assist in determining a per-
son’s emotional state. The model used in this article is
called the attention-based hierarchical variational EEGNet.
By using state-of-the-art learning techniques to process
noisy and changing EEG signals, the proposed method is
expected to be better than traditional, custom, and shallow
learning. The performance of this new model was evaluated
using the SJTU Emotion EEG Dataset. According to the
results of the study, the proposed method for classifying
people’s emotional states is 96.5% accurate, and therefore
shows competitive performance than typical state-of-the art
methods.

Index Terms—Affective computing, attention mecha-
nism, brain—~computer interface (BCI), cross-subject gener-
alization, deep learning, EEG emotion recognition, neural
signal processing, variational learning.

NOMENCLATURE
Symbol  Description
X Input EEG signal matrix.
C Number of EEG channels.
T Temporal length of EEG segment.
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F, Temporal feature representation.

Fy Spatial feature representation.

F Final extracted feature map.

" Mean vector of latent distribution.

o Standard deviation of latent distribution.
z Sampled latent representation.

21 First-level latent variable.

2 Second-level hierarchical latent variable.
€ Gaussian noise for reparameterization.
Q Query matrix in attention mechanism.
K Key matrix in attention mechanism.

1% Value matrix in attention mechanism.
dy, Dimension of attention keys.

MHA(-) Multihead attention operation.

Y Predicted emotion probability vector.
W, Classification layer weights.

be Classification layer bias.

L Classification loss.

Ly, KL-divergence regularization loss.

A Weighting factor for KL regularization.

L Total optimization loss.

0 Trainable network parameters.

n Learning rate.

my First moment estimate in Adam optimizer.

vt Second moment estimate in Adam optimizer.
M; Evaluation metric of the +th LOSO fold.

N Total number of subjects.

|. INTRODUCTION

HE recognition of human emotion based on electroen-
T cephalogram (EEG) has gained considerable amount of re-
search interest in the context of the various applications, includ-
ing affective brain—computer interface (BCI), mental health as-
sessment, neurofeedback system, and adaptive human—machine
interaction. In contrast to other peripheral physiological mea-
sures, such as electrocardiogram or galvanic skin response,
EEG has a direct relationship with neural activity and offers
fine-temporal localization, allowing the capture of quick dy-
namics of emotions at the cortex [1], [2]. Nevertheless, the EEG
signal is not stationary, is very noisy, and intersubject variance
is very high, making it very difficult to derive sound emotion
recognition models that are robust and generalizable [3].

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/
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Fig. 1. ahvEEGNet emotion recognition flowchart.

The latest developments in deep learning have necessitated
the use of convolutional neural networks (CNNs), recurrent
neural networks (RNNs), and hybrid models in EEG-based
emotion recognition. EEGNet and its variations are models
that use depthwise and separable convolutions to effectively
extract spatial-temporal features of multichannel EEG data
[4]. These methods perform well in a subject-dependent envi-
ronment, but generalize poorly in cross-subject environments
because they have deterministic latent codes and poor ability
to manage uncertainty and changes in the distribution [5], [6].
In addition, the shallow feature aggregation procedures similar
to those of the current models do not emphasize the adaptive
saliency of emotionally salient EEG parts across time and
channels.

Attention mechanisms and probabilistic paradigms of learn-
ing are recent approaches to these limitations. Models that
use attention facilitate adaptive weighting of informative tem-
poral and spatial EEG features, which enhances discrimi-
native ability and interpretability [7], [8]. Simultaneously,
variational learning models also present stochastic latent rep-
resentations that are able to explicitly express uncertainty
and reduce overfitting and improve resistance to subject-
specific variations [9]. Nevertheless, the vast majority of
the literature researches attention or variational inference in-
dividually, and there is indeed no consistent architecture
that can take advantage of hierarchical uncertainty modeling
and adaptive feature aggregation to recognize emotions in
EEG.

This article introduces attention-based hierarchical varia-
tional EEGNet (ahvEEGNet), which is also a lightweight
but expressive architecture that combines EEGNet-like

convolutional feature learning with hierarchical variational in-
ference and multihead attention. The suggested architecture
acquires uncertainty-conscious latent representations and dy-
namically concentrates on temporally spatial EEG patterns that
are of emotion or relevance. Fig. 1 shows that ahvEEGNet is a
hierarchical pipeline that consists of six stages: EEG feature ex-
traction, hierarchical variational encoding, attention-based ag-
gregation, and emotion recognition. Considerable experiments
through the SITU Emotion EEG Dataset (SEED) under strin-
gent cross-subject evaluation guidelines prove that the model
suggested is always superior to state-of-the-art EEG emotion
recognition algorithms with better robustness, generalization,
and statistical significance across various measures [10].

In addition to high accuracy in emotion classification, the
applicability of EEG-based emotion recognition systems is gain-
ing more significance in real life applications. Strong emotion
recognition can be integrated into emotion-based BCI technol-
ogy, which can be applied in several areas to enhance adaptive
human—computer interaction, intelligent assistive technology,
personalized learning environment, and emotion-aware health-
care applications. In a clinical environment, emotion anal-
ysis based on EEG can be used for mental health evalua-
tions, stress monitoring, neurofeedback for rehabilitation, and
evaluation of cognitive status. But models that are accurate
and robust to intersubject variability, noise, and distribution
shifts are needed for successful deployment in such environ-
ments. The proposed ahvEEGNet framework, incorporating
uncertainty-aware variational learning and attention-based fea-
ture aggregation, aims to enhance reliability and generaliza-
tion for real-world EEG applications, driven by these practical
hurdles.
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II. CONTRIBUTION

Although some recent progress has been made, the current
emotion recognition models based on EEG rely on a combina-
tion of CNNs, variational autoencoders (VAEs), and attention
mechanisms have three major limitations. First, most of the
approaches employ variational learning mainly for reconstruc-
tion or denoising, but do not incorporate it into end-to-end dis-
criminative classification. Second, attention mechanisms used
in previous research are usually used over top—down feature
representations, which are sensitive to noise and intersubject
variability. Third, current hybrid tools and architectures are
loosely coupled or sequential, and do not have a consistent op-
timization strategy to model uncertainty and feature importance
simultaneously.

In this regard, the ahvEEGNet is proposed with a tightly inte-
grated architecture of lightweight convolutional feature extrac-
tion, hierarchical variational encoding, and multihead attention
over stochastic latent representations, integrated in a unified
learning framework. This design features a clear separation be-
tween existing CNN+VAE+attention-based designs by allowing
the model to represent uncertainty, learn discriminative features,
and be robust under cross-subject and cross-dataset scenarios.
The key contributions of this article are the following.

1) Hierarchical variational EEG modeling: We suggest hi-
erarchical variational EEGNet, which learns to regularize
latent EEG representations, and this approach can greatly
enhance intersubject variability.

2) Attention-based aggregation of features: To create dy-
namically focused discriminative temporal-spatial EEG
features of emotion recognition, we combine a multihead
attention process.

3) Strict and cross-subject evaluation: We do a rigorous
cross-subject and ablation-based experiment, which
shows statistically significant performance improvements
with respect to powerful baseline models.

4) Practical analysis: We give a detailed examination of ro-
bustness, computational complexity and generalization,
discussing the major practical issues of real-life EEG-
based affective computing systems.

