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Learning Representations from EEG Brain Signals

ABSTRACT

Brain-computer interfaces (BCIs) promise direct communication between neural activity and ex-
ternal devices. Electroencephalography (EEG) ofters a non-invasive approach through lightweight,
portable hardware. Despite decades of research, however, EEG-based BCIs remain largely confined
to laboratories. The core challenge lies not only in hardware limitations but also in extracting robust
and meaningful representations from noisy and variable neural signals. Traditional pipelines extract
task-specific features that work in controlled settings but not in new situations involving different
users, sessions, or tasks. Performance drops by 19% when models trained on one subject are tested
on another. This prevents the practical deployment of BCIs in assistive technologies, healthcare, and
human-computer interaction.

This dissertation demonstrates how deep representation learning can overcome limitations by dis-
covering invariant features directly from data and aligning neural patterns with human-interpretable
semantics. Instead of engineering features for each application, we learn general-purpose represen-
tations that transfer across subjects, sessions, and tasks. We make three primary contributions: (1)
Novel neural architectures including frequency-aware multi-band encoders and subject-conditional
transformers that capture both neural patterns and individual differences; (2) One of the first end-
to-end systems for open-vocabulary semantic decoding from EEG, achieving BLEU-1 of 42.75% and
BERT Score-F of 53.86% by aligning brain representations with language model spaces across 30 sub-

jects; (3) Neural tokenization via vector quantization that converts continuous signals into discrete
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”brain tokens,” enabling efficient downstream models suitable for real-time, edge-deployed applica-
tions.

The methods have been validated across diverse experimental paradigms and hardware configura-
tions, including consumer-grade dry-electrode devices and high-density clinical systems. This demon-
strates the methods’ practical viability across different acquisition settings. Comprehensive evalua-
tions of motor imagery, emotion recognition, and semantic decoding tasks show that learned repre-
sentations outperform handcrafted features and generalize across the variability that has historically
limited BCI deployment. This work establishes representation learning as a viable path toward gener-

alizable, interpretable, and deployable BClIs.
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Everything we do, every thought we’ve ever bad, is produced
by the buman brain. But exactly how it operates remains
one of the biggest unsolved mysteries, and it seems the more

we probe its secrets, the more surprises we find.

Neil deGrasse Tyson

Introduction
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1.1 LEARNING FROM EEG S1GNALS

The human brain generates electrical activity that encodes our thoughts, intentions, and perceptions.
Measuring and interpreting these signals remains one of neuroscience’s central challenges. Every
second, billions of neurons fire in coordinated patterns, creating electromagnetic fields detectable
through electroencephalography (EEG) and magnetoencephalography (MEG). Yet extracting mean-
ingful information from these measurements proves remarkably difficult.

Researchers for many decades have relied on manual feature extraction in order to make sense of
brain signals. An ordinary brain-computer interface (BCI) could register voltage differences in as few
as 64 channels of electrodes, then manually compute pre-specified features such as power in user-
selected frequency bands or the amplitude of event-related potentials. This process works well for
simple tasks but fails to capture the full richness of information inherent in neural activity. The prob-
lem is more than a technical limitation—it is a fundamental mismatch between the complexity of
brain signals and the analysis methods we design by hand.

Representation learning offers a different solution. Rather than specifying features manually, we
can now learn models to discover optimal representations from data in an end-to-end approach (see
Figure 1.1). This change in viewpoint, facilitated by advances in computer vision and natural language
processing over the past ten years, could similarly reveal the patterns of human cognition in the nervous
system. The question is not whether information can be decoded from brain signals — the answer is

an emphatic yes — but how we can learn representations that encode that information effectively.

1.1.1  THE EvOLUTION OF NEURAL REPRESENTATION PARADIGMS

Research into neural representations has advanced through the use of different paradigms. Early neu-
roscience adopted a localist approach, whereby single neurons were believed to represent specific con-

cepts, a theory known as the ’grandmother cell” hypothesis. However, experimental data quickly dis-
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Figure 1.1: From data space to representation space. An encoderfmaps an observation x to a representation z that is
easier to separate, compare, and reuse across tasks.

proved this model as being too simplistic. Cells operate in populations, with information spread out
across many units.

Hinton’s 1984 paper on distributed representations set out the theory of population codes Hin-
ton (1984). According to this theory, concepts emerge from distributed patterns of activation in large
numbers of units rather than in single neurons. This was consistent with neuroscience findings indi-
cating that motor commands, sensory perceptions, and memories all utilized distributed neural acti-
vation. The parallel distributed processing architecture showed that networks could learn such repre-
sentations by varying connection weights based on error-driven procedures.

By 2013, Bengio et al. had formalized the principles of representation learning: models must learn
features automatically rather than through human engineering Bengio et al. (2013). Deep networks
learn hierarchical representations, with lower levels picking up simple properties and higher levels
encoding abstract ideas. This hierarchical structure is similar to that of sensory cortices in the brain:
neurons in the earliest visual regions respond to edges, while higher regions fire in response to faces or
objects.

The emergence of self-supervised learning in the mid-2010s was of special significance. Instead of
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being given labeled data for each example, models could learn from pretext tasks, such as predicting
missing components of their input or distinguishing real from augmented data. Word2vec Mikolov
etal. (2013) demonstrated that predicting nearby words generates meaningful word representations.
In computer vision, models learned to create contextual representations by predicting image rotations
or completing puzzles. This paradigm was particularly valuable for applications where labels were
costly, such as with brain signals. Models could learn from the structural information in raw data
without any manual annotation.

Around 2018, the age of foundation models began with GPT Brown et al. (2020) and BERT De-
vlin et al. (2019). Both utilized self-supervised training on a large scale, pretraining hundreds of bil-
lions of tokens to learn general-purpose representations. This made it possible to fine-tune a single
model, trained once on mixed data, for tasks such as translation, question answering, and sentiment
analysis with minimal task-specific training. Pre-training followed by fine-tuning became the default
machine learning procedure. The effectiveness of this strategy raised the question of whether brain

signals would benefit from it as well.

1.1.2 CHALLENGES OF TRADITIONAL EEG ANALYSIS

Brain signals present unique challenges compared to images or text. EEG recordings typically include
64 to 256 channels, each of which samples at 250 to 1,000 hertz (Hz). A one-hour recording generates
millions of data points. However, high dimensionality is only part of the challenge. The signals are
non-stationary, meaning their statistical properties change over time. A person’s mental state, level of
fatigue, and level of attention all affect the recorded patterns. Even within a single recording session,
signal characteristics change. Individual differences compound these challenges. The way electrical
fields propagate through tissue is affected by brain anatomy, which varies from person to person. Skull
thickness, cerebrospinal fluid volume, and cortical folding patterns also influence the signals recorded

at the scalp. Two people performing identical mental tasks produce different EEG patterns. What
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Figure 1.2: EEG data is to decompose the signal into functionally distinct frequency bands, such as delta (0.5-4 Hz),
theta (4-8 Hz), alpha (8-12 Hz), beta (12-30 Hz), and gamma (30-100 Hz).

works for one subject often fails for another. The signal-to-noise ratio in EEG is particularly poor,
often around -10 dB. Electrical activity from deep brain structures is significantly reduced before it
reaches scalp electrodes. Meanwhile, additional noise is introduced by muscle movements, eye blinks,
and external electrical interference. The signals we want to decode are buried in artifacts that are orders
of magnitude larger.

Additionally, traditional EEG systems extract features based on neuroscientific principles. Power
spectral density captures the energy in different frequency bands (see Figure 1.2). For example, al-
pha waves are associated with relaxation, beta waves with active thinking, and gamma waves with at-
tention. Event-related potentials (ERPs) measure voltage changes time-locked to stimuli. The P300
response, for example, appears 300 milliseconds after rare events. Common spatial patterns identify
linear combinations of channels that maximize the variance between mental states. These features
can be generalized to restricted, well-constrained tasks. For instance, to distinguish between visual-

izing moving your left hand versus your right hand, you can evaluate beta-band power in the motor

IS5



cortex. To detect attention, look for alpha power. However, for each task, features must be individu-
ally trained. Features that generalize for motor imagery fail to generalize for emotion recognition, and
these in turn fail to generalize for visual perception tasks. Even more basic, manually crafted features
fail to capture unforeseen data patterns. If neural information is carried in phase relations between
distant brain sites, then spectral power features will miss it. If cognitive states comprise intricate spa-
tiotemporal patterns extending beyond one or more of these bands, they cannot be represented by
simple features.

Furthermore, EEG systems require lengthy calibration periods for each user. The process typically
begins with the collection of 20-30 minutes of training data. During this time, the user performs
defined mental tasks repeatedly while the system collects their brain signals. Machine learning models
learn from this type of subject-dependent data. However, the calibration must be repeated in each
session because the positions of the electrodes change and the properties of the signals fluctuate. This
approach is not scalable. Clinical applications require real-time BCIs for new patients. Consumer
products cannot require a half-hour preparation protocol. Calibration overhead also limits research;
instructions must restrict sample sizes because each subject requires personalized training for their
model. The crucial issue is that traditional models learn subject- and session-dependent regularities
rather than invariant representations. When trained on one subject’s data, a model’s performance is
random when tested on another subject. Even for the same participant, models trained on Monday
would not generalize to Tuesday. Without representations that generalize from subject to subject and

from session to session, BCIs will remain difficult to generalize.

1.1.3 PRINCIPLES OF REPRESENTATION LEARNING FOR BRAIN SIGNALS

Representation learning transforms the fundamental approach to brain signal analysis. Rather than
asking, ”What features should we extract?” we ask, ”"What representations do the data support?” The

model discovers features through optimization rather than human design. Three key principles are
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required for this. First, models must learn invariances rather than memorize specific patterns. A good
representation captures commonalities across subjects while ignoring variations that do not affect the
task. Second, unsupervised and self-supervised learning are essential. Collecting labeled data for brain
signals is too costly, so we cannot rely solely on it. Models must learn from the structure in raw record-
ings. Third, learned representations should be hierarchical, building complex concepts from simpler
components and matching the organization of the brain.

The next frontier—and the focus of this dissertation—is connecting these learned neural represen-

tations to human-interpretable semantic spaces, enabling true brain-to-world communication.

1.2 BRIDGING NEURAL ACTIVITY AND SEMANTIC MEANING

1.2.1 THE SEMANTIC GAP IN BRAIN—-COMPUTER INTERFACES

Representation learning overcomes the limitations of feature engineering by identifying ideal features
within data. However, a much deeper challenge remains: closing the gap between semantic content
and neural measurement. Although state-of-the-art brain-computer interfaces can sort signals into
separate classes, distinguishing between left versus right hand motor imagery or positive versus nega-
tive affective states, they are unable to accurately decipher a person’s real thoughts. Thus, the focus
shifts from which task a person is performing to what semantic content their neural activity actually
represents.

This challenge defines the semantic gap, which is the difference between bottom-up neural activ-
ity and top-down meaning. Most BCIs operate within a classification framework with preestablished
labels. P3o00 spellers categorize which of 36 characters were recognized Farwell & Donchin (1988).
Motor imagery interfaces differentiate between two and four mental states. Advanced emotion recog-
nition translates affective experience into discrete classes or low-dimensional manifolds. Semantic de-

coding, by contrast, aims to retrieve meaningful content, such as words and sentences in language,
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object identities and relations in vision, continuous motor parameters in motor control, and specific
emotional concepts with contextual details.

The technical reason for this gap is the EEG’s inherent limitations. Scalp measurements sample
the activity of millions of neurons that are spatially smeared by volume conduction Cohen (2014).
With spatial resolution constrained to 1-3 cm, 64-256 channels must represent thousands of poten-
tial semantic ideas. The inverse problem—finding the neural sources for scalp measurements—has
infinitely many solutions. Signal-to-noise levels of - 10 dB frequently result in artifacts that overwhelm
the neural signals by a factor of 1o0.

Scientific uncertainty multiplies these technical constraints. While fMRI demonstrates systematic
semantic structure in cortical activity, such as topographical maps for object classes, action categories,
and abstract concepts Huth et al. (2016); Mitchell et al. (2008), it is unclear whether such structure
is preserved in EEG due to its spatial resolution. Nevertheless, substantial evidence suggests that se-
mantic information persists at the level of the scalp. The N4oo event-related potential systematically
indexes semantic violations and contextual unpredictability Kutas & Federmeier (201 1). Multivariate
pattern analysis can extract object category decoding, word identity decoding, and semantic similar-
ity structures from EEG with above-chance accuracy King & Dehaene (2014). The millisecond time
course of an EEG can detect rapid changes in language processing that an fMRI cannot.

The semantic gap is a significant yet manageable barrier. The hypothesis that the EEG signal con-
tains semantic information is supported by empirical evidence. The key question is the construction
of representations and structures that are capable of abstracting this information reliably. This ab-
stracting must go beyond simple classification and address the time-continual, high-dimensional na-

ture of the semantic content.
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1.2.2 APPROACHES FOR NEURAL-SEMANTIC ALIGNMENT

Two computational approaches have been explored to bridge the semantic gap. The first reconstructs
semantic content directly from brain signals. The second learns shared embedding spaces between
neural patterns and semantic content, such that the latter can be aligned with the former. Pre-trained
foundation models are being repurposed to accept brain signals as just another modality of data.

Kay et al. (2008) were the first to show visual reconstruction by outlining how fMRI voxel patterns
could be traced back to natural images. Recent research goes even further by pipelining brain activ-
ity through generative models. Takagi & Nishimoto (2023) map fMRI signals onto diffusion model
latent space and thereafter employ the models to generate very accurate images of what subjects per-
ceived. Forlanguage, Tangctal. (2023 ) aligned fMRI recordings against GPT internal representations
with continuous decoding of spoken words. EEG makes it harder—the spatial blur caused by volume
conduction erases fine-grained information. However, Défossez et al. (2023a) decoded speech from
non-invasive recordings by synchronizing them with wavavec features. The same has been tried with
reading, but the success is not quite as great.

Contrastive methods work differently. Borrowing ideas from CLIP Radford et al. (2021), they
build joint spaces where responses to a given stimulus lie near the semantic representation of the stim-
ulus and responses to other stimuli are far away from each other. Training maximizes similarity for
correct pairings and minimizes it for incorrect ones, typically through InfoNCE or triplet losses. This
sidesteps the reconstruction problem entirely—you care about capturing meaning, not regenerating
exact pixels or words. Italso handles a thorny issue: different brain patterns can correspond to seman-
tically similar concepts, and contrastive learning naturally accommodates this many-to-one mapping.
Brain-Score work Schrimpf et al. (2018) showed that if you align deep network representations with
actual neural recordings, the networks can make amazingly accurate predictions of brain activity pat-

terns.
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Recent work merges brain signals with existing foundation models. Language and vision models
trained on large datasets already possess rich semantic structure. The real challenge is taking brain
signals—high-dimensional, continuous—and making something transformers can use. Transformers
process discrete tokens. Three solutions have been proposed. Adapter networks add small modules as
a way of mapping brain representations to the input space of the model. Soft prompts convert brain
information into continuous vectors that are added as a prefix to sequences. Tokenization converts
brain signals into vocabularies, which are processed as words. This last approach enables brain signals
to act as genuine inputs to multimodal models alongside text and images.

The research has evolved from supervised learning across narrow tasks to self-supervised methods
that can scale. These architectures leverage both unlabeled brain data and pretrained semantic models,

thereby resolving the generalization and data efficiency issues previously described.

1.3 DISSERTATION CONTRIBUTIONS AND STRUCTURE

This dissertation addresses the limitations of task-specific EEG analysis and makes the following con-

tributions:

ARCHITECTURAL INNOVATIONS FOR GENERAL EEG REPRESENTATIONS
Itintroduces novel neural architectures that learn generalizable representations from raw EEG signals:

* A frequency-aware multi-band encoder that processes delta, theta, alpha, and beta bands in-
dependently through parallel convolutional encoders, followed by residual CNN fusion for
motor imagery classification. This architecture achieves improvements over handcrafted fea-

tures and baseline deep learning models.

* Subject-conditional representation learning: A learnable subject layer that explicitly models

inter-subject variability, enabling the network to capture subject-specific neural dynamics while
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maintaining a shared representational space across individuals.

* A multi-layer transformer architecture adapted for variable-length EEG sequences that incor-
porates learnable positional embeddings and bidirectional GRU-based temporal feature ex-

traction to handle the non-stationary nature of neural signals.

* Vector-quantized neural tokenization: A discrete representation learning framework that con-
verts continuous EEG segments into reusable brain tokens via vector quantization with spec-
tral reconstruction objectives. This enables compact downstream models and modular train-

ing paradigms.

SEMANTIC DECODING FROM NEURAL SIGNALS

It presents one of the first end-to-end systems for open-vocabulary EEG-to-Text decoding:

* Cross-modal alignment architecture: A two-stage training approach that aligns learned EEG
representations with pre-trained language model embeddings (BART), enabling semantic de-

coding without vocabulary constraints.

* GPT-4 refinement pipeline: Integration of large language models for post-processing, improv-

ing grammatical coherence and semantic accuracy of decoded sentences.

* State-of-the-art performance: Our architecture achieves BLEU-1 of 42.75%, ROUGE-1-F of
33.28%, and BERT Score-F of 53.86% on the ZuCo datasets, representing improvements over

previous state-of-the-art methods.

* Validation across 30 subjects: Comprehensive evaluation demonstrating consistent perfor-
mance across diverse individuals engaged in natural reading tasks, with analysis of inter-subject

variability and representational clustering.
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EVALUATION METHODOLOGIES AND EMPIRICAL ANALYSIS

It establishes evaluation frameworks and provide empirical insights:

* Multi-paradigm benchmarking: Comprehensive evaluation across three distinct BCI paradigms—
motor imagery (4-class classification), emotion recognition (valence/arousal), and semantic

decoding—demonstrating the versatility of learned representations.

* Quantification of generalization gaps: Systematic analysis revealing that traditional subject-
dependent models suffer 19% accuracy degradation in cross-subject scenarios, with detailed
characterization of session-to-session variability through PCA visualization and statistical anal-

ysis.

* Semantic-aware evaluation metrics: Introduction of BERTScore to EEG decoding evaluation,
providing sentence-level semantic similarity assessment that better aligns with human percep-

tion compared to purely lexical metrics (BLEU, ROUGE).

PracTICAL DEPLOYABILITY ADVANCES

It addresses real-world deployment constraints for BCI systems:

* Consumer-grade hardware validation: All methods evaluated on dry-electrode EEG devices
rather than clinical-grade wet electrodes, demonstrating robustness to noise and practical us-

ability for everyday applications.

