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ABSTRACT

In the Brain-Computer Interface (BCI) field, applying deep learning to interpret neural
data for Electroencephalogram (EEG) based gaze prediction is challenging due to com-
plexity of EEG data. This study focuses on a hybrid deep learning model that combines
Convolutional Neural Networks with Vision Transformers pre-trained on the ImageNet
dataset. It focuses on the EEGeyenet dataset, targeting the absolute gaze prediction
task. We evaluate the effectiveness of pre-processing techniques and depthwise separable
convolution on EEG Vision Transformers (ViTs) within a pre-trained architecture. We
introduce the EEG Deeper Clustered Vision Transformer (EEG-DCViT), an approach
combining depthwise separable CNNs with Vision Transformers, enhanced by data clus-
tering in pre-processing. This method sets a new benchmark by outperforming the state-
of-the-art result (55.4 mm) with a Root Mean Square Error (RMSE) of 51.6 mm. This
result validates the impact of preprocessing techniques and the potential of depthwise
separable CNNs on EEG datasets. Details on experiment implementation are available
at github.com/tmehtiyev2019/EEG-Gaze-Prediction.git repository.

Keywords: BCI, EEG, Gaze Prediction, Machine Learning, Vision Transformer, EEGEyeNet,
Depthwise Separable Convolution.
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1 Introduction

1.1 Background on Brain-Computer Interfaces

Brain-Computer Interfaces (BCIs) are at the forefront of neurotechnology, bridging the
gap between the human brain and computers. They translate neurological signals into
commands, enabling direct communication without any physical movement. An Elec-
troencephalogram (EEG) is one of the primary modalities used in BCIs. It records the
brain’s electrical activity using a network of sensors placed on the scalp and maps the
collective electrical activity of the brain. The data collected from this method are encoded
into waveforms that provide a cortical snapshot of brain activity (see figure 1 and figure
2). The waveforms recorded in an EEG reflect the cortical electrical activity and are
measured in microvolts, indicating the activity of large groups of neurons. This makes
EEG an essential tool in the study of brain function and in the field of brain-computer
interfaces.[2].

1.2 Applications of Machine Learning in EEG Data

The capture of detailed brain functions through EEG data enhances our understanding
of brain dynamics across various states and conditions, and it opens up opportunities to
apply machine learning algorithms to predict cognitive events using EEG data [30, 35, 37].
Various Machine Learning models such as Support Vector Machines (SVMs) and Artificial
Neural Networks (ANNs) are extensively utilized due to their effectiveness in handling the
complex, high-dimensional nature of EEG data [3, 32]. EEG data finds applications in
various predictive settings, including medical diagnostics, cognitive state assessments, and
even in consumer research through neuromarketing. For instance, SVMs have been suc-
cessfully used to classify EEG signals for epilepsy detection, differentiating seizure episodes
from normal brain activity [3, 32]. ANNs have shown promising results in predicting emo-
tional states from EEG, which can be used in enhancing user experience in interactive
computing or in monitoring mental health [41]. Convolutional Neural Networks (CNNs)
are particularly adept at spatial feature extraction, making them suitable for EEG data’s
spatial patterns [25]. Long Short-Term Memory networks (LSTMs) and Gated Recurrent
Units (GRUs), on the other hand, are effective for temporal data analysis because of their
capacity to remember and utilize past information, which is beneficial for the temporal
dynamics inherent in EEG signals [40]. These models find utility across a range of appli-
cations, from diagnosing neurological disorders to brain-computer interfaces and beyond.
For instance, one study presents a CNN-Bi-LSTM model with an attention mechanism
specifically designed for EEG-based emotion recognition. The model effectively extracts
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features from EEG signals and classifies different emotions by using the original EEG
data as input. It employs both CNN and Bi-LSTM networks for feature extraction and
fusion, which shows the method’s ability to classify EEG emotions [18]. Furthermore,
attention mechanisms, which enable the model to focus on the most relevant parts of the
data sequence, have been integrated into deep learning models to enhance their interpre-
tative ability and performance in complex tasks such as sentiment analysis and even EEG
signal analysis [46]. Such advancements in machine learning techniques provide innova-
tive pathways for analyzing the rich, high-dimensional data that EEGs offer, potentially
transforming the landscape of neurological research and practical applications in the field
of Brain Computer Interfaces.

1.3 Challenges in EEG Data

Despite the widespread use of machine learning regression models for EEG data, their
complexity and expensive data collection process often hinder these models from effec-
tively understanding the data’s complex structures [10, 34]. The data itself is highly
dimensional and contains patterns that are often subtle and varied across individuals.
Furthermore, EEG signals are noisy, with potential interference from various sources, in-
cluding electrical devices, muscle movements, and even the subject’s own blink responses.
Collecting high-quality, artifact-free EEG data necessitates advanced equipment and con-
trolled settings, which can be prohibitively expensive and logistically complex. Another
important issue with the dataset is the non-stationary and subject-dependent nature of
EEG signals, meaning that patterns may vary over time even for the same individual,
and differ from one person to another [38, 20]. Machine learning models often require
retraining with updated data to maintain accuracy, and the need for participant-specific
calibrations can make the process tedious and expensive, hindering their practical appli-
cation outside of laboratory settings[38]. This complicates the task of developing models
that are both effective and adaptable across diverse environments and populations.

1.4 Review of Significant Research

The EEGEyeNet dataset, with its extensive collection of EEG and eye tracking (ET) data,
emerges as a significant asset in BCI field, enabling in-depth gaze behavior study and lay-
ing the groundwork for benchmarking gaze prediction approaches using EEG data. With
recordings from 356 individuals, it covers a wide age range and includes over 47 hours
of high-density, 128-channel EEG data synchronized with eye-tracking inputs [21]. In
exploring the potential of EEG data for eye-tracking, benchmarks established by deep
learning models, particularly CNNs, have marked a significant advancement. While tra-
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Figure 1: EEG-Assisted Robotic Control: The visual representation here outlines the
flow from EEG signal capture, through advanced deep learning algorithms, to the direct
control of assistive robots. We see a schematic EEG cap setup, highlighting electrode
placements crucial for accurate data acquisition. The data flow diagram illustrates the
transformation of raw EEG signals into a format suitable for machine learning models,
culminating in the precise manipulation of an assistive robotic device [24].

ditional statistical methods (see Table 5) hovered near a baseline, the best performance
in gaze prediction was achieved by CNN model (RMSE 70.4mm) which still left a room
for advancement in the field using this dataset. Leveraging the EEGEyeNet dataset, the
EEGViT, a hybrid vision transformer (ViT) that utilizes two convolutional layers and
a Vision Transformer model pre-trained on the ImageNet dataset, has demonstrated its
potential in gaze prediction, setting a new benchmark with an RMSE of 55.4 mm [47].

1.5 Contribution of This Study

As a contribution to the field, our study delves into how alterations in EEGViT de-
sign with additional depthwise separable convolution, combined with pre-processing tech-
niques, can amplify the accuracy in predicting absolute eye position. We present a new
approach employing clustering techniques and depthwise separable convolution on EEG
Vision Transformers (ViTs) within an established framework. This method achieves a new
standard by surpassing the best-known result with a Root Mean Square Error (RMSE)
of 51.6 mm, compared to the previous 55.4 mm, on the EEGEyeNet Dataset for absolute
gaze prediction tasks.
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1.6 Research Questions

To further elucidate our direction within this evolving landscape, we formulate two pivotal
research questions (RQs):

RQ 1: In what ways does incorporating depthwise separable convolution into EEG-
based gaze prediction models influence their predictive accuracy?