Ill. LITERATURE REVIEW

The nonstationary and high-dimensional characteristics of the
EEG signals have led to the development of emotion recog-
nition based on EEG in terms of both handcrafted features
and deep feature learning. In-depth surveys point to the fact
that the contemporary pipelines often involve preprocessing,
feature learning, and classification, where deep models are now
more popular due to their ability to mitigate the reliance on
manual feature transitions and the possibility of extracting com-
plicated temporal—spatial trends in EEG data [5], [8], [17]. Initial
deep-learning methods of EEG emotion recognition used CNNs
to estimate spatial filters and short-term temporal patterns on
multichannel signals, and demonstrated better results compared
to traditional machine learning baselines on test sets, such as
DEAP and SEED [11], [12].

In order to further capture the temporal dependencies, some of
the studies integrated CNNs with recurrent modules (e.g., long
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short-term memory (LSTM)/gated recurrent unit (GRU)) and
created convolutional recurrent neural network (CRNN)-like
architecture that simultaneously reflects not only local EEG
rhythms but also long-range temporal dynamics, with the help
of which the accuracy of emotion classification in controlled
experimental conditions is much higher [14], [26]. Nevertheless,
inter-subject comparison and session effects tend to reduce
generalization of these models [15], [19].

A popular lightweight baseline is EEGNet that employs
depthwise and separable convolutions to effectively learn spa-
tial filters and time-dependent features with a small parameter
footprint, thus it is applicable to EEG tasks when the amount
and quality of data are constrained [18]. Later CNN-based
methods have enhanced robustness through architectural fine
tuning and better training methods specifically in cross-subjects
[19]. However, even powerful CNN/RNN baselines may not be
able to perform well in subjects and noisy real-world settings,
suggesting that representations are required that are both dis-
criminative and resistant to distribution shifts [13], [17].

Attention mechanisms have also been more widely adopted
to overcome one of the limitations of standard CNN/RNN mod-
els, namely, their lack of the ability to dynamically prioritize
informative EEG channels, time segments, or patterns sensitive
to frequencies. By focusing on attention, neural networks can
be trained on adaptive functions of weighting to emphasize
emotion-relevant temporal—spatial features to enhance discrim-
ination and interpretability [8], [14]. The recent approaches
practice also the graph-based or multilayer feature interaction
modeling, e.g., integrating dynamical graph learning into CNN-
like recalibration, to reason more effectively the interchannel
dependencies, which are usually neglected within a purely con-
volutional pipeline [25], [32], [33].

In addition to classical attention blocks, transformed architec-
ture and attention-based hybrids have become a popular model of
long and temporal structure and cross-channel interaction. Such
techniques are typically claimed to achieve gains on the complex
dependencies in EEG, especially on multiclass recognition, or
variable-length sequences, but the regularization procedures and
careful evaluation techniques are usually required to prevent
overfitting or exaggerated results on subject-dependent splits
[8], [14]. There are also a large number of models that consider
attention as an input feature in addition to domain knowledge
(e.g., EEG band structures or functional connectivity patterns)
to achieve better interpretability and robustness when applying
models to real-world BCI when used [7], [17].

Although these advantages exist, attention models in isolation
do not explicitly capture uncertainty, so in cases of a shift in
distribution (change of subject or increased noise), the attention
mechanisms can be sharply focused on spurious information
and fail to generalize unless coupled with uncertainty-sensitive
principles of learning [15], [17].

EEG processing is moving toward better probabilistic and
variational learning. Our systems are becoming more robust to
noise and intersubject differences. Autoencoder-based models
have been used to denoise and rebuild EEG signals, which
has been shown to be more beneficial than traditional filters
to remove artifacts (e.g. eye blinks and muscle noise) in EEG
signals. Learning compression and reconstruction experiments
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TABLE |
COMPARISON OF RECENT EEG-BASED EMOTION RECOGNITION METHODS

Year Author Method Dataset Accuracy (%) Cross-Subject Major Limitation

2024 Pan et al. [36] ST-SCGNN SEED 85.90 No Graph-based representation
learning without uncertainty
modeling.

2024 Nalwaya et al. [37] EEG Rhythm-Based Learn- SEED-1IV 95.91 Partial Depends heavily on hand-

ing crafted rhythm features and
lacks probabilistic represen-
tation learning.

2025 Jia et al. [38] DT-EEGNet DEAP 63.87 No Performance degrades under
subject variability and noisy
EEG recordings.

2025 Mai et al. [39] EEG-SKDNet DEAP 96.48 No Employs deterministic
feature learning  without
uncertainty-aware latent
representation.

2026 Gong et al. [40] Lipschitz Continuity- SEED 86.79 Yes Improves robustness but

Constrained Ensemble lacks adaptive attention and

Learning hierarchical latent modeling.

Proposed  ahvEEGNet Hierarchical  variational SEED + DEAP 96.50 Yes Joint  uncertainty-aware
EEGNet with Multihead representation learning

attention and adaptive attention

for robust cross-subject

emotion recognition.

also indicate that learned latent representations can be able to
store informative EEG structure even when compressing the di-
mensionality and this structure can be used to end up classifying
downstream [23], [31].

Recent studies consider better VAE versions to represent
EEG and serve purposes like sleep-stage classification or signal
recovery, suggesting that variational learning can offer small
latent spaces and enhanced regularization compared to deter-
ministic versions [22]. Other papers are concerned with fast
EEG reconstruction to real-time monitoring and medical use,
which implies that deep generative learning could be useful in
practice when constructed by efficient design [21]. These results
encourage variational learning as a reconstruction/denoising and
as a representation regularizer that can improve generalization
in EEG emotion recognition particularly when cross-subjects
are evaluated, where deterministic embeddings can overfit on
subject identity signals [15], [17], [35].

The recent emotion recognition techniques based on EEG
have been summarized in Table I and show promising results
through the application of graph neural networks (GNNs),
knowledge distillation, transformer based architectures, rhythm-
aware learning, and ensemble approaches. They are found to
be very effective in the feature representation and classification
on benchmark datasets, such as SEED, SEED-1V, and DEAP.
However, the current approaches mostly employ a deterministic
latent representation, which is susceptible to subject variability,
distributional shifts, and noisy EEG recordings. While attention
mechanisms facilitate better use of informative temporal—spatial
information, they do not explicitly model latent uncertainty,
while variational learning approaches are mainly used for re-
construction or denoising tasks and not for end-to-end discrimi-
native emotion recognition. The complementary benefits of the
uncertainty-aware representation learning and adaptive attention
have not been fully explored in a unified lightweight framework.

Inspired by these observations, the proposed ahvEEGNet is
designed to incorporate hierarchical variational representation
learning along with multihead attention to jointly tackle uncer-
tainty modeling, discriminative feature aggregation and robust
cross-subject generalization. The proposed framework brings
together all the above complementary mechanisms to achieve
a computationally efficient and practically deployable emotion
recognition system from EEG signals.

Nevertheless, most methods based on probabilistic models
focus on reconstruction, denoising, or detection of anomalies
instead of end-to-end emotion classification, and do not tend
to incorporate adaptive attention to feature selection using the
representation level [13], [21], [29]. This opens a possibility
to integrate uncertainty modeling (through variational learning)
and discriminative feature weighting (through attention) into a
single condensed EEG emotion recognition system.

