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Abstract
Objective. Extracting universal, task-independent semantic features from electroencephalography
(EEG) signals remains an open challenge. Traditional approaches are often task-specific, limiting
their generalization across different EEG paradigms. This study aims to develop a robust,
unsupervised framework for learning high-level, task-independent neural representations.
Approach.We propose a novel framework integrating convolutional neural networks,
AutoEncoders, and Transformers to extract both low-level spatiotemporal patterns and high-level
semantic features from EEG signals. The model is trained in an unsupervised manner to ensure
adaptability across diverse EEG paradigms, including motor imagery (MI), steady-state visually
evoked potentials (SSVEPs), and event-related potentials (ERPs, specifically P300). Extensive
analyses, including clustering, correlation, and ablation studies, are conducted to validate the
quality and interpretability of the extracted features.Main results. Our method achieves
state-of-the-art performance, with average classification accuracies of 83.50% and 84.84% on MI
datasets (BCICIV_2a and BCICIV_2b), 98.41% and 99.66% on SSVEP datasets (Lee2019-SSVEP
and Nakanishi2015), and an average AUC of 91.80% across eight ERP datasets. t-distributed
stochastic neighbor embedding and clustering analyses reveal that the extracted features exhibit
enhanced separability and structure compared to raw EEG data. Correlation studies confirm the
framework’s ability to balance universal and subject-specific features, while ablation results
highlight the near-optimality of the selected model configuration. Significance. This work
establishes a universal framework for task-independent semantic feature extraction from EEG
signals, bridging the gap between conventional feature engineering and modern deep learning
methods. By providing robust, generalizable representations across diverse EEG paradigms, this
approach lays the foundation for advanced brain–computer interface applications, cross-task EEG
analysis, and future developments in semantic EEG processing.

1. Introduction

Electroencephalography (EEG) has long provided
crucial insights into brain activity, relying on features
such as spectral power, band-specific energy, and spa-
tial connectivity to understand cognitive processes
and behaviors [1, 2]. While these traditional features
have significantly advanced the field, they often cap-
ture only low-level, task-specific characteristics, over-
looking the deeper semantic layers of meaning, inten-
tion, and context encoded in neural signals.

The extraction of universal, task-independent
semantic features from EEG data remains an under-
explored frontier. Existing approaches that touch
upon semantic interpretations tend to be narrowly
tailored to specific tasks or depend on supervised
methods, limiting their generality across differ-
ent contexts and subjects. Developing a univer-
sal semantic feature would not only enrich our
theoretical understanding of how the brain encodes
meaning but also open up practical avenues for
brain–computer interfaces (BCIs), brain-to-brain
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communication (B2B-C) systems, neurodiagnostics,
education, and industrial automation.

Achieving this goal is challenging due to the com-
plexity and variability inherent in neural represent-
ations, as well as the influence of contextual factors.
Yet, enabling a broader, more flexible analysis of EEG
signals is necessary. To address this challenge, our
research focuses on three main objectives:

1. Defining what constitutes a semantic feature in
EEG data,

2. outlining criteria and expectations for a univer-
sal semantic feature, such as task independence,
robustness to inter-subject variability, and mean-
ingfulness,

3. and assessing the feasibility of achieving these
aims using state-of-the-art, unsupervised, and
self-supervised deep learning (DL) techniques.

While our endeavor is ambitious, our approach is
incremental. We propose and validate a framework to
progressively capture semantic content, bridging the
gap between the need for semantic interpretation and
the limitations of current EEG feature sets. By doing
so, we aim to establish a universal semantic represent-
ation independent of specific tasks or conditions, thus
facilitating a wide range of analyses, including super-
vised classification, unsupervised clustering, cross-
subject comparisons, and within-subject investiga-
tions over time.

Ultimately, this work lays the groundwork for
transforming EEG analysis from a task-centric
paradigm to one capable of universal semantic inter-
pretation. Such progress is essential for advancing
neuroscience research, fostering interdisciplinary col-
laborations, and enhancing the capabilities of neuro-
technology and neuroinformatics applications.

The organization of this paper is as follows:
section 2 discusses related work, followed by the pro-
posed methodology in section 3. Section 4 provides
the mathematical formulation, and section 5 presents
the results. Section 6 discusses the findings in detail,
and finally, section 7 concludes the study with key
insights and future directions.

2. Related works

EEG signal processing has progressed substantially,
yielding successful applications in diverse tasks.
Ensemble learning frameworks for motor imagery
(MI) classification, such as correlation-optimized
weighted stacking ensembles and weighted and
stacked adaptive integrated ensemble classifiers, have
improved accuracy and robustness across multiple
datasets [3, 4]. Advanced DL models have been
developed in clinical settings to predict neurolo-
gic outcomes in comatose patients. For instance, a

multiscale deep neural network combining convo-
lutional neural networks (CNNs) and long short-
term memory (LSTM) networks has been utilized
to analyze EEG data and demographic information,
achieving an area under the receiver operating char-
acteristic curve (AUC-ROC) of up to 0.91 within
66 h post-cardiac arrest. This approach underscores
the efficiency and practical relevance of integrating
CNNs with temporal dynamics for accurate coma
outcome prediction [5].

Efforts to improve the security and robust-
ness of EEG-based systems have introduced frame-
works that enhance the resilience of B2B-C systems
against adversarial attacks through adversarial neural
network training. These approaches have optim-
ized architectures, such as CNN-temporal convolu-
tional networks, achieving significant improvements
in accuracy and security metrics [6, 7].

Efforts toward semantic feature extraction from
EEG signals have emerged in various domains.
Studies examining potency, valence, and arousal
via high-density EEG and source localization have
revealed distinct spatiotemporal patterns for abstract
and concrete words, illustrating EEG’s ability to rep-
resent subtle semantic distinctions [8]. Similarly, dif-
ferential entropy and peak-magnitude root mean
square ratio, combined with variational mode
decomposition, have improved epileptic seizure clas-
sification through semantic feature extraction [9].
Event-related potential (ERP) investigations (e.g.
N400 amplitude) further highlight that semantic rel-
evance, rather than feature type or category, influ-
ences neural responses during concept retrieval [10].

Recent approaches integrate EEG with visual data
for semantic-driven image reconstruction. An EEG-
visual-residual-network and diffusion models have
jointly achieved high-resolution image generation
[11], while dual conditional AutoEncoders fusing
multimodal semantic features with UNet-based
image generation have further improved reconstruc-
tion quality [12]. Beyond this, multimodal frame-
works have combined attention mechanisms, graph
convolutional networks, and bidirectional LSTM lay-
ers to extract spatiotemporal-frequency semantic
features for enhanced emotion recognition [13].
NeuroBCI systems facilitate multi-brain-to-multi-
robot interactions, employing dynamic EEG feature
extraction, semantic transmission frameworks, and
edge computing for parallel multi-agent control [14].
Further, EEG-based word processing studies have
identified theta-band activity in the left anterior tem-
poral lobe as a key node linking distributedmodality-
specific networks into a multimodal semantic hub
[15].