* Robotic control: Motor imagery-based control of robotic systems, demonstrating end-to-end
pipeline from EEG acquisition through classification to robotic actuation, validating practical

feasibility of BCIs for assistive technologies and human-robot interaction.
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* Discrete brain tokens: Demonstration that vector-quantized representations enable lightweight
downstream models with frozen encoders and small task-specific heads, suitable for resource-

constrained devices and real-time applications.

Together, these contributions demonstrate that representation learning can transform EEG-based
BClIs from task-specific pipelines into generalizable, interpretable, and deployable systems that bridge

neural activity with human-interpretable semantics.

1.3.1 STRUCTURE

This dissertation is organized into five parts that progressively build from understanding current lim-
itations to proposing generalizable solutions.

Part I: Theoretical Foundations establishes the theoretical and practical context for this work.
Chapter 1 motivates the need for representation learning in EEG-based BCIs and introduces the chal-
lenge of bridging neural activity with semantic meaning. Chapter 2 surveys the fundamentals of BCIs,
EEG signal processing, representation learning theory, and neural signal decoding in the era of foun-
dation models. This chapter provides the theoretical and empirical foundations necessary for under-
standing the technical contributions in subsequent chapters.

Part II: From Task-Specific to General Representations examines classical BCI systems and their
fundamental limitations. Chapter 3 implements traditional approaches to motor imagery classifica-
tion and emotion recognition using handcrafted features and machine learning classifiers. These ex-
periments establish baseline performance and reveal critical limitations. Models require per-subject
training, fail to transfer across tasks, and exhibit severe performance degradation across subjects and
sessions. Chapter 4 systematically analyzes these limitations, including the 19% drop in cross-subject
accuracy and session-to-session variability, providing empirical motivation for learning invariant, trans-

ferable representations.
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Part III: Learning Continuous Representations introduces deep learning architectures that au-
tomatically discover features from raw EEG signals. Chapter 5 presents frequency-aware, multi-band
encoders with residual networks for spatiotemporal feature learning and demonstrates that learned
representations outperform handcrafted features in motor imagery tasks. Chapter 6 introduces an
end-to-end architecture for open-vocabulary EEG-to-text decoding that aligns learned neural repre-
sentations with pretrained language models. Using subject-conditional transformers and cross-modal
alignment with BART, the system achieves state-of-the-art semantic decoding performance across 30
subjects. This demonstrates that meaningful linguistic content can be extracted from non-invasive
brain signals during natural reading.

Part IV: Discrete Representations & Foundation Models addresses the integration of neural sig-
nals with modern foundation models through discretization. Chapter 7 introduces vector quantiza-
tion for EEG, converting continuous signals into discrete brain tokens. These tokens enable compact
codebook representations, downstream task transfer, and modular training with frozen encoders.

Part V: Conclusions summarizes the findings in Chapter 8, which examines trade-ofts between
continuous and discrete representations. It also discusses practical deployment considerations and
and outlines future directions toward large-scale brain foundation models and multimodal brain-
language architectures capable of treating neural activity as a first-class modality alongside vision and
language.

Part VI: Related Contributions presents supporting studies conducted in parallel that established
foundational principles essential to this thesis. These works include clustering, sensor-based teleoper-
ation, biometric authentication, physics-constrained generation, and dataset integration. They con-
tribute critical insights on representation learning, subject variability, evaluation methodologies, and
cross-dataset generalization, which directly inform the architectures and approaches developed in this

thesis.
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If I have seen further it is by standing on the shoulders of

giants.

Isaac Newton
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2.1 FUNDAMENTALS OF BRAIN-COMPUTER INTERFACES AND EEG S1GNAL PROCESS-

ING

2.1.1 BRAIN-COMPUTER INTERFACES

The concept of brain-computer interfaces emerged in the 1970s, with early research focusing on de-
veloping communication systems for individuals with severe motor impairments Nicolas-Alonso &
Gomez-Gil (2012). The first BCIs relied on invasive techniques, including the implantation of elec-
trodes directly into the brain. While these systems demonstrated the feasibility of decoding neural
activity to control external devices, their invasive nature posed a significant barrier to widespread adop-
tion.

The advent of non-invasive techniques Cincotti et al. (2008), particularly those based on electroen-
cephalography, marked a significant milestone in the field of brain-computer interfaces. Non-invasive
BClIs utilize surface electrodes to record brain signals, eliminating the risks associated with surgical
procedures. In recent decades, research in non-invasive BCIs has expanded rapidly, driven by advance-
ments in signal processing, machine learning, and computational neuroscience. Today, BCIs are being
employed in diverse fields, including assistive technologies, neurorehabilitation, gaming, and cogni-
tive research, enabling users to control prosthetics, communicate via spelling devices, and interact with
virtual environments Cecotti (2011); Zhuang et al. (2020).

Despite these advancements, several challenges remain, particularly in achieving reliable and robust
performance in real-world scenarios. Figure 2.1 illustrates the spatial and temporal resolution of BCI
measurement technologies. Invasive approaches, such as electrocorticography (ECoG) and micro-
electrode arrays (MEA), offer superior spatial resolution and millisecond-level temporal precision. In
contrast, non-invasive techniques like EEG provide high temporal resolution but lower spatial fidelity

due to the distance between the electrodes and the brain, leading to a more generalized representation
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Figure 2.1: Spatial and temporal resolution by BCI technology Simmatis et al. (2023). Non-invasive methods are in blue:
electroencephalography (EEG), magnetoencephalography (MEG), near-infrared spectroscopy (NIRS), functional magnetic
resonance imaging (fMRI); invasive methods are in red: electrocorticography (ECoG), local field potential (LFP)
recordings, micro-electrode array (MEA) recordings, and microelectrode (ME) recordings.

of cortical activity.

2.1.2 ELECTROENCEPHALOGRAPHY

EEG is a non-invasive technique for recording brain electrical activity Binnie & Prior (1994). Signals
are acquired by placing electrodes on the scalp, which detect voltage fluctuations caused by ionic cur-
rents within neurons. This time-series data provides valuable insights into brain function, supporting
the study of various cognitive and physiological processes.

The acquisition process consists of several key steps: electrode placement, signal amplification, fil-

tering, and digitization. Electrodes are typically positioned according to the International 10-20 sys-
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Figure 2.2: Position of electrodes with the International 10-20 system Nicolas-Alonso & Gomez-Gil (2012).

tem Herwig et al. (2003) (Figure 2.2), a standardized method ensuring consistency across studies.

EEG signals are characterized by high temporal resolution, typically in the millisecond range, mak-
ing them well-suited for real-time applications. However, they are susceptible to noise and artifact
sources from muscle activity, eye movements, and electrical interference (from the surrounding en-
vironment). Effective preprocessing and filtering techniques are crucial for removing artifacts Peng
(2019); Sen etal. (2023).

Apart from implanted electrodes, which are beyond the scope of this discussion, EEG electrodes
are classified into two main categories: wet and dry Mathewson et al. (2017). Wet electrodes use a
conductive gel to minimize impedance at the electrode-skin interface, ensuring high-quality signal
acquisition. However, applying the gel is time-consuming and may cause discomfort or skin irritation,
making these electrodes less practical for long-term or daily use.

In contrast, dry electrodes eliminate the need for conductive gel, oftering greater convenience and a

faster setup, which makes them ideal for wearable and portable EEG systems. However, they generally
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have higher impedance and are more susceptible to motion artifacts and signal degradation Lopez-

Gordo etal. (2014).

EEG-based BCIs face several key challenges that must be addressed to enhance their efficacy and
usability.

One major issue is the susceptibility of EEG signals to noise and artifacts, which can arise from
muscle movements, eye blinks, and electrical interference. Developing robust preprocessing methods
capable of filtering out noise while preserving relevant neural signals remains essential Scheer et al.
(2005).

Another challenge stems from the significant inter-individual variability in EEG signals, influenced
by differences in brain anatomy, physiology, and neural activity patterns. This variability complicates
the development of generalized models that perform consistently across users Saha & Baumert (2020).

Additionally, BCIs must adapt to changes in neural activity over time, whether due to learning ef-
fects, fatigue, or other factors. In this context, incremental learning techniques that enable continuous
model updates based on new data play a crucial role Giraud-Carrier (2000).

Finally, for BCIs to be practical, they must be comfortable for prolonged use and easy to set up.
Advances in dry electrode technology and user-friendly interface designs are therefore fundamental

to improving their usability Hairston et al. (2014).

2.1.3 EEG S1GNAL DECODING PIPELINE

The analysis of EEG signals follows a structured pipeline comprising several steps to ensure data re-
liability and interpretability. The process begins with acquisition, which encompasses the setup of
the EEG device and the definition of the acquisition protocol. This is followed by preprocessing step
that aims at eliminating noise and artifacts through various signal enhancement techniques. Subse-

quently, feature extraction is performed to derive relevant characteristics from the EEG signal. The
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specific methods employed in this step depend on the application and may include time-domain anal-
ysis, frequency-domain analysis, or advanced nonlinear transformations. Finally, the classification
step applies machine learning algorithms or other computational techniques to identify meaningful
patterns within the processed data.

The pipeline is sketched in Figure 2.3, and the following subsections provide a detailed description

of each step.

[ \
pala/ TR -\'W,/“./\"'thm"m MJ(

v

Acquisition Preprocessing Feature Extraction Classification

Device selection and Setup ‘ Filtering
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Figure 2.3: Overview of the EEG signal processing pipeline, from raw data acquisition through preprocessing and feature
extraction to classification.

AcCQUISITION

This step encompasses the choice and the setup and calibration of the EEG devices, as well as the
implementation of a structured acquisition protocol designed to optimize signal quality and ensure
consistency in data collection.

Devices selection and Setup. The choice of EEG devices and their setup are fundamental for cap-
turing brain activity, as they directly impact the quality and reliability of the recorded signals. These
devices consist of multiple electrodes placed on the scalp according to standardized systems, such as

the International 10-20 system, ensuring consistent positioning across studies. The electrodes detect
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Figure 2.4: EEG data acquisition hardware varies widely in design and application Sugden et al. (2023). Panel (A)
illustrates a range of setups from a traditional medical EEG system with numerous wired electrodes to various research
and consumer wearables. Panel (B) shows some EEG wearables, including the Muse 2, Neurosity Crown, EPOC X, and

Quick-32r. Panel (C) provides an overview of these devices, detailing their sensor counts, common applications, EEG
characteristics, and associated results.

voltage fluctuations caused by ionic currents in the brain, which are then amplified, filtered, and dig-
itized for further analysis.

EEG devices can vary in the number of electrodes they use. High-density systems, with 64, 128,
or even more electrodes, provide superior spatial resolution and are typically employed in research
settings Ferree et al. (2001). On the other hand, low-density systems, which use fewer electrodes, are
commonly found in clinical and consumer applications due to their simplicity and ease of use. When
selecting an EEG device for a particular application, it’s essential to balance spatial resolution with
usability

Data transmission methods are another important aspect of EEG devices. Many modern EEG

systems use wireless technologies, such as Bluetooth or Wi-Fi, to transmit data to a paired computer
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or mobile device for real-time processing and analysis. This wireless capability enhances user mobility
and comfort, making EEG a valuable tool for everyday applications.

Figure 2.4 illustrates EEG data acquisition systems, ranging from traditional medical setups to re-
search and consumer wearables, along with their specifications and applications.

Acquisition protocol. EEG data acquisition protocols are essential for obtaining high-quality
recordings that enable accurate analysis and interpretation of brain activity. These protocols involve
several key steps, each aimed at optimizing the reliability of the collected data.

Subject preparation is the first step, where participants are prepared for the recording process. They
are seated comfortably in a controlled environment, with movement minimized to reduce artifacts
that could interfere with the data collection. Clear instructions are given to help participants relax
and remain still during the session, as muscle contractions and other movements could introduce
unwanted noise into the EEG signals, thus compromising data integrity Moyer et al. (2017).

Following subject preparation, the electrode placement step is performed, during which electrodes
are carefully placed on the scalp using standardized systems, such as the International 10-20 system.
This structured method ensures consistency in electrode positioning across sessions and participants,
which is crucial for maintaining reproducibility in research Yadav & Maini (2023). Proper placement
enhances the quality of the recorded signals by optimizing spatial resolution.

Next, a baseline recording is conducted, where signals are recorded to establish a baseline for the
subject. This is done before the main recording session begins. During this phase, participants are
asked to remain still, with their eyes either closed or open, providing a reference point for normal brain
activity without task-related influences. This baseline is essential for distinguishing spontaneous brain
activity from responses triggered by specific tasks.

Following the baseline, the task instruction provision step ensures that participants receive clear
instructions tailored to the study’s objectives. The guidelines may vary, ranging from tasks involving

visual or auditory stimuli to motor imagery or cognitive challenges. Clear instructions are crucial to
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ensure participants effectively engage with the tasks.

Finally, in the stimuli presentation step, stimuli are delivered through visual, auditory, or tactile
means. Specialized software manages the delivery of stimuli, ensuring precise timing and synchroniza-
tion with the EEG recordings. This synchronization is vital for accurately correlating brain activity
with specific stimuli or tasks Peksa & Mamchur (2023).

During the data recording phase, EEG signals are continuously recorded throughout the task or
stimulus presentation. The duration of these sessions can range from minutes to hours, depending
on the study design. To maintain participant engagement and data quality, short breaks are included
to prevent fatigue Chaudhary et al. (2016). To facilitate subsequent analysis, event markers or triggers
are used to annotate the EEG recordings with time stamps corresponding to specific stimuli or task
events. These markers are invaluable for extracting event-related potentials (ERPs) and other task-
specific features from the recorded data.

Finally, after the recording session is completed, post-session procedures involve debriefing partici-
pants and addressing any questions they may have about their experience. The recorded EEG data are
then securely stored for preprocessing and analysis, marking the transition from raw data collection

to detailed examination and interpretation.

PREPROCESSING

Preprocessing plays a fundamental role in EEG data analysis by enhancing the reliability of recorded
signals through noise and artifact reduction. By transforming raw EEG data into a cleaner and more
interpretable form, preprocessing is essential for accurate feature extraction and subsequent analysis.
Techniques such as filtering, artifact removal, segmentation, and normalization significantly improve
signal quality, ultimately enhancing the performance of EEG-based brain-computer interfaces.

The preprocessing pipeline typically starts with filtering, where the raw EEG signals are band-pass

filtered between o.5 Hz and 48.5 Hz using a 4th-order Butterworth filter. This step effectively ad-
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dresses two key issues: low-frequency drifts caused by baseline shifts and slow physiological processes,
and high-frequency noise, which may include power line interference and muscle artifacts. The care-
tul selection of filter parameters is crucial, as it ensures that relevant neural information is preserved
while noise frequencies are reduced.

Next, artifact removal is applied to address non-neural activity that often contaminates EEG sig-
nals, such as muscle contractions, eye blinks, and other physiological noise. Independent Component
Analysis (ICA) is widely employed to decompose the EEG data into independent components Makeig
etal. (1995). This method enables the identification of components corresponding to artifacts, which
can then be selectively removed or corrected, thereby improving the quality of the remaining signal.
The success of this step depends on accurately identifying artifact-related components, ensuring that
meaningful neural signals are preserved.

Following artifact removal, segmentation is performed on the preprocessed EEG signals, dividing
them into temporally overlapping windows. A common window length is two seconds, with a one-
second overlap, although this may vary depending on the specific analysis requirements. Segmentation
is crucial for preserving the temporal dynamics of brain activity, which is essential in many applications
such as emotion recognition and motor imagery, where the timing of neural activity is critical for
accurate interpretation. This step also facilitates feature extraction by dividing the continuous signal
into manageable chunks for analysis.

Finally, normalization is applied to each segment of the EEG signal to account for variability in-
troduced by factors such as electrode placement, scalp impedance, and individual neurophysiological
characteristics. By subtracting the mean and dividing by the standard deviation of the signal, nor-
malization ensures that all EEG channels are on a comparable scale. This uniformity is important for
machine learning models, which rely on consistent input data across multiple electrodes. Addition-
ally, normalization minimizes the impact of amplitude variations caused by non-neural factors, thus

enhancing the reliability of the extracted features.
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FEATURE EXTRACTION

Feature extraction in EEG signal processing involves transforming raw EEG data into a set of mean-
ingful features that can be used for classification or regression tasks. The importance of feature ex-
traction lies in its ability to represent the brain’s activity accurately while minimizing the influence of
noise and artifacts. The choice of features significantly impacts the overall performance of BClIs, as it
determines how well the extracted features reflect the brain’s state during the task, whether it is motor
imagery, emotion recognition, or cognitive state monitoring. For instance, in motor imagery classifi-
cation, Common Spatial Pattern (CSP) Lu et al. (2010) is often used to enhance class discrimination
by projecting EEG signals onto spatial filters that maximize variance between different motor imagery
classes. In contrast, for emotion recognition or cognitive state monitoring, frequency-domain fea-
tures like power spectral density (PSD) in various frequency bands (e.g., delta, theta, alpha, beta, and
gamma) are commonly employed Wang et al. (2015), as they capture key neural oscillations associated
with different cognitive and emotional states.

Broadly, the extracted features can be categorized into three main types: time-domain features,
time-frequency domain features, and spatial features Hu & Zhang (2019); Al-Fahoum & Al-Fraihat
(2014).

Time-domain features are directly derived from the EEG signal and capture various statistical prop-
erties that describe the signal’s behavior over time. Commonly employed time-domain features in-
clude the mean and variance, which respectively represent the central tendency and the variability of
the signal. The standard deviation is another important metric, providing insight into the dispersion
of the signal values from the mean. Higher-order statistical measures, such as skewness and kurtosis,
are also frequently used to characterize the shape of the signal’s distribution. Skewness indicates the
presence of asymmetry, while kurtosis measures the peakedness of the distribution, both of which are

valuable for detecting non-normal or transient neural events that may carry relevant information.

35



Spatial features, on the other hand, are derived from the spatial distribution of EEG signals across
different electrode locations on the scalp. These features capture the brain’s spatial activity patterns,
which can be used to distinguish between different cognitive or motor states. One of the most widely
used spatial feature extraction methods is Common Spatial Patterns (CSP). CSP is particularly effec-
tive for tasks such as motor imagery classification because it maximizes the variance between different
classes by projecting the signal onto spatial filters that emphasize class-relevant activity. CSP works
by identifying linear projections of multichannel EEG data that optimize the discrimination between
two conditions, making it a powerful tool for binary classification problems in BCIs. However, its ap-
plication can be extended to multi-class problems using variations of the algorithm. The effectiveness
of CSP in improving signal separability has made it a cornerstone method for spatial feature extrac-

tion, particularly in motor imagery and motion-related BCI applications.