RQ 2: What impact do advancements in pre-processing techniques have on the accu-
racy of EEG-based gaze prediction models?

2 Related Work

2.1 Introduction to Gaze Prediction Technologies

Gaze prediction has evolved over time with its applications spreading across human be-
havior analysis, advertising, and human-computer interactions. Recent advancements
highlight an understanding of the human visual system and eye modeling essential for
improving gaze estimation technologies. For instance, the modeling of gaze direction rel-
ative to the optical axis of the eye and the complexities of eye movements like saccades
and smooth pursuits are crucial for interpreting gaze accurately [13].

Gaze estimation technologies also play role in developing intuitive human-computer
interaction systems, particularly in virtual and augmented reality. By understanding the
user’s gaze behavior, systems can dynamically adapt interfaces or content to improve
user engagement and interaction quality. This technology is instrumental in applications
where real-time gaze tracking is essential, such as in driving simulators or during complex
task executions where gaze direction can enhance performance and safety [13].

In human-robot interaction, gaze prediction plays a crucial role in understanding hu-
man intentions and enhancing interaction quality. Studies have shown that gaze-based
controls and the ability to predict human intent can greatly improve a robot’s respon-
siveness and effectiveness in collaborative tasks. For instance, gaze prediction can inform
a robot about a human’s next action or focus, allowing for smoother and more efficient
cooperation [4].

Despite significant progress, gaze estimation still faces challenges, particularly in un-
controlled environments where variations in lighting, head poses, and individual differ-
ences can affect accuracy. Recent studies have introduced methods that address these
challenges, using deep learning to adapt gaze estimation models to handle diverse condi-
tions and user behaviors. These innovations continue to push the boundaries of what’s
possible with gaze estimation, paving the way for even more personalized and responsive
technology [9].
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Figure 2: Electroencephalography (EEG) Waveform Display: This figure presents
a schematic representation of EEG data acquisition, showing an individual wearing an
EEG cap with electrode placement. Adjacent to this, a graphical display of EEG wave-
forms demonstrates the measured potential from each electrode, segmented into traces
associated with the left and right hemispheres of the brain [24].

2.2 Advances in Gaze Prediction Using Deep Learning

Recent advancements have leveraged deep learning to enhance gaze estimation techniques,
moving beyond traditional models to more sophisticated neural network architectures.
These include convolutional neural networks (CNNs) and metric learning approaches,
which have improved the accuracy of gaze prediction in both constrained and uncon-
strained environments. Specifically, models like EM-Gaze utilize eye context correlations
and leverage metric learning to enhance gaze estimation accuracy, providing detailed in-
sights into the correlations between eye features and facial cues [51]. This method aligns
with trends in using appearance-based methods that directly learn from visual data to
predict gaze direction, without needing dedicated devices to capture geometric features
of the eye [9].

In addition to leveraging traditional CNN architectures, the field is seeing innovations
with architectures designed to be more computationally efficient, making them suitable
for mobile and embedded systems. For example, LiteGaze uses neural architecture search
to find efficient network designs for gaze estimation, aiming to reduce computational
demands while maintaining high performance[15].

Furthermore, recent methodologies have explored the enhancement of gaze estimation
through the integration of deep feature extraction and neural network architecture opti-
mizations. These approaches have tackled inherent challenges such as head motion and
varying subject appearances that typically impact the performance of gaze estimation
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Figure 3: Hybrid BCI System for Gaze-Based Typing Error Detection: This
figure illustrates the integration of gaze-based typing and EEG monitoring to identify
and correct typing errors. It depicts an individual using a gaze-based keyboard displayed
on a monitor, wearing an EEG cap for neural activity measurement [19].

systems in real-world settings [9].

2.3 Integration of EEG and Eye-Tracking Datasets

Transitioning to the utilization of EEG datasets for gaze prediction advancements are
being driven by the comprehensive analysis of available datasets (see figure 3). For in-
stance, by integrating EEG and eye-tracking technologies, the HCI-Tagging and EYE-
EEG datasets has made several contributions in the field of gaze prediction and cognitive
research. The HCI-Tagging dataset, specifically designed for studying human-computer
interaction, captures how participants respond to visual tags associated with images or
videos. This dataset helps researchers understand the cognitive processes involved in in-
terpreting and reacting to visual stimuli, which are crucial for designing more intuitive
user interfaces and advertising content [1].

Additionally, the EYE-EEG Integration approach allows for the detailed study of nat-
ural viewing behaviors, such as saccades and fixations, alongside brain activity. This
toolbox facilitates precise synchronization and analysis of eye movements and EEG, pro-
viding tools for improving ocular artifact correction and analyzing eye-movement-related
potentials, thereby enhancing the understanding of cognitive and perceptual dynamics
during visual exploration [12]. Meanwhile, UnEye, a deep neural network tool for eye
movement detection, offers capabilities for analyzing eye movements using machine learn-
ing. This tool supports the analysis of horizontal and vertical eye positions and can be
integrated with EEG data, offering researchers a state-of-the-art technology to explore
gaze and brain activity comprehensively [5].

Moreover, the EEGEyeNet has several contributions in advancing machine learning
models that predict gaze direction based on EEG signals. By training deep learning
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algorithms on the rich, multimodal data provided by EEGEyeNet, researchers have sig-
nificantly improved the accuracy of gaze prediction models. This dataset includes syn-
chronized EEG and eye-tracking data from 356 participants across various experimental
paradigms. The diversity and volume of data available have enabled researchers to de-
velop robust models that not only predict the direction of gaze accurately but also analyze
the visual attention mechanisms in the brain [21].

2.4 Machine Learning Models Applied to the EEGEyeNet Dataset

In the landmark research conducted on the EEGEyeNet dataset, the models deployed
covered a broad spectrum of machine learning disciplines. The traditional machine learn-
ing models included KNN, SVM with different kernels, Regression. Ensemble learning
models brought into play were Random Forest, Gradient Boost, AdaBoost, and XG-
Boost. Regarding deep learning models, CNN, PyramidCNN, EEGNet, InceptionTime,
and Xception were investigated. These models were applied to the tasks of Left-Right
discrimination, Angle/Amplitude estimation, and Absolute Position prediction, offering
a comparative landscape for performance evaluation. The performance of the machine
learning models varied across the tasks. As we can see from the Table 1, for the Left-
Right task, where models discerned whether a person was looking right or left, nearly all
classification models, including both traditional and ensemble learning models, performed
well, with most achieving over 90% accuracy. Remarkably, deep learning models such as
CNN, PyramidCNN, EEGNet, InceptionTime, and Xception surpassed this, demonstrat-
ing around or over 98% accuracy [21].

However, when it came to regression tasks like Angle/Amplitude and Absolute Position
prediction, traditional and ensemble models did not outperform the Naive Baseline by a
notable margin. In the realm of absolute gaze prediction, CNNs showcased a performance
nearly twice as accurate as the Naive Baseline, with a RMSE of 70.2. This leap in accuracy
highlights the potential of deep learning models in tasks requiring fine-grained prediction
of eye movements [21].