In short, CNN/RNN/EEGNet-related models are capable of
efficient space—temporal feature extraction and typically have
a poor cross-subject generalization because of deterministic
embeddings and are sensitive to noise [15], [18], [19]. Attention
and transformer-like models enhance adaptive feature weighting
and interchannel interaction modeling but generally lack an
explicit consideration of uncertainty, thus generally sensitive to
change of distribution and spurious attention in subject/session
variability [8], [14], [25], [34]. Variational/probabilistic learn-
ing offers better robustness and regularization of representa-
tions in EEG reconstruction and characterization, but is not
commonly used with attention-driven discriminative learning
to perform end-to-end EEG emotion recognition [20], [21],
[22], [23], [30]. Thus, it is still evident that a single, compu-
tationally efficient model includes 1) lightweight EEG feature
extraction; 2) uncertainty-conscious latent regularization; and
3) attention-focused feature aggregation under stringent cross-
subject protocols, which is why the proposed ahvEEGNet
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framework is proposed. Current CNN-based, attention-based
and variational learning methods have successfully achieved
significant results in EEG emotion recognition, but most of them
cannot effectively solve the problems of intersubject variability,
uncertainty modeling, and discriminative feature selection. The
proposed ahvEEGNet framework is motivated by these limi-
tations, with a hierarchical variational learning combined with
multihead attention for robustness and cross-subject generaliza-
tion. In the next section, the concepts of the proposed approach
are presented in terms of the architecture and mathematical
formulation.

IV. PROPOSED METHOD: AHVEEGNET

The suggested ahvEEGNet is aimed at enhancing the ro-
bustness and generalization of EEG-based emotion recognition
through the combination of lightweight convolutional features
extraction, uncertainty-aware representation learning, and adap-
tive feature aggregation. The main aim of the architecture is
to solve intersubject variability and change in distribution that
usually deteriorates performance in cross-subject EEG evalu-
ation environments. To ensure clarity, a brief overview of the
main mathematical symbolism and notations that will be used
across the proposed ahvEEGNet framework is provided in the
Nomenclature.

The input EEG segment is represented by EEG

X e REO*T

where C'is the number of channels of EEG and 7" is the length of
time of the signal. The total change may be represented through
the following:

g = fcls (fatt (fvar (fEEGNel(X)))) . (1)

This is the input EEG signal captured from several EEG chan-
nels within a temporal window of observation (1). This is the
first feature space that spatial and temporal properties of brain
activity are extracted from. Raw EEG signals are very nonsta-
tionary and person-dependent, so further processing steps are
needed to learn meaningful and discriminative representations.
The EEGNet backbone processes spatial-temporal features, the
variational encoder is used to represent latent uncertainty, the
attention component is used to adaptively weight informative
components, and the classifier is used to give probability of an
emotion.

The EEGNet paradigm, which uses temporal convolution,
depthwise spatial convolution, and separable convolution as its
feature extraction stage, is a highly efficient way of learning dis-
criminative representations in multichannel EEG signals. First,
the temporal convolution performs time-sensitive frequency-
sensitive patterns

Ft :U(Wt*X+bt) (2)

In which, * represents convolution and o(-) is a nonlinear
activation function. This operation is an approximation of learn-
able bandpass temporal domain filtering. In order to extract
frequency-specific temporal patterns related to emotional brain
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activity, the input EEG signal is temporally convolved in (2).
This operation is a learning temporal filter, which automatically
selects relevant EEG rhythms while filtering out irrelevant tem-
poral fluctuations. The output of the temporal feature maps is
used as the input to spatial filtering. Interchannel dependencies
are then modeled by depthwise convolution

F©) =W« ;) 3)

enabling filtering that is channel-specific and much less complex
in terms of the number of parameters. Equation (3) represents
the spatial information in the channel by depthwise convolution.
These spatiotemporal representations are refined then with sep-
arable convolution. A further refinement of the representation is
a separable convolution

F = Convpoin (Convepn (Fs)) 4)

resulting in feature maps F' € R%*™" | in which d refers to the

learned dimension of features and 7" is the compressed temporal
resolution. By using (4), the feature map is kept compact and
discriminative and is also computed efficiently. The subsequent
variational encoding is based on these learned features. The
normalization of intermediate activations is done in batch nor-
malization

F—pp
\/UJZBJre

enhancing the stability of training. To stabilize training and
convergence of the extracted feature representations, (5) is used
to normalize them. The features are then normalized and mapped
to probabilistic latent features.

In order to increase resistance to subject variability, deter-
ministic feature representations are substituted by hierarchical
variational encoding mechanism. Based on the feature map
that has been extracted F, the encoder approximates the latent
Gaussian distribution parameters

M:f,u(F)v IOgUZZfU(F)' (6)

The mean and variance of the latent distribution in (6) can be
obtained, allowing uncertainty-aware representation learning.
These parameters are then used for latent sampling. Latent
sampling is done through the reparameterization trick

e ~N(0,1) %)

F= ®)

zZ=pu+0OeE,

that allows the use of stochastic optimization by backpropa-
gation. The uncertainty-aware EEG representation is given by
the sampled latent variable. It is then further optimized with
hierarchical latent modeling, as illustrated in (8). Successive
abstractions are introduced by the hierarchical latent modeling

21 =q(F), ==g0(x) (8

EEG signals are often composed of multiple scales of infor-
mation and low-level temporal-spatial dynamics and high-level
abstracted emotional representations, which cannot be captured
by a single latent variable. This is because such a diverse
information could be summarized in one latent space, which
may sacrifice fine-grained details and decrease the capacity of
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modeling intersubject variability. To overcome this drawback,
we propose a hierarchical latent structure, with the first latent
variable z; directly capturing the intermediate feature distribu-
tions from the EEG representations and the second latent vari-
able z, capturing the higher level abstractions and refining the
uncertainty. This hierarchical formulation allows for progressive
representation learning, better latent regularization, and better
noise and subject-specific variation resistance, and offers a more
expressive and versatile representation than traditional single-
latent VAE models. The model uses the two latent variables z;
and 2, that are structured hierarchically to model EEG variability
at different levels of abstraction. The first latent representation
z) reflects basic temporal—spatial properties of the EEG signals,
such as the subject-specific neural patterns, local fluctuations in
the signal, and the variability of the recordings. These features
are very informative, but can be noisy and subject-dependent.

The higher level latent representation 2, learns more abstract
and emotion relevant information by combining and summariz-
ing the information encoded in the lower level latent represen-
tation z;. Consequently, 2, is less sensitive to subject identity
and recording conditions and maintains emotion discriminative
patterns. This hierarchical representation learning enables the
model to further isolate individual differences variability from
emotional state variability and increase robustness and cross-
subject generalization.

The constraint of the posterior distribution is the regulariza-
tion term of the Kullback-Leibler (KL)-divergence

k
LKL%Z(M%#—bga?—l) ©)

i=1
promoting latent manifolds and higher level cross subject gener-
alization. Variational learning improves the robustness of cross-
subject EEG modeling as probability distributions (rather than
deterministic feature vectors). EEG signals are nonstationary
and highly variable between subjects because of differences in
noise characteristics and recording conditions. A deterministic
variations that exist in the data for this particular application may
be so specific that embedding may not be able to detect them,

resulting in poor generalization.