CLASSIFICATION

The classification step is a fundamental step in EEG signal processing, where the features extracted
from the raw EEG data are used to assign the data to specific categories or brain states. This step
typically involves the application of various machine learning models to classify the EEG signals based
on the extracted features. The choice of classifier depends on the complexity of the task, the size and
dimensionality of the data, and the performance requirements of the BCI system.

In addition to selecting the appropriate classification approach, evaluating the performance of the
classifier is essential. This is where the use of evaluation metrics becomes critical. These metrics offer a
quantitative measure of how well the classifier is performing and provide insights into its accuracy and
reliability. Moreover, classification metrics are often employed to give a more nuanced analysis of the
model’s effectiveness, allowing for a deeper understanding of its ability to differentiate between classes
and how it manages false positives and false negatives. In the case of regression tasks, additional met-

rics (regression metrics) are used to assess how well the model predicts continuous values, providing

36



turther insight into its performance and accuracy.

2.1.4 MACHINE LEARNING IN EEG

Machine learning represents an eftective approach for decoding EEG signals in BCIs. Among tra-
ditional methods, linear classifiers such as Linear Discriminant Analysis (LDA) and Support Vector
Machines (SVM) have been widely adopted due to their simplicity and effectiveness. These techniques
rely on handcrafted features extracted from EEG signals Shoeibi et al. (202.1), including power spectral
density, common spatial patterns (CSP), and wavelet coefficients, which capture relevant information
for classification tasks.

In recent years, modern approaches, particularly deep learning, have played an increasingly impor-
tant role in EEG signal analysis Craik etal. (2019); Gao et al. (2021). Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), and Attention-based networks, have demonstrated
remarkable effectiveness in extracting features directly from raw EEG data. By capturing spatio-temporal
patterns in EEG signals, these methods have led to significant improvements in classification accuracy
and robustness.

Deep learning models, such as CNN:Ss, are particularly effective at learning spatial hierarchies in
EEG data by applying convolutional filters across the signal. They have been successfully employed
in various BCI applications, including motor imagery classification, emotion recognition, and mental
workload estimation. CNNs automatically learn important patterns from raw EEG signals, reducing
the need for complex, manual feature design, and streamlining the model development process Fahimi
etal. (2019); Sakhavi et al. (2018).

Recurrent Neural Networks, along with their variants like Long Short-Term Memory (LSTM)
networks and Gated Recurrent Units (GRUs), are effective at capturing temporal dependencies in
sequential data. These networks retain a memory of previous inputs, making them well-suited for

tasks that require an understanding of temporal dynamics, such as continuous emotion monitoring
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and sequential decision-making in BCIs Tortora et al. (2020); Zhang et al. (2018).

Attention mechanisms, often integrated with RNNs or Transformers, have further enhanced the
capabilities of deep learning models in EEG analysis. By focusing on the most relevant parts of the
signal, attention-based models improve both interpretability and performance. These mechanisms are
particularly beneficial for applications that demand fine-grained analysis, such as decoding complex

mental states and assessing cognitive load Li et al. (2020); Noah et al. (2020).

2.2 FOUNDATIONS OF REPRESENTATION LEARNING

Unlike traditional feature engineering, where domain experts manually design input features, rep-
resentation learning algorithms learn useful feature transformations as part of the model training
process. This change has been crucial to the development of deep learning since it allows models
to identify and arrange important patterns in data—like text, images, or signals—without the use
of specially created features. These learned features, or representations, often reside in an abstract
latent space. A good representation preserves important explanatory factors of the input data in a
compact, information-rich form that facilitates subsequent tasks. Generally, high-quality represen-
tations should encode as much relevant information as possible, be low-dimensional enough to filter
out noise, and generalize well (e.g., be transferable to new tasks).

Early approaches to representation learning include linear dimensionality reduction and manifold
learning techniques. Classical methods, such as principal componentanalysis (PCA) Abdi & Williams
(2010)and linear discriminant analysis (LDA) Balakrishnama & Ganapathiraju (1998), aimed to project
data into a lower-dimensional subspace while preserving either variance or class separability. In the
2000s, nonlinear manifold learning methods Izenman (2012) emerged to uncover low-dimensional
structures in high-dimensional data. These techniques demonstrated the benefit of transforming raw

data into more tractable forms, laying the groundwork for future developments. However, a break-
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through occurred in the mid-2000s with the development of deep neural networks for representa-
tion learning. In 2006, Hinton et al. Hinton et al. (2006) introduced deep belief networks with a
greedy, layer-wise pre-training strategy, demonstrating that multiple layers of nonlinear features could
be learned efficiently. This milestone shifted the focus toward deep representations. Each successive
neural network layer learns higher-level abstractions (e.g., edges, shapes, and objects in images) by
building on representations from previous layers. The success of deep learning over the last decade is
closely related to these advancements in representation learning. In fact, the ability of deep models to
automatically extract hierarchical features from raw data (pixels, waveforms, etc.) has largely replaced

manual feature extraction in many areas.

2.2.1 LEARNING REPRESENTATIONS: THEORY AND TECHNIQUES

In representation learning, we aim to find data transformations that reveal its underlying structure.
Formally, alearned representation can be thought of asa mapping from the raw input, x > 2z such that
the raw input, x, is transformed into a new feature vector, z, in latent space. An ideal z preserves the
meaningful information of x in a more organized way, such as by separating factors of variation, which
is useful for prediction and other tasks. Neural networks achieve this by learning layers of nonlinear
functions that progressively refine the representation. Early layers capture local or low-level patterns,
and deeper layers capture global or abstract concepts. An important theoretical principle behind deep
representation learning is the manifold hypothesis, which proposes that high-dimensional data lie on
amuch lower-dimensional manifold; representations uncover the coordinates on this manifold, filter-
ing out extraneous dimensions (noise).

Learning representations can be supervised, unsupervised, or self-supervised. In supervised feature
learning, the model is guided by target labels to shape the representation. For example, a convolu-
tional neural network might learn features optimal for classifying object categories. In unsupervised

settings, no labels are provided. Techniques such as autoencoders Hinton et al. (201 1) and principal
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Figure 2.5: Architecture of an autoencoder. The encoder network compresses high-dimensional input data into a
low-dimensional latent code (bottleneck), and the decoder network reconstructs the data from this code. By training to
minimize reconstruction error, the autoencoder learns a compact representation capturing the data’s important features.

components learn to represent the data based on its inherent structure (e.g., by reconstructing the in-
put, as shown in Figure 2.5). Self-supervised learning is a modern approach to unsupervised learning.
In this method, the system creates surrogate labels or pretext tasks from the data itself (e.g., predict-
ing missing parts of an input or solving jigsaw puzzles made from images). The system then learns
representations via supervised loss on these pseudo-labels. Self-supervised methods have notably en-
abled the use of vast amounts of unlabeled data to pretrain deep networks. This strategy has produced
powerful, general-purpose representations in recent years. For example, in natural language process-
ing and vision, models such as BERT Devlin et al. (2019) and SimCLR Chen et al. (2020) learn rich
feature spaces by predicting masked words or distinguishing augmented image pairs instead of relying
on human annotations.

Other representation learning frameworks include variational autoencoders (VAEs) Kingma &
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Figure 2.6: An illustration of the internal architectures of (A) VAEs and (B) GANs. Arrows represent corresponding data
flow Ding et al. (2022).

Welling (2013) and generative adversarial networks (GANs) Goodfellow et al. (2020), showed in Fig-
ure 2.6. A VAE builds upon the traditional autoencoder by introducing a probabilistic latent space.
Rather than mapping an input to a single code in a deterministic manner, the encoder learns a distri-
bution — typically parameterized as a Gaussian with mean and variance vectors — over latent variables
z. During training, a latent sample is drawn from this distribution and passed through the decoder to
reconstruct the input. GANS, on the other hand, adopt a contrasting principle. Rather than directly
reconstructing inputs, they train two networks: a generator that produces samples from random la-
tent vectors and a discriminator that distinguishes between generated and real samples. Through this
adversarial process, the generator learns to produce realistic outputs that match the underlying data
distribution. In doing so, it implicitly learns a meaningful latent representation. Unlike VAEs, GANs
typically prioritize sample realism over explicit latent structure, often resulting in sharper but less in-
terpretable latent embeddings.

Another approach is metric learning, particularly contrastive Chen et al. (2020) and triplet-based
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objectives Hoffer & Ailon (2015), which shape representations by enforcing proximity relationships
between samples in latent space. In contrastive learning, for instance, the model learns to bring sim-
ilar data points (positive pairs) closer together and dissimilar points (negative pairs) farther apart.
This principle, implemented in frameworks such as SimCLR and MoCo, has become central to self-
supervised learning in vision and speech recognition.

The common goal across all these frameworks is to transform raw, complex data into a latent rep-
resentation space where relevant structures are geometrically and statistically defined. In this space,
samples with similar underlying factors cluster together while those with different factors are sepa-
rated. This organization improves predictive performance downstream and provides insight into the
latent structure of the domain itself, revealing how visual, linguistic, or neural phenomena organize

in continuous manifolds of meaning or dynamics, for instance.

2.2.2 REPRESENTATION LEARNING FOR EEG SIGNALS

In recent years, deep learning has increasingly been applied to EEG to automatically learn feature rep-
resentations, mirroring the success seen in computer vision and natural language processing (NLP).
One contributing factor has been the growing availability of larger EEG datasets and BCI benchmarks,
which were historically difficult to obtain. With more data and computational power, since 2017,
researchers have developed deep neural network models for EEG-based BCIs Hossain et al. (2023).
These models learn layered representations of raw EEG data, which can improve performance in tasks
such as motor imagery classification, seizure detection, and affective state recognition. Common ar-
chitectures include convolutional neural networks (CNNs) adapted to multichannel time-series in-
put, often with special spatial filters in the first layer to handle EEG electrode maps, as well as recurrent
networks (RNNs) or transformers to capture temporal dependencies in EEG sequences. For instance,
Schirrmeister et al. (2017) designed a deep convolutional neural network (ConvNet) for EEG that

learned frequency-spatial filters in its initial layer, followed by deeper nonlinear feature extraction.
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This yielded state-of-the-art BCI decoding accuracy at the time. Similarly, EEGNet Lawhern et al.
(2018) introduced a compact CNN architecture specifically designed for EEG. It combines depth-
wise and temporal convolutions to learn frequency-specific features and has proven effective across
different BCI paradigms. These deep networks essentially act as representation learners; the network’s
hidden layers form an embedding of the EEG signal that is discriminative for the task at hand (e.g.,
distinguishing between different imagined movements) and is often more robust than standard fea-
tures.

A recent systematic review Guetschel et al. (202.4) identified the wide variety of deep representation
learning techniques used in BCI, highlighting the field’s rapid growth. Notably, unsupervised and
self-supervised learning approaches have emerged as a way to learn EEG representations without the
need for large labeled datasets. Among the 81 BCI papers reviewed, autoencoders were the most preva-
lent unsupervised method: 34 studies employed some form of autoencoder to learn low-dimensional
codes from EEG signals. These autoencoders can discover structure in EEG signals (e.g., denoising
autoencoders can learn to remove artifacts), and their latent features can be used to train classifiers or
facilitate transfer learning (adapting models across subjects or tasks). Beyond autoencoders, at least 13
studies have explored self-supervised learning (SSL) on EEG, with 10 of those appearing after 202.1.
This reflects how new the trend is: researchers are beginning to apply techniques such as contrastive
learning, pretext task training, and Transformers (inspired by successes in vision and natural language
processing) to brain signals. Recent works propose contrastive frameworks that learn EEG embed-
dings by grouping representations of the same trial under different augmentations or across subjects
while separating representations of different classes or individuals. These SSL methods aim to learn
invariant EEG features that generalize across variability (e.g., sessions or subjects), a crucial goal for
BClIs since models often perform poorly when applied to a new user or slightly different context.
Initial results are promising. Self-supervised EEG models have demonstrated improved robustness

and cross-domain transfer (e.g., improving sleep stage classification by pretraining on unlabeled EEG
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recordings). However, this line of work is very recent and still maturing.

2.3 NEURAL SIGNAL DECODING IN THE ERA OF FOUNDATION MODELS

Neural signal decoding has significantly evolved with the advent of foundation models, enhancing the
understanding of brain activity in response to various stimuli. These models leverage large datasets
and advanced machine learning techniques to improve decoding accuracy across diverse applications,
from visual processing to BCIs. The following sections outline key advancements and implications of
this evolution.

Recent progress in visual experience decoding illustrates the capabilities of foundation models in
capturing complex neural representations. Studies using whole-brain fMRI analysis have shown that
large pretrained models can reconstruct visual experiences with markedly higher semantic fidelity than
traditional decoding methods, achieving improvements of over 40% in accuracy Wang et al. (2024b).
These approaches integrate large-scale fMRI encoders with generative models, allowing a more com-
prehensive interpretation of visual stimuli that extends beyond the primary visual cortex to include
associative regions such as the default mode network Wang et al. (2024b). This integration reveals that
perception and imagination rely on distributed neural codes, a finding that underscores the power of
representation learning in uncovering shared principles of brain organization.

Parallel developments have emerged in neuromodulation and symptom decoding, where founda-
tion models trained on chronic electrophysiological recordings have demonstrated the ability to de-
code behavioral or clinical states without requiring patient-specific retraining Merk et al. (2025). Such
models are capable of adapting to long-term fluctuations in neural activity and symptom expression,
making them promising tools for closed-loop neuromodulation systems that adjust stimulation pa-
rameters in real time. Their capacity to generalize across individuals and recording conditions high-

lights a major step toward personalized yet scalable therapeutic interventions.
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In the domain of language and cognition, multiple studies have shown that non-invasive brain
recordings can capture multiple types of linguistic information Huth et al. (2016); Broderick et al.
(2018); Caucheteux & King (2022), yet early decoding efforts were limited to reconstructing words
or sentences within small, closed vocabularies Pereira et al. (2018); Dash et al. (2020); Moses et al.
(2021), restricting their adaptability in open vocabulary contexts where linguistic diversity and seman-
tic complexity are essential Wang & Ji(2022). Recent work shows that the brain encodes language into
high-dimensional semantic spaces Gauthier & Ivanova (2018); Caucheteux & King (2022), similar to
how pre-trained models such as BERT Devlin et al. (2018), BART Lewis et al. (2019), T's Raftel et al.
(2020), and GPT-4 OpenAl (2023) represent words as contextualized embeddings. Building on this
parallel, several studies Wang & Ji (2022); Wangetal. (2023); Tang et al. (2023); Amranietal. (2023b)
have integrated brain decoding with language models to produce semantic brain embeddings, show-
ing that linguistic representations can be inferred directly from neural activity Vaidya et al. (2022).

Recent advances have also focused on large-scale pre-training for neural signals. Building on self-
supervised learning from vision and language, several studies have applied foundation-style pre-training
to EEG and biosignals. Kostas et al. (2021) introduced BENDR, adapting contrastive learning to
extract compact EEG features, while MMM Vi et al. (2023) and BIOT Yang et al. (2023) proposed
topology-agnostic and tokenized pre-training frameworks enabling robust cross-subjectlearning. More
recently, LaBraM Jiang et al. (202.4) leveraged 2,500 hours of EEG recordings and a neural tokenizer
to encode continuous signals into discrete latent codes for masked modeling, substantially improving
transferability.

In parallel, multimodal large language models (MLLMs) have shown remarkable progress in inte-
grating vision, text, and neural data. Models such as LLaVALiu et al. (2023), MiniGPT-4Zhu et al.
(2023), and CogVLM Wang et al. (2024a) extend large language models with perceptual encoders
to achieve cross-modal reasoning and alignment. These developments point toward a convergence

between neural decoding and multimodal foundation modeling, paving the way for unified models
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capable of jointly representing brain, language, and perception.
While the advancements in neural signal decoding through foundation models are promising, chal-
lenges such as individual variability and real-time processing constraints remain significant hurdles

that need to be addressed for broader implementation in clinical and everyday settings Zhang (2025).
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Part I1

From Task-Specific to General

Representations
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Engineering is quite different from science. Scientists try to
understand nature. Engineers try to make things that do

not exist in nature.

Yuan-Cheng Fung

Classical EEG-Based Control Systems
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3.1 EEG AcQUISITION AND MOTOR IMAGERY CLASSIFICATION FOR RoBoTIC CON-

TROL

This section outlines the findings derived from assessing the feasibility of motor imagery BCIs in the
control of robotic systems.

In particular, we examined the feasibility of employing portable EEG devices for extended dura-
tion in the context of robotic control scenarios. Our investigation is grounded in the hypothesis that
portable EEG systems featuring dry electrodes, ofter a practical and effective approach for the ongoing
acquisition of EEG data, a pivotal requirement for real-world BCI applications.

The aim of our research was twofold: firstly, the development and testing of traditional learning-
based techniques for classifying motor imagery tasks using signals acquired from a portable EEG de-
vice equipped with eight dry electrodes, and secondly, the practical experimentation of the generated
models on a built miniature robotic vehicle simulating a wheelchair in which motor imagery tasks are
matched with simple vehicle control commands.

Four motor imagery tasks have been considered: right hand, left hand, hands up, and feet lifting.
Classifiers were designed to predict the identified motor activities. Additionally, the motor activities
were grouped into two classes, with one class comprising the right hand and left hand, and the other
containing the remaining two activities. This approach resulted in the generation of two-class classi-
fiers.

The proposed approach involves segmenting the data acquired through the device, extracting Com-
mon Spatial Pattern (CSP) features, and subsequently training both a Support Vector Machine (SVM)
and a K-Nearest Neighbors (KNN), one for each subject in the dataset. The dataset was constructed
by involving s subjects ranging in age from 277 to 45 years. The collection of the EEG data has been
made using a visual stimulation experimental setup.

Experimental results show an average accuracy of 36,32% for the multi-label classification, and
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63,00% and 58,78% accuracy for the binary classification, respectively.

3.1.1 MATERIAL AND METHODS

3.1.2 DESCRIPTION OF THE MI EXPERIMENT FOR RoBOTIC CONTROL

The motor imagery experiment consists of four different motor imagery tasks and a resting state. Par-
ticipants are instructed to vividly imagine four types of movements: moving the left hand, the right
hand, both hands, and lifting the feet. These imagined movements have direct correlations with the
robot control commands in the experiment: imagining moving the left hand corresponds to turning
the left control, the right hand corresponds to turning the right control, both hands correspond to
forward control, and lifting the feet corresponds to stop control. These tasks were selected based on
their intuitive mapping to real-world robot controls, to enhance the usability and user adaptability of
the system.