2.5 Vision Transformer (ViT) Models for Gaze Prediction on
the EEGEyeNet Dataset

The performance of CNNs in absolute gaze prediction, while an improvement over tra-
ditional methods, has led researchers to reconsider their effectiveness in handling the
complex patterns seen in EEG data associated with gaze tracking. Limitations in captur-
ing the full spectrum of spatiotemporal EEG dynamics have been highlighted in studies,
suggesting that CNNs alone might not be sufficient for this intricate task [6, 48, 29, 31].
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Model Left-Right Accuracy Angle RMSE Amp. RMSE Abs. Position RMSE

KNN 90.7 1.26 59.3 119.7
GaussianNB 87.7 – – –
LinearSVC 92.0 – – –
RBF SVC/SVR 89.4 1.88 75.9 123
Linear Regression – 1.39 64.6 118.3
Ridge Regression – 1.39 64.2 118.2
Lasso Regression – 1.38 63.9 118
Elastic Net – 1.38 63.6 118.1
Random Forest 96.5 1.09 59.8 116.7
Gradient Boost 97.3 1.11 60 117
AdaBoost 96.3 1.43 65 119.4
XGBoost 97.9 1.11 61.3 118
CNN 98.3 0.33 32 70.2
PyramidalCNN 98.5 0.34 30.7 73.6
EEGNet 98.6 0.70 46 81.7
InceptionTime 97.9 0.44 43.6 70.8
Xception 98.8 0.47 32.2 78.7

Naive Baseline 52.3 1.90 74.7 123.3

Table 1: Comparison of machine learning model performances on EEGEyeNet
Dataset The table compares various machine learning models on eye-tracking data, fo-
cusing on left-right classification accuracy and error metrics like Angle RMSE, Amplitude
RMSE, and Absolute Position RMSE. This comparative analysis helps to understand
each model’s precision in predicting eye movement and its reliability in different aspects
of gaze estimation [21].

Consequently, there’s a growing interest in models that can better handle these complex-
ities. The integration of Transformer architectures, particularly the Vision Transformer
(ViT), into EEG data analysis for gaze prediction has its roots in their initial success
in handling complex patterns in image data. The Vision Transformer (ViT) model is
a pioneering work that applies the mechanisms of transformers, which have been very
successful in natural language processing (NLP), to the domain of computer vision. The
original paper "An Image is Worth 16x16 Words: Transformers for Image Recognition
at Scale" by Alexey Dosovitskiy et al. marked a paradigm shift by demonstrating that
the same architecture used for sequence-to-sequence predictions in NLP could effectively
process images, divided into patches, as sequences. This work sparked significant interest
and subsequent research into the application of transformer models to a variety of vision
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tasks [11]. The core capability of these architectures to process sequential information
and recognize patterns over time is similarly applicable to EEG signals, which are funda-
mentally temporal sequences with rich spatial information. The self-attention mechanism
of Transformers effectively captures temporal dependencies within EEG signals, making
it exceptionally suitable for tasks like gaze prediction [47].

Figure 4: Vision Transformer (ViT) Architecture: This illustration details the ar-
chitecture of a Vision Transformer, a model for image recognition tasks. At the base,
flattened image patches are combined with position embeddings and then linearly pro-
jected. These projections are processed by a series of Transformer encoders, which ap-
ply self-attention mechanisms to capture the relationships between different parts of the
image. On the right, the detailed structure of a single Transformer Encoder block is
depicted, featuring layers of multi-head self-attention and multilayer perceptron (MLP),
with normalization steps in between. The overall architecture demonstrates a shift from
conventional convolutional networks to attention-based models in computer vision [11, 39].

In a recent study [47] utilizing the EEGEyeNet dataset for gaze prediction, researchers
explored the effectiveness of transformer models, specifically Vision Transformers (ViT).
They implemented both a standard ViT-Base model and a pre-trained version of the ViT-
Base model, which was initially trained on the ImageNet dataset. The study revealed
that the pre-trained model achieved a lower root mean square error (RMSE) of 58.1
mm, compared to the non-pretrained model’s 61.5 mm RMSE. This outcome highlights
the benefits of transfer learning, where pre-training on image datasets can significantly
enhance the model’s performance in analyzing EEG data, a testament to the adaptability
of transformers across different domains of data analysis. This approach leverages the
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intricate patterns learned from image data to improve the precision in predicting gaze
directions from EEG signals.

2.6 EEG-ViT Models for Enhanced Gaze Prediction

In the same study [47] that highlighted the benefits of transfer learning for analyzing EEG
data with transformers, researchers further innovated by incorporating two convolutional
neural network (CNN) layers into the Vision Transformer (ViT) Base model, resulting in
a custom model named EEGViT. They tested the EEGViT model in both its standalone
form and when pre-trained with the ImageNet dataset. While the standalone EEGViT
did not show improvements over the standalone ViT-Base, the pre-trained EEGViT model
performed significantly better, achieving a 55.4 mm RMSE, compared to the pre-trained
ViT-Base model. This result underscores the effectiveness of integrating CNN layers for
feature extraction prior to transformer processing when combined with transfer learning
from image datasets. This hybrid approach set a new benchmark for gaze prediction
accuracy on the EEGEyeNet dataset, demonstrating the best performance to date with
an RMSE of 55.4 mm.

Furthermore, exploring the synergy between CNNs and transformers has opened new
avenues for EEG data processing. This combined approach leverages CNNs for local
feature extraction and transformers for global dependency modeling, as demonstrated in
Transformer-guided CNNs for seizure prediction. Such innovations underline the potential
of integrating CNN and transformer architectures to achieve higher accuracy and better
generalization in EEG-based applications, including gaze prediction [14, 8].

2.7 Optimizing Integration of CNNs and Vision Transformers
in EEG Analysis

This evolving landscape underscores the promise of combining CNNs and Vision trans-
formers in EEG data analysis, guiding our research towards optimizing such integra-
tions. By harnessing the strengths of both architectures, we aim to set new standards
in EEG-based gaze prediction and neural data interpretation, contributing to the field’s
advancement.

3 Methods

Our research extends the work presented in [47], focusing on the utilization of pre-
processing and depthwise-separable convolution techniques in EEG-based gaze prediction
methodologies.
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Figure 5: Large Grid Experimental Setup: This image illustrates the schematic view
of the experimental setup and the stimuli placement on the screen. It gives a visual
representation of how participants interacted with the stimuli during the eye-tracking
events [21].

3.1 Data Clustering

Pre-processing techniques have become crucial in enhancing the performance of pre-
trained vision transformer models, as noted in studies by Chen et al. (2021) [7] and
Li et al. (2021) [28]. In our analysis of the EEGEyeNet dataset, we noted the presence of
significant noise. During the original data collection, the EEGEyeNet procedures required
participants to focus on specific target positions. Kastrati et al. (2021) [21] reported that,
with the computer monitor used in the experiment, 1 pixel equates to 0.5 mm. However,
we identified x and y label positions in the dataset that are as much as 100 pixels (or 50
mm) away from any known target position (Figure 6). This significant discrepancy led us
to hypothesize that participants were indeed looking at the target positions, suggesting a
potential issue with the eye-tracking system. This inaccuracy leads to inherent biases in
the label positions which cannot be learned during model training. These errors could be
the result of the system’s malfunction or improper calibration.