Recent studies have leveraged unsupervised
semantic disentanglement to separate meaningful
high-level features from neural activity, enhancing
visual category decoding while improving inter-
pretability through structured latent representations
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[16]. A comprehensive review spanning EEG, func-
tional magnetic resonance imaging, magnetoen-
cephalography, and electrocorticography modalit-
ies has identified the absence of a universal, task-
independent semantic feature, highlighting issues
like inter-subject variability and multimodal integra-
tion challenges [17]. Similarly, object-based decision
tasks have demonstrated notable classification accur-
acy using common spatial patterns and random forest
classifiers for semantic category decoding [18].

These studies showcase significant strides in
classification, interpretation, and semantic feature
extraction using advanced techniques-from ensemble
learning and deep networks tomultimodal fusion and
signal decomposition. However, they remain con-
strained by task specificity and often rely on super-
vised paradigms. No existing methodology provides
a universal, task-independent semantic feature quan-
tifying semantic richness in EEG data, regardless of
context.

This research seeks to address this limitation by
proposing a framework for extracting a universal,
task-independent semantic feature from EEG signals.
Building on the foundational advancements outlined
above, this work introduces a novel methodology to
advance EEG signal processing and semantic ana-
lysis, addressing task specificity and generalizability
challenges.

3. Methodology

Extracting a universal, task-independent semantic
feature from EEG signals requires a clear conceptual
foundation. In this section, we define the notion of
a semantic feature in EEG data, establish the criteria
such a feature must satisfy, and introduce our pro-
posed computational framework designed to achieve
these objectives.

A semantic feature for EEG data encapsulates
the high-level, contextually meaningful information
encoded in neural activity, moving beyond the low-
level, task-specific attributes (e.g. spectral power,
temporal metrics) typically extracted. Rather than
focusing narrowly on a particular frequency band
or experimental condition, semantic features aim to
capture the deeper cognitive or conceptual content
processed by the brain, regardless of the external task
or stimulus.

To qualify as a universal semantic feature, the rep-
resentation must satisfy the following requirements:

1. Task independence: remain applicable across
varying tasks, stimuli, and conditions without
relying on task-specific labels or supervised
models.

2. Robustness to inter-subject variability: consist-
ently represent semantic content across individu-
als, accommodating anatomical and functional
differences.

3. Scalability and generalizability: scale effectively
to large datasets and generalize to new, unseen
data with minimal performance degradation.

4. Interpretability: convey meaningful information
that aids in understanding underlying neural
processes.

5. Compatibility with downstream analyses: sup-
port a wide range of downstream tasks, including
both supervised (e.g. classification) and unsuper-
vised (e.g. clustering) analyses.

Modern DL and unsupervised learning tech-
niques provide promising avenues for extracting such
universal features. Unlike traditional machine learn-
ing (ML) approaches that rely on labeled datasets and
are confined to specific tasks, unsupervised and self-
supervised DL methods learn hierarchical represent-
ations directly from raw data, naturally aligning with
our goal of task independence.

We, therefore, propose a novel computational
framework that integrates three key DL components:

1. CNNs: capture local spatial and temporal depend-
encies within multichannel EEG signals.

2. AutoEncoders: reduce dimensionality and fil-
ter noise by learning compressed latent repres-
entations, retaining only the most salient EEG
features.

3. Transformers: exploit self-attention mechanisms
to model long-range temporal relationships and
global context, extracting high-level semantic pat-
terns independent of task conditions.

3.1. Model architecture
Our model (figure 1) is a hierarchical dual
AutoEncoder designed for unsupervised EEG feature
extraction. The architecture consists of two sequential
AutoEncoders:

1. CNN AutoEncoder: the first stage applies a CNN
encoder composed of two Conv1D layers with 64
and 128 filters (kernel size = 3, rectified linear
unit (ReLU) activation) followed by layer nor-
malization. This module captures local spatial–
temporal dependencies in EEG signals. The out-
put is projected into a fixed latent space of size
(window_size, 128), forming an intermediate rep-
resentation of the EEG segments. A CNNdecoder,
mirroring the encoder, later reconstructs the EEG
features from this latent representation using two
Conv1DTranspose layers.

2. TransformerAutoEncoder: the second stage pro-
cesses the CNN-extracted features to capture
global dependencies across the EEG sequence.
The Transformer encoder consists of two lay-
ers, each with eight attention heads, an embed-
ding size of 128, and position-wise feed-forward
networks (FFNs). The Transformer decoder

3
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Figure 1. Overview of the proposed hierarchical dual AutoEncoder model for unsupervised EEG feature extraction. The model
consists of two AutoEncoder structures: (1) CNN AutoEncoder, which extracts local temporal–spatial EEG features via a CNN
encoder and reconstructs them through a CNN decoder, and (2) Transformer AutoEncoder, which captures long-range
dependencies in the encoded representation using self-attention mechanisms. The EEG signals undergo preprocessing,
segmentation, and normalization before being encoded by the CNN. The Transformer further processes the CNN features,
producing a latent representation that retains both short-term and long-term EEG characteristics. The Transformer decoder
reconstructs the EEG features, which the CNN decoder then processes to reconstruct the final EEG signals. The self-attention
mechanism enables the model to capture long-range dependencies, where Q represents the current EEG state, K stores past EEG
features, and V provides meaningful EEG representations.

reconstructs the EEG features using a self-
attention mechanism and feed-forward lay-
ers before passing them to the CNN decoder
for final signal reconstruction. Unlike standard
sequence-to-sequence (Seq2Seq) models [19],
our Transformer decoder does not require a cross-
attention layer. This is because ourmodel operates
as an AutoEncoder, where the input and output
are both EEG signals rather than different modal-
ities or transformed sequences. In Seq2Seq mod-
els, the decoder requires cross-attention to incor-
porate information from an external source (e.g.
translating text or generating captions). However,
in our case, the Transformer decoder recon-
structs the latent EEG features without need-
ing additional information, making self-attention
sufficient.

This hierarchical design allows the model to pre-
serve both local and global dependencies while learn-
ing task-independent EEG representations. The final
reconstructed EEG signals match the original input
resolution, ensuring minimal loss of information.

3.2. Datasets
To validate the effectiveness of our model, we utilized
a diverse collection of publicly available EEG data-
sets encompassing MI, steady-state visually evoked

Table 1.MI datasets with their specifications.

Attribute BCICIV_2a [20] BCICIV_2b [21]

Subjects 9 9
Channels 22 3
Classes 4 2
Trials/class 144 360
Trial Duration 4 s 4.5 s
Sampling Rate 250Hz 250Hz
Sessions 2 5
Runs 6 1
Total trials 62 208 32 400

Table 2. SSVEP datasets with their specifications.

Attribute Lee2019_SSVEP [23] Nakanishi2015 [22]

Subjects 54 9
Channels 62 8
Classes 4 12
Trials/class 50 15
Trial length 4 s 4.15 s
Sampling rate 1000Hz 256Hz
Sessions 2 1

potentials (SSVEPs), and ERP, specifically P300 data-
sets. The details of these datasets are provided in
tables 1–3.
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Table 3. ERP datasets with their specifications.