Five subjects (four males, and one female) aged between 27 and 45 years participated in this study.
They declared not to have participated in any previous EEG experiment. Each participant was pro-
vided with a comprehensive overview of the study and gave their informed written consent. Partici-
pants were seated in a controlled environment, approximately 6ocm away from a 27-inch LED display.
To minimize external distractions and potential artifacts in EEG data, they were instructed to avoid
unnecessary movements, particularly those involving the head and upper body, during the experi-
ment. There are two parts to the experiment. First, subjects were asked to maintain a comfortable
position with their eyes open and were instructed about the EEG device setup and the experimental
procedure to perform. Participants were then asked to perform the four predefined MI tasks, with
EEG data being continuously recorded. Each MI task involved the participant imagining the move-
ment of the lefthand, right hand, both hands, and lifting feet, corresponding to specific vehicle control

commands. The tasks were presented as textual stimuli on the LED display for s seconds each. This
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was followed by a 2-second blank screen and a 2-second fixation cross to allow participants to mentally
prepare for the next task. The order of tasks was randomized for each participant to avoid order effects
but kept consistent across participants for comparative analysis. Each session resulted in a 1o-minute
EEG recording covering the full range of tasks. The entire procedure was repeated twice for each par-
ticipant, with a 5-minute break between sessions. This break was introduced to prevent fatigue and
to maintain the quality of the motor imagery. The two difterent recordings denote training and test-
ing data. For participant 1, the entire experiment was repeated two times on different days to test the

repeatability of the EEG signals under similar conditions.

3.1.3 DATA ACQUISITION

EEG data were collected using abmedica® Helmate device. Helmate is a non-invasive EEG Class ITA
device certified according to the Medical Device Regulation (EU) 2017/745. The device comprises 1o
dry electrodes, channels plus reference and bias, that follow the international 10-20 EEG system Klem
(1999). The channels are located at FP1, FP2, Fz, Cz, C3, C4, O1, and O2, while the reference and
bias electrodes are placed in the frontal region at AFz and FPz, respectively. Figure 3.1 reports the data
signal acquisition details of abmedica Helmate device. Data is transmitted to a paired PC desktop via
wireless Bluetooth at a sampling rate of 512 Sz/s, and raw data is recorded with the abmedica ‘Helm8

Software Manager’ software.

3.1.4 DATA PRE-PROCESSING

We preprocessed the entire MI-BCI dataset using the MNE-Python package Gramfort et al. (2013),

which is openly available. The pre-processing phase, shown in Figure 3.2, consists of multiple steps:

"https://www.abmedica.it/
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Figure 3.1: Acquisition process of EEG device Helmate8 from abmedica.

FiLTERING  The EEG data is filtered between o.5 and 48.5 Hz using a 4th-order band-pass Butter-

worth filter to mitigate the effects of noise, signal artifacts, and power-line interference.

ArTIFACT REMOVAL  Independent Component Analysis (ICA) Comon (1994) is applied to the
filtered signals to remove the common physiological artifacts, such as eye blinks, eye movements, and

muscle contractions, more accentuated by dry electrodes and major freedom of movements.

WINDOWING  The preprocessed signals are segmented in windows of 2.0s with an overlap between
subsequent segments of o.5s. The preprocessed signals were further standardized on each electrode
by subtracting the mean and dividing by the standard deviation, ensuring consistent scaling across all

electrodes.

3.1.5 FEATURE EXTRACTION AND CLASSIFICATION

Each segmented EEG signal is filtered through a 12-band Filter Bank, with a 4 Hz bandwidth, equally
spaced from o.5 to 48.5 Hz. Then, they are fed to the Common Spatial Pattern (CSP) algorithm,

obtaining a 96-feature vector representation for each window Ang et al. (2008). To classify these
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EEG signals, we employed two machine learning algorithms: Support Vector Machine (SVM) and
K-Nearest Neighbors (KNN), thereby mitigating the computational burden that typically impacts
Deep Learning solutions.

Both SVM and KNN were applied to classify the EEG data into four classes corresponding to the
motor imagery tasks: left hand, right hand, both hands and lifting foot movement. Additionally, two
binary classifications were performed to investigate the robustness of the classification models. First,
both hands and lifting feet movements. Then, right-hand and left-hand movements. The training
process was conducted individually for each subject, resulting in the creation of dedicated models for

every participant.
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Figure 3.2: Proposed EEG pre-processing pipeline applied to the motor imagery dataset. The figure displays the signal at
each processing stage: (a) raw EEG, (b) after band-pass filtering (0.5-48.5 Hz), (c) after ICA-based artifact removal, and (d)
after windowing and standardization. For each stage, the averaged evoked response (left) and scalp topography at a
representative time point (right) are shown across the 8 recording channels (FP1, FP2, Fz, Cz, C3, C4, 01, O2). The
topographies illustrate the spatial distribution of activity, demonstrating progressive noise reduction while preserving
task-relevant neural patterns.
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Table 3.1: Macro average accuracy and standard deviation for each subject, across all the classes, for motor imagery
classification. We report the results for multi-class and binary classifications.

4 classes 2 classes (lift feet, both hands) 2 classes (right hand, left hand)
Subject | KNN SVM | KNN SVM | KNN SVM
I 40.00% 40.00% 65.56% 65.56% 67.78% 55.56%
2 38.95% 38.95% 61.11% 56.67% 52.22% 50.00%
3 34.74% 26.36% 60.00% 63.33% 58.89% 50.00%
4 33.78% 36.84% 56.67% 55.56% 57.78% 65.56%
5 35.79% 37.86% 78.89% 66.66% 72.22% 57.78%

avg:l:std‘;é.és%:l:z.y 36.00%:|:4.93‘64.45%:t7.76 61.56% 14.58 ‘61.78%:&:7.22 55.78% £5.77

3.1.6 RESULTSs AND DiscussioN

3.1.7 EXPERIMENTAL RESULTS

The performance of the models is evaluated in terms of the macro-average accuracy, which represents
the average accuracy across all classes, and the corresponding standard deviation, which is calculated
for each subject. We evaluate the classification performance for both multi-class (4 classes) and binary

(2 classes) scenarios.

4-CLASS CLASSIFICATION

Table 3.1 summarizes the macro average accuracy and standard deviation across subjects for classifying
MI tasks into four different classes. The results suggest that although the accuracy in distinguishing
between all four classes is modest, it represents a promising first step in the development of MI-based
BClI systems for vehicle control. The challenges of accurately classifying multiple motor imagery tasks

are expected, given the subtle differences in EEG patterns associated with each task.
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BINARY CLASSIFICATION

In addition to four-class classification, we also investigated performance in a binary classification set-
ting. Two binary scenarios were considered: (1) ”lift feet” and "both hands” tasks, and (2) "right hand”
and ”left hand” tasks. The results for the binary classification tasks are also shown in Table 3.2. No-
tably, the system achieved higher accuracy in the binary classification, with an average accuracy of ap-
proximately 64.45% for KNN and 61.56% for SVM when classifying the ”lift feet” and ”both hands”
tasks. Similarly, the system achieved an average accuracy of about 61.78% for KNN and 55.78% for
SVM in recognizing “right hand” from “left hand” tasks. This improvement in accuracy can be at-

tributed to the reduced complexity of binary classification compared to multi-class classification.

3.1.8 RoOBOT VEHICLE SIMULATION

To simulate the results of our study, we used a scaled-down robotic vehicle model that integrates 3D
printed components and key electronic elements (see Figure 3.3). This prototype should be under-
stood in the context of our research scope - the controls implemented for this vehicle are relatively
simple and do not reflect the complexities of real-world applications such as wheelchair control. The
operation of the vehicle relies on a step-down DC-DC converter, an ESP32 microcontroller, and a
USB-C power supply trigger, all carefully assembled on a prototyping board. Power is supplied by a
portable battery that provides the smooth voltage regulation critical for consistent performance. Ve-
hicle motion is provided by two DC-geared motors under the control of the L298N driver and the
ESP32 microcontroller. This setup interprets signals via MQTT (Message Queue Telemetry Trans-
port) and translates classifier predictions into corresponding motions. To better visualize the correct-
ness of the vehicle path, we developed a GUI showing the correspondence between the planned path

and the actual one (see Figure 3.3d).

56



prediction
Expected
Error

(@) (b) () (d)

Figure 3.3: Scaled-down robotic vehicle employed for simulation: (a) support base with the various electronic
components installed on it; (b) board with electronic components; (c) 3D printed components and key electronic
elements; (d) GUI showing the correspondence between the planned path and the actual one.

3.1.9 CONCLUSIONS

In this work, we explore and validate the practical application of low-cost and minimally invasive EEG
devices for the control of robotic systems. In the experiment, we collected EEG data from five partici-
pants and trained machine learning models on motor imagery tasks that can be used to control robotic
systems, such as wheelchairs and robotic arms. The experimental results on the four-class task are not
very accurate, while the results on the binary classification tasks are very encouraging with an average
accuracy of about 61%, demonstrating the viability of using portable EEG devices with dry electrodes.
Based on the results of our research, there is significant potential to expand the scope of BCI applica-
tions in the area of assistive technologies, such as wheelchairs driven by EEG-based systems and robotic

arms controlled by neural signals, that provide new levels of independence for people with disabilities.
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3.2 EMOTION PERSONALIZATION WITH MACHINE LEARNING USING EEG S1GNALS

Emotion recognition plays a vital role in various fields, including healthcare, affective computing, and
human-computer interaction Ali et al. (2016); Bos et al. (2006); Alimardani & Hiraki (2020). One of
the most relevant tasks in the field of emotion recognition is the measurement of valence and arousal
dimensions, which represent the positive/negative and low/high activation levels of emotions, respec-
tively. However, accurately and reliably classifying valence and arousal from brain signals poses signifi-
cant challenges due to the complexity of neural responses and the inter-subject variability, which either
refers to the differences in neural responses and patterns of brain activity related to emotions across
different individuals Kim & Jo (2018). Each person has a unique brain structure, neural connectivity,
and physiological characteristics, which can lead to variations in how emotions are represented and
manifested in the brain Ekman et al. (1999). For example, genetic differences, life experiences, cul-
tural backgrounds, and individual cognitive and emotional processes may influence the way emotions
are experienced.

In this work, we address the challenge of personalizing BCI models utilizing a wireless consumer
non-invasive electroencephalogram (EEG) device with dry electrodes. Our research investigates the
effectiveness of three machine learning algorithms in classifying valence and arousal: k-Nearest Neigh-
bors (k-NNs), Support Vector Machines (SVMs), and Artificial Neural Networks (ANNs). To achieve
personalization, we adopt an incremental learning approach by progressively incorporating high-quality
subject data during model training that is taken from the ground-truth. We compare the performance
of the models before and after personalization. Results demonstrate that personalized models consis-
tently outperformed the non-personalized models across all the classifiers we employed of a significant
amount. Specifically, the integration of subject-specific data led to better discrimination of emotional
states, resulting in accuracy improvements of 27.82% and 28.80% for valence and arousal, respectively,

when compared to the non-personalized models.
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In a nutshell, the main contributions of this work are the following.

* Addressing the personalization problem in non-invasive BCIs for valence and arousal classifi-

cation using machine learning techniques.
* Experimentation on EEG data collected from a wearable 8-channel dry electrode device.

* Introducing an incremental learning framework that integrates subject-specific data into the

training process.

* Highlighting the effectiveness and potential of personalization techniques in enhancing the

accuracy of BCI models for emotion recognition.

3.2.1 DATA: VALENCE AND AROUSAL

Valence and arousal are two fundamental dimensions in the domain of emotional states. They rep-
resent key aspects of human subjective experiences and serve as important constructs in the field of
emotion research.

Valence refers to the subjective quality or pleasantness of an emotional state, ranging from positive
(e.g., happiness, joy) to negative (e.g., sadness, fear). It reflects the overall hedonic tone of an emotional
experience, with positive valence indicating positive affect and negative valence indicating negative
affect.

Arousal, on the other hand, pertains to the intensity or activation level of an emotional state. It
captures the degree of physiological and psychological activation, ranging from low arousal (e.g., calm,
relaxation) to high arousal (e.g., excitement, tension). Arousal reflects the energy, alertness, and readi-
ness for action associated with an emotional experience.

Valence and arousal are often represented as a two-dimensional space known as the affective cir-

cumplex model Russell (1980). This model provides a framework for understanding and categorizing
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Figure 3.4: Electroencephalogram device Helmate8 from abmedica. From left to right: outside and inside of the device, a
dry electrode.

emotions based on their location in the valence-arousal space. Emotions can be positioned within this
space according to their valence (positive or negative) and arousal level (low or high), allowing for a
comprehensive characterization of emotional experiences.

The dataset used in the experimentation is a wearable MI-BCI-based Apicella et al. (2022) that has
been acquired using an abmedica Helmate8 device, shown in Figure 3.4.

The dataset contains EEG recordings from a total of 26 participants. Each participant took part
in a single session, during which an ad-hoc experimental protocol was implemented to elicit different
emotional states Apicella et al. (2022). The experimental design was guided by the circumplex model
of affect Russell (1980), which served as the theoretical framework. Specifically, the aim was to induce
positive/negative valence and high/low arousal states by presenting a randomized sequence of Inter-
national Affective Picture System (IAPS) images Lang et al. (2005). Participants were instructed to
passively observe the images without actively attempting to regulate their emotions. Prior to the start
of the experiment, detailed information regarding the study’s purpose and methods was provided to
the participants. They were also instructed to minimize their movements during the tasks, ensuring
minimal interference with the EEG recordings. The EEG signals were acquired at a sampling rate of

512 Sa /s, transmitted and stored using Simulink (Matlab v. R2021b).
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Figure 3.5: The proposed method to personalize valence and arousal classification models using EEG signals.

3.2.2 |HE PERSONALIZATION METHOD

This work aims to investigate and address the personalization problem in BCIs for valence and arousal
classification using machine learning techniques. The objective is to explore the effectiveness of incor-
porating subject-specific data and adapting machine learning models to individual users to enhance
the accuracy and reliability of BCI systems for emotion recognition. To achieve this aim, the study

focuses on the following two research questions:

* RQr: Does personalization improve the accuracy and reliability of valence and arousal classi-

fication in non-invasive BCIs?

* RQ2: How do different machine learning algorithms compare in the context of personalized

non-invasive BCI systems?

To address these research questions, this study aims to contribute to the understanding of the ben-
efits and challenges of personalization in BCI systems, in the context of valence and arousal classifica-
tion.

Figure 3.5 sketches the personalization method, which consists in two main phases.
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Figure 3.6: The proposed pre-processing and feature extraction method for EEG signals.

The Pre-processing phase aims at enhancing the quality of the EEG data by removing artifacts and
extracting discriminative features.

The Personalization phase aims at tailoring a classifier for valence and arousal classification person-
alized to the target subject. The phase includes three steps. The first step derives a subject-independent
model using the subjects in the dataset except for target subject x. The second step aims at adapting
the subject-independent model to the subject x. The third and last step exploits incremental learning

to facilitate the adaptation of the subject-dependent model to new, unseen, data from the subject x.

PRE-PROCESSING PHASE

The architecture of the proposed pre-processing and feature extraction approach is shown in Fig-
ure 3.6.

The pre-processing phase consists of 4 steps:

FiLTERING  The EEG data is filtered between o.5 and 48.5 Hz using a 4th-order band-pass Butter-
worth filter to mitigate the effects of noise, signal artifacts, and power-line interference. In addition,
the selected range contains the traditional five EEG bands: delta (o-4 Hz), theta (4-8 Hz), alpha (8-13

Hz), beta (13-30 Hz), and gamma (>30Hz).
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ARrTIFACT REMOVAL  Independent Component Analysis (ICA) Comon (1994) is applied to the
filtered signals to remove the common physiological artifacts, such as eye blinks, eye movements, and

muscle contractions, more accentuated by dry electrodes and major freedom of movements.

WiINDOWING  The preprocessed signals are segmented in windows of 2.0s with an overlap between
subsequent segments of 1s. For instance, 5 seconds of data, corresponding to 2560 samples, was split
into four windows of 2.0s, composed of 1024 samples each. The total number of segments obtained
was 6,124, among all the subjects.

The preprocessed signals were further standardized on each electrode by subtracting the mean and

dividing by the standard deviation, ensuring consistent scaling across all electrodes.

FEATURE EXTRACTION Each segmented EEG signal is filtered through a 12-bands Filter Bank,
with a 4 Hzbandwidth, equally spaced from o.5 to 48.5 Hz. The traditional five bands are divided into
12 sub-bands. In this way, each window is composed of 12 frequency bands, 8 channels, and 1024
samples. Then, they are fed to the Common Spatial Pattern (CSP) algorithm, obtaining a 96-feature

vector representation for each window Ang et al. (2008).

MacCHINE LEARNING CLASSIFIERS

To respond to RQ2, we selected three well-known machine learning algorithms: k-Nearest Neighbors

(k-NN), support vector machines (SVM), and artificial neural networks (ANN).

K-NEAREST NEIGHBOR  Thek-NN algorithm is a simple yet effective non-parametric classification
method. Given a new input sample, the k-NN algorithm finds the k-nearest samples in the training
set based on a distance metric and assigns a class label to the new sample based on the majority class

among its k-nearest neighbors.
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The number of neighbors (k) was set to 1. The Euclidean distance metric was used to measure the

similarity between instances.

SurPORT VECTOR MACHINE (SVM) SVM is a powerful supervised learning algorithm used for
classification tasks. SVM aims to find an optimal hyperplane or set of hyperplanes that separate the
different classes with the maximum margin. SVM can handle linearly separable as well as non-linearly
separable data by using the kernel trick. The kernel function transforms the input data into a higher-
dimensional feature space, where the classes become separable.

A Radial Basis Function (RBF) kernel was selected, while the regularization parameter (C) was set to

I.

ArTIFicIAL NEURAL NETWORK (ANN)  ANNs are computational models inspired by the struc-
ture and function of biological neural networks. They consist of interconnected nodes (neurons)
organized in layers: input, hidden, and output layers. Each neuron receives input signals, performs
computations, and passes the output to the next layer.

The ANN consisted of four fully connected layers [64, 64, 32, 2] with ReLU activation functions. It
used the Adam optimizer with a learning rate of 1e-3, and the cross entropy loss function. The batch

size was 32, and the total number of epochs was 200.

PERSONALIZATION PHASE

The objective of personalization is to build a model that is tailored to subject «.