Another potential source of error might stem from the disparity in the granularity of
the data collected. The EEG data were captured at a frequency of 500 Hz, equivalent to
500 times per second. In contrast, the eye-tracking data were recorded at a much lower
frequency, once per second [21]. Therefore, if a participant’s gaze was in transit towards a
target point when captured, the recorded eye position might not accurately represent the
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Figure 6: Positional Discrepancy in Clustering: Clustering illustrates the discrep-
ancy between labeled positions and actual target positions.

entire second during which the brainwave data were collected. Unfortunately, with the
available data, it is impossible to determine the exact position of the participant’s eyes
throughout each sample.

To address the discrepancy in eye-tracking location, we employed K-means clustering
to reconcile the differences between the labeled position and the actual target position.
By updating the true label position with the centroids, as illustrated in Figure 7, we
aligned it with the cluster center position, thereby enhancing the accuracy of our dataset.

3.2 Incorporation of Depthwise-Separable Convolutions

Early studies [23] highlighted that initial layers of CNNs are adept at detecting edges
or specific colors in natural images. In recent years, research aiming to gain a deeper
understanding of how Convolutional Neural Networks (CNNs) operate has largely shifted
towards analyzing the features learned by convolutional layers rather than the weights
themselves [50] [49]. While examining the learned features of convolutional layers is a log-
ical approach, the interpretation of the filter weights in the deeper layers of CNNs remains
a challenge. Meanwhile, Depthwise-Separable Convolutional Neural Networks (DS-CNNs)
have been rising in prominence within the field of computer vision and demonstrated state-
of-the-art accuracy while requiring significantly fewer parameters and computational oper-
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ations than traditional CNNs, owing to the reduced computational demands of DS-CNNs
[16].

The application of depthwise separable convolution in EEG data analysis shows its
potential in enhancing model performance through efficient feature extraction from mul-
tichannel EEG signals. The high accuracy rates achieved in emotion recognition tasks
using publicly available EEG datasets, as cited in the works by Li et al. [26] and further
supported by studies [17], [42], underscore its effectiveness in reducing computational load
while maintaining or improving performance score.

Building on these findings, we extend the application of depthwise separable convo-
lution to the EEGEyeNet dataset. EEGEyeNet, being a comprehensive dataset for gaze
estimation and other EEG-based analyses, could benefit significantly from the effective
feature extraction capabilities of depthwise separable convolution. This approach may
enhance the accuracy, especially in tasks requiring the analysis of spatial EEG signal char-
acteristics. The potential for improved performance in EEG-based predictive modeling
with reduced computational demands makes depthwise separable convolution a promising
technique for exploration in this dataset.

We apply depthwise separable convolution by expanding the the previous work [47]
where the authors developed a hybrid vision transformer architecture named EEGViT,
specifically tailored for EEG analysis. This model integrates a traditional two-step con-
volution operation during the patch embedding process. The first step involves a convo-
lutional layer employing a 1×T kernel to capture temporal events across channels, acting
as band-pass filters for EEG signals. Following this, the second step involves a depthwise
convolutional layer with a C×1 kernel, designed to filter inputs across multiple channels
at the same point in time. The model segments input images into C×T patches, which
undergo a row-by-row linear projection, transforming each column vector into a scalar
feature.

Building on previous study, we introduce an additional depthwise separable convolu-
tion layer in our approach. This layer incorporates both depthwise and pointwise convo-
lutions. Following this enhancement, as shown in figure 8, our systematic approach for
EEG data classification begins with a 2D convolution layer employing 256 filters of size (1,
36), featuring a stride of (1, 36) and padding of (0, 2). This layer is tasked with extracting
temporal features from EEG signals. Subsequently, the depthwise separable convolution
layer, comprising 256 filters for the depthwise part and 512 filters for the pointwise part,
processes spatial information across channels. The architecture further integrates a ViT,
modified with a custom depthwise convolution layer using 512 filters of size (8, 1). The
process concludes with a classifier that includes a linear layer, a dropout layer, and a final
linear layer, responsible for outputting logits that indicate class probabilities in a binary
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Figure 7: Centroid Correction for Training Data: The figure illustrates the use of
centroids to refine and correct the labels of training data.

classification task. The incremental addition of the depthwise separable convolution lay-
ers in on the previous approach has proven to be effective in generating enhanced spatial
features. These improved features effectively contribute to the model’s ability to refine
its performance and improve its accuracy.

3.3 Model Training and Evaluation

We employ a type of early-stopping during training to improve model performance. The
SOTA EEG-ViT model was trained on a static number of 15 epochs [47]. However,
the authors did not take advantage of the validation set to detect when the model was
overfitting to the training data. During training, our algorithm run for 15 epochs and
then output the trained model based on the epoch that has the best validation score.
This will protect against overfitting and encourage higher overall accuracy.

To maintain consistency and ensure comparability with prior work, all methods,
whether applied individually or in combination, will be gauged using the root mean
squared error (RMSE). The initial error measurement given in pixels is converted to
millimeters using a scale of 2 pixels per millimeter, which aids in clearer understanding.
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Figure 8: EEG Vision Transformer with Depthwise Separable Convolution: A
specialized ViT structure tailored for raw EEG signal input. This architecture utilizes a
quad-step convolution process to produce patch embeddings. The dotted outline high-
lights the depthwise separable convolution. After this initial step, positional embeddings
are integrated and the combined sequence is subsequently passed through the ViT layers
[11, 47].
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The RMSE (in mm) equation quantifies the average magnitude of error between pairs
of observed and predicted values across a dataset, specifically for gaze position predictions
in the XY plane. It is calculated using the Euclidean distance formula, considering the
true (xtrue

i , ytrue
i ) and predicted (xpred

i , ypred
i ) coordinates. The inclusion of a conversion

factor of 0.5 adjusts the unit from pixels to millimeters since the original values were in
pixels. Smaller values of the Root Mean Square Error (RMSE) are indicative of improved
accuracy, as they reflect predictions that are closer to the true measurements.

3.4 Methods Employed

As outlined in Table 2, our study employs several methods to address the problem at
hand. Each method has been tailored to optimize performance based on the specific
characteristics of the dataset and the goals of the analysis.
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3.4.1 Method 1: EEGViT Trained with DS-CNNs

This approach leverages a pre-trained EEGViT model, further refined using depthwise-
separable convolutional neural networks as an additional layer. Known for their superior
spatial feature extraction capabilities, DS-CNNs enable the model to effectively identify
and process complex patterns in EEG channels. This method addresses Research Question
1 by demonstrating the impact of depthwise separable convolutions techniques on the
accuracy score in EEG data.

3.4.2 Method 2: EEGViT Trained with Clustered Data

By clustering the data prior to training, we can ensure that the model is exposed to the
most representative and diverse examples. This pre-processing step helps in improving the
generalization capability of the EEGViT model by focusing on the underlying distribution
of the dataset. This method addresses Research Question 2 by exploring the impact of
data processing step on the model performance in EEG data.

3.4.3 Method 3 (EEG-DCViT): EEGViT Trained with Clustered and DS-
CNNs

This method, EEG Deeper Clustered Vision Transformer (EEG-DCViT), integrates the
techniques of data clustering with depthwise separable convolutional neural networks (DS-
CNNs) to harness the advantages of both approaches. By clustering the EEG data, the
model can focus on learning from more homogeneous subsets, which improves its efficiency
in recognizing underlying patterns. When combined with the DS-CNNs, known for their
enhanced feature extraction with fewer parameters and computational efficiency, this
strategy significantly boosts the model’s capacity to identify intricate and subtle patterns
within the EEG channels. This dual approach integrates the findings from both research
questions to enhance the training phase, laying a robust foundation for the model. This
integration aims to boost the accuracy and improve the generalization capabilities of EEG
data analysis.