The variational framework, on the other hand, adds ran-
domness to the latent space by distributional encoding and
KL-divergence regularization. This makes sure to enforce latent
variables to follow a prior structured, creating smoother and
continuous representations. The model is then less influenced
by the noise of the subject and is able to identify and project
common emotional dynamics between people.

This insight is corroborated by previous research, which has
revealed that variational and probabilistic methods work well
for this type of problem. Representation is improved to make
learning tasks more robust and generalizable in EEG based
learning tasks, explicitly modeling uncertainty and reducing
overfitting [15], [22].

A multihead attention mechanism optimizes discriminative
aggregation after variational encoding. With latent embeddings
Z, query, key, and value matrices are created through linear
projections

Q=2Wy, K=2ZWg, V=2IWy. (10)

Scaled dot-product attention is calculated as

QK"
e

Multihead attention is a combination of a few representations

Attention(Q, K, V') = softmax ( > V. (11

MHA(Z) = Concat(hy, ..., hg)Wo. (12)
Every head is represented as
h; = Attention(Q;, K;, V;). (13)

This enables the model to learn various temporal—spatial depen-
dencies and remove irrelevant EEG activity.

Attention-refined embedding is then sent to fully connected
classifier that gives probabilities of the class

§ = Softmax(Wezy + bc) (14)

where § € R™ is the distribution of predicted distribution in M
emotion classes.

Training reduces a joint goal consisting of classification and
variational regularization

L= »Ccls + )\»CKL' (15)

The balance between classification and regression is determined
by the weighting parameter A. A small A will have a less of an
effect on KL-divergence that may cause overfitting, and a large
A may cause the model to be overfitting. The consequences
of overregularization and loss of discriminative information
require a proper tuning of A, which needs to be achieved to
get an optimal tradeoff between performance of representation
learning and classification. Each fold is a test set that consists
of a subject, which was entirely missing from the corresponding
training partition, so the evaluation is a good approximation of
the statistical situation of testing on unseen samples from an
independent subject distribution. Categorical cross-entropy is
computed as follows:

M

Las=—Y_ yilog(i)). (16)
i=1

Discriminative learning and latent smoothness are balanced by

the weighting parameter, which is the called as the weighting

parameter. The gradient updates are calculated as

6+ 0—nVol 7)

where 1) represents the rate of learning.

The model is trained using the Adam optimizer with learn-
ing rate n = 1073, 8, = 0.9, B> = 0.999, and € = 1078, These
values are similar to well-known settings of the deep-learning
optimization process, and were shown to converge consistently
during training cycles.

In the joint optimization framework, the complementary ben-
efits arise due to the concurrent minimization of the subject
specific variability via the variational encoding but the attention
mechanism has an ability to underline the emotionally signif-
icant neural patterns. The regularization in the variational is
more generalized and smooth latent representation, and atten-
tion is adaptively focused on discriminative temporal—spatial
EEG features. Consequently, the learned feature space has an
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increased separability between emotion categories as well as
high robustness and cross-subject distribution robustness.

Although it adds hierarchical variational encoding and mul-
tihead attention, the architecture is computationally efficient
because of depthwise separable convolutions, as well as small
latent representations. The resulting algorithmic structure trades
off the model expressiveness with the model feasibility, and
thus, ahvEEGNet is applicable to strong cross-subject emotion
recognition based on EEG and real-time affective computation
systems.

The architectural drawing in Fig. 1 demonstrates the general
workflow of the proposed ahvEEGNet framework, which carries
out EEG-based emotion recognition by a series of but closely
connected learning pipeline. It starts with the feature extraction
of EEG features, where raw multichannel EEG signals are
transformed by temporal, depthwise, and separable convolu-
tions, which are based on EEGNet to extract frequency-sensitive
temporal dynamics and spatial relationships between electrodes
at a computational cost. The resulting extracted feature maps
are sent to a hierarchical variational encoding module, which
estimates the mean and variance parameters of latent encodes
of EEG representations by modeling the variability of EEG
representations; this operation adds uncertainty-sensitive reg-
ularization to enhance resistance to subject variations and noise.
These latent representations are then optimized with the help of
amultihead attention mechanism, in which query, key, and value
projections allow the network to focus on potentially informative
temporal—spatial patterns of emotion and removes the irrelevant
components of the signal. Lastly, attention-enhanced represen-
tation is then passed on to a fully connected classification layer
and later a softmax function, which emits emotion probabilities
(e.g., happy, neutral, and sad). The architecture in general is a
harmonious pipeline that incorporates effective convolutional
learning, probabilistic representation modeling, and adaptive
attention-based aggregation in order to deliver robust and gen-
eralized EEG emotion recognition. The attention mechanism
is placed after the variational encoding is a deliberate design
choice. Whereas conventional attention is applied directly on
deterministic feature maps, the approach proposed here uses
attention over stochastic latent representations. This allows the
model to carry out feature under uncertainty, which is especially
useful for noisy and nonstationary EEG signals, revealed that
attention prior to variational encoding can lead to overfitting
to subject-specific artifacts, and parallel designs fail to do it to
effectively integrate uncertainty modeling with feature impor-
tance estimation. Thus, postvariational attention offers a more
solid and semantically mechanism for aggregating features that
are meaningful.

The mathematical formulations presented in Section
IV are implemented in the Algorithm 1. More specifi-
cally, the temporal-spatial feature extraction step is rep-
resented by (2)—(5), the hierarchical variational encoding
step is represented by (6)—(9), the multihead attention step is
represented by (10)—(13), the emotion classification step is rep-
resented by (14)—(16), and the optimization step is represented
by (17). These mathematical operations are combined in an
end-to-end training pipeline in the algorithm.
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Algorithm 1: Proposed ahvEEGNet Algorithm.

Require: EEG input X € RE*T
Ensure: Predicted emotion 3
1:  Extract temporal features using convolution:
Ft :O'(Wt *X+bt)
2:  Apply depthwise spatial convolution: F; = W * I}
3:  Generate refined features via separable convolution:
F = Conv(Fs)
4:  Compute latent distribution parameters: u, o = f(F)
5:  Sample latent representation using reparameterization:
Zz=u+o®e
6: Perform hierarchical encoding:
z1 = gi(F), 22 = ga(21)
7:  Apply multi-head attention on latent representation:
Zatt — MHA(Zz)
8: Predict emotion class: § = Softmax(W_.zu: + b.)
9: Optimize loss: L = L.s + ALkr
10: returny

The proposed ahvEEGNet Algorithm 1 is based on EEG-
based emotion recognition, which is achieved by a single
framework consisting of three components: EEGNet-based fea-
ture extraction, hierarchical variational encoding, and multihead
attention. The spatial-temporal EEG features are initially ex-
tracted with lightweight convolutional operations. These fea-
tures are then mapped to hierarchical latent representations,
which are used to model the uncertainty and increase the ro-
bustness to intersubject variability. Then, a multihead attention
mechanism selectively focuses on emotion-relevant patterns in
the latent space. The network parameters are then optimized by
a joint objective function that includes classification loss and
KL-divergence regularization, and lastly, a Softmax classifier
predicts the emotional state.

The proposed ahvEEGNet framework is designed to learn
emotion-discriminative representations by extracting temporal—
spatial features, performing hierarchical variational encoding,
and refining the features with attention. These design decisions
are tested through detailed experiments following a strict Leave-
One-Subject-Out (LOSO) evaluation procedure to validate its
effectiveness. Experimental setup, datasets, evaluation metrics,
and implementation details are explained in the next section.