The personalization phase generates three incremental models: from the most general one (subject-
independent) to the one most tailored to subject x (refined subject-dependent model). The generated
models are validated to determine their effectiveness. For this purpose, the samples belonging to sub-

ject x are divided into two equal partitions: Py and Py. Py serves as the testing set to evaluate the
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performance of the models, while Py, is used to adapt the model to subject x. The personalization

phase involves the following three steps.

MopEeL GENERATION  The goal of this step is to establish a robust and generalized model that
can serve as a starting point for subsequent personalization. The generated model, termed subject-
independent model, is obtained using the data from all subjects except for the target subject x. Tradi-

tional machine learning classifiers may be employed to train the subject-independent model.

MopEeL ApAPTATION  This step focuses on subject x and aims to adapt the subject-independent
model to the individual characteristics of the target subject x. The Py, setis partitioned into Py, ; and
Py 5, both of equal size. Pl,; is utilized to fine-tune the subject-independent model generated in the
previous step. By incorporating subject-specific data, the generated model, termed subject-dependent
model, is tailored to capture the unique neural responses and patterns of brain activity associated with

the valence and arousal dimensions.

MopEeL REFINEMENT  This step aims to adapt the subject-dependent model more closely to the
characteristics of subject x in order to improve its performance.

Theincremental learning phase takes advantage of an additional subset of the subjectx’s data: Py 5.
By incrementally integrating new data samples of the subject x into the model (termed refined subject-
dependent model), it becomes more able at capturing the different subject’s neural responses and en-
hancing its predictive accuracy for valence and arousal classification.

The validation procedure involved executing the 3 steps for all 29 subjects present in the dataset.
For each subject, the procedure was replicated for the three machine learning algorithms described in

Section 3.2.2 (k-NN, SVM, and ANN), resulting in a total of 9 models per subject.
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Table 3.2: Macro average accuracy and standard deviation, across all the subjects, for valence and arousal classification.
The best performance value is highlighted in bold.

Valence Arousal
Classifier | Subject-independent Subject-dependent Refined subject-dependent ‘ Subject-independent Subject-dependent Refined subject-dependent
k-NN 48.94% t04.95 65.36% t04.32 76.76% +03.83 49.06% *07.19 68.97% *09.35 77.86% +07.88
SVM 49.81% *o5.05 62.17% 05.29 65.82% to4.42 46.31% *10.76 57.16% t12.05 63.06% t11.31
ANN 49.17% t05.42 53.30% $04.39 56.83% *05.13 48.94% $09.38 56.45% *t09.12 61.07% *09.32
average ‘ 49.30 % tos.14 60.27 % t04.66 66.47 % 1£4.46 ‘ 48.10% t09.11 60.86 % t10.17 67.33 % t9.50

3.2.3 EXPERIMENTAL RESULTS

All three models generated in each step are evaluated over the Py that serves as the testing set.

The performance of the models is evaluated in terms of macro average accuracy, which represents
the average accuracy across all classes, and the corresponding standard deviation, calculated across all
subjects.

Table 3.2 shows the average of the results obtained by all methods over the EEG dataset, for both
valence and arousal. Table 3.3 shows the accuracy of both valence and arousal for the k-NN classifier
(k-NN) for all the subjects.

The results demonstrate that the personalized models (i.e., subject-dependent and refined subject-
dependent), on average, consistently outperformed the non-personalized models (i.e., subject-independent)
in terms of macro accuracy.

The accuracy of the personalized models exhibited a significant improvement across all three clas-
sifiers, 17.17% for valence and 19.23% for arousal, indicating that the integration of subject-specific
data led to better discrimination of emotional states.

Response to RQ1: Emotional states are more discriminable when the model used for their predic-
tion is built using a personalized approach. For both valence and arousal dimensions, the k-NN classi-
fier achieved the highest accuracy among the three classifiers in the personalized models. The subject-
dependent and refined subject-dependent classifiers showed substantial improvements, achieving ac-

curacy rates of 65.36% and 76.76% for valence, and 68.97% and 77.86% for arousal, respectively, with
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Table 3.3: Macro average accuracy for each subject when k-NN is adopted during the proposed personalization

procedure.
Valence Arousal

Subject | Subject-independent Subject-dependent Incremented Subject-dependent | Subject-independent Subject-dependent Incremented Subject-dependent
oor1 47.50% 66.67% 78.33% 45.00% 71.67% 84.17%
002 51.67% 68.33% 86.67% 51.67% 61.67% 76.67%
003 49.17% 62.50% 77.50% 33.33% 74.17% 80.00%
004 56.67% 69.17% 76.67% 49.17% 65.73% 74.20%
005 50.00% 56.67% 76.67% $1.67% 60.00% 72.50%
006 47.50% 70.83% 76.67% 50.83% 62.50% 75.83%
ooy 55.83% 64.17% 79.17% 34.17% 46.87% 62.44%
008 50.00% 65.83% 75.83% 52.50% 75.83% 82.50%
009 50.83% 62.50% 80.00% 56.67% 75.00% 78.33%
oro 50.00% 67.50% 75.83% 40.83% 83.33% 90.83%
oI11 55.00% 66.67% 79.17% 49.17% 70.00% 76.67%
o12 53.33% 72.50% 74.17% 43.33% 70.00% 73.33%
013 $1.67% 65.83% 80.00% 55.00% 60.00% 74.17%
o14 50.83% 56.67% 72.50% 55.83% 72.50% 76.67%
or1s 45.83% 65.83% 75.00% 55.83% 68.33% 80.00%
016 46.67% 68.33% 75.00% 48.33% 55.83% 75.83%
o17 45.83% 70.83% 80.83% 39.17% 80.00% 82.50%
o18 $3.33% 59.17% 65.00% 59.17% 60.00% 58.33%
o19 54.17% 60.83% 75.00% 50.83% 78.33% 82.50%
020 45.00% 71.67% 78.33% 48.33% 62.50% 76.67%
021 35.83% 67.50% 78.33% 53.33% 80.83% 85.83%
022 43.33% 60.00% 77.50% 50.83% 81.67% 88.33%
026 40.00% 64.17% 80.83% 55.00% 83.33% 94.17%
027 50.00% 61.67% 71.67% 60.83% 72.50% 80.00%
028 40.83% 64.17% 75.00% 47.50% 60.83% 77.50%
029 51.61% 69.35% 74.19% 37.10% 59.68% 64.52%
average ‘ 48.94% *04.95 65.36% t04.32 76.76% +03.83 49.06% *07.19 68.97% *£09.35 77.86% +07.88

improvements of 27.82% and 28.80% respectively.
Response to RQ2: When dealing with the prediction of emotional states, a KNN-based personal-

ized model allows to obtain better results with respect to SVM and ANN.

3.2.4 DISCUSSION AND LIMITATIONS

The findings from our study highlight the ability to adapt BCI models to individual users, consider-
ing their unique neural responses and patterns of brain activity related to emotions. The inter-subject
variability observed in emotional responses can pose challenges when attempting to develop general-
ized models. However, by personalizing the models, we can account for these individual differences
and tailor the classification algorithms to better capture the specific emotional states of each subject.
This individualized approach holds great promise for improving the overall performance and user ex-

perience of BClIs.
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While our findings provide valuable insights into the benefits of personalization, further investiga-
tions with larger and more diverse datasets are necessary to validate the generalizability of our results.
Expanding the dataset to encompass a broader range of demographic factors, cultural backgrounds,
and emotional responses would enhance the robustness and applicability of the personalized models.
Another area for future exploration is in the interpretation and explainability of personalized BCI
models. As personalization techniques become more sophisticated, it becomes crucial to understand
how these models arrive at their decisions. Developing transparent and interpretable models will not
only increase user trust but also allow for better understanding of the underlying neural mechanisms
associated with emotions.

Future research in emotion personalization with consumer non-invasive EEG devices, should focus
on: 1) validating findings with larger and diverse datasets, 2) improving interpretability of personal-
ized models, 3) integrating multimodal data for a comprehensive understanding of emotions, and 4)
enabling long-term adaptation based on user feedback. These efforts will enhance the generalizabil-
ity, and usability of personalized emotion recognition models, ultimately maximizing their potential

in improving BCI performance and user experience.
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In one word, to draw the rule from experience, one must
generalize; this is a necessity that imposes itself on the most

cz'rmm:pect observer.

Henri Poincare

Limitations and Motivation for General

Representations
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The previous chapter talked about the old ways of using EEG to control systems. It showed how
these systems have been used to identify different motor imagery and recognize emotions. While these
models have shown good performance in some areas, they have also shown basic limitations that make
it hard for brain-computer interfaces to be used more widely. This chapter looks closely at these limits

and explains the theoretical and practical reasons for learning general-purpose neural representations.

4.1 WayY Task-SpeciFic EEG MoDELS FAIL TO GENERALIZE

The most common approach in processing neural signals has been to create features and train models
for specific tasks. This method has produced functional BCIs, but there are major limitations when

trying to expand these systems.

4.1.1 NON-TRANSFERABILITY ACROSS TASKS

There are different ways to process neural signals. Each of these solutions requires a complete redesign
of the system and training from the beginning. Think about the examples in Chapter 3. The motor
imagery and emotion recognition systems both use EEG signals, and they are processed in similar
ways. For example, they both use bandpass filtering, artifact removal, and channel selection. How-
ever, the knowledge gained from each model doesn’t directly apply to the other’s task. A model thatis
trained to understand motor intentions cannot inform emotion classification, even though both tasks
involve the same brain regions. This non-transferability makes it difficult to use in practice. Each new
application requires different data to be collected, labeled, and prepared. As an example, researchers
trying to expand from motor imagery to emotion recognition have to start from scratch. This ineffi-
ciency is particularly problematic in medical settings. There, different tests—like detecting seizures,
tracking sleep, and assessing cognitive load—use the same neural signals. But each test needs its own

model. This has led to many simple solutions that don’t fully capture the complex information in
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brain signals.

4.1.2 SUBJECT DEPENDENCE AND OVERFITTING

Neural signals exhibit substantial variability among individuals due to anatomical differences, vari-
ations in skull thickness, and unique neural dynamics. Our emotion personalization experiments
clearly illustrate this limitation. Subject-dependent models achieve an average accuracy of 67.33%
across three different architectures. However, this performance catastrophically degrades to 48.10%
when evaluated in a subject-independent manner. This 19.23% drop in performance reveals that
current approaches learn subject-specific artifacts rather than universal neural patterns. The models
memorize unique features such as electrode impedance patterns, anatomical features, and cognitive
strategies rather than extracting transferable neural representations. Consequently, deploying these
systems to new users requires extensive calibration sessions, rendering them impractical for real-world
applications where immediate functionality is essential. The potential of brain-computer interfaces
as assistive technologies remains unfulfilled when hours of training data must be collected by users

before the system can be used.

4.1.3 SESSION VARIABILITY

Even within the same subject, neural signals demonstrate significant non-stationarity across recording
sessions. As demonstrated in the motor imagery experiments of Chapter 3, models trained on data
from one session face significant challenges in maintaining performance when tested on subsequent
recordings, even when experimental conditions remain nominally identical. This session variability is
due to a number of factors. Electrode placement varies between sessions, even when cap positioning
protocols are followed with care. It is important to note that impedance characteristics are subject

to variation due to factors such as skin condition, temperature, and humidity. More fundamentally,
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neural dynamics themselves evolve—factors such as fatigue, learning effects, and circadian rhythms all

modulate brain activity patterns. It is important to note that users may develop different cognitive

strategies over time, which can fundamentally alter the neural signatures of identical tasks.
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Figure 4.1: PCA projection of EEG raw signals across five subjects during motor imagery for robotic control. Each color
corresponds to a different subject. For Subject 1, three distinct clusters are visible, corresponding to three recording
sessions. Despite identical experimental conditions, the separation of these clusters demonstrates significant session
variability, highlighting the non-stationarity of neural signals over time.

Figure 4.1 illustrates an example of this phenomenon. It visualizes the PCA projection of EEG raw
signals collected from five subjects during motor imagery tasks for robotic control. For Subject 1, three
separate recording sessions are represented by distinct clusters in the latent space. This reveals sub-
stantial variability in neural patterns across sessions, despite identical experimental conditions. This
dispersion highlights how session-dependent variations can prevent generalization and reduce model
reliability.

This temporal instability poses a significant challenge to the reliability of brain-computer inter-

faces. Calibrated systems can be unreliable, failing to meet performance expectations. This can lead
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to frequent recalibration, which is both frustrating for users and limits practical deployment. Current
task-specific approaches lack mechanisms to adapt to these temporal dynamics, treating each session

as an independent problem rather than recognizing the underlying continuity of neural processes.

4.2 TOWARD INVARIANT AND TRANSFERABLE EEG REPRESENTATIONS

The limitations documented in the previous section are not inherent to EEG as a modality, but rather,
they reflect the constraints of traditional feature engineering approaches. The fundamental challenge
lies in learning representations that capture underlying neural dynamics while remaining invariant to
nuisance factors, such as anatomical differences, electrode placement variations, and temporal drift,
that have historically prevented generalization. Based on the traditional task-specific approaches, we

have identified three essential requirements for generalizable EEG representations:

* Subject invariance with individual personalization. Models must learn features that capture
general neural patterns while also dealing with variations based on the subject. The 19% accu-
racy drop seen in the cross-subject evaluation shows that current methods mix up anatomical
differences with neural information. A strong representation should separate these factors:
learning a shared feature space that encodes common neural dynamics while explicitly model-
ing individual differences through subject-conditional mechanisms. This allows the model to
understand different subjects without losing information that might be important for a spe-

cific task.

* Temporal stability across sessions. Representations must remain stable despite session-to-session
variability in electrode impedance, placement, and recording conditions. As demonstrated,
EEG signals from the same subject can form distinct clusters across sessions, even under iden-
tical experimental protocols. Traditional features, being deterministic functions of the raw

signal, inherit this instability directly. Learned representations, by contrast, can be trained to
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extract invariant structure through exposure to diverse recording conditions, eftectively learn-

ing to ”see through” technical variations to the underlying neural processes.

¢ Task Transferability. Features should capture general properties of neural dynamics rather
than task-specific patterns, enabling transfer across different BCI paradigms. Hierarchical
representation learning addresses this by discovering multiple levels of abstraction: low-level
features capture basic oscillatory patterns and spatial structures common across tasks, while
higher-level features specialize for specific applications through fine-tuning. This mirrors suc-
cessful approaches in computer vision, where ImageNet-pretrained models transfer effectively

to diverse downstream tasks.

The limitations of task-specific approaches are similar to previous challenges in natural language
processing and computer vision. However, representation learning has since transformed these two
fields. Machine learning models have demonstrated their ability to learn general language representa-
tions applicable to various tasks. Similarly, computer vision models have demonstrated their ability
to understand visual content in different contexts. Brain-computer interfaces are undergoing a sim-
ilar evolution. The key insight is surprisingly simple. Instead of training specialized models for each
task, we first learn general representations of neural signals that capture their fundamental structure.
Then, we adapt these representations for specific applications. This approach inverts the traditional
pipeline. Instead of engineering features for each task, we learn universal features that encode the rich
information present in neural signals independently of any particular downstream application.

This paradigm is facilitated by the convergence of three important factors. First, large datasets
such as the Temple University Hospital (TUH) Obeid & Picone (2016) corpus and the Mother of
All BCI Benchmarks (MOABB) Aristimunha et al. (2025) provide the data heterogeneity needed for
learning robust representations. Over thousands of subjects, over different recording paradigms, and

over heterogeneous cognitive states, these datasets provide the heterogeneity needed for generalisa-
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tion. Second, advances in computing power have allowed self-supervised learning approaches, which
have proved to be the turning point for representation learning for other domains. Large models can
now be learned on hundreds of hours of unlabelled electroencephalography recordings. Third, the re-
markable success of foundation models in vision and language provides theoretical foundations and
practical architectures that could be applied to fitting neural signals.

One model, pre-trained on diverse neural data, could be rapidly adapted for motor control, emo-
tion recognition, medical diagnosis, or novel applications not yet envisioned—all while requiring min-

imal task-specific data for fine-tuning.

Parts IIT and IV of this dissertation develop two complementary approaches to learning generaliz-
able EEG representations, addressing the requirements outlined above:

Part III: Continuous Representations through End-to-End Learning. Chapters 5 and 6 intro-
duce deep neural architectures that learn continuous vector representations directly from raw EEG
signals. Chapter s presents frequency-aware multi-band encoders for motor imagery classification. It
demonstrates that learned spatiotemporal features outperform handcrafted approaches while main-
taining interpretability through frequency decomposition. This architecture explicitly addresses sub-
ject and session variability by using learned subject embeddings.

Chapter 6 extends this framework to semantic decoding, introducing one of the first end-to-end
systems for open-vocabulary EEG-to-text translation. The system achieves a BLEU-1 score of 42.75%
across 30 subjects by aligning neural representations with pretrained language model spaces, demon-
strating both subject generalization and cross-modal transfer. Using transformer encoders with subject-
conditional layers provides a principled way to model universal and individual-specific neural patterns.

Part IV: Discrete Representations for Foundation Models. Chapter 7 introduces a different
approach: vector quantization. This method converts continuous EEG streams into discrete ”brain

tokens” drawn from a learned codebook. This process of discretization offers three significant bene-
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fits. First, mapping signals to a finite vocabulary creates an explicit information bottleneck that dis-
cards irrelevant variations while retaining relevant task structure, achieving invariance across subjects
and sessions. Second, discrete tokens allow for compositional reusability via token-level statistics and
lightweight downstream classifiers. In this model, a pretrained tokenizer remains fixed while only
small task-specific heads change. Third, discrete tokens serve as native inputs for modern large lan-
guage models and multimodal transformers. This enables direct integration with architectures like

BERT and GPT, opening pathways toward unified brain-language-vision models.
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Part II1

Learning Continuous Neural

Representations
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My mind seems to have become a kind of machine for

grinding general laws out of large collections of facts.

Charles Darwin

Learning Spatiotemporal Representations

from EEG Signals
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Traditional machine learning and deep learning methods rely on handcrafted features, requiring
domain expertise and often lacking robustness across subjects Casso et al. (2021); Angrisani et al.
(2020); Zhang et al. (2019b); Lawhern et al. (2018); Ding et al. (2020); Schirrmeister et al. (2017).
Many existing models process EEG signals holistically, which can overlook critical frequency-specific
patterns necessary for MI classification. Additionally, deep learning models are highly sensitive to
inter-subject variability, leading to reduced generalizability across different users and recording ses-
sions. These challenges become even more pronounced when using dry electrodes, as their higher
noise levels and unstable impedance further exacerbate variability and reduce the reliability of learned
features. These limitations highlight the need for an improved approach that can better extract dis-
criminative features while addressing frequency-specific information.