Dataset Subjects Channels Trials/class Trial duration Sampling rate Sessions

BI2012 [24] 25 16 640 NT / 128 T 1 s 128Hz 2
BI2013a [25–27] 24 16 3200 NT / 640 T 1 s 512Hz 81

BI2014b [28] 38 32 200 NT / 40 T 1 s 512Hz 3
BI2015a [29] 43 32 4131 NT / 825 T 1 s 512Hz 3
BI2015b [30] 44 32 2160 NT / 480 T 1 s 512Hz 1
BNCI2014_008 [31, 32] 8 8 3500 NT / 700 T 1 s 256Hz 1
BNCI2014_009 [33] 10 16 1440 NT / 288 T 0.8 s 256Hz 3
Sosulski2019 [34–36] 13 31 7500 NT / 1500 T 1.2 s 1000Hz 1

Note 1: for the BI2013a dataset, there are eight sessions for subjects 1–7 and one session for all other subjects.

3.3. Preprocessing
To ensure consistency across all datasets and facilitate
task-independent feature extraction, we applied a
standardized preprocessing pipeline to all EEG sig-
nals. This pipeline was designed to mitigate noise,
improve signal quality, and standardize temporal res-
olution across datasets before feature extraction. The
preprocessing steps were applied uniformly to all the
datasets as follows:

1. Downsampling to 128Hz: EEG signals were res-
ampled to 128Hz, ensuring a fixed temporal res-
olution across datasets. This standardization helps
prevent discrepancies in window sizes and feature
extraction.

2. Band-pass filtering:

• ForMI datasets, a 6–32Hz band-pass filter was
applied to retain motor-related mu and beta
rhythms.

• For ERP datasets, a 0.1–30Hz band-pass filter
was applied to preserve slowERP components.

• For SSVEP datasets:
- Lee2019_SSVEP: a 4–14Hz band-pass filter
was applied to capture responses from the
four stimulus frequencies (5.45, 6.67, 8.57,
12Hz).

- Nakanishi2015: a 8–16Hz band-pass fil-
ter was applied to cover all twelve stimulus
frequencies (9.25, 9.75, 10.25, 10.75, 11.25,
11.75, 12.25, 12.75, 13.25, 13.75, 14.25,
14.75Hz).

Filter design and zero-phase criterion. All band-
pass filters were designed as linear-phase FIR
filters with specific specifications on pass-band
ripple (< 0.1 dB) and stop-band attenuation (>
40 dB). A forward-backward filtering approach
(filtfilt) was applied offline to achieve zero-
phase in the processed signals. This double-pass
method cancels out any phase shifts introduced
in the forward pass, ensuring no net phase dis-
tortion in the final EEG signals. We chose linear-
phase FIR filters because they are straightforward
to design for exact control over the frequency
response and are commonly used in EEGpipelines

to avoid the phase distortion that can arise with
IIR filters.

3. Notch filtering: a linear-phase FIR notch fil-
ter at 50Hz was similarly applied in a forward-
backward manner to remove powerline interfer-
ence without introducing phase shifts. Although
other designs (e.g. quadratic or IIR notch filters)
can also be used, FIR-based forward–backward fil-
tering is a standard practice in offline EEG analysis
due to its simplicity, stable phase characteristics,
and reliable attenuation of line noise.

4. Artifact removal: independent component ana-
lysis was then performed to decompose the signals
into maximally independent components.

5. Windowing: EEG signals were segmented into
1 s windows with a 50% overlap, resulting in a
step size of 0.5 s. Given the fixed 128Hz sampling
rate, each window contained 128 samples per
EEG channel, ensuring a consistent window size
of (128× nchannels). This strategy enhances data
availability without artificial augmentation while
preserving temporal continuity, allowing each
segment to retain information about preceding
and succeeding windows. Overlapping windows
are particularly beneficial for Transformer-based
models, which require large sample sizes while
maintaining the global structure of each trial.
The window size was set to 1 s across all datasets
to maintain uniformity. Most ERP datasets natur-
ally contain 1 s trials, andMI/SSVEP datasets with
longer trials (e.g. 4 s) were split into multiple 1 s
windows. However, for datasets with trial lengths
shorter than 1 s or non-integer durations, padding
was applied to align with the segmentation frame-
work, as shown in table 4.
Zero-padding was applied to maintain the integ-
rity of EEG data without introducing artifi-
cial noise. This segmentation approach ensures
a standardized representation across data-
sets, allowing a direct comparison of extracted
semantic features while preserving contextual
dependencies within each trial.

6. Subject labeling: each segmented window was
assigned a subject label to retain the identity
of the subject from which the signal originated.
This subject labeling is distinct from task or class
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Table 4. Segmentation strategy for datasets with trial lengths shorter than 1 s or non-integer durations.

Dataset Trial length (s) Segmentation strategy

BNCI2014_009 (ERP) 0.8 Pad to 1 s before segmentation
Sosulski2019 (ERP) 1.2 Segment into 1 s, pad 0.2 s
Nakanishi2015 (SSVEP) 4.15 Split into 4× 1 s, pad 0.15 s
BCICIV_2b (MI) 4.5 Split into 4× 1 s, pad 0.5 s

labeling used in supervised learning. Since our
approach is unsupervised, we do not assign task-
specific labels. Instead, subject labeling is used
solely to track which windows belong to which
subject. This is crucial for organizing extracted
latent features after training, allowing us to save
and analyze features for each subject separately.

7. Standardization: EEG signals were z-score nor-
malized per channel to have zero mean and unit
variance, reducing inter-subject variability.

3.4. Training procedure
We train the model by minimizing the mean squared
error (MSE) loss, using Adam with a learning rate
of 1× 10−4, a batch size of 64, and up to 100
epochs. EarlyStopping (patience = 5) ensures train-
ing halts when validation loss stops improving, and
ReduceLROnPlateau (factor = 0.5, patience = 3)
reduces the learning rate if progress stagnates. A
90:10 train-validation split monitors generalization
and informs hyperparameter tuning. Parameters like
Transformer depth, batch size, or training epochs
can be adjusted for datasets with different levels of
complexity.

3.5. Evaluation and analysis
The evaluation of our model is conducted in two
stages:

Stage 1: assessing the quality of the reconstructed
EEG signals. The first evaluation phase focuses on
the model’s ability to reconstruct EEG signals accur-
ately. Since the AutoEncoder structure is designed
to learn a latent space that preserves the essential
features of EEG signals, the reconstruction quality
serves as a crucial metric. A high reconstruction error
indicates that the latent representations do not effect-
ively capture the EEG signal’s structure, which would
impact their usability in subsequent tasks. We use
MSE between the original and reconstructed EEG
signals to quantify reconstruction quality, aiming
for minimal reconstruction loss. To ensure that the
extracted features remained meaningful, we imposed
a strict reconstruction error threshold of 1%, prompt-
ing model tuning whenever this limit was exceeded.
This ensures that the Transformer AutoEncoder effi-
ciently encodes EEG patterns into meaningful latent
features.