V. EXPERIMENTAL SETUP

The suggested ahvEEGNet architecture is tested based on the
publicly referred to SEED, which is commonly used in test-
ing the efficiency of EEG-based emotion recognition systems.
SEED data are recorded as electroencephalography data of a
group of subjects who were viewing carefully chosen pieces of
emotional films that were intended to produce different types of
affective feelings. The emotional states are divided into three
classes positive, neutral, and negative, which allow emotion
classification in multiclasses.

EEG data were collected after the international 10-20 sys-
tem with a standard 62 channel electrode configuration. The
providers of the dataset sampled the signals with a high temporal
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resolution and pretreated them to eliminate significant acqui-
sition artifacts. All the subjects had a few recording sessions
on separate days, which added a natural variability in the ses-
sions and made the data suitable to test the cross-subject and
cross-session generalization. The fact that the participation in
the test consists of several sessions per subject only adds to
the complexity of the task since there is a temporal drift and
variability of the reactions related to emotions.

In model training, continuous EEG recordings are divided
into fixed temporal windows to consider the short term neural
processes of response to emotion. The emotional label of the
respective trial is inherited by a particular segment. The resultant
dataset offers a huge sample size without discontinuity of EEG
patterns over time. Application of SEED allows a direct com-
parison with previous researches and allows the performance
to increase due to architectural design as opposed to dataset
prejudice.

Experiments are further carried out on the DEAP dataset,
which is a popular EEG-based emotion recognition benchmark
to further assess the generalization of the proposed framework.
DEAP dataset comprises of EEG recordings of 32 participants
during the process of watching emotional video stimuli. The
initial signals are registered on 32 channels of the EEG with
a sampling rate of 512 Hz and are usually analyzed in the
valencearous emotional dimensions. After the usual preprocess-
ing procedures, EEG signals are downsampled, filtered, and
divided into equal sized windows that are aligned with the SEED
experimental setup so that they could be compared fairly. DEAP
inclusion allows testing to be conducted using alternate record-
ing conditions, subjects, and emotional elicitation paradigm.

A sensitivity study of the weighting parameter A was
conducted by varying A € {0.001,0.01,0.1,1.0}. The results
demonstrate that small values of A result in overfitting, and
large values result in underfitting. The more values are there, the
more the performance of the classification will be affected by
the latent smoothing. Having a medium A = 0.1 will be the best
balance between accuracy and generalization. This property of
“generalization” is used in all experiments and is the main reason
for using it. In order to evaluate resilience to domain and subject
distribution shifts, we perform experiments on cross-dataset
evaluation. In this context, the model is first trained using SEED
dataset, and then, it is directly evaluated using DEAP dataset
without fine-tuning. This protocol is realistic and simulates the
deployment situations when models are subjected to invisible
recording conditions and subject populations. The degradation
in performance of the cross-dataset transfer can be regarded as
a valuable tool of representation generalization as opposed to
dataset-specific fitting.

A. Data Leakage Prevention and Evaluation Protocol

To obtain fair, reliable, and reproducible assessment, data
leakage prevention strategies are strictly imposed in the entire
pipeline of experimental procedure. The trials of EEG of the
same subject are never exchanged between training and testing
phases in any context. This limitation is very important since
EEG data have great subject-related attributes, and confounding
subject data between splits falsely inflate performance.

The entirety of preprocessing, such as normalization, scal-
ing, and window segmentation, are done solely on the training
partition of each evaluation fold. Training data only are used to
compute the statistics parameters, including mean and variance,
which are then applied to the respective test data. This averts the
risk of distributional information leakage of the test set to the
training process because it is indirect.

Suppose that the set of all subjects is S={sy, s2, ..., sy} for
a dataset of N subjects. According to the LOSO cross-validation
protocol, the test set S(4) e is the cross-validation sample for the
ith fold defined as S()se = {s;} and the training set S(7)yain =

ﬁ This formulation guarantees to give strict separation of

the subjects in each one of these two sets S (7)ain N S (1) est = @,
no EEG samples from the test subject are available during the
training phase. Further, all preprocessing, such as normalization
and scaling, is done only with the training partition to reduce
indirect information leakage. The training mean and std are
calculated as follows:

1

i = T (18)
Ha |Dtrain| erD; !
1
oj = (xj — )2 (19)
The normalized training/ test samples are then returned as
~ Ltrain — MU
rain — — _ 20
Ty o+ (20)
~ Ttest —
o = "o @

The constant e is added for numerical stability. The statistics € are
only estimated from the training data, so no information about
the test subject is included in the training process. In addition,
the EEG windows used for training and testing do not overlap;
that is, Wigain N Wiese = ) where Wi, and Wy are the training
window and testing window, respectively, thereby preventing
leakage of temporal dependence between the two sets. The final
LOSO performance is averaged across all subjects not seen on
training

N
1
Performance = N Zl M; (22)

where M; is the evaluation metric [accuracy, macro F1, or
receiver operating characteristic-area under the curve (ROC-
AUCQ)] of the ith test subject. This protocol offers an unbiased
and statistically reliable measure of cross-subject generalization
accuracy.

Before any feature extraction of the EEG and training of the
model, a standard preprocessing pipeline is run to ensure better
EEG signal quality and minimize the effect of physiological
and environmental artifacts. To remove low-frequency baseline
drift and high-frequency noise, a band-pass filter (0.5-50 Hz) is
applied. A notch filter at 50 Hz is also used to reduce power line
noise.

Independent component analysis is used to reduce artifacts
caused by eye movements, eye blinks, muscle activity, and
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electrode noise. The components that are found to be artefact-
related are removed, and the cleaned EEG signals are then
reconstructed. After the removal of artifacts, the data of each
EEG channel are normalized with z-score normalization
T—H

o+e’

The raw EEG sample is denoted as (x), the mean of the training
data as (u), and the standard deviation of the training data as
(o). The small constant (¢) is chosen for numerical stability
reasons. Finally, the preprocessed EEG signals are sliced into
temporal windows of a fixed length with a 50% overlap, so that
it is possible to create stable temporal— spatial representations
while maintaining the continuity of the neural activity patterns.
A LOSO cross-validation is embraced to measure cross-subject
generalization. In this context, information of a single subject
is entirely withheld to be tested as the model is trained on
information of all the rest of the subjects. This is done in a
repetitively effective procedure where the entire subjects are
used as the unseen test subject at least once. The ultimate
performance results are given in the form of the mean and the
standard deviation of all folds, in order to have a statistically
dependable assessment.

Also, EEG windows overlap is strictly regulated such that
no time overlap occurs between training and testing samples.
This will avoid any such leakage of temporal dependence that
would otherwise yield over optimistic findings. The evaluation
protocol taken is similar to the real-life deployment situation
where models have to extrapolate to new users. The experimental
design prevents most of the popular sources of evaluation bias,
as subject-level separation and foldwise preprocessing remove
these sources, and final performance reported by the experimen-
tal design can indicate actual model generalization ability.

j:

(23)

B. Baselines and Evaluation Metrics

To confirm the efficacy of the suggested architecture,
ahvEEGNet is contrasted with a few typical deep-learning
benchmarks, which have been frequently applied in the stud-
ies related to EEG emotion recognition. They consist of the
lightweight EEGNet architecture, convolutional-recurrent hy-
brid models (CRNN), attention-based deep learning models to
learn temporal—spatial interactions of EEG signals. These base-
lines are various modeling paradigms of compact convolutional
learning to sequence modeling and adaptive feature weighting.