To address these limitations, in this work we propose WavEEGNet, a deep learning-based method-
ology for motor imagery classification using EEG signals recorded from a wearable BCI equipped with
eight dry electrodes. WavEEGNet consists of multiple convolutional encoders (one per frequency

band) and a residual Convolutional Neural Network (CNN) for feature fusion and classification.

5.1 MODEL DESIGN AND EXPERIMENTAL SETUP

In this work, we propose a two-stage deep network for motor-imagery EEG. Stage 1 uses parallel en-
coders to capture temporal-spatial patterns in four frequency bands (delta, theta, alpha, and beta);
Stage 2 integrates these via a residual CNN for final classification.

To assess its effectiveness, the proposed approach is evaluated on a very challenging EEG motor
imagery dataset acquired using a wearable, non-invasive BCI device equipped with dry electrodes.
Its performance is compared against both traditional machine learning methods and existing deep

learning models.
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5.1.1 EEG DATASET AND PREPROCESSING

To comprehensively evaluate the performance of the proposed approach, we use a wearable MI-BCI-
based dataset acquired with the 2b medica Helmate device by Arpaia etal. (2022). Helmate is a non-
invasive EEG Class IIA device certified according to the Medical Device Regulation (EU) 2017/74s5.
It is equipped with 10 dry electrodes, plus reference and bias electrodes, positioned according to the
international 10-20 EEG system Klem (1999). The electrode locations are FP1, FP2, Fz, Cz, C3, C4,
Or1, and Oz, with reference and bias electrodes placed at AFz and FPz. The dataset consists of EEG
recordings from 27 subjects performing two motor imagery tasks: imagining the movement of the left
and right hand. Each participant completed five sessions, except for three participants (IDs 6, 17, and
27), who completed four. Each session included six runs, with each run consisting of 30 randomized
trials, totaling 180 trials per session. EEG signals were recorded at a sampling rate of s12 Hz and
transmitted via Bluetooth to a custom Simulink model. Evaluation follows an intra-subject protocol:
for each participant, the data are partitioned into 70% training, 10% validation, and 20% testing sets,
ensuring that every model is assessed exclusively on unseen trials from the same subject.

We preprocessed the MI-BCI dataset using the MNE-Python package Gramfortetal. (2013). First,
EEG trials containing artifacts, as identified through visual inspection by the dataset authors, were
removed. A band-pass filter (0.5 Hz — 30 Hz) was then applied to mitigate noise, signal artifacts, and
power-line interference.

To remove physiological artifacts, such as eye blinks and muscle contractions, we applied Indepen-
dent Component Analysis (ICA) Comon (1994). The signals were then resampled to 256 Hz. Next,
the EEG signals were segmented into overlapping windows of 2.0 seconds with a 0.25-second overlap.
For example, a 3-second segment (768 samples) was divided into five windows of 2.0 seconds (512
samples each). The final dataset contained 105,445 segments, with an average of 3,905 per subject

(standard deviation: 330.75).
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Figure 5.1: Overview of the proposed WavEEGNet architecture for motor imagery classification using multi-band EEG
signals.

5.1.2. NETWORK ARCHITECTURE: WAVEEGNET

We introduce WavEEGNet, a neural architecture for EEG-based BCIs that (1) facilitates motor im-
agery classification; (2) combines features from multiple EEG frequency bands; and (3) extracts neu-
rophysiologically interpretable features.

WavEEGNet consists of multiple convolutional encoders (one per frequency band) and a residual
CNN (RS-CNN) for feature fusion and classification. Figure 6.1 illustrates the architecture. The full
description is reported in Table 5.1(a) and (b), respectively, for the CNN encoder, and the RS-CNN
classification architecture.

Let X € R be the raw EEG input, where C is the number of EEG channels. The input is first
filtered into four frequency bands, delta (9, 0.5-4 Hz), theta (6, 4-8 Hz), alpha («, 8-12 Hz), and beta
(8, 12-30 Hz), each denoted as X, Xy, X,, and Xp, respectively. Each frequency band is then pro-
cessed by a separate CNN encoder, denoted as f3(X3), f3(X5), f2(X.), and f5(Xz). EEG signals are
characterized by frequency-specific neural oscillations associated with different cognitive and motor
functions. By independently processing the delta, theta, alpha, and beta frequency bands, WavEEG-
Net ensures that each oscillatory component contributes optimally to feature extraction without in-

terference from other bands. Temporal convolution layers capture short- and long-range temporal
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dependencies crucial for motor imagery classification, while spatial convolutions learn channel-wise
relationships, improving robustness against noise. Furthermore, by integrating these features using a
residual CNN, WavEEGNet enhances classification accuracy while preserving gradient flow during
training.

In each CNN encoder, we perform two convolutional blocks in sequence. First, we use a spa-
tial convolution and a temporal convolution. This two-step convolutional sequence allows to learn
spatio-temporal features, enabling the efficient extraction of frequency-specific for each band. Both
convolutions are linear, and do not use nonlinear activations. Along the feature map dimension, we
apply (i) batch normalization, making the model more robust to changes in the distribution of in-
puts, (ii) average pooling, to reduce the sampling rate of the signal, and (iii) dropout, to help prevent
over-fitting.

Then, we apply a separable convolution, which is a depth-wise convolution followed by a point-
wise convolution. After each convolution there are a batch normalization layer and a ReLU (Rectified
Linear Unit) activation function. The use of a separable convolution significantly reduces the number
of fitting parameters, and separates the learning efforts. The depth-wise convolution focuses on how
to summarize individual feature maps in time, while the point-wise convolution concentrates on how
to optimally combine the feature maps. A flatten layer is then used. The output of each CNN encoder
is a 1D feature vector, denoted as 25, 25, 24, and 2, respectively. The four 1D feature vectors are then
stacked to form a 4D multi-channel representation of the EEG input, which is fed into the RS-CNN
architecture, denoted as: z = [zs; 24; 2,; z{g].

The RS-CNN is based on the simplified CNN presented in Amrani et al. (2021) with the addition
of residual learning connections He et al. (2016). We introduce residual connections (see Figure 6.1)
to address the problem of vaninshing gradients, that can make difficult to learn and update the pa-
rameters of early results. Residual connections provide a shortcut path for the gradient flow during

backpropagation, allowing for improved performance and faster convergence.
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Table 5.1: Architectures of the proposed CNN encoder (left) and Residual S-CNN classification module (right).

Layer type Layer characteristics Output shape

Stacked Input 4X1x128

Convolution 1X5,16 16X 1x128

Batch normalization 16X1Xx128
Layer type Layer characteristics  Output shape

#1 Convolution 1x5,16 16x1x128
Input 1x512x8

#1 Batch normalization 16X 1x128
Spatial conv. 25X 1, 40 40x488x8

#1 Convolution 1X5,16 16X 1x128
Temporal conv. 1x8, 40 40X 488 X1
Batch normalization 40X 488X 1 #1 Batch normalization 16X1Xx128
Average pooling 75X 1 40X28X 1 #2 Convolution 1X5,32,stride 2 32X 1X64
Dropout 40X28X 1 #2 Batch normalization 32X 1Xx64
Depthwise separable conv. 28X 1, 40 40XIXI #2 Convolution 1X5,32 32X 1X64
Batch normalization 40X 1X1 #2 Batch normalization 32X1X64
ReLU activation 40x1X1 #3 Convolution 1X 5,64, stride 2 64X1X32
Pointwise separable conv. IX1,128 128X IX1 L

#3 Batch normalization 64X1X32
Batch normalization 128X IX1

#3 Convolution 1X5,64 64X1X32
ReLU activation 128X IX1

#3 Batch normalization 64X1X32
Flatten 128 3 4+ 3

Average poolin, I1X10 64X1x23

(a) CNN encoder &P &

Fully-connected 1472 X512 512

ReLU activation 512

Fully-connected S12X2 2

(b) Residual S-CNN

RS-CNN consists of an initial convolutional block, followed by three residual blocks, an average
pooling layer, and two fully connected layers. Each residual block is composed of a convolutional
block and an addition operator, which sums the input of the residual block with the output of the
residual block itself. A convolutional block is made up of two subsequent convolutional and batch
normalization layers. It follows a fully connected layer with a ReLU activation function. Finally, the
features are passed directly to a softmax classification with /N units, N being the number of classes in

the data, right and left, denoted as p.
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The proposed model was trained by setting the cross-entropy loss function as follows:

M

L= 11% ; [t:1og(p) + (1 — 1) log(1 — py)] (5-1)

where M represents the data points, #; the truth value taking o or 1, and p; is the softmax probability
for the ### data point. The entire model, composed of four CNN encoders and the RS-CNN, was
trained jointly through minimizing £ in an end-to-end way, for a total of 200 epochs, saving the model
weights that produced the lowest validation set loss. The learning rate was set to le — 4 with a drop
factor of 107! after 100 epochs, and the batch size to 64. The model was implemented in Python,

using the PyTorch framework.

5.1.3 TRAINING PROTOCOL AND EVALUATION METRICS

We compare the proposed approach with traditional machine and deep learning approaches, com-

monly used in EEG classification tasks. These are:

HAND-CRAFTED FEATURES.  From the EEG signals, we have extracted a comprehensive set of hand-
crafted features from three distinct domains: Time-Domain, Frequency-Domain, and Non-Linear
features Stancin et al. (2021). For each channel x; in the EEG input X = x5}, we computed the

following features:

* Time-Domain features: the first three Hjorth parameters, including mobility, activity, and

complexity, were computed based on the variance of the derivatives of the EEG signal;

* Frequency-Domain: the average bandpower of the EEG frequency bands in the delta (9, 0.5-4

Hz), theta (6, 4-8 Hz), alpha (@, 8-12 Hz), and beta (£, 12-30 Hz) ranges were calculated;

* Non-Linear features: the Petrosian fractal dimension (PFD), Higuchi fractal dimension (HED),
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Lempel-Ziv complexity (LZC), and Detrended Fluctuation Analysis (DFA) values were ob-

tained.

The total number of features for the EEG input X'is 88, which provided a comprehensive representa-
tion of the EEG signals in multiple dimensions and domains.

The performances of the Hand-Crafted features were evaluated using two Machine Learning al-
gorithms: the Support Vector Machine (SVM) and the Multi-layer Perceptron (MLP). For the SVM
classifier, a Radial Basis Function (RBF) kernel was utilized, with a regularization parameter (C) of
1.0 and a gamma coefficient calculated as m, where m denotes the number of features. The
architecture of the MLP classifier consisted of three fully-connected layers with sizes 32, 64, and 2,

respectively, and implemented Rectified Linear Unit (ReLu) activation functions, culminating in a

final softmax layer.

BaseLINE MODELS. EEGNet Lawhern et al. (2018) begins with a temporal convolution that learns
frequency-selective filters, followed by a depthwise convolution that produces frequency-specific spa-
tial filters. A separable convolution—depthwise for temporal summarization and pointwise for opti-
mally combining feature maps—precedes the final classification layer.

Temporal Spatial Inception (TSception) Ding et al. (2020) consists of a temporal learner, a spatial
learner, and a classifier. Multi-scale convolution kernels in the temporal and spatial learners capture
representations at different time and space scales; the signal flows through the temporal learner, the
spatial learner, and two fully connected layers to reach the target class.

Shallow ConvNet Schirrmeister et al. (2017) replicates the steps of FBCSP within a single network—
temporal convolution, spatial convolution, squaring non-linearity, and mean pooling—so that all
components can be trained jointly in an end-to-end fashion.

The proposed approach is evaluated and compared on the following metrics: Accuracy, Precision,
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Recall, and F1-score. They are defined as follows:

TP+ TN
Accuracy = (s.2)
TP+ FP+ TN+ FN

Precision — P (5.3)

recision = —op 5.3

P
Recall = —— .

T TPrEN (5-4)
Al — Seore — 2. Precision - Recall (5.5)

" Precision + Recall

where True positive (TP) and false positive (FP) represent the number of correct and incorrect pos-
itive predictions made by the classification model, respectively. True negative (TN) and false negative

(FN) represent the number of correct and incorrect negative predictions made by the model.

5.2  EXPERIMENTAL RESULTS AND DiscussioN

Table 5.2 presents the macro average accuracy for all methods and subjects in the EEG motor imagery
dataset. This reflects the average classification accuracy per class across all sessions for each subject.
Additionally, Table 5.3 provides the macro average values for accuracy, precision, recall, and F1-score,
with each metric reported as the mean and standard deviation across session-specific test sets. The
observed standard deviations are relatively high, indicating significant variability in classification per-
formance across subjects and sessions.

The proposed method achieves an accuracy improvement of over 6% compared to traditional hand-
crafted feature-based approaches. This aligns with the performance of EEGNet, TSception, and Shal-
low ConvNet, collectively demonstrating that deep neural network-based feature extraction outper-
forms traditional feature engineering methods. The results suggest thatlearned neural representations

better capture the underlying EEG patterns for motor imagery classification. Despite these improve-
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Table 5.2: Heatmap of macro average accuracy (%) of all sessions by subject and method.
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ments, the results also highlight the inherent challenges in classifying EEG motor imagery due to signal
complexity and significant inter-subject and intra-subject variability. For example, classification accu-
racy varies substantially between subjects, with subject 8 achieving an average accuracy of 56.88%,
whereas subject 11 exceeds 80%. These discrepancies suggest that some subjects produce more distin-
guishable EEG patterns for motor imagery tasks, whereas others exhibit higher noise levels or lower
separability between classes.

A statistical evaluation using paired t-tests confirms the significant performance gains achieved by
WavEEGNet in motor imagery classification. In all comparisons, the p-values are significantly lower
than o.05, indicating a statistically meaningful improvement. Additionally, WavEEGNet shows statis-

tically significant differences compared to other methods, including HC + SVM, HC + MLP, EEG-
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Table 5.3: Macro average metric of all subjects, accross the 27 subjects.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Hand Crafted features + SVM 55.01 (t4.52) 55.78 (£5.17) 54.72 (£4.69) 55.18 (£4.97)
Hand Crafted features + MLP 54.67 (£5.38) 55.69 (£5.9) 54.96 (+5.08) 55.3 (£5.44)
EEGNet 59.77 (£4.51) 60.62 (+4.61) 60.07 (£4.35) 60.34 (+4.44)
TSception 57.4 (£5.32) 57.6 (£5.29) 57.47 (£5.21) 57.53 (£5.25)
Shallow ConvNet 59.73 (£5.55) 60.79 (£6.31) 59.71 (£5.17) 60.19 (£5.6)
WavEEGNet 66.03 (£5.74) 66.88 (£5.93) 65.95 (+5.66) 66.4 (£5.72)

Net, TSception, and Shallow ConvNet, with p-values consistently below 1 x 107°. These results
highlight the potential of WavEEGNet to enhance EEG-based motor imagery classification and con-

tribute to the advancement of BCI technology.

5.3 DISCUSSION AND LIMITATIONS

While our results demonstrate clear improvements over established baselines using a realistic, consumer-
grade EEG setup, some limitations remain. The evaluation relies on a single dataset, which may limit
generalization. Future work will include validation on public benchmarks and heterogeneous acqui-
sition settings.

Our study focuses on binary motor imagery classification, a widely adopted BCI task. Extending
the approach to multi-class scenarios will be explored to assess scalability. Although rigorous statistical
analysis was applied, we did not conduct cross-subject or cross-dataset validation. Future efforts will
address this by incorporating subject-independent protocols and adaptation strategies.

Finally, while our frequency-specific architecture is motivated by neurophysiological principles that
may enhance robustness, we plan to explicitly assess the model’s resilience to noise, artifacts, and miss-
ing channels in real-world contexts.

In conclusion, this work presents WavEEGNet, a deep learning-based architecture designed for
motor imagery classification using EEG signals recorded from a wearable brain-computer interface

(BCI) with dry electrodes. The architecture independently processes multiple EEG frequency bands
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by employing convolutional encoders to extract temporal and spatial features from four key frequency
ranges (delta, theta, alpha, beta). These features are then combined using a residual convolutional
neural network (RS-CNN) to enhance classification performance.

The effectiveness of WavEEGNet has been demonstrated through comparative evaluations with
state-of-the-art approaches, including both traditional hand-crafted feature extraction methods and
deep learning models. Experimental results confirm that WavEEGNet significantly improves motor
imagery classification accuracy, even with the challenges posed by low-density, dry-electrode EEG sig-
nals. These findings are particularly relevant to the field of assistive technologies, where BCIs offer a
promising solution for individuals with motor impairments. Despite the inherent challenges of signal
complexity, noise, and inter-subject variability, the promising results achieved by WavEEGNet pave
the way for future research focused on refining BCI applications to be more robust, eftective, and

widely accessible.
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The limits of my language mean the limits of my world.

Ludwig Wittgenstein

Cross-Modal Alignment for

EEG-to-Language Decoding
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In this section, we present an end-to-end architecture for non-invasive brain recordings that uses
pre-trained language models for open vocabulary EEG-to-text decoding. Firstly, our end-to-end deep
learning architecture for open vocabulary EEG decoding incorporates a representation learning mod-
ule for raw EEG encoding, a language modeling module based on BART Lewis et al. (2019), and a
GPT-4 OpenAl (2023) refinement module, enhancing the comprehensibility of the generated sen-
tences. The representation learning module includes a subject layer, which permits taking into ac-
count the subjectivity of EEG signals, and a multi-layer transformer encoder, which dynamically adapts
to different lengths of word-level raw EEG signals. These allow the module to effectively extract latent
brain representations, which are then aligned into language token embeddings. Secondly, we use the
BERTScore Zhang et al. (20192) in the evaluation, which incorporates semantic judgment at the sen-
tence level, resulting in a more comprehensive evaluation that is closer to human perception. Thirdly,
we conducted an ablation study to analyze and distinguish the contributions of each module within
our proposal, including the specific impact of the GPT-4 refinement, providing valuable insights for
future research work.

To demonstrate the efficacy of our approach, comprehensive evaluations are conducted on two
publicly available datasets, ZuCo vr1.0 and va.o Hollenstein et al. (2018, 2019), comprising EEG
recordings from 30 subjects actively engaged in natural reading tasks. For a fair comparison, we keep
the same teacher-forcing evaluation setting in EEG-To-Text Wang & Ji (2022) and DeWave Duan et al.
(2023). The results achieved by our proposal, on previously unseen sentences, are a BLEU-1 score of
42.75%,a ROUGE-1-F Lin (2004) of 33.28%, and a BERT Score-F of 5 3.86%, surpassing the previous
state-of-the-art results by 1.40%, 2.59%, and 3.20%, respectively.