Stage 2: evaluation of the extracted semantic fea-
tures in downstream tasks. We evaluate the extrac-
ted semantic features in supervised classification and

unsupervised clustering tasks once the reconstruc-
tion quality is deemed satisfactory (i.e. lowMSE loss).
These features are used as input to an advanced 2D
CNN classifier designed to generalize across differ-
ent EEG paradigms (MI, SSVEP, ERP). The archi-
tecture consists of multiple convolutional layers (64,
128, 256, 512 filters) with 3× 3 kernels, batch nor-
malization, and a spatial attention mechanism to
enhance discriminative feature extraction. A global
average pooling layer reduces dimensionality before
classification. The final dense layer employs softmax
for MI and SSVEP (multi-class classification) and
sigmoid for ERP (binary classification with AUC-
ROC as the evaluation metric). We apply dropout
(0.5), batch normalization, and early stopping to pre-
vent overfitting. We use focal loss for ERP datasets
with imbalanced classes to improve minority class
detection. Leave-one-subject-out cross-validation is
applied for MI datasets due to limited subjects, while
an 8-fold cross-validation strategy is used for ERP and
SSVEP datasets, balancing computational feasibility
and reliability. The proposed 2D CNN ensures robust
classification across all paradigms, capturing spatial-
temporal dependencies in the extracted semantic fea-
tures while effectively handling both balanced and
imbalanced datasets.

Beyond classification, we performed comple-
mentary analyses to gain deeper insights into
the structure and stability of the semantic fea-
tures. Clustering and dimensionality reduction
techniques were employed to determine whether
these features inherently form meaningful groups,
while correlation analysis helped identify and
remove feature redundancies. Additionally, abla-
tion studies examined the effect of modifying
Transformer complexity (e.g. number of layers, atten-
tion heads) on the quality and fidelity of the extracted
features.

4. Mathematical formulation

We consider EEG signals recorded across diverse
paradigms, subject populations, and experimental
conditions, aiming to extract universal, task-
independent semantic features using a hierarchical
dual AutoEncoder model. The objective is to recon-
struct EEG signals while simultaneously extracting
robust, generalizable latent representations, ensur-
ing adaptability across different datasets, recording
setups, and application domains.
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Let S= {1,2, . . . ,Ns} represent the set of subjects,
and for each subject s ∈ S, EEG recordings are divided
into ns segments. These segments are denoted as

X (s) = {X(s)
1 ,X(s)

2 , . . . ,X(s)
ns }, where each X

(s)
i ∈ RT×C

contains T time samples per segment and C chan-
nels. The transformation process involves two levels
of encoding and decoding, structured as follows.

4.1. CNN AutoEncoder
The first stage applies a CNN AutoEncoder to learn
localized representations fromEEG signals. The CNN
encoder transforms raw EEG segments X into latent
feature representationsH. We first reshapeX ∈ RT×C

to Xreshaped ∈ RC×T and apply two 1D CNN layers
along the temporal dimension:

H(1) = ReLU
(
Conv1D64

(
Xreshaped

))
(1)

H(2) = ReLU
(
Conv1D128

(
H(1)

))
(2)

where Conv1D64 and Conv1D128 are 1D CNNs with
64 and 128 filters, kernel size 3, and same-padding.
The activation function used is ReLU, which intro-
duces non-linearitywhile preventing vanishing gradi-
ents in deep networks. The output is then normalized:

HCNN = LayerNorm
(
H(2)

)
. (3)

This feature representation is then embedded
into a fixed-dimensional latent spaceRT×dmodel , where
dmodel represents the dimensionality of the latent fea-
ture space. This parameter controls the capacity of
themodel to encodemeaningful representations, bal-
ancing expressiveness and computational efficiency.
A larger dmodel allows richer feature extraction but
increases model complexity, while a smaller dmodel

enforces a more compact representation. In our ana-
lysis, we set dmodel = 128 across all datasets to bal-
ance computational efficiency and feature richness.
However, this value can be adjusted based on the
available computational resources and the complex-
ity of the dataset.

Next, we use a dense layer with 128 units to map
HCNN into the dmodel dimensional space:

Hembed = Dense128 (HCNN) . (4)

Positional encoding Epos is added:

HPE =Hembed +Epos (5)

where HPE ∈ RT×dmodel serves as input to the
Transformer AutoEncoder.

4.2. Transformer AutoEncoder
The Transformer AutoEncoder refines the extracted
local representations into global semantic features.

The Transformer encoder consists of two layers, each
with multi-head self-attention (MHA):

Z(l) =MHA
(
H(l−1),H(l−1),H(l−1)

)
(6)

where H(0) =HPE, and the same input H(l−1) is
used as the query (Q), key (K), and value (V) [19],
to capture contextual relationships within the same
sequence.

The attention scores are computed using the
scaled dot-product attention mechanism:

Attention(Q,K,V) = softmax

(
QK⊤
√
dk

)
V (7)

where dk represents the dimensionality of the key vec-
tors. The scaling factor 1√

dk
prevents excessively large

dot-product values, which could lead to vanishing
gradients during training. This scaling is particularly
important when using large-dimensional embed-
dings, ensuring numerical stability and improving
learning dynamics. In our framework, dk is defined
as dmodel/h, where h is the number of attention heads,
allowing for balanced information distribution across
multiple heads.

After the self-attention operation, the output is
passed through a residual connection followed by
layer normalization:

U(l) = LayerNorm
(
H(l−1) +Z(l)

)
. (8)

This step ensures stable training by preventing
internal covariate shift while preserving the original
input information through skip connections. Next,
the representation undergoes a position-wise FFN,
consisting of two fully connected layers with a ReLU
activation:

F(l) = ReLU
(
U(l)W(l)

1 + b(l)1

)
W(l)

2 + b(l)2 . (9)

A final residual connection and layer normaliza-
tion step are applied:

H(l) = LayerNorm
(
U(l) + F(l)

)
(10)

where W(l)
1 ,W(l)

2 ,b(l)1 ,b(l)2 are learnable parameters.
After two Transformer layers, the encoder produces
the latent representation of the input EEG segment:

Z=H(2) ∈ RT×128. (11)

This latent feature representation Z is then passed
to the Transformer decoder, where it undergoes self-
attention and feedforward processing to reconstruct
high-level semantic EEG features.

7
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4.3. Hierarchical decoding for EEG reconstruction
The CNN decoder reconstructs the original EEG
signals from latent representations extracted by the
Transformer AutoEncoder. First, the Transformer
decoder refines Z into reconstructed features:

HDecTrans = TransformerDecoder(Z) . (12)

A Dense layer maps these features to 128
dimensions:

Hdense-dec = Dense128 (HDecTrans) . (13)

Two Conv1DTranspose layers reconstruct the ori-
ginal EEG sequence:

Hdec1 = ReLU(Conv1DTranspose128 (Hdense-dec))
(14)

Hdec2 = ReLU(Conv1DTranspose64 (Hdec1)) . (15)

Applying layer normalization:

Hdec-norm = LayerNorm(Hdec2) . (16)

A final linear layer reconstructs the EEG segment:

X ′ = Conv1DC (Hdec-norm) ∈ RT×C (17)

where X′ is the reconstructed EEG segment, and
Conv1DC is a 1D convolutional layer with C filters,
ensuring the reconstructed EEG segment X ′ matches
the original input shape RT×C.