Various complementary measures are used to assess model
performance in order to give a comprehensive analysis. Accu-
racy of classification involves the overall accuracy of predic-
tion in categories of emotions. It is also indicated that macro-
averaged F1-score is used to consider possible class imbalance,
and provide the performance measurement of all emotion classes
without bias. Besides that, we also calculate ROC-AUC to
determine the discriminative capability regardless of decision
thresholds. The need to report on several metrics provides the
balance of evaluation and enables the reasonable comparison
with the previous literature.

The experiments are all done with the same training conditions
to be fairly compared to each other, i.e., the same data split,
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optimization procedures and evaluation protocols. Improve-
ments in the performance of ahvEEGNet are therefore not a
result of experimental bias, but of architectural benefits. The ex-
perimental setup outlined above sets a strong ground for testing
the effectiveness of ahvEEGNet in cross-subject tasks. A per-
formance analysis was conducted and a comparative evaluation
presented in the following section to evaluate the contribution
of each architectural component.

C. Computational Complexity Analysis

In addition to classification accuracy, computational effi-
ciency is another significant factor to be taken into account for
practical use of EEG emotion recognition systems on wearable
and edge devices. Hence, the proposed ahvEEGNet is contrasted
with representative baseline models in terms of the number of
trainable parameters, floating point operation (FLOPs), infer-
ence time, and memory usage. All models were tested with the
same experimental setup, hardware, and software platform.

The lightweight EEGNet backbone greatly alleviates com-
putation pressure by using a depthwise separable convolution,
and the hierarchical variational encoder works on the small
latent representations. In addition, the multihead attention mech-
anism is implemented in latent space and not directly on the
high dimensional EEG feature maps, which prevents further
computational burden. Therefore, the proposed framework is
effectively balanced between the classification accuracy and the
computational efficiency, and can be suitable for the real-time
EEG emotion recognition applications.

As shown in Table II, the proposed ahvEEGNet is found to be
moderately complex and attains good classification accuracy.
The proposed hierarchical variational encoder increases the
amount of computation compared to the original EEGNet while
still being significantly lighter than the conventional CRNN
and attention-CNN models. In particular, ahvEEGNet has just
0.42 million trainable parameters and 0.68 giga floating-point
operations (GFLOPs), which is about one-third of the computa-
tional cost of the baseline model attention-CNN and perform
better in classification task. Moreover, the average inference
time of 5.2 ms per EEG segment shows that the proposed
framework meets the real-time EEG-based affective computing
and wearable brain—computer interface applications’ latency
requirement. The complexity of the proposed framework can
be estimated as

O (NCTK + NdH + NH?) .

The model takes as input an EEG signal of N patients, C
channels, T" timesteps, and K convolution kernel size, followed
by a latent representation of dimension d and a number of
heads H of the attention mechanism. The extra computational
burden is not that high because attention is on compact latent
representations and not on raw EEG features.

VI. RESULT AND DISCUSSION

The analysis environment used in this study is briefly de-
scribed to provide some insight and replicability of performance
outcomes before performance results are given. Each experiment
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TABLE Il
COMPUTATIONAL COMPLEXITY COMPARISON

Model Parameters (M) FLOPs (G) Inference time (ms) Memory (MB) Accuracy (%) Complexity
EEGNet 0.14 0.21 3.8 11.2 88.4 Low
CRNN 0.83 1.54 9.6 35.8 90.2 High
Attention-CNN 1.27 2.36 12.4 47.1 93.1 High
ahvEEGNet 0.42 0.68 5.2 18.5 96.5 Medium
TABLE IlI TABLE IV
EVALUATION PROTOCOL HYPERPARAMETER SETTINGS
Aspect Setting Parameter Value
Validation scheme | LOSO EEG window length | 1s
Train/Test split Subject-independent Overlap 50%
Runs per fold 5 Latent dimension 64
Metrics Accuracy, F1, ROC-AUC Attention heads 4
Statistical test Paired t-test (p < 0.05) Dropout 0.5
Optimizer Adam
Learning rate Ixe-3
Batch size 64
. . . L Epochs 150
has a rigorous subject-independent validation strategy of deter-
mining the actual generalization capacity.
Table 1T describes th imental procedure of analyzi ety
able escribes the experimenta procedure of analyzing MAIN PERFORMANGE COMPARISON
the model performance. The LOSO technique makes sure that
testing data are generated by unobserved subjects, and therefore Model Accuracy (%) | Macro-F1 | ROC-AUC
cannot be subject biased and is only a realistic measure of EER(IEI?‘ gg';‘ f }? g'gg g'gg
the deployment performance. Repeat of a run many times and  [Ajenton-CNN 931209 002 005
statistical analysis also create reliability of the reported results. ahvEEGNet (Proposed) 96.5 = 0.6 0.96 0.98

In addition to classification accuracy, it is important to con-
sider the computational efficiency of the ahvEEGNet, as this
is crucial for real-world use. The proposed framework is based
on lightweight EEGNet backbone that uses depthwise and sep-
arable convolutions to drastically cut the number of trainable
parameters and computational operations when compared to
traditional deep CNN structures. Moreover, the compact latent
representations are used for hierarchical variational encoding,
and the multihead attention is applied on low dimensional em-
beddings, instead of high dimensional EEG. Therefore the extra
computational burden due to uncertainty modelling and attention
is relatively low.

The features of the ahvEEGNet render it a promising so-
lution for the near real-time emotion recognition in wearable
BCI systems, edge-based healthcare platforms, and intelligent
human—computer interaction applications. While hardware spe-
cific latency measurements were not a primary concern of this
study, future work will explore deployment to embedded Al
platforms, such as NVIDIA Jetson, Raspberry Pi Al accelera-
tors, and wearable EEG devices to measure inference latency,
memory usage, and energy efficiency in real-world operating
conditions.

When implementing EEG emotion recognition systems into
real-world applications, computational cost, memory usage, in-
ference speed, and energy consumption are all important factors
to consider. The proposed ahvEEGNet framework is designed
with deployment feasibility in mind, which takes advantage
of the lightweight EEGNet framework that adopts depthwise
and separable convolutions to ensure substantial reduction in
the number of trainable parameters and trainable operations.

This design is more memory efficient and faster to infer than
traditional deep CNN architectures.

Moreover, the hierarchical variational encoding and mul-
tihead attention layers are applied to low-dimensional latent
representations and not high-dimensional EEG feature maps,
thus reducing further computational complexity. The proposed
framework can be deployed on resource-constrained platforms,
such as embedded Al systems, wearable EEG devices, edge
computing nodes, as well as portable BCI devices. To be fair
in comparison with all the models, identical training settings are
applied unless otherwise. The main hyperparameters applied in
the training are mentioned in Table IV. The chosen structure is a
compromise between computing speed and model expressivity.
The KL regularization weight and the latent dimension were
selected through empirically tuned values in order to ensure that
variational learning was always stable without over regulariza-
tion.