Our code is available for public access at: https://github.com/hamzaamrani/EEG-to-Text-Dec

oding
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Figure 6.1: Overview of the proposed end-to-end architecture for open vocabulary EEG-to-Text decoding. Firstly, a
sequence of word-level raw EEG signals is fed to the Brain module to extract deep-embedded representations for raw
EEG encoding. Then, we use a Language Modeling (LM) module to generate EEG-to-Text sentences by leveraging the
pre-trained language model BART. Dashed boxes correspond to the modules of the architecture that undergo training,
while solid boxes represent the modules that remain untrained.

6.1 ARCHITECTURE FOR EEG-LANGUAGE ALIGNMENT

We aim to decode neural activity from a time series of high-dimensional brain signals recorded with
non-invasive electroencephalography during the natural reading of English sentences. We first define
the general task of open vocabulary EEG-to-Text decoding and then introduce the proposed end-to-

end architecture.

6.1.1 OPEN VocaBULARY EEG-To-TEXT DECODING

Let’s define a sequence of word-level raw EEG signals as X & RE*T with C the number of EEG
channels and 7" the number of time steps. These EEG signals are a reflection of the recorded brain
activity for a specific subject denoted as 5, drawn from the set S consisting of distinct subjects. An EEG-
decoding task is the task of predicting the corresponding text sentence Y'in a Sequence-To-Sequence
approach. Each text sentence Yis composed of English tokens y, € V from an open vocabulary V.
During the training phase, the EEG-subject-Text pairs can come from various subjects and various

categories of reading materials.
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Thus, a supervised EEG-to-Text decoding task consists in finding a decoding function f : {C x
T} x S — V, such that fpredicts Y given X and 5. We denote by ¥ = A{X, 5) the decoded/predicted
text sentence from the brain signals.

Searching for £, the task is to maximize the probability of the decoded text sentence Y
N
pX) =110, € VIX3_,) (6.1)
n=1
where N is the length of the text sentence Y, andy  is the #-th token of Y.

6.1.2 PROPOSED ARCHITECTURE

The proposed architecture (refer to Section 6.4.1 for a detailed overview of the architecture) is com-
posed of two main components: 1) a Brain module that implements a representation learning ap-
proach for EEG encoding; and 2) a Language Modeling module based on BART to produce EEG-
to-Text sentences and on GPT-4 for sentence-level refinement. The training process is composed of
two stages. An overview of the end-to-end architecture is presented in Figure 6.1, where dashed boxes
correspond to the modules of the architecture that undergo training, while solid boxes represent the
module that remains untrained. We start detailing the specifics of the training stages. Then we offer a

more comprehensive breakdown of each module included in our architecture.

TRAINING STAGE 1

We initiate training with the Brain module: word-level EEG signals are aligned with word-tokens, as
encoded by alocked, pre-trained BART Language Model, utilizing a Mean Square Error (MSE) Loss.
This stage incorporates a learnable features module designed to account for EEG encoding and sub-

jectivity. The outcome of this training stage yields EEG subject-dependent features. The alignment
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procedure is done by mapping the learned EEG representation Z into the BART token embeddings
BART*

enec’

using MSE regression loss Lassp(BARTY,., Z):

enc?

min £MSE(BAR T?;cyf‘bmz'n (X)) (62')

brain

TRAINING STAGE 2

Moving on, the subsequent step involves fine-tuning a pre-trained Language Model based on BART,
aimed at generating word sequences through the utilization of a Cross-Entropy Loss. As in Wang &
Ji(2022), we use the mapped embedded brain representation Z directly as initial word embeddings
to feed into the pre-trained language model encoder-decoder BART Lewis et al. (2019). The high-
level idea here is that we consider each embedded EEG representation as a word-level representation,
and leverage a pre-trained language model to decode to real human language (English) like traditional
machine translation tasks. Then, the last hidden states from the BART decoder are fed into a multi-
layer perception (MLP) to generate English tokens y  from the BART vocabulary V.

During the training, the objective is to minimize the text reconstruction cross-entropy loss, defined

as follows:

N
'Crec = - ZZOgP@n € V) (63)
n=1

LEARNABLE FEATURES MODULE

This module is included in the Brain module and it is used for extracting subject-dependent brain fea-
tures from the raw EEG signals. Given a sequence of word-level raw EEG signals X = {xo, 1, ..., xas} €
RT and the corresponding subject s € S, we first use a deep neural network /3, to get the latent

subject-dependent brain representation Z = {20, 21, ., 201} = firain(X) € RM. This architecture

(Figure 6.2) consists of (1) a learnable EEG feature block followed (2) by a subject layer to leverage
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Figure 6.2: The Learnable features module consists of (1) a learnable EEG feature block, (2) a subject layer to leverage
inter-subject variability, (3) a multi-layer transformer (Brain Transformer Encoder), and (4) an MLP.

inter-subject variability, which is input to (3) a multi-layer transformer encoder named BTE (Brain
Transformer Encoder), and then to (4) a multi-layer perceptron.

The brain data is first fed to a bi-directional Gated Recurrent Unit (GRU) Cho et al. (2014) which
reads the multi-time series input in both forward and backward directions to extract learnable EEG
features. The use of GRU allows to dynamic address the different lengths of word-level raw EEG
signals. We then apply a fully-connected layer to the concatenated forward and backward output.
Similarly to Défossez et al. (2023b), we then add a 1x1 point-wise convolution (with a kernel size of 1)
without activation and a number D of output channels. The use of a 1x1 pointwise convolution pro-
vides the dimensional congruence required for the subsequent application of the subject specific layer.

This step ensures uniformity of feature map depth across different EEG signals, allowing our model

95



to adapt to and exploit variations between individual EEG signals for more personalised decoding. To
leverage inter-subject variability, we learn a row vector 7, € R® for each subject s € S and apply it
along the channel dimension. We then apply a multi-layer transformer encoder Vaswani et al. (2017)
BTE with L layers, each with A attention heads and intermediate hidden dimension d},. The inputs to
the first layer BTEY, are produced using a weight matrix W, € R%*! and combined with a learnable
1D position embedding P Dosovitskiy et al. (2020), which is randomly initialized. Each layer applies
self-attention with causal attention masking and a feed-forward layer to the input, with layer normal-
ization Ba et al. (2016) and dropout Srivastava et al. (2014) being applied after. The outputs BTEZ”,
of the j-th layer, become the inputs to the (j + 1)-th layer. Then, the final outputs BTEZ , are fed into
a residual MLP network, composed of two fully connected layers, obtaining the latent brain repre-
sentations z,,. As we will demonstrate subsequently in the ablation study, opting to process the raw
EEG signals using a recurrent neural network, rather than directly handling pre-computed features as
performed by Wang & Ji (2022), facilitates the extraction of subject-dependent nuances present in the

brain recordings. These distinctive characteristics would otherwise remain entirely overlooked.

SENTENCE REFINEMENT DURING INFERENCE

During the inference phase, we propose the use of the pre-trained language model GPT-4 OpenAl
(2023) via APIs on top of the generated text sentence Y. It results in significant improvements in
text comprehensibility, as well as a reduction in grammatical errors and repetitive words, enhancing
the utility and effectiveness of the generated text sentence. The prompt used for the refinement is as
follows:

As a text reconstructor, your task is to restore corrupted sentences to their original form while making
minimum changes. You should adjust the spaces and punctuation marks as necessary. Do not introduce
any additional information. If you are unable to reconstruct the text, respond with [False]. Reconstruct

the following text: [text sentence Y].
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Table 6.1: ZuCo datasets statistics for each reading task. NR stands for Normal Reading, while TSR stands for
Task-Specific-Reading.

Reading Task #Sentences #Train #Val #Test

NR vi.o 300 3,609 467 456
NR v2.0 349 2,645 343 350
TSR vi.0 407 4,456 522 6or

6.2 EVALUATION AND QUANTITATIVE RESULTS

We use Zurich Cognitive Language Processing Corpus (ZuCo) Hollenstein etal. (2018, 2019) datasets,
which contain simultaneous electroencephalography and eye-tracking (ET) data recorded from natu-
ral reading tasks. The reading tasks include Normal Reading (NR) and Task-Specific Reading (TSR).
The reading corpus of ZuCo are from movie reviews Socher et al. (2013) and Wikipedia articles. We
used data from all the subjects in ZuCo v1.0 and v2.0 (12 and 18 respectively). For the EEG record-
ings, high-density data were recorded at a sampling rate of soo Hz with a bandpass of o.1 to 100 Hz,
using a 128-channel EEG Geodesic Hydrocel system (Electrical Geodesics). The recording reference
was set at electrode Cz. We follow Hollenstein etal. (2018, 2019) steps to perform data pre-processing
on raw EEG signals, leading to 105 EEG channels from the scalp recordings.

In this section, we use concatenated sequences of word-level raw EEG signals, which were synchro-
nized with ET fixations. We split each reading task’s data (by unique sentences) into train, validation,
and test (80%,10%,10%), as done by Wang & Ji(2022). The sentences in the test set are totally unseen.
Table 6.1 shows the statistics of each reading task’s data. Please refer to Section 6.4.2 for a detailed

description of the electrodes used.

97



6.2.1 TrRAINING DETAILS

ARCHITECTURE DETAILS

For the brain module, we set the GRU layer size to 512, and the fully connected layer to 1024. The
1d convolution maps to 64 channels and the 1d subject vector size is set to 64. The brain module
comprises 171 million trainable parameters. The BTE has 12 layers and 8 attention heads, with an
intermediate hidden dimension of 4096 and GELU activations Hendrycks & Gimpel (2016). The
last hidden states of BTE are projected on a feature space of 1024. Then, we use the large version of
BART, with 12 layers for the encoder and decoder, 8 attention heads, and an intermediate hidden
dimension of 4096. BART includes a larger set of 561 million trainable parameters. For GPT-4, we

use OpenAI’s APIs and the model version gpr-4.

OPTIMIZATION SETTINGS

During training, we use the SGD optimizer with a cyclical learning rate set with Se — 7 and Se — 5
as initial and upper values to update model parameters. The batch size is set to 1 during the mapping
between brain and word embeddings, then 8 during the training phase. During the alignment phase,
a batch size of 1 provides greater control over the learning process, as each batch consists of a sentence
of up to 56 words. For the training phase, a batch size of 8 has been empirically found to provide the
best compromise between computational efficiency and model performance. The number of epochs
is set to 25. During the training phase, we freeze the brain module weights. During inference, we use
the model parameters on the best checkpoint based on the performance of the validation set.

For our architecture implementation, we use Py Torch' and Transformers (HuggingFace)* libraries.

Both Stager and Stage2 were trained on a workstation equipped with Ubuntu 22.04, 32GB RAM

"hetps://github.com/pytorch/pytorch
*https://github.com/huggingface/transformers

98



and 2 Nvidia GeForce GTX 1070 with 8GB Memory. The average computation time per sentence is

0.0554s, with a standard deviation of o.o110s.

QUANTITATIVE METRICS

In our experiments, we use BLEU and ROUGE metrics Papineni et al. (2002); Lin (2004) to mea-
sure the number of words shared by two sequences. However, the lexical congruence may not fully
encapsulate semantic similarity due to lexical variations denoting similar meanings. To this end, we
use BERTScore Zhang et al. (2019a), an approach that uses machine learning to capture the seman-
tic similarity between two sequences by leveraging advanced language representations derived from
the BERT model Devlin et al. (2018). BERTScore allows the integration of semantic similarity at the
sentence level, leading to a more comprehensive evaluation that aligns with human perception.

For a fair comparison, these results keep the same teacher-forcing evaluation setting as EEG-To-
Text Wang & Ji (2022) and DeWave Duan et al. (2023). This means that the decoding process elim-
inates accumulated errors and predicts the current token with the ground truth token from the last
step.

Table 6.2: Open Vocabulary EEG-to-Text decoding model evaluation on ZuCo datasets. We compare our architecture
with the current state-of-the-art by using three distinct metrics: BLEU-N (N = 1, 2, 3, 4), ROUGE-1 (Precision, Recall,
and F1 scores), and BERTScore (Precision, Recall, and F1 scores). We also report ablations and the hypothetical upper
limit for BART with fixation words when no errors are made to map EEG signals to token words. For a fair comparison,

these results keep the same teacher-forcing evaluation setting as EEG-To-Text Wang & Ji (2022) and DeWave Duan et al.
(2023). Bold numbers indicate the first best result, Underline numbers indicate the second best result.

Method BLEU-N (%) 1 ROUGE-1 (%) T BERTScore (%) 1

N=1 N=2 N=3 N=4 R P F P R F
EEG-To-Text Wang & Ji(2022)  40.1 23.1 12.5 6.8 28.8 31.7  30.1  48.84 5271 50.66

DeWave Duan etal. (2023) 41.35  24.15  13.92 8.22 28.82 33.71 30.69 - - -
Our Architecture 42.75 25.90 15.66 9.56 30.60 36.71 33.28 $2.62 §5.26 53.86
w GPT-4 40.87 24.43 14.53 882 3040 35.50 32.61 54.58 §6.30 §5.34
w/o subject layer 41.51  24.41 1431 8.38 29.22 35.40 31.92 SI.O9 $3.93 $2.43
w/o language alignment 41.30 24.50 14.14 8.40 29.16 35.76 32.00 50.82 §3.62 52.16
w/o BTE 35.51 20.51 12.61 8.98 25.62 26.38 25.83 46.44 s50.52 48.34
w/o BART finetuning 28.50 14.35 7.01  3.38 21.32 23.07 22.03 39.67 47.90 43.13
BART with fixation words 72.45 62.16 $3.80 46.84 67.16 75.25 70.65 6672 74.47 69.89
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Table 6.3: Open Vocabulary EEG-to-Text decoding examples on ZuCo unseen test sentences. We report both predictions
from our model, with and without GPT-4 sentence refinement. (1-3) are in NR v1.0, v2.0. (4) is in SR v1.0. Bold means
exact match, Italic indicates semantic similarity. Underline denotes error match.

(1) Ground truth He is a prominent member of the Bush family, the younger brother of President George W. Bush...
EEG-To-Text Wang & Ji(2022) | was a former member of the American family, and son brother of President George W. Bush...
Prediction was the member member of the American family. and younger brother of President George W. Bush
Prediction + GPT-4 He was a member of the American Bush family, brother of President George W. Bush...

(2) Ground truth Raymond Arrieta (born March 26, 1965 in San Juan, Puerto Rico) is considered by many to be one

of Puerto Rico’s greatest comedians.
EEG-To-Text Wang & Ji(2022) | mond wasaga,19 in 17, 18) New Francisco, Puerto Rico) is a one many to be the of the Rico’s greatest

poets.
Prediction mond wasaga (born April 17, 1946) New Francisco, Puerto Rico) is a one many to be the of the Rico’s most artists.
Prediction + GPT-4 Ramon Wasaga (born April 17, 1946, in New Francisco, Puerto Rico) is one of the many to be considered
as one of the most prominent artists of Puerto Rico.
(3) Ground truth Following the 1980 presidential election, Bush and his family moved to Miami-Dade County, Florida.
EEG-To-Text Wang & Ji (2022) | the deaths election, the was bis wife moved to California,Dade County, Florida
Prediction the wars election, Bush was bis wife moved to Florida,Dade County, Florida.
Prediction + GPT-4 After the war’s election, Bush and /s wife moved to Dade County, Florida.
(4) Ground truth It’s not a particularly good film, but neither is it a monsterous one.
EEG-To-Text Wang & Ji (2022) | was a a bad good story, but it is it bad bad. one.
Prediction ’s a a bad good movie, but it is it bad bad. one.
Prediction + GPT-4 It’s a bad good movie, but is it a bad one.

6.2.2 EXPERIMENTAL RESULTS

We compared our architecture with the current state-of-the-art models by Wang & Ji (2022); Duan
et al. (2023). As shown in Table 6.2, our proposal achieves a BLEU-1 score of 42.75%, a ROUGE-
1-F of 33.28%, and a BERT Score-F of 53.86%, showing an improvement over the state-of-the-art by
1.40%, 2.59%, and 3.2%, respectively. For larger z-grams evaluation, we obtain BLEU-{2,3,4} scores
of 25.90%, 15.66%, and 9.56% respectively, leading to an increase of 1.75%, 1.74%, and 1.34%. Our de-
coding embeddings resulted in higher performance for each metric, demonstrating the positive impact
of learning embedded EEG representations and exploiting intersubject variability. In Section 6.4.3 we
report the obtained results of our architecture for each subject. The results show a significant differ-
ence between v1.0 and v2.o participants. On average, v2.0 participants outperform vr.o participants
by 19.64%, 42.61%, and 11.83% for BLEU-1, ROUGET1-F, and BERT Score-F respectively.

In addition to numerical results, we report decoding examples of generated EEG-to-Text sentences

compared to the ground truth and the state of the art, with and without GPT-4 sentence refinement
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(Table 6.3). We observe that our model is sometimes able to precisely capture named entities that do
not exist in the training set. “George W. Bush” in (1) and “Puerto Rico” in (2) are correctly decoded,
while “presidential election” in (3) is incorrectly decoded. Compared to Wang & Ji (2022), our model
results in significant improvements in text comprehensibility, as well as a reduction in grammatical
errors and repetitive words, as shown in example (4). Please refer to Section 6.4.4 to see additional
decoding examples of generated EEG-to-Text sentences.

The complexity of open vocabulary EEG decoding tasks arises from the high dimensionality, in-
tersubjectivity, and variability of EEG data, coupled with the intrinsic difficulties associated with the
language decoding capabilities of Al-based language models. Our improvements represent significant
progress in overcoming these multiple challenges and suggest a promising direction for future research

in non-invasive brain decoding.

EMBEDDING VISUALIZATION

We provide a visual comparison via t-distributed stochastic neighbor embedding (t--SNE) between the
pre-calculated EEG features (Figure 6.3 (left)) as used by Wang & Ji (2022), and EEG embedded repre-
sentations obtained by the proposed Brain module (Figure 6.3 (right)). In the visualization, different
colors indicate different subjects to delineate the variation between individuals. Each dotin the scatter
plot corresponds to an EEG representation of a sentence. In particular, a red triangle is used to specif-
ically highlight the EEG-embedded representation of the sentence “With his interest in race cars, he
formed a second company, the Henry Ford Company.”, allowing for a direct visual comparison of how
this particular sentence is represented differently in the two methods. Our learned EEG representa-
tions of sentences show more pronounced clustering by subject compared to the pre-calculated EEG
features, highlighting the ability of our brain module to capture subject-specific variations in EEG
data. Adaptation to individual variability allows for a personalized approach to processing the out-

put of the brain module for each subject. This methodology exploits the intrinsic EEG differences
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Figure 6.3: t-SNE visualization of EEG embedded representations of sentences in the training set, which are (left) original
EEG representations and (right) generated by the Brain module of our architecture. Distinct colors mean different
subjects. Each dot represents a sentence. The red triangle represents the EEG embedded representations corresponding
to the same sentence "With his interest in race cars, he formed a second company, the Henry Ford Company’.

between individuals, thus improving the robustness and accuracy of the decoding processes across

subjects.