Method Description
Method 1 EEGViT Trained with DS-CNNs
Method 2 EEGViT Trained with Clustered Data
Method 3 (EEG-DCViT) EEGViT Trained with Clustered and DS-CNNs

Table 2: Methodology Overview: Descriptions of the methods used in the study.
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3.5 Dataset

The EEGEyeNet dataset comprises data from 27 participants with a total of 21,464 sam-
ples [21]. The primary focus is to ascertain the exact gaze position in terms of XY-
coordinates on the screen. Each sample corresponds to a one-second duration where a
participant engages in a single fixation on the Large Grid paradigm (Figure 5). The
performance is assessed by measuring the Euclidean distance in millimeters between the
actual and predicted gaze positions in the XY-plane. In the Large Grid Paradigm as
described in figure 5, participants fixated on a series of dots sequentially presented at 25
different screen positions, with the central dot appearing thrice, resulting in 27 trials per
block. The dot positions covered all screen corners and the center, with each dot displayed
for 1.5 to 1.8 seconds. To record a larger number of trials and reduce predictability, differ-
ent pseudo-randomized orderings of dot presentations were used across five experimental
blocks, repeated six times during the measurement, resulting in 810 stimuli for each par-
ticipant. The recording setup involved high-density EEG data collected at a sampling
rate of 500 Hz using a 128-channel EEG Geodesic Hydrocel system. Participants were
seated 68 cm from a 24-inch (609.6 mm) monitor with a resolution of 800 × 600 pixels,
with their head position stabilized using a chin rest [21].

3.5.1 Data Analysis and Visualization

In figure 9, detailed analysis of eye tracking metrics in the Large Grid Paradigm reveals
specific patterns of visual engagement and ocular activity.

In figure 9 graph (a), the fixation duration distribution exhibits a substantial portion
of fixations falls within the 0 to 500 ms range. However, these instances are excluded
from the dataset analysis, adhering to the criterion that each data sample must consist
of at least a one-second fixation duration. This ensures that within the provided one-
second timeframe, the participant is engaged in a singular fixation event. In addition, the
data reveals a significant cluster of fixations around 1500 and 1800 milliseconds, which
correlates with the experimental parameters that stipulate each dot’s presentation time
within the grid, ranging from 1.5 to 1.8 seconds. Consequently, the fixation durations
closely mirror the exposure time of each visual stimulus, with the number of fixations
tapering sharply beyond the 1.8-second mark. This is consistent with the experimental
design, where participants are prompted to redirect their gaze upon the disappearance
of one dot and the appearance of another, leading to a negligible number of fixations
exceeding the maximum stimulus exposure time.

The distribution of fixation positions in graph (b) of Figure 9 reveals a pattern of
concentrated clusters that likely correspond to the 25 distinct dots depicted in Figure 6
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Figure 9: Eye Movement Event Characteristics: The figure illustrates the distribu-
tion patterns for eye movement events in the Large Grid Paradigm. It includes a histogram
for fixation duration (a), saccade amplitude (b), a scatter plot for fixation positions (b), a
histogram for fixation duration (c) and a polar histogram for saccade angles (d), providing
a comprehensive visual representation of the eye tracking data characteristics [21].

on a display grid measuring 800 by 600 pixels. These dense accumulations suggest areas
within the grid that repeatedly captured participants’ visual attention or represented sig-
nificant visual cues. Observation of the graph uncovers not only the concentrated clusters
around the predefined dot locations but also instances of fixations scattered further away
from these central points. These outlying fixations imply that participants occasionally
directed their gaze to areas outside the immediate vicinity of the displayed locations, with
a variable range of fixation durations. To address the dispersion of fixation positions in
our analysis, we have implemented a methodological adjustment by aligning fixations that
deviate from the central points back to their nearest centroid. This corrective step ensures
that our analysis predominantly reflects the participant’s engagement with the intended
stimuli. A comprehensive explanation of this methodological approach, including the ra-
tionale and implications for our findings, is elaborated upon in the methods section of our
report.

In graph (c) of Figure 9, there’s a clear predominance of shorter saccade amplitude
over longer ones, suggesting that participants made restrained eye movements. The spe-
cific placements of the consecutive dots likely influenced the saccadic amplitudes, as the
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eye movements required to shift gaze from one dot to the next were relatively small.
Expanding upon this observation, we notice a substantial volume of saccadic amplitudes
concentrated within the 1-3 degree range. There are also discernible peaks at 4, 7-8,
11-12, 15, and 20 degrees. As we move from less to larger amplitude across the graph,
the number of cases progressively decreases. This distribution indicates that during the
experimental tasks, the consecutively shown dots were often located within a visual angle
of 30 degrees of each other.

The polar histogram in figure 9 graph (d) shows more frequent horizontal saccades at
0° and 180°, relative to vertical saccades, which can be attributed to the horizontal layout
of the grid or high occurences of the horizontal switches during during pseudo-randomized
switches between 25 different positions in the screen. These observations together paint
a picture of how subjects navigate and process visual information in a structured task
environment.

Figure 10: EEGEyeNet Sample Data Visualization: This figure displays a sample
of the EEGEyeNet dataset. Panel A shows the gaze data trajectory on the XY-plane,
representing the eye movement across time. Panel B exhibits a segment of the EEG data
with preprocessed waveforms from selected electrodes. These visualizations are from a
one-second interval, outlining the structure and patterns within the dataset, with Panel
A focusing on eye tracking and Panel B on EEG channel activity [21].

Figure 10 demonstrates the dual aspects of the EEGEyeNet dataset, integrating eye
movement metrics with brainwave signals. Panel A, on the left, plots the gaze trajectory
over time, where the horizontal axis represents time in milliseconds and the vertical axis
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Figure 11: Dataset Exploration: This visualization show the relationship between
independent variables (EEG data) and dependent variables (eye movement), with each
panel designed to provide distinct yet complementary perspectives on the data. The entire
training dataset comprises 21,464 records, exemplifying the synchronization and analysis
of EEG and eye-tracking data within the EEGEyeNet framework.

depicts eye position in pixels. The separate lines trace the horizontal (x-axis) and vertical
(y-axis) positions of the gaze, signifying the dataset’s target variable, which reflects the
outcome of eye movements. These are the variables that the EEG data may help in
predicting. In the context of the "Large Grid" paradigm, the one-second samples are
designed to capture a single fixation without any saccadic movements. The shape of
the target data, in this case, would be 21464x2, representing the horizontal and vertical
positions for each of the 21464 cases. Observing Panel A closely, we notice a saccade
occurring within a one-second window, which, according to the dataset’s protocol for the
"Absolute Position" task, would be considered an artifact. Any such cases where a saccade
is present after 500 ms would be treated as outliers and not representative of the intended
fixation data, thereby being removed or otherwise accounted for in the preprocessing stage
to ensure data integrity for the task.