4.4. Training objective and semantic feature
extraction
Themodel is trained byminimizing theMSE between
the original and reconstructed EEG signals:

L(θ) =
1

N

N∑
i=1

∥∥Xi − f4 ( f3 ( f2 ( f1 (Xi))))
∥∥2
F

(18)

where N is the total number of segments and θ rep-
resents all trainable parameters, f1 = fCNN-enc (CNN
encoder), f2 = fTransformer-enc (Transformer encoder),
f3 = fTransformer-dec (Transformer decoder), and f4 =
fCNN-dec (CNN decoder).

After training, we extract semantic features as fol-

lows. For each segmentX(s)
i , the Transformer encoder

produces:

Z(s)i = fTransformer-enc

(
X(s)
i

)
∈ RT×128. (19)

Temporal averaging yields a fixed-size feature vec-
tor for each segment:

z(s)i =
1

T

T∑
t=1

Z(s)i (t, :) ∈ R128. (20)

Averaging over all segments of subject s gives a
subject-level semantic feature vector:

z(s) =
1

ns

ns∑
i=1

z(s)i ∈ R128. (21)

Normalizing z(s) to unit norm produces:

z̃(s) =
z(s)

∥z(s)∥2
. (22)

The resulting z̃(s) is the subject-level semantic fea-
ture vector, representing universal, task-independent
information.

5. Results

This section presents the outcomes of our universal,
task-independent semantic feature extraction frame-
work acrossmultiple EEGparadigms-MI, SSVEP, and
ERP (P300)-summarized in tables 1–3. Our method
is implemented with PyTorch 2.0+ in Python 3.11
using an NVIDIA GeForce RTX 4090 with CUDA
12.0.

To analyze the model’s convergence beha-
vior across different EEG paradigms, we present
the learning dynamics for three representative
datasets: BCICIV_2b (MI), BI2015a (ERP), and
Lee2019_SSVEP (SSVEP). Figures 2–4 illustrate the
training and validation loss curves, alongside the
learning rate adjustments over training epochs. These
plots demonstrate stable convergence and effective
generalization across all paradigms, with the learn-
ing rate adapting dynamically to improve training
efficiency. The consistent downward trend of both
training and validation losses across all datasets high-
lights the robustness of the proposed framework in
learning meaningful EEG representations.

Next, we assess the quality of EEG signal recon-
struction across different paradigms. Figure 5
compares original and reconstructed EEG sig-
nals, this time for three other representative data-
sets: BCICIV_2b (MI), BNCI2014_008 (ERP),
and Nakanishi2015 (SSVEP). The close alignment
between original and reconstructed signals and low
reconstruction errors confirm that the extracted lat-
ent semantic features effectively preserve essential
EEG characteristics while minimizing noise.

We conducted a detailed correlation analysis
for each subject to further evaluate the extracted
latent semantic features. The correlation heatmaps
for BCICIV_2a MI dataset, as shown in figure 6,
reveal subject-specific structural patterns and provide
insights into the consistency and diversity of the
extracted features across individuals. These patterns
underscore the model’s ability to balance universal
feature representation with subject-specific nuances,
paving the way for robust and adaptable downstream
analyses.
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Figure 2. Training and validation loss curves alongside the
learning rate schedule for the BCICIV_2b MI dataset. The
model exhibits stable convergence with steadily decreasing
loss, indicating effective feature learning and generalization.

Figure 3. Training and validation loss curves with learning
rate adjustments for the BI2015a ERP dataset. The smooth
convergence and gradual decrease in learning rate highlight
the model’s adaptability and robust generalization to ERP
signals.

Figure 4. Training and validation loss curves with learning
rate dynamics for the Lee2019_SSVEP dataset. The model
efficiently minimizes loss while adjusting the learning rate,
demonstrating effective training on SSVEPs.

We evaluated the semantic features in supervised
classification tasks for MI, SSVEP, and ERP datasets.
Although detailed comparisons with state-of-the-art
methods are discussed later, tables 5–8 show that our
approach performs favorably. Accuracy is reported
for MI and SSVEP (balanced classes) and AUC for
ERP (P300) datasets (class imbalance). Subsequent
sections provide interpretations and in-depth discus-
sions of these findings. The acronyms (e.g. FBCSP,

EEGNet) used in tables 5–8 refer to models as origin-
ally presented in their respective studies, with details
available in the cited references.

To comprehensively evaluate the classification
performance on the BCICIV_2a dataset, we ana-
lyzed the ROC curves for each subject and aggregated
the results to highlight overall performance trends.
For brevity, figure 7 presents the aggregate ROC
curve over all subjects, summarizing the discriminat-
ive capability of the model across the four MI classes,
with high AUC values indicating robust classification
performance.

Finally, to further evaluate the structure and
separability of the extracted features, we applied t-
distributed stochastic neighbor embedding (t-SNE)
to visualize both raw EEG data and the latent feature
representations across different paradigms. Figure 8
presents t-SNE embeddings of EEGdata for three rep-
resentative datasets: BCICIV_2b (MI), Sosulski2019
(ERP), and Nakanishi2015 (SSVEP). The left column
displays the raw EEG signals, while the right column
represents the latent features learned by our pro-
posed framework. A key observation is that raw EEG
data does not exhibit clear clusters, as subject-specific
distributions are significantly overlapped. This con-
firms that EEG signals in their raw form are highly
variable and noisy, making direct classification chal-
lenging. In contrast, the latent features form well-
separated clusters, indicating that our feature extrac-
tion method successfully captures subject-specific
representations while reducing noise.

These results confirm that the extracted semantic
features are well-structured and more informat-
ive than raw EEG data, further explaining the
improved classification performance across multiple
EEG paradigms.

6. Discussion

This section delves into the detailed interpretation
of our findings, contextualizing the results presen-
ted earlier and exploring their implications for EEG-
based semantic feature extraction.

6.1. Convergence behavior and generalization
The learning curves across different EEG paradigms
confirm the model’s ability to generalize effectively
while maintaining stable convergence. Figures 2–4
illustrate the training and validation loss trends, as
well as the learning rate dynamics, for three repres-
entative datasets.

Across all three paradigms, the training loss stead-
ily decreases, with validation loss closely following
a similar trend, indicating effective feature learning
and strong generalization capabilities. The learning
rate adjustments further illustrate how the model
dynamically adapts during training, reducing the step
size at critical points to refine optimization and pre-
vent overfitting. These adjustments are particularly

9
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Table 5. Comparisons with state-of-the-art methods on dataset BCICIV_2a (Accuracy).

Methods S01 S02 S03 S04 S05 S06 S07 S08 S09 Average

FBCSP [37] 76.00 56.50 81.25 61.00 55.00 45.25 82.75 81.25 70.75 67.75
ConvNet [38] 76.39 55.21 89.24 74.65 56.94 54.17 92.71 77.08 76.39 72.53
EEGNet [39] 85.76 61.46 88.54 67.01 55.90 52.08 89.58 83.33 86.81 74.50
C2CM [40] 87.50 65.28 90.28 66.67 62.50 45.49 89.58 83.33 79.51 74.46
FBCNet [41] 85.42 60.42 90.63 76.39 74.31 53.82 84.38 79.51 80.90 76.20
DRDA [42] 83.19 55.14 87.43 75.28 62.29 57.15 86.18 83.61 82.00 74.74
Conformer [43] 88.19 61.46 93.40 78.13 52.08 65.28 92.36 88.19 88.89 78.66
This study 89.65 71.69 95.16 86.19 65.09 76.17 89.99 92.40 85.15 83.50
Average accuracy 84.01 60.90 89.49 73.17 60.51 56.18 88.44 83.59 81.30 −

Table 6. Comparisons with state-of-the-art methods on dataset BCICIV_2b (Accuracy).