The results of the performance of ahvEEGNet are in com-
parison with representative baseline architectures in the same
evaluation circumstances.

As it is shown in Table V, ahvEEGNet surpasses baseline
models in all assessment measures. The enhancement suggests
that probabilistic latent modeling combined with attention-based
aggregation is more robust and it lessens performance degrada-
tion in cross-subjects cases. Such superior performance is due
to the synergistic integration of hierarchical variational learning
and attention based feature aggregation in ahvEEGNet. The
proposed framework learns a latent uncertainty by introducing a
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TABLE VI
ABLATION STUDY RESULTS

Model Variant Attention | Variational | Hierarchical | Accuracy (%)
EEGNet X X X 884 £ 1.2
EEGNet + Attention v X X 91.1 £ 1.0
EEGNet + VAE X v X 92.0 0.9
EEGNet + VAE + Attention v v X 94.2 + 0.8
ahvEEGNet (Proposed) v v v 96.5 = 0.6
hierarchical variational encoding, which reduces the dependence 1.00
on the variability of the EEG signals in different subject popu-
lations, compared to current CNN-based approaches that learn 0.951
deterministic feature representations. Moreover, the multihead
attention mechanism dynamically focuses on emotional state - 907
related discriminative temporal—spatial patterns. Based on the § 0.85
above mentioned table, the accuracy of the proposed model is $
96.5%, which is far better than the other two models, such as 0.80 -
EEGNet (88.4%), CRNN (90.2%), and attention-CNN (93.1%).
Similar enhancements are also reported for macro-F1 and ROC- 0754 faining Accuracy
AUC scores, showing that the proposed architecture not only —— Validation Accuracy
leads to better classification accuracy, but also to better robust- 0.70 : A 1 0 A
ness and generalization in cross-subject evaluation conditions. Epoch
An ablation study is carried out to comprehend the role of a
single architectural element by incrementally greatly facilitat- ~F9- 2. Training accuracy evolution across epochs.
ing attention, variational encoding, and hierarchical modeling. 10+
Table VI demonstrates that every single architectural component = E;ec:i"’”
can be measured to bring performance gains. Variational encod- 08 mm Fl-Score
ing has the benefit of regularizing latent representations, whereas
attention has the benefit of encouraging selective discriminative 06 -
features. With the hierarchical latent structure, there is increased g
refinement, which results in the maximum overall performance. @ 04
It can be easily realized that the improvements that are seen '
in Table IV are directly related to the KL-divergence regular-
ization term defined in (9). The KL-divergence term forces 21
the latent representations to take a structured prior distribution,
which dampens the problem of overfitting to subject-specific 00 NEGATIVE NEUTRAL POSITIVE
EEG characteristics and promotes smoother manifolds of the
Fig. 3. Classwise metrics.

latent representations. This leads to more noise, session, and
distribution robust learned representations.

The improvement can be seen in the ablation results, with the
introduction of variational encoding achieving an accuracy of
92.0%, compared with 88.4%, which is achieved without the
attention mechanism (EEGNet). Performance gain means that
KL-regularized latent learning can enhance the generalization
of the representation by encouraging uncertainty-aware feature
learning. The regularization effect further improves class sep-
arability with hierarchical latent modeling and attention-based
aggregation, resulting in the highest accuracy of 96.5% with
the proposed ahvEEGNet framework. Fig. 2 depicts the training
and validation accuracy of the proposed model under different
epochs and has a consistent increase in the learning performance
with increasing training. The first one is that accuracy improves
quickly meaning that the model is learning the features well in
the initial epochs, and then it becomes slower and the model be-
comes converged. The high correlation of the training and valida-
tion accuracy curves shows excellent generalization ability with
limited overfitting indicating that the suggested ahvEEGNet

model develops strong representations and does not vary in its
performance on unseen data. Fig. 3 shows the performance of the
proposed model in terms of the three categories of emotions in
terms of the classes. In the negative classification, the model has
a precision of approximately 0.94, recall of 0.99, and F1-score
of 0.96, which is a very high detection and few missed samples.
The neutral class also exhibits almost perfect performance with
precision of about 1.00, recall of about 1.00, and F1-score of
about 1.00 as it has a very stable classification. On the positive
class, the model also has a high accuracy of approximately 0.99
precision, 0.98 recall, and 0.98 Fl1-score. Altogether, the high
scores of all classes prove the existence of balanced learning and
high generalization power of the suggested framework. Fig. 4
shows the performance of the proposed model in terms of the
three categories of emotions in terms of the classes. In the neg-
ative classification, the model has a precision of approximately
0.94, recall of 0.99, and F1-score of 0.96, which is a very high
detection and few missed samples. The neutral class also exhibits
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Fig. 4. Model validation accuracy evolution across epochs.
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Fig. 5. Classwise precision recall for negative, neutral, and positive
emotions.

almost perfect performance with precision of about 1.00, recall
of about 1.00, and F1-score of about 1.00 as it has a very stable
classification. On the positive class, the model also has a high
accuracy of approximately 0.99 precision, 0.98 recall, and 0.98
Fl-score. Altogether, the high scores of all classes prove the
existence of balanced learning and high generalization power of
the suggested framework.

Fig. 5 shows the precision—recall performance of the proposed
model across all the three emotion groups. Negative, neutral, and
positive curves are very near a precision value of 1.0 in nearly
all recall ranges (0.0-0.95) representing an indication of high
accuracy predictions with very few false positives. Precision
is even higher than about 0.95 at high recall levels of about
1.0 indicating that the model is highly reliable and it is able to
correctly identify almost all samples. The almost perfect form of
the curves proves the high level of class separability and proves
that the model provides balanced and strong classification of
emotions in all categories.

Fig. 6 demonstrates the distribution of the negative, neutral,
and positive emotions classes prediction probability generated
by the model suggested. The bimodal form of distribution is
clear in all the three plots, with the majority of the samples
being clustered around probability values of close to 0 and 1. The
high peak of almost 1.0 implies that the model is very confident

Prediction Probabilities - NEGATIVE Prediction Probabilities - NEUTRAL Prediction Probabilities - POSITIVE

o
08 10 00 02 04 06 08 10 oo 0z 04 06 08 10
Probability Probability

00 02 08 06
Probability

Fig. 6. Prediction probabilities for human emotion recognition (nega-
tive, neutral, and positive).
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Fig. 7. Distribution of prediction confidence levels.
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Fig. 8. Confusion matrix.

in the samples that have been correctly predicted, whereas the
peak of close to 0 means that the model is confident in nontarget
rejection. These few samples are found in the middle of the
probabilities (0.2-0.7), which indicate that there is a low degree
of uncertainty when it comes to classifying. The use of this
distribution shows that the model generates extremely confident
and well-separated predictions and indicates that it has strong
discriminative ability between categories of emotions.

Fig. 7 examines the correlation between the model perfor-
mance and confidence of prediction. As demonstrated by the
left plot, the majority of the predictions lie within the very high
confidence range (> 0.95), which means that the model makes
most of decisions with high confidence, and a few samples are
represented in low and medium confidence ranges. As shown
in the right plot, prediction accuracy tends to be high within
confidence level; furthermore, even at high ranges of confi-
dence, prediction remains highly accurate (approaching close
to 1.0 accuracy with low-confidence samples and still retains
a high level of performance, about 0.70-0.90). The overall
results suggest that the model generates well-calibrated and
reliable predictions with higher confidence, leading to steady,
high-quality classification.