Panel B in figure 10, on the right, captures the independent variables: the electri-
cal brain activity from multiple scalp electrodes. The data is arranged in a matrix of
500 time points by 128 channels, encapsulating one second of EEG data at a temporal
resolution of 2 milliseconds. This equates to 500 distinct time points within the span
of 1000 milliseconds, or one second, for each of the 128 channels, illustrating the EEG’s
high temporal granularity. The dataset records such high-resolution data for each case,
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resulting in a comprehensive EEG matrix with the dimensions of 21464x500x128. Such
detailed temporal data, when coupled with spatial precision, provides a comprehensive
view of the interplay between ocular and cerebral dynamics.

Similarly figure 11 illustrates a sample from the EEGEyeNet dataset. Panel A de-
picts all EEG channels over time from the first record in the training dataset, showcasing
the extensive brain activity captured. Panel B zooms in on a subset of EEG channels,
presenting preprocessed waveforms from selected electrodes to emphasize specific signal
patterns and facilitate detailed analysis. Panel C displays the corresponding eye gaze po-
sition on an 800x600 board, illustrating the eye movement data as the dependent variable
in relation to EEG activity.

Data for each experimental condition is processed using specialized modules that seg-
ment data into one-second slices at 2ms intervals, yielding a dataset matrix of 500x128;
thus, each of the 128 EEG channels provides 500 temporal data points. This struc-
tured approach affords a detailed analysis of eye-brain interactions, capturing the high-
resolution temporal dynamics and spatial precision of the neural and ocular data within
the EEGEyeNet dataset.

Preprocessing Methods # Fixations # Saccades # Blinks Total time
min 68075 68245 11108 7 h 52 min
max 69013 69185 11237 7 h 58 min

Table 3: Pre-Processing Data Summary: This table presents the minimum and
maximum values of fixations, saccades, blinks, and total observation time across different
eye-tracking data preprocessing methods. [21].

3.5.2 Preprocessing Techniques

The EEGEyeNet dataset had already undergone preprocessing in a prior study [21]. EEG
data preprocessing is frequently subject to interference from external factors such as tem-
perature and air humidity, as well as electromagnetic disturbances like line noise. These
artifacts often interact with participant-specific physiological signals, such as eye move-
ments, blinks, muscle activity, heart rhythms, and sweating, which differ from one par-
ticipant to another. Typically, these artifacts are more prominent than the brain activity
signals of interest, necessitating preprocessing to clean or correct these distortions. In
the pre-processing of the dataset the publicly available toolkit [33]. to further preprocess
the EEGEyeNet dataset in two different ways: minimal and maximal preprocessing. The
minimal preprocessing included identifying and repairing faulty electrodes and applying
high-pass and low-pass filters with cutoff frequencies of 40 Hz and 0.5 Hz, respectively.
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The maximal preprocessing approach removed a broader range of artifacts, such as muscle,
heart, eye movements, line noise, and channel noise using independent component analysis
(ICA) coupled with IClabel, a classifier that evaluates the probability of a component be-
ing an artifact. Components with a probability higher than 0.8 of being an artifact were
excluded. Minimally processed data retains ocular artifacts to assist in assessing gaze
positions, whereas maximal preprocessing, typically employed in neuroscientific studies,
focuses on retaining only neurophysiological information.

After these preprocessing steps, both EEG and eye-tracking data were synchronized
using the "EYE EEG" method. This synchronization allowed for the analysis of EEG data
at specific time points corresponding to significant events in the experimental paradigm.
The synchronization quality was confirmed by comparing trigger latencies recorded in the
EEG and eye-tracker data, with synchronization errors kept below 2 ms. Table 3 displays
the frequencies of the three extracted events: fixations, saccades, and blinks, following
both minimal (min) and maximal (max) preprocessing stages. In our study, we utilized
both minimally and maximally preprocessed EEG data and achieved higher performance
on the minimally preprocessed version. This result aligns with the previous study, which
reported superior performance of minimally preprocessed data compared to maximally
preprocessed data [21].

3.5.3 Experimental Setup and Data Split

To ensure the experiments align with established benchmarks, we’ve adopted the same
participant data split used in the EEGEyeNet dataset. This involves allocating 70% of
the participant data to the training set, with the remaining 30% equally divided between
validation and testing. This division guarantees each participant’s data is exclusive to
a single set, eliminating overlap across different phases of model evaluation. A detailed
account of the data distribution for the dataset is provided in Table 4.

# Participants # Samples
Total Train Validation Test Total Train Validation Test

27 19 4 4 21464 14706 3277 3481

Table 4: Benchmark Data Analysis: The table enumerates participants and samples
distributed across training, validation, and test phases for the benchmark dataset. [21].
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4 Results and Analysis

As shown in Table 5, the previous highest achievement on the EEGEyeNet dataset’s
absolute position task was an RMSE (Root Mean Square Error) of 55.4 ± 0.2 mm, as
reported by [47]. The results from all three methods, as described in Table 5, demonstrated
improved performance in terms of RMSE. In Method 1, where we implemented depthwise
separable convolution, we achieved 53.5 mm. In Method 2, which applied ’EEGViT
Trained with Clustered Data,’ we achieved an RMSE of 53.4 mm. This result indicates
the positive impact of data clustering on model accuracy. Finally, in Method 3, where we
combined both methods by training the model with depthwise separable convolution on
the clustered data, we achieved an even better RMSE of 51.6 ± 0.2 mm, reinforcing the
effectiveness of these combined strategies.

Model Absolute Position RMSE (mm)
Naive Guessing 123.3 ± 0.0
CNN 70.4 ± 1.1
PyramidalCNN 73.9 ± 1.9
EEGNet 81.3 ± 1.0
InceptionTime 70.7 ± 0.8
Xception 78.7 ± 1.6
ViT - Base 61.5 ± 0.6
ViT - Base Pre-trained 58.1 ± 0.6
EEGViT 61.7 ± 0.6
EEGViT Pre - trained 55.4 ± 0.2

Method 1 53.6 ± 0.6
Method 2 53.4 ± 0.8
Method 3 (EEG-DCViT) 51.6 ± 0.2

Table 5: RMSE Comparisons for Absolute Position Task: Root Mean Squared
Error (RMSE) was converted to millimeters at a ratio of 2 pixels/mm. Lower RMSE
values signify better accuracy, aligning closer to true values. Displayed values represent
the average and standard deviation from 5 trials. [47].

The graph in Figure 12 illustrates the learning trajectory of a model as it is being
trained to minimize loss over a series of epochs, where each epoch represents a complete
pass through the training dataset. The X-axis denotes the number of epochs the model
has undergone, while the Y-axis measures the mean squared error in terms of pixels, with
the established conversion ratio being that 1 mm equates to 2 pixels.

23



Figure 12: Training and Validation Loss Over Epochs: The graph depicts the
learning curve of the model with the x-axis representing the number of epochs. Each
epoch corresponds to a complete pass through the entire training dataset. The y-axis
quantifies the mean squared error in terms of pixels, where the conversion ratio is set
such that 1 mm is equivalent to 2 pixels. The blue line illustrates the training loss,
indicating the model’s performance on the dataset it learns from. In contrast, the orange
line reflects the validation loss, which provides insight into the model’s generalization
capabilities on unseen data.

From the blue line, representing training loss, we observe a rapid decline in the initial
epochs, indicating that the model is quickly learning from the training data. As epochs
progress, the rate of decrease in training loss slows down, which is expected as the model
starts to converge to a solution.