Methods S01 S02 S03 S04 S05 S06 S07 S08 S09 Average

FBCSP [37] 70.00 60.36 60.94 97.50 93.12 80.63 78.13 92.50 86.88 80.00
ConvNet [38] 76.56 50.00 51.56 96.88 93.13 85.31 83.75 91.56 85.62 79.37
EEGNet [39] 75.94 57.64 58.43 98.13 81.25 88.75 84.06 93.44 89.69 80.48
DRDA [42] 81.37 62.86 63.63 95.94 93.56 88.19 85.00 95.25 90.00 83.98
Conformer [43] 82.50 65.71 63.75 98.44 86.56 90.31 87.81 94.38 92.19 84.63
This study 89.5 78.5 71.5 96.67 87.86 85.25 83.25 87.05 84.00 84.84
Average 79.31 62.51 61.64 97.26 89.25 86.41 83.67 92.36 88.06 —

Table 7. Comparisons with state-of-the-art methods on SSVEP datasets (Accuracy).

Methods Lee2019_SSVEP Nakanishi2015

CCA [44] 90.97 92.53
EEGITNet [45] 86.84 80.86
EEGNeX [46] 93.81 82.65
EEGNet [39] 64.43 44.14
MDM [47] 75.38 78.77
Barachant et al [48] 89.44 87.22
ConvNet [38] 69.36 57.47
TRCA [49] 97.78 99.20
This study 98.41 99.66

Table 8. Comparisons with state-of-the-art methods on P300 datasets (AUC).

Methods BNCI2014-008 BNCI2014-009 BI2012 BI2013a BI2014b BI2015a BI2015b Sosulski2019 Average

EEGITNet [45] 86.00 92.21 89.65 90.01 86.27 90.71 83.33 88.82 88.37
EEGNeX [46] 83.86 90.58 88.22 88.62 83.87 87.62 81.60 86.18 86.39
EEGNet [39] 85.91 91.37 87.13 85.40 80.14 86.80 86.63 87.14 86.31
ERPCov+MDM
[26]

74.30 81.16 82.90 82.02 71.62 77.52 72.07 68.17 76.22

ERPCov(svdn4)+
MDM [26]

75.42 84.52 79.02 82.07 76.48 77.92 77.09 70.63 77.89

ConvNet [38] 81.07 85.12 77.06 74.50 63.75 59.56 73.20 78.35 74.07
LDA [38] 82.24 64.03 76.74 76.60 73.02 76.02 77.74 67.49 74.23
Barachant et al
[50]

77.62 92.04 88.22 97.09 88.58 92.57 83.48 86.07 88.21

Chevallier et al
[51]

85.61 93.15 90.99 92.71 91.88 93.05 84.56 98.44 91.30

This study 96.74 91.95 92.86 90.32 89.93 91.43 95.12 86.07 91.80

evident in the BI2015a and Lee2019_SSVEP data-
sets, where the learning rate follows a step-wise decay
strategy, improving convergence stability.

Notably, the smooth and progressive reduction
in loss across all datasets confirms the proposed
framework’s robustness in learning task-independent

semantic features, ensuring adaptability to differ-
ent EEG paradigms. These findings emphasize the
model’s ability to extract meaningful representations
from diverse EEG signals, making it applicable across
a wide range of neurophysiological studies and BCI
applications.
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Figure 5. Comparison of original and reconstructed EEG signals for three randomly selected trials from different datasets. (a)
BCICIV_2b (MI): Subject 6, Channel 2. (b) BNCI2014_008 (ERP): Subject 4, Channel 3. (c) Nakanishi2015 (SSVEP): Subject 7,
Channel 6. The strong alignment between original (solid blue) and reconstructed (dashed red) signals, along with low
reconstruction errors, demonstrates the effectiveness of the latent semantic features in capturing and preserving meaningful EEG
information across paradigms.

6.2. Reconstruction performance
The quality of EEG signal reconstruction across
different paradigms highlights the fidelity and
utility of the extracted latent semantic features.
Figure 5 showcases representative examples from
three paradigms. While these datasets serve as exem-
plars, we observed similar reconstruction trends
across all 12 datasets, demonstrating the robustness
of our framework.

Among the paradigms, MI proved to be the most
challenging, followed by ERP, with SSVEP being the
easiest to reconstruct. This trend is evident in the
reconstruction error distributions across datasets, as

MI signals exhibit higher intra-subject variability
and are more complex, making their latent feature
extraction and reconstruction more difficult. While
still containing transient components, ERP signals
were more structured and showed improved recon-
struction fidelity. Finally, SSVEP signals, character-
ized by periodic and highly structured responses to
visual stimuli, exhibited the highest reconstruction
quality.

A lower reconstruction error indicates higher-
quality extracted features, confirming that the
AutoEncoder-based model effectively captures and
preserves the critical information in EEG signals.
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Figure 6. Correlation heatmaps of latent features for each subject of the BCICIV_2a MI Dataset: this figure presents the
correlation matrices of latent features extracted from EEG signals for all subjects. The diagonal represents perfect correlation
(value= 1), while off-diagonal values indicate varying degrees of correlation between different features. The patterns suggest
underlying structure and dependencies in the learned feature representations.

Figure 7. Aggregate ROC curve over all subjects for BCICIV_2a MI dataset: the plot presents the ROC curves for all four classes,
showing the model’s classification performance across subjects. The AUC values indicate high discriminative ability, with all
classes achieving values above 0.92.
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Figure 8. t-SNE visualization of EEG data before and after feature extraction for three representative paradigms: BCICIV_2b
(MI), Sosulski2019(ERP), and Nakanishi2015(SSVEP). The left column shows raw EEG data, while the right column displays
extracted latent features. The clustering in the right column demonstrates that latent features capture subject-specific structures
more effectively than raw EEG data.

Notably, all 12 datasets had reconstruction errors
well below the threshold (1%).

The best reconstruction performance was
observed for the Nakanishi2015 (SSVEP) data-
set, with an overall reconstruction error of 0.0021,
reaffirming the ease of reconstructing EEG signals
with quasi-periodic responses to rhythmic visual
stimulation. In contrast, the BCICIV_2a (MI) dataset
exhibited the highest reconstruction error, at 0.0094,
aligning with the more significant challenge of MI
signals. Despite this, the reconstruction quality for
all datasets remained within an acceptable range,
demonstrating the adaptability of our framework to
different EEG paradigms.