Fig. 8 displays the confusion matrix of the suggested model
both in count and normalized forms with good classification
performance in all the emotion classes. On 142 negative samples,
140 are correctly classified and two are misclassified and the
neutral class makes a perfect classification with 143/143 correct
classifications. In the positive, 133 of 142 samples are classified
correctly and misclassified as negative are few. The normalized
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Fig. 9. ROC-AUC score human emotions (negative, neutral, and
positive).
TABLE VII
CROSS-DATASET GENERALIZATION RESULTS
Train Test Acc. (%) F1 AUC
SEED | SEED 96.5 0.96 | 0.99
SEED | DEAP 88.2 0.87 0.92
DEAP | DEAP 91.4 0.90 0.95

matrix also proves high levels of classwise accuracy, with the
approximation of 98.6% of negative, 100% of neutral, and 93.7%
of positive emotions, which points to high levels of reliability
and balanced performance of emotion recognition.

Fig. 9 indicates ROC-AUC of the model proposed in each of
the emotion classes and indicates almost perfect classification.
The neutral category has the highest score 1.0000 as the best
separability, whilst the negative and positive categories score
very high of 0.9971 and 0.9967, respectively. These high values
are consistently high indicating that the model can discriminate
well between emotional states with very low false-positive and
false-negative levels, and therefore, it has a good level of dis-
criminative and generalization.

The cross-dataset test in Table VII indicates that ahvEEGNet
can be kept at a high level of functioning even with consider-
able domain variations. Despite a moderate accuracy decrease
after moving the SEED to the DEAP, the model keeps the
discriminative ability steady, meaning that hierarchical varia-
tional regularization is able to limit dataset-specific overfitting
and enhance representation generalization. The performance
improvement was statistically validated for all the LOSO folds
to test the robustness of the claims. The mean performance,
standard deviation (SD) and 95% confidence interval (CI) were
calculated for each evaluation metric

s
Cl=z2+1.96 T
Mean metric value, denoted by Z, represents the average
value across the folds, while s stands for the standard deviation
value across the folds and n is the number of folds used in
the LOSO procedure. In addition, the performance scores were
tested for statistical significance between ahvEEGNet and the
top baseline methods, one-by-one. The resulting p-values in
Table VIII suggest the improvements in performance that the
ahvEEGNet provides statistically significant, and therefore not
a random occurrence (p < 0.05).
The experimental result shows that deterministic CNN-based
models cannot generalize subjects because of overfitting to

(24)
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TABLE VI
STATISTICAL VALIDATION OF CLASSIFICATION PERFORMANCE

Method Accuracy (%) 95% CI p-value
EEGNet 88.4 + 1.8 [86.9, 89.9] -
Attention-EEGNet 93.1 £ 14 [91.9, 94.3] 0.018
VAE-EEGNet 920 £ 1.5 [90.7, 93.3] 0.011
ahvEEGNet 96.5 + 1.1 [95.6, 97.4] —

the subject-specific EEG properties. Uncertainty-aware embed-
dings obtained through incorporation of variational learning are
known to smoothen latent distributions and increase stability.
The attention mechanism also boosts performance by providing
performance by dynamically laying stress on emotion-relevant
temporal-spatial patterns. A combination of these elements
allows the ahvEEGNet to attain similar levels of improvements
with a similar computational efficiency of lightweight EEGNet
models. To further examine the influence of attention location,
we created additional analyses of the impact of alternative ar-
chitectural configurations, such as attention prior to variational
The two components are: 1) encoding and 2) parallel attention
and variational branches. Experimental results suggest that a
preattention application of variational modeling results in There
was a reduction in the generalization of the task, presumably be-
cause of attention to noisy or subject-specific patterns. Likewise,
parallel configurations exhibit less because there was not much
interaction between uncertainty modeling and performance, fea-
ture weighting. Contrary to that, the proposed postvariational
attention achieves the best performance, showing that operating
on uncertainty-aware latent The robustness and discriminative
capacity of the representations are enhanced.

A. Potential Application Scenarios

The proposed ahvEEGNet architecture can be utilized in sev-
eral real-world EEG-based systems. For wearable BCI, strong
emotion recognition has the potential to support adaptive interac-
tion between the user and the intelligent device. The framework
could have applications in health care settings, including con-
tinuous monitoring of emotional states for stress management,
depression screening, cognitive assessment, and neurofeedback-
based treatment. The model can also be used in affective com-
puting systems to create emotion-aware learning platforms,
smart virtual assistants, and emotion-aware entertainment ap-
plications. The lightweight design and superior cross-subject
performance of ahvEEGNet enable it to serve as a practical
building block for the development of future emotion-aware
systems in real-world scenarios.

The experimental results always show that the combination
of hierarchical variational learning and attention-based feature
aggregation significantly boosts the classification accuracy and
generalization performance. The conclusion summarizes the
most important contributions, implications, limitations, and fu-
ture research directions based on these observations.

VII. CONCLUSION

This article introduced ahvEEGNet, a hierarchical varia-
tional EEGNet scheme based on attention to achieve sound
EEG-based emotion recognition. The proposed model can
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solve the problems of intersubject variation and noisy EEG
data by combining lightweight spatial-temporal feature extrac-
tion methods with uncertainty-aware variational encoding and
multiple-heads attention. Strict cross-subject validation protocol
experimental assessment shows that a representative result of a
strict cross-subject validation protocol indeed indicates a better
performance of a representative baseline model than that of the
ahvEEGNet, as demonstrated by better performance metrics.
This leads to the conclusion that probabilistic representation
learning together with adaptive attention mechanisms is a cred-
ible and computationally optimal approach to emotion recogni-
tion based on EEG signals.

VIII. LIMITATION AND FUTURE SCOPE

Although the proposed ahvEEGNet framework was able to
perform quite well, there are still some shortcomings. The
model is mainly tested on publicly available benchmark datasets
recorded in controlled experimental environments, which might
not be representative of the variability of real-world EEG signals.
The hierarchical variational learning is effective against inter-
subject variability, while the generalization over unseen datasets,
recording devices, and environmental conditions is not guaran-
teed. Moreover, the model might be affected by the distribution
shift and noise properties that are not in the training dataset.
Future work will be dedicated to improving generalization by
evaluating on more different datasets, incorporating domain
adaptation methods and self-supervised learning methods.

Incorporating domain adaptation and transfer learning tech-
niques for improving the generalization ability of ahvEEG-
Net for heterogeneous EEG datasets, acquisition devices, and
recording environments will be the subject of future research.
Furthermore, representation learning methods, such as self-
supervised and contrastive representation learning, will be ex-
plored to decreases reliance on large labeled EEG datasets and
enhance the robustness against distribution shifts. The other
direction of grand potential research that is also promising
is to couple the proposed hierarchical variational framework
with GNNSs to explicitly model dynamic functional connectivity
among EEG channels. In addition, explainable artificial intelli-
gence techniques will be integrated to make the attention maps
more neurophysiologically interpretable and enhance the trans-
parency of emotion classification decisions. Lastly, compression
techniques, federated learning, and deployment of edge-Al in
compressing the model for real-time emotion recognition on
wearable and resource-limited EEG devices will be discussed.
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