The orange line depicts the validation loss, offering a view of how well the model
generalizes to unseen data. Initially, it too drops steeply alongside the training loss, but
as training progresses, the validation loss stabilizes. This divergence between training and
validation loss is a classic indicator that the model might be beginning to overfit to the
training data; it’s improving on the data it has seen, but its performance on new, unseen
data isn’t keeping pace.
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We implemented early stopping to prevent overfitting. With a ’patience’ parameter
set at three iterations, training halts if there’s no validation loss improvement after three
consecutive epochs. On the chart, early stopping would trigger after epoch 4, where
the validation loss stops decreasing. This indicates that the model has achieved its best
generalization ability, and further training could cause overfitting. Hence, the weights at
the early stopping point are optimal for predictions, striking a balance between learning
from the training data and generalizing to new data.

These results collectively suggest that specialized training involving data clustering
and DS-CNNs can significantly improve the accuracy of deep learning models in estimating
absolute positions from EEG data.

4.1 Computational Complexity

Traditionally, adding depth to vision transformers by increasing the number of convo-
lutional layers adds computational complexity. Although our work does not include a
comprehensive analysis, EEGViT has 86.0M trainable parameters, while EEG-DCViT
has 86.2M trainable parameters. This results in insignificant differences in training time
and memory usage. Depthwise separable convolutions are highly regarded in the literature
for their efficiency in reducing computational costs while maintaining or even enhancing
model performance. This efficiency is primarily due to the separation of the convolu-
tion operation into two parts: depthwise convolutions that apply a single filter per input
channel, and pointwise convolutions that combine the outputs of the depthwise convo-
lutions across channels. This structure helps the computation by reducing the number
of multiplicative operations compared to standard convolutions. For instance, in vision
transformers, such as the SepViT and Convolutional Vision Transformer (CvT), depth-
wise separable convolutions have been adapted to further reduce computational overhead
while capturing both local and global dependencies effectively. SepViT integrates depth-
wise self-attention mechanisms that allow local processing within each attention window,
which is analogous to depthwise convolutions in CNNs like MobileNets. This method
enhances local feature extraction while reducing complexity [27]. The CvT model further
explores this by introducing convolutional projections that replace the standard linear
projections in the multi-head self-attention (MHSA) modules of transformers. This adap-
tation not only preserves the local spatial relationships but also reduces the parameter
count and computational expense, making these models more suitable for tasks requiring
high efficiency[45].

The clustering technique runs in O(ndki) where n is the number of points, k is the
number of clusters, d is the dimensionality of x, and i is the number of iterations that the
algorithm takes to converge. In this case, the number of clusters is 25 and the number
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of dimensions is 2. Since these are constant, our algorithm runs in O(ni). Given only
21,000 data points and the hardware requirements to train EEG-DCViT, the algorithm
converges within seconds.

The clustering algorithm used in our study can be represented by the following formula:

Clustering =
k∑

j=1

∑
x∈Sj

∥x − µj∥2

where Sj is the set of data points in cluster j, µj is the mean of points in Sj, k is the number
of clusters (fixed at 25), and x are the data points with 2-dimensional features. This
formula aims to minimize the variance within each cluster, effectively grouping similar
data points together.

The computational complexity of our clustering algorithm is represented by:

Complexity = O(ndki)

where n is the number of points, d is the dimensionality of the points, k is the number of
clusters, and i is the number of iterations for convergence. Given k = 25 and d = 2, both
constants, the complexity simplifies to:

Simplified Complexity = O(ni)

4.2 Understanding Test Error

One of the aspects of our study was the introduction of new visualization techniques
that will help both computer scientists and neuroscientists understand the test error.
During our training, we discovered a way to better understand the test error. Where is
the test error coming from? Which eye positions have more error? We created a new
visual in order to help us answer these questions (See Figure 13 and 14 ). In mentioned
figures, the representation of errors using blue and red lines serves a specific purpose.
The blue lines denote instances where the model’s predictions were within a 55.4 mm
distance from the true eye position, indicating a smaller error margin. Conversely, red lines
signify predictions that exceeded this 55.4 mm threshold, representing a larger discrepancy
between the predicted and actual eye positions. For example, in Figure 14, we see that
the eye positions on the top left and bottom right are more difficult for the model to
perform well on compared to the bottom left and upper right-hand corners. Insights
from neuroscientists and other subject matter experts will be critical in order to improve
performance in these positions. In this same figure, faint lines between test locations and
true labels show the distance between the target and predicted values. There are fewer
red lines between the "inner" positions and the "outer" positions. This could mean that
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Figure 13: Visual Test Error Distribution in the first epoch: The visualisation
shows positions within 55.4 mm RMSE (Blue) and positions above 55.4 mm RMSE (Red).

the model is good at determining the difference between someone looking at the center
of the screen as opposed to the outside of the screen, though we did not quantify these
results.

Figure 14: Visual Test Error Distribution closer to the convergence: The vi-
sualisation shows positions within 55.4 mm RMSE (Blue) and positions above 55.4 mm
RMSE (Red).

As we can see from Figure 13, many predictions are clustered in the center in the
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first epoch, whereas the true locations are at the corners. This indicates that the initial
model has difficulty distinguishing and detecting corner points. Additionally, there is an
imbalance in the dataset, as the central location appeared three times more frequently
than the other 24 points, which were shown only once. In the subsequent chart, nearing
convergence, an increase in blue colors is evident, signifying a reduction in the error
distance between the true and predicted locations, with a concentration of blue lines
nearer to the corners.

4.3 Understanding EEG-ViT Performance

In order to understand the original EEG-ViT model, we expanded the use of clustered
eye positions shown in Figure 7 by converting the model into a classifier. So, instead of
predicting a location on a screen, the adjusted classification model would predict one of
the 25 centroids shown in Figure 7.

Figure 15: Classification Performance Metrics by Cluster: This figure presents a
detailed breakdown of classification metrics including precision, recall, F1-score, and sup-
port for 25 clusters, highlighting the performance of each cluster in the model evaluation.

In the given classification report in figure 15, the original EEGViT model’s discrim-
inative ability is quantified across multiple classes, with individual performance metrics
presented for each class. Precision, recall, and F1-scores are provided, alongside the
’support’ column, which denotes the actual number of samples for each respective class.
Classes 7 (participant looking straight down) and 9 (participant looking straight up) are
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noteworthy, with F1-scores of 0.87 and 0.81 respectively, indicating a robust predictive
performance for these categories. However, there are classes with notably lower F1-scores,
such as class 13, indicating potential areas for model improvement. Similarly, the confu-

Figure 16: Confusion matrix across 25 clusters: On the x-axis, we have the predicted
values, which represent the outcomes as forecasted by our model. The y-axis, on the other
hand, displays the true labels for each data point.

sion matrix in Figure 16 reveals that categories 7 and 9 closely match their predictions
with the true labels, while class 13 has the least number of matched predictions. The
high number of matched predictions in category 5 is attributed to its larger sample size in
the dataset. Notably, the central category, represented three times more frequently than
others, may skew the model’s predictive distribution. Future iterations of the model could
benefit from a more targeted approach in feature engineering and class-specific parameter
tuning to uplift the predictive accuracy for underperforming classes.