6.3. Supervised classification performance and
comparison with state-of-the-art methods
We assessed the classification performance of our
extracted semantic features across all datasets, com-
paring results against state-of-the-art approaches
(tables 5–8). For MI datasets (BCICIV_2a and
BCICIV_2b), our framework achieved top accuracies
of 83.50% and 84.84%, respectively, outperforming
leading approaches such as Conformer [43], FBCNet
[41], DRDA [42], and demonstrating robustness and
adaptability to subject variability. On SSVEP datasets
(Lee2019-SSVEP and Nakanishi2015), we recorded
accuracies of 98.41% and 99.66%, surpassing TRCA
[49] (previous best) and confirming our model’s
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Figure 9. Filtered correlation heatmaps for selected subjects of BCICIV_2a dataset at different thresholds (0.80, 0.60, 0.40): these
heatmaps illustrate the effect of varying correlation thresholds on feature selection. Higher thresholds (0.80) retain more features
with strong dependencies, while lower thresholds (0.40) result in fewer retained features, capturing only the most distinct
information. Lower-performing subjects (A02, A05) consistently retain fewer features across all thresholds, indicating higher
redundancy, whereas higher-performing subjects (A03, A08) retain more features, suggesting a richer and more informative
feature set.

suitability for steady-state stimulus decoding. For
ERP (P300) datasets, we attained the highest aver-
age AUC (91.80%) across eight datasets, exceed-
ing results from [50, 51], and setting new perform-
ance benchmarks in handling class-imbalanced con-
ditions. Collectively, these results attest to the gener-
ality and resilience of our semantic feature extraction,
capturing meaningful neural patterns that apply to
diverse tasks. They highlight the approach’s scalabil-
ity, versatility, and potential real-world utility, while
establishing a new benchmark for EEG-based classi-
fication and advancing both theoretical and practical
aspects of EEG analysis.

In addition to achieving high accuracy and AUC
values, the ROC analysis provides deeper insights into
the discriminative power of the extracted semantic

features. The aggregate ROCcurve for the BCICIV_2a
MI dataset, presented in figure 7, consolidates the

class-wise performance across all subjects, yield-
ing high AUC values for all four classes (ranging
from 0.9218 to 0.9499). These results emphasize the
model’s robust ability to distinguish between dif-
ferent classes effectively, further reinforcing its gen-
eralization and adaptability in diverse classification
scenarios.

6.4. Semantic feature correlation and performance
analysis
Each participant exhibits a unique correlationmatrix,
reflecting individual neural dynamics as shown
in figure 6. High positive correlations indicate
feature pairs that capture similar neural pro-
cesses, reinforcing the idea of task-independent
representations. The presence of both comple-
mentary and overlapping features suggests that
balancing redundancy reduction with feature
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Figure 10. F-statistic and p-value variations across different correlation thresholds (0.80, 0.60, and 0.40) for selected features from
Subject A03 in BCICIV_2a MI dataset. The left plot shows how the F-statistic changes with different thresholds, where a higher
F-statistic indicates stronger discriminative power. The right plot presents the p-values on a logarithmic scale, illustrating
statistical significance trends. Dashed reference lines at p= 0.05, p= 0.01, and p= 0.001 highlight significance thresholds.
Features with higher F-statistics generally exhibit lower p-values, confirming their relevance for classification.

diversity enhances feature quality. These results
confirm that the proposed framework extracts
a mix of universal and subject-specific semantic
features, leading to robust and meaningful rep-
resentations applicable to various EEG-related
tasks.

Understanding the correlation among extracted
semantic features provides valuable insights into
their structure, diversity, and relevance to classific-
ation performance. Figure 9 presents filtered correl-
ation heatmaps for selected subjects across differ-
ent thresholds (0.80, 0.60, and 0.40), illustrating how
feature selection is influenced by varying correlation
levels.

Furthermore, we investigated whether subject-
level classification performance correlates with the
diversity and quality of extracted semantic features.
As seen in figure 9, lower-performing subjects (e.g.
A02 and A05) consistently retained fewer features
across all thresholds, indicating higher redundancy in
their feature sets. In contrast, high-performing sub-
jects (e.g. A03 and A08) retained a greater number
of features, suggesting a richer and more informative
feature space.

To systematically assess the impact of different
correlation thresholds, we analyzed feature retention
at three levels:

1. At 0.80, a stricter threshold retains highly correl-
ated features, leading to a larger number of pre-
served features. Subjects A03 and A08 retained 71
and 65 features, respectively, while subjects A02
and A05 retained 41 and 25 features.

2. At 0.60, amore relaxed threshold reduces redund-
ancy further, leading to fewer retained fea-
tures while maintaining essential feature diversity.
Subjects A03 and A08 retained 27 and 18 features,

whereas subjects A02 and A05 retained 14 and 9
features, respectively.

3. At 0.40, an even lower threshold removes most
redundant features, retaining only the most dis-
tinct ones. At this level, high-performing subjects
still retained relatively more informative features
(7 and 6 features for A03 and A08), while lower-
performing subjects were left with 3 and 2 fea-
tures, indicating that their feature sets had high
redundancy and limited discriminative power.

To further validate the discriminative power of
the retained features, we conducted an analysis of
variance test on the final 7 features retained at the
lowest threshold (0.40) for Subject A03. Each fea-
ture was examined to determine whether its val-
ues differed significantly among the class labels (the
factors in the analysis). Figure 10 presents the vari-
ations in F-statistic and p-values across thresholds,
illustrating how feature significance evolves with dif-
ferent levels of correlation filtering. The results con-
firm that all 7 selected features remained statistic-
ally significant (p< 0.05) across the thresholds, reaf-
firming their importance in distinguishing between
classes. Notably, features with higher F-statistics con-
sistently exhibited lower p-values, reinforcing their
strong discriminative capability. These findings sug-
gest that while varying correlation thresholds affect
the number of retained features, the core discrimin-
ative power of these final selected features remains
stable, ensuring their robustness for classification.

These findings suggest that selective feature
retention enhances classification accuracy by pre-
serving only the most relevant and non-redundant
semantic features. While the current threshold
selection was exploratory, future research could
focus on developing a systematic, data-driven
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Figure 11.Hierarchical clustering dendrogram of semantic features. A distance threshold (7.5) reveals four clusters corresponding
to the BCICIV_2a MI dataset classes, highlighting the features’ ability to capture class-specific patterns without supervision.

Figure 12. PCA of latent semantic features, grouped by
K-means clustering (k= 4). The clusters demonstrate the
natural grouping of features into distinct categories,
corresponding to shared neural patterns across the
BCICIV_2a dataset classes, underscoring the model’s ability
to capture task-relevant information.

approach to optimize threshold selection for max-
imizing classification performance. By identifying
and leveraging the most informative semantic fea-
tures, the proposed framework enables person-
alized, adaptive EEG-based applications, paving
the way for more interpretable and robust neural
representations.

6.5. Clustering analysis of extracted semantic
features
The clustering properties of the extracted semantic
features provide further insights into their
structure and interpretability. Hierarchical clus-
tering (figure 11) demonstrated the ability of the
extracted features to naturally separate different MI
classes without explicit supervision, reinforcing their
class-discriminative nature in BCICIV_2a dataset.
Similarly, principal component analysis (PCA) and
K-means clustering (figure 12) highlighted the inter-
subject variability while maintaining task-specific
organization, further confirming the robustness of
the extracted feature space. We computed silhouette
scores for the extracted semantic features to validate
the cluster quality further, confirming strong cohe-
sion and separation as shown in figure 13.

Figure 13. Silhouette plot confirms strong cluster cohesion
and separation.