4.4 Additional Methodological Explorations

In addition to the methodologies mentioned in this study, we have experimented with
several other techniques to assess their effectiveness. We share detailed results from these
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Figure 17: Time Reversal Augmentation Visualized in EEG Signals: This il-
lustration compares an original EEG signal with its time-reversed counterpart. The top
graph shows the original EEG trace with a prominent K-complex highlighted in red. The
bottom graph presents the same EEG signal reversed in time, illustrating that the overall
waveform is preserved but mirrored along the time axis. This visualization emphasizes
how time reversal can affect asymmetric EEG patterns like the K-complex, which appears
inverted after the transformation [36].

supplemental experiments, as we believe such insights could be useful for future researchers
to avoid repetition.

4.4.1 Data Augmentation

According to a study by Rommel et al. (2022), a comprehensive analysis of data augmen-
tation techniques including time reversal for EEG signals, revealing their positive impact
on classifier training for various tasks like sleep staging and brain-computer interface
(BCI) operations [36]. Moreover, Data augmentation has been shown to enhance model
robustness by introducing variability in the training data, which is especially beneficial in
scenarios where the available dataset is limited or imbalanced which is very relevant for
EEG data [36].

This research emphasizes that choosing the correct type of augmentation and its mag-
nitude can help enhance EEG gaze prediction performance. We have implemented time
reversal data augmentation (see figure 18) and compared it using RMSE. This approach
leveraged a pre-trained EEGVIT model and further expanded the EEGEyeNet dataset
by using time reversal data augmentation techniques.

Equation below represents the time reverse function, describing the reversal of an
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Figure 18: Time Reversal Augmentation Visual on Sample Filter of
EEGEyeNet Dataset: This chart illustrates the time-reversed augmentation applied
to a sample filter of EEGEyeNet Dataset.

interval with probability paug:

TRev[X](t) =


X(tmax − t) with paug,

X(t) with 1 − paug,
(2)

The function TRev[X](t) defines a time-reversal transformation applied to a signal
X(t). It’s a conditional function that operates with a certain probability paug. When the
condition is met (with probability paug), the function outputs the value of the original
signal at a mirrored time point tmax−t, effectively reversing the signal in time. Conversely,
with probability 1 − paug, the original signal is left unchanged. The parameter tmax

represents the maximum time point in the signal, which is used to calculate the mirrored
time point. This type of augmentation can be useful in signal processing to increase
the diversity of data during model training, potentially leading to more robust pattern
recognition.

From our analysis, we observed a slight downward trend after implementing data
augmentation, through which we were able to double the size of the dataset. However,
in terms of performance, we observed an RMSE of 54.95 mm, which was not consistent
across the five runs (in some runs it even exceeded the 55.4 mm benchmark). Thus,
we concluded that in our case, time reversal augmentation did not significantly aid the
process.
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Model Layers Hidden size D MLP size Heads Params
ViT-Base 12 768 3072 12 86M
ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

Table 6: Vision Transformer Model Specifications: The table outlines distinct con-
figurations of the Vision Transformer (ViT) models varying by complexity. The "Layers"
column indicates the depth of each model, while "Hidden size D" and "MLP size" re-
flect the dimensionality of the embeddings and the size of the MLP layers, respectively.
"Heads" refers to the number of attention heads, and "Params" indicates the total number
of parameters. This breakdown facilitates a clear comparison of the models’ scalability
and potential computational requirements [11].

4.4.2 Model Scaling

A model’s performance is intrinsically linked to its scale, where scale encompasses data
volume, model depth, and computational capacity. In the realm of neural networks,
particularly those designed for complex tasks such as interpreting EEG data, increased
depth allows for the extraction of nuanced features that are often pivotal for robust
performance. As Wu et al. (2020) elucidate, a deeper model has the propensity to
generate more intricate representations of data, leading to potentially more insightful
inferences [44].

Within this framework, our investigation into model scaling concentrated on the im-
pact of increasing the size of a pre-trained model. The baseline, represented by Google’s
"vit-base-patch16-224", consists of a configuration with 12 attention heads and 12 layers,
trained on image inputs of 224x224 dimensions. This stands in contrast to Google’s "vit-
large-patch16-224", which, while trained on identically sized images, boasts an expanded
architecture with 16 heads and 24 layers, as reflected in the table 6 . Despite the intuitive
notion that larger models correlate with enhanced performance, our findings were contrary
when scaling to "ViT-Large". A marginal increase in RMSE by 0.04 mm suggested that
for our specific application in EEG data interpretation, the benefits of model scaling are
not effective, aligning with recent insights into the limitations of model scaling [22, 43].

4.5 Limitations of This Study

In light of the complexities inherent in EEG data analysis discussed previously, our re-
search encounters a primary limitation stemming from the scarcity and costliness of large,
accurate datasets. The complex and controlled conditions required for EEG data acquisi-
tion, alongside its high dimensionality and susceptibility to noise, impede the assembly of
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vast, diverse datasets essential for robust model training and validation. Particularly, the
EEGEyeNet dataset, crafted under stringent task-specific protocols, underscores the limi-
tation in model generalization. Training on such a dataset restricts the model’s inferential
applicability to external datasets, which may not adhere to identical collection protocols,
thus confining the model’s efficacy to a narrow experimental context and diminishing its
extrapolative value in broader, real-world applications.

5 Summary and Future Work

Our study introduced enhanced pre-processing strategies and depthwise-separable con-
volutions to the pre-trained EEG-ViT model, which includes two convolutional layers
and a ViT base model pre-trained on the ImageNet dataset. This resulted in perfor-
mance improvements, specifically, the implementation of depthwise-separable convolu-
tions demonstrated effectiveness on EEG datasets. Our model (EEG-DCViT) established
a new benchmark with an RMSE of 51.6 mm on the EEGEyeNet dataset’s absolute gaze
prediction task, an improvement from the previous 55.4 mm. Our findings are a potential
milestone for future work in EEG-based interfaces and machine learning. Additionally,
we explored various visualization techniques, gaining further insights into EEG datasets.
By transforming the gaze prediction task from regression to classification, we uncovered
nuances in gaze detection with EEG data. Although using the ViT-Large model and
time reversal augmentation did not surpass the state-of-the-art results, these method-
ologies contribute valuable insights for future research. Our contributions to the field
are twofold: advancing the state-of-the-art in EEGEyeNet gaze prediction and provid-
ing insights into the EEG dataset and the EEG-ViT model through our comprehensive
experiments.

For future studies, the potential of these pre-processing techniques and depthwise-
seperable convolutional layer additions, when applied to directly Convolutional Neural
Networks (CNNs) without ViT model, should not be overlooked. Future studies could
explore how these strategies might elevate the performance of CNNs in EEG data analysis
without the addition of a vision transformer model. This approach could offer valuable
comparative insights between Transformer-based and convolutional architectures.

Furthermore, future research could focus on developing more advanced visualization
techniques and tools that provide even deeper insights into the workings of EEG data
analysis models. This direction holds the promise of not only enhancing the interpretabil-
ity of complex models but also fostering a more collaborative and intuitive approach to
understanding neuroscience data. Another promising avenue for research involves the use
of Generative Adversarial Networks (GANs) to generate synthetic EEG datasets, which
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could potentially address the challenges of data scarcity and diversity in EEG analysis.
Finally, experiments with Recurrent Neural Networks or LSTMs, which are designed for
processing sequential data, could be implemented on the EEGEyeNet dataset for the task
of absolute gaze prediction.
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