Beyond these clustering approaches, t-SNE visu-
alization (figure 8) provided an intuitive representa-
tion of the separability between raw EEG signals and
extracted semantic features. A key observation from
t-SNE analysis is that while raw EEG data exhibits
substantial overlap and lacks clear structure, the lat-
ent feature space forms well-separated clusters, par-
ticularly in high-performing datasets. This suggests
that the extracted features effectively capture subject-
specific patterns while reducing noise, addressing a
well-known limitation of EEG signals-high variabil-
ity and low signal-to-noise ratio.

Moreover, the improvement in clustering across
different EEG paradigms highlights the generalizab-
ility of our approach. The formation of more com-
pact clusters in the latent feature space indicates that
the feature extraction process successfully maps the
data into a more structured representation, making it
inherently more suitable for downstream tasks such
as classification and subject recognition.

Additionally, while PCA provides a linear pro-
jection, t-SNE is particularly useful for captur-
ing complex, non-linear relationships. The contrast
between PCA and t-SNE results further confirms
that the extracted semantic features preserve essen-
tial neural dynamics while improving separability.
This reinforces the effectiveness of our method in
transforming high-dimensional, noisy EEG data into
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Figure 14. Ablation analysis of reconstruction error distributions for different Transformer configurations on the BI2015b
dataset. The baseline (4 layers, 8 heads) achieves the lowest error variance, whereas reducing attention heads or layers increases
variance, confirming the baseline’s near-optimal performance.

a well-structured latent space, ultimately benefiting
both supervised and unsupervised learning tasks.

The clustering results suggest that our frame-
work does more than just enhance classification
performance-it also provides a well-organized, inter-
pretable feature space that could be leveraged for
other neurophysiological analyses, including anom-
aly detection, cognitive state decoding, and adaptive
BCIs.

6.6. Ablation analysis
To assess the impact of varying the Transformer con-
figuration, we conducted an ablation study on the
BI2015b dataset, an ERP representative comprising
44 subjects with 2160 NT / 480 T trials per class
and 116 160 total trials, of which 10% (11 616 tri-
als) were used for evaluation. Figure 14 illustrates the
reconstruction error distributions for differentmodel
configurations, highlighting the effect of altering the
number of layers and attention heads.

Reducing the number of attention heads from
eight to four led to increased error variance, sug-
gesting that fewer heads limit the model’s capacity
to capture diverse feature dependencies. Similarly,
decreasing the layer count from four to two resul-
ted in broader error distributions, emphasizing the
necessity of deeper architectures for effectively mod-
eling hierarchical representations. The baseline con-
figuration (four layers, eight heads) demonstrated the
lowest variance in reconstruction errors, confirming
its near-optimal balance between model complexity
and performance. These results reinforce that our
chosen architecture effectively captures semantic
EEG features while minimizing reconstruction
errors.

6.7. Limitations and future directions
Although the proposed methodology demonstrates
strong performance, several limitations must be
acknowledged. Model complexity and high com-
putational costs pose challenges for real-time or
resource-constrained applications. The data-hungry
nature of Transformers presents difficulties when
dealing with typically small EEG datasets, raising the
risk of overfitting and limited generalization. While

data augmentation can address data scarcity, excess-
ive augmentation risks diluting meaningful patterns.
Furthermore, training deep models on constrained
EEG datasets can lead to optimization issues, and
the neurophysiological interpretation of the extracted
semantic features remains unclear.

To overcome these constraints and advance the
methodology, future work should focus on optimiz-
ing model configurations to maintain high accuracy
while reducing complexity. EEG-specific data aug-
mentation strategies can improve robustness without
introducing noise or redundancy. Transfer learning
from larger EEG datasets may enhance performance
on smaller, domain-specific datasets. Additionally,
neurophysiological validations are needed to establish
clear links between the extracted features and under-
lying brain processes, improving interpretability and
practical relevance. Efforts to streamline computa-
tional efficiency-through lighter architectures, prun-
ing, or quantization-could make the approach more
accessible. Finally, a theoretical framework is needed
to better understand the semantic features’ role and
utility while systematically balancing model com-
plexity, data size, and computational overhead will
ensure that solutions remain both practical and high-
performing.

7. Conclusion

We presented a universal, task-independent frame-
work for extracting semantic features from EEG sig-
nals, bridging the gap between conventional fea-
ture extraction and task-specific methods. By integ-
rating CNNs, AutoEncoders, and Transformers, our
approach captures both spatial-temporal details and
higher-level semantic representations. Evaluations
across diverse EEG paradigms show that it sur-
passes state-of-the-art methods and yields generaliz-
able features suitable for various research and applied
domains.

Addressing high computational costs and
improving feature interpretability will enhance
scalability and usability. Future efforts will optim-
ize model configurations, employ transfer learn-
ing, develop targeted augmentation strategies, and
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pursue neurophysiological validations to deepen
understanding of the extracted features and their
neural underpinnings.
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11141 V Kŭrková, Y Manolopoulos, B Hammer, L Iliadis and
I Maglogiannis (Springer)

19

https://doi.org/10.1002/hbm.23730
https://doi.org/10.1002/hbm.23730
https://doi.org/10.1088/1741-2552/aace8c
https://doi.org/10.1088/1741-2552/aace8c
https://doi.org/10.1109/TNNLS.2018.2789927
https://doi.org/10.1109/TNNLS.2018.2789927
https://arxiv.org/abs/2104.01233
https://doi.org/10.1109/TNNLS.2020.3010780
https://doi.org/10.1109/TNNLS.2020.3010780
https://doi.org/10.1109/TNSRE.2022.3230250
https://doi.org/10.1109/TNSRE.2022.3230250
https://doi.org/10.1109/TBME.2006.886577
https://doi.org/10.1109/TBME.2006.886577
https://doi.org/10.1109/ACCESS.2022.3161489
https://doi.org/10.1109/ACCESS.2022.3161489
https://doi.org/10.1016/j.bspc.2023.105475
https://doi.org/10.1016/j.bspc.2023.105475
https://doi.org/10.1109/TBME.2011.2172210
https://doi.org/10.1109/TBME.2011.2172210
https://doi.org/10.1109/TBME.2017.2694818
https://doi.org/10.1109/TBME.2017.2694818
https://citeseerx.ist.psu.edu/document?repid=rep1%26type=pdf
https://citeseerx.ist.psu.edu/document?repid=rep1%26type=pdf

	Universal semantic feature extraction from EEG signals: a task-independent framework
	1. Introduction
	2. Related works
	3. Methodology
	3.1. Model architecture
	3.2. Datasets
	3.3. Preprocessing
	3.4. Training procedure
	3.5. Evaluation and analysis

	4. Mathematical formulation
	4.1. CNN AutoEncoder
	4.2. Transformer AutoEncoder
	4.3. Hierarchical decoding for EEG reconstruction
	4.4. Training objective and semantic feature extraction

	5. Results
	6. Discussion
	6.1. Convergence behavior and generalization
	6.2. Reconstruction performance
	6.3. Supervised classification performance and comparison with state-of-the-art methods
	6.4. Semantic feature correlation and performance analysis
	6.5. Clustering analysis of extracted semantic features
	6.6. Ablation analysis
	6.7. Limitations and future directions

	7. Conclusion
	References