6.2.3 ABLATIONS

Our ablations highlight the importance of (1) GPT-4 sentence refinement, (2) the subject layer, (3)
the language alignment, (4) the use of the Brain Transformer Encoder, and (5) the BART finetuning
(Table 6.2). First, we evaluated the effect of GPT-4 sentence refinement on the performance of our
model. Unlike the base architecture, which focuses primarily on syntactic accuracy, the integration
of GPT-4 improves the semantic coherence of the generated sentences. This difference is evident in
the comparative analysis, where the model incorporating GPT-4 shows improved semantic accuracy.
For example, while syntax-related metrics such as BLEU-1 and BLEU-2 show relatively small changes,
semantic-sensitive measures such as BERTScore show more substantial improvements. This under-
scores GPT-4’s ability to refine sentences in ways that better capture intended meanings and nuances,

rather than simply improving surface-level grammatical structure. Second, a model trained to gener-
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ate EEG-to-Text sentences without the use of the subject layer achieves lower decoding accuracy on
average across datasets, that s, about 1—1.5% lower than our model. While modest, these scores show
the positive effect of leveraging inter-subject variability. Third, we show the eftect of using language
alignment with MSE. The results show small differences, especially in the BLEU and ROUGE scores.
For BERT Score we see small improvements. Sentence generation without the Brain Transformer En-
coder shows a significant drop in performance compared to our model. For BLEU-1 the decrease is
7.24%, while for BLEU-2 is 5.39%. While, ROUGE-1-F and BERTScore-F lose 7.45% and 5.52%,
respectively. We verified that the Brain Transformer Encoder provides higher decoding performances.
Finally, to test whether our model effectively leverages the pre trained BART model, we trained it
without fine-tuning the BART model weights. As reported, decoding performance decreases notably
up to 14.25%. This loss significantly confirms the use of fine-tuning on the BART model.

Then, we also show the hypothetical upper limit for EEG-to-Text decoding when no errors are
made to map EEG signals to token words. Separately from our model, we fine-tuned BART on only
Eye-Tracking fixations words without considering the raw EEG signals to reconstruct the original text
sentence. It outperforms our proposed architecture by about 30% in terms of BLEU-1, 37% in terms
of ROUGE-1-F, and 15% in terms of BERTScore-F. The obtained results reveal the existence of two
challenges within the EEG-to-Text decoding task. The initial challenge pertains to the model’s capac-
ity to establish a dependable EEG-feature representation for the word tokens. The subsequent chal-
lenge involves the faithful reconstruction of the sentence. This experiment highlights that, between
these two challenges, the foremost one is undoubtedly the ability to discern an efficacious represen-
tation of the EEG signals. This observation thereby points towards the direction of future research

efforts.
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6.3 DiscussioN AND FUTURE WORKS

In this section, we present an end-to-end architecture for open vocabulary EEG-to-Text decoding
task. By leveraging a subject-dependent representation learning module, a pre-trained BART lan-
guage model, and a GPT-4 sentence refinement module, this study offers a comprehensive solution
that not only enhances decoding performance but also delves into the human comprehensibility of
the decoded output. The incorporation of the BERTScore as an evaluation metric has enabled a more
holistic assessment, capturing not only syntactic accuracy but also taking into account human under-
standing at the sentence level. Moreover, the conducted ablation study permitted us to understand
the contribution to the proposed architecture of each component. This in-depth analysis not only
validates the efficacy of each module but also provides a roadmap for further research, guiding the
development of refined and optimized approaches in the future.

The empirical validation on two publicly available datasets demonstrates the effectiveness of the
proposed architecture, achievinga BLEU-1 score of 42.75%,a ROUGE-1-F of 33.28%, and a BERTScore-
F of 53.86%. Our results show that the use of raw EEG signals leads to improved results, demonstrat-
ing the effectiveness of modern representational learning approaches in neuroscience.

In summary, this research not only fills critical voids in the EEG decoding landscape but also shows
the way for future investigations. By combining advanced neural network architectures with sophis-
ticated evaluation methodologies, the study pushes the boundaries of EEG-to-text decoding and en-
courages continued innovation in the pursuit of more accurate and human-aligned results. One fu-
ture direction is to improve the quality of the generated embedded representations by taking into
account inter-subject variability, so to increase the ability of the model to generalize across individ-
uals. Furthermore, ethical considerations need to be at the forefront as we move forward. Ensuring
privacy, establishing clear guidelines for consent, and considering the potential long-term effects of

this technology on users is critical.
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6.4 SUPPLEMENTARY DETAILS

6.4.1 ARCHITECTURE

A detailed overview of the architecture is given in Figure 6.4. Itis composed of two main components:
1) a Brain module that implements a representation learning approach for EEG encoding; and 2) a
Language Modeling module based on BART to produce EEG-to-Text sentences and on GPT-4 for

sentence-level refinement.
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Figure 6.4: End-to-end architecture for open vocabulary EEG-to-Text decoding.

6.4.2 DATASET EEG ELECTRODES

In ZuCo dataset Hollenstein et al. (2018, 2019), we follow Hollenstein etal. (2018, 2019) steps to per-

form data pre-processing on raw EEG signals, leading to 105 EEG channels from the scalp recordings.
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It follows the full list of EEG channels: Ez, E3, E4, E5, E6, E7, E9, E10, E11, E12, E13, E15, E16, E18,
Erg, Ezo0, E22, E23, E24, E26, E27, E28, E29, E30, E31, E33, E34, E35, E36, E37, E38, E39, Eq0,
Eqr1, Eq2, Eq43, Fa4, E45, E46, E47, Eso, Es1, Es2, Es3, Es4, Ess, Es7, Es8, Esg, E6o, E61, E62,
E64, E6s, E66, E67, E69, E7o0, E71, E72, E74, E7s, E76, E77, E78, E79, E§0, E§2, E83, E84, ES5,
E86, E87, E89, Ego, Eg1, E92, E93, E9s, E96, E97, E98, Eroo, Eror, Eroz2, Er03, Ero4, Ero5, E106,
Ero8 Erog, Erro, Errr, Errz, Er14, Er15, Er16, Er17, Er18, E120, E121, E122, E123, E124, Cz.

In this work, the Cz EEG channel has been removed as it consists of all zeros.

6.4.3 DECODING ACCURACY RESULTS BY SUBJECT

We report open vocabulary EEG-to-Text decoding results for each subject (see Table 6.4). The results
show a significant difference between subjects from the vi.o and v2.0 of the dataset. The v2.o results
achieve a BLEU-1 score of 47.13%, a ROUGE-1-F of 40.16%, and a BERTScore-F of 57.35%, while
the v1.o0 results obtain a BLEU-1 score of 39.39%, a ROUGE-1-F of 28.16%, and a BERT Score-F of

51.28%, so leading to an increment of 19.64%, 42.61% and 11.83% respectively.
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Table 6.4: Open Vocabulary EEG-to-Text decoding model evaluation on ZuCo datasets by each subject.

Subject ZuCo BLEU-N (%) 1 ROUGE-1 (%) T BERTScore (%) T
N=1 N=2 N=3 N=4 R P F P R F

ZAB VI.O 39.38 22.11 11.92 6.61 25.94 30.92 28.11 49.88 52.62 $1.16
ZDM V1.0 39.45 22.24 12.02 6.67 25.93 30.94 28.11 50.00 52.73 51.28
ZDN V1.0 39.06 21.93 11.81 6.63 26.12 31.25 28.35 49.80 52.45 51.04
ZGW V1.0 39.79 22.57 12.27 6.92 26.08 30.98 28.22 50.34 53.07 51.62
ZIM VI.O 39.27 21.99 11.97 6.67 25.94 30.96 28.12 49.73 52.46 $1.00
ZJN V1.0 39.76 22.52 12.49 7.05 26.51 31.48 28.68 50.37 53.07 51.64
Z]S VI.O 39.22 22.49 12.23 6.82 25.66 30.29 27.69 50.47 53.23 51.76
ZKB V1.0 39.38 22,11 11.92 6.61 25.94 30.92 28.11 49.88 52.62 51.16
ZKH VI.O 39.32 22.01 11.86 6.60 26.00 31.00 28.18 49.86 52.60 S1.14
ZKW VI.O 39.38 22,11 11.92 6.61 25.94 30.92 28.11 49.88 52.62 $1.16
ZMG V1.0 39.29 22.22 12.02 6.70 25.95 30.93 28.12 49.93 52.68 $1.22
ZPH VI.O 39.38 22.11 11.92 6.61 25.94 30.92 28.11 49.88 52.62 51.16
YSD v2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 57.29
YFS V2.0 47.09 30.87 20.29 13.15 36.76 44.65 40.24 56.21 58.68 57.37
YMD v2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 $7.29
YAC V2.0 46.88 30.25 19.92 12.90 36.59 44.62 40.14 56.22 58.52 57.30
YFR v2.0 45.82 29.23 19.09 12.21 35.91 42.64 38.91 56.51 59.13 $7.74
YHS v2.0 47.22 30.55 20.00 12.92 36.80 44.41 40.16 56.06 58.60 57.26
YLS V2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 §7.29
YDG v2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 57.29
YRH V2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 $7.29
YRK v2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 57.29
YMS V2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 $7.29
YIS v2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 57.29
YTL V2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 §7.29
YSL v2.0 47.52 31.00 20.34 13.20 37.23 44.98 40.65 56.54 59.02 57.71
YRP V2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 §7.29
YAG v2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 57.29
YDR V2.0 47.16 30.63 20.23 13.17 37.00 44.70 40.40 56.31 58.74 57.45
YAK V2.0 47.22 30.64 20.04 12.94 36.80 44.47 40.19 56.10 58.63 57.29

Average vi.o 3939102 2220402 12031019 6.7lioss  26.001019 30.961026 2816102 50.001024 52731024 51.281024
v2.0 47131030 30.571035 20.02:055 12931050 36771004 44421045 4016103 56071014 58.68w01s  57.35i0ms
VIo+v2.0 44.03i35 27.2244n 1682139, 10441306 32461525 39.04ic6  35.361sss 53.70i305 56.30129) 54.921505

6.4.4 DEcCODING ExaAMPLES

We report additional decoding examples of generated EEG-to-Text sentences (see Table 6.5), with
and without GPT-4 sentence refinement. The prompt used for the GPT-4 sentence refinement is as
follows:

As a text reconstructor, your task is to restore corrupted sentences to their original form while making
minimum changes. You should adjust the spaces and punctuation marks as necessary. Do not introduce
any additional information. If you are unable to reconstruct the text, respond with [False]. Reconstruct

the following text: [text sentence Y].
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Table 6.5: Open Vocabulary EEG-to-Text decoding examples on ZuCo unseen test sentences, with and without GPT-4

sentence refinement.

(1)  Ground truth An amateurish, quasi-improvised acting exercise shot on ugly digital video.
Prediction interesting actor, un-religiousprovised film performance, through a, video.
Prediction + GPT-4 | Interesting actor, un-religious, improvised film performance, through a video.

(2)  Ground truth Viewed as a comedy, a romance, a fairy tale, or a drama, there’s nothing remotely

triumphant about this motion picture.
Prediction the from a kind of it satire, and love tale, and a love, it’s a quite funny about it film picture.
Prediction + GPT-4 | From a kind of satire, it’s a love tale and quite a funny film picture about love.
(3)  Ground truth It’s solid and affecting and exactly as thought-provoking as it should be.
Prediction ’s a, well. it what it-provoking as the sounds be.
Prediction + GPT-4 | Well, it’s as provoking as it sounds, what a be.

(4)  Ground truth It’s a head-turner - thoughtfully written, beautifully read and, finally, deeply humanizing.

Prediction s a greatyscing, a to crafted, well acted, well most, a moving..
Prediction + GPT-4 | It’s a great, most moving, well-crafted and well-acted scene.

(s)  Ground truth “The Kid Stays in the Picture” is a great story, terrifically told by the man who wrote

it but this Cliff Notes edition is a cheat.

Prediction The movie”ays in the House” is a film movie about andally funny by a young
who wrote it. also ish version is a little.

Prediction + GPT-4 | ”The movie, "Days in the House’, is a film about a young man who wrote it.
It’s also randomly funny. The British version is a little different.

(6)  Ground truth Fans of the TV series will be disappointed, and everyone else will be slightly bored.
Prediction of the film series will recognize familiar to but the will will be happy disappointed.
Prediction + GPT-4 | of the film series will recognize familiar to but the will be happy disappointed.

(7) Ground truth Wedding feels a bit anachronistic
Prediction alting bells like little likeachronistic,

Prediction + GPT-4 | alting bells like little likeachronistic.

(8)  Ground truth But what’s nice is that there’s a casual intelligence that permeates the script.

Prediction he’s most about that it’s a sense, to’sates the film.
Prediction + GPT-4 | He’s most about that. It’s a sense to states the film.

(9)  Ground truth An important movie, a reminder of the power of film to move us and to make us examine our values.
Prediction interesting part about but must of the importance of the to shape people. of make us think our lives.
Prediction + GPT-4 | interesting part about but must of the importance of the to shape people. of make us think our lives.

(10) Ground truth Jeb Bush was born in Midland, Texas, where his father was running an oil drilling company.
Prediction uan Bush was born in Newland, Texas, and his father was a a insurance company company.
Prediction + GPT-4 | Juan Bush was born in Newland, Texas, and his father was an insurance company owner.
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Nature uses only the longest threads to weave ber patterns,
s0 each small piece of her fabric reveals the organization of

the entire tapestry.

Richard P. Feynman

Vector Quantized EEG Representations



7.1 MoTivaTtioN: WHY DISCRETIZE NEURAL SIGNALS?

Non-invasive neural signals, such as EEG, are high-dimensional, non-stationary, and subject to sig-
nificant variability between and within subjects. Although continuous encoders can learn powerful
spatiotemporal features, their latent spaces often vary across sessions and are difficult to align between
datasets. Transitioning from continuous latents to a finite set of discrete codes provides several advan-
tages, particularly for EEG.

First, discretization creates an explicit information bottleneck: short segments of multichannel
time series are mapped to a small vocabulary of latent symbols (code indices). This reduces unwanted
variation (e.g., minor shifts in electrode placement, impedance, or state) by assigning nearby points
on the signal manifold to the same cell (Voronoi region). This increases within-cluster stability while
preserving task-relevant distinctions. Here the codebook size controls the trade-off between fidelity
and invariance: larger codebooks capture finer structures, while smaller codebooks encourage more
general abstraction.

Second, discrete latents promote compositionality and reuse. If recurring spatiotemporal patterns
are consistently mapped to the same code, then longer sequences can be analyzed as arrangements
of a small set of codes. This is valuable for interpretability, we can visualize the average waveform or
spectrum per code, and for transferability, the same codebook can be reused across subjects and tasks.

Third, discrete tokens enable token-level objectives (masking, autoregression, and contrastive pre-
diction) and lightweight downstream models. Once an EEG stream is tokenized, simple histograms,
n-grams, or temporal pooling over code embeddings provide strong baselines for classification, often
with better sample complexity than training continuous models from scratch.

Finally, discretization is computationally attractive because encoding compresses continuous sig-
nals by orders of magnitude. Models that operate on token sequences have predictable memory and

latency, facilitating real-time BCI.



7.2 VECTOR QUANTIZED VARIATIONAL AUTOENCODER FOR EEG

7.2.1 PROBLEM FORMULATION

We consider a multi—channel EEG recording as X € R*Z, where T'is the total timestamps. Let
C ={a,-..,¢c|} be the universal set of channels in the international 10-20 system. Each recording
uses a subset Cy C C. Throughout, we denote C = |Cx| and order the rows of X according to Cy.

For learning, X is divided into segments of fixed duration # with hop s. The number of samples is
N = {%J + 1, and the 7-th sample is £ € ROX, i=1,...,N.

Within a sample x € RE**, each channel is then partitioned into contiguous patches of length w,
obtaining

x = {xfjv/eERw ‘j:l,...,C, k=1,..., LiJ },\x| :CtiJ.

Our goal is to map each patch to a discrete latent symbol from a finite codebook and to reconstruct

the spectral representation of the original signal from these symbols. Formally, an encoder f3 : R —

RP produces embeddings

hy = fo(x.) € RP.

A vector-quantizer with codebook € = {ey, ..., ex} C RP assigns each embedding to its nearest
q ) g g

code. The discrete sequence z(x) = {2.4} constitutes the tokenized representation of x. A decoder

gp Maps the quantized vectors back to the spectral domain to obtain per—patch reconstructions. The

training objective and the codebook update rules are described in the following.

7.2.2 NEURAL TOKENIZER AND FOURIER SPECTRUM TARGETS

NEURAL TOKENIZER. Letp = {p;}}¥, denote the set of patch embeddings produced by the en-

coder for asegment x, with N = C |#/w| (one embedding per channel-patch). We define a codebook
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Figure 7.1: Neural tokenization architecture employing vector quantization. The encoder maps input signal x to latent
space 2, (x) which is discretized through a neural codebook. The decoder reconstructs the Fourier spectrum from
quantized tokens 24 (x) with EVQ loss ensuring alignment between continuous and discrete representations.

& = {vy}X,, v; € RP. Quantization is performed by nearest neighbor search in cosine space via ¢,

normalization:

g, = argjegf.i'r'l’K} HEZ(PZ’) — £(v)) Hz’ 0y = vy,

where /5 (-) denotes normalization to unit Euclidean norm. This is equivalent to selecting the code

of maximal cosine similarity and has been observed to improve code utilization Peng et al. (2022).

FOURIER SPECTRUM PREDICTION.  EEG patches have low SNR and nonlinear artifacts, making di-
rect regression of raw samples brittle. As Jiang et al. (2024), we predict the Discrete Fourier Transform

(DFT) of each patch. For a channel-patch x,, € R¥, the DFT at frequency index 7 is

N 21
Xl = Zxc,k[n} exp( - Wmn)
n=1

Let Re(+) and Im(+) denote real and imaginary parts. Amplitude and phase are computed as

T = \/ Re(x73)* + Im(x/})?, 8 = arCtan(Ri
Within each segment we apply z-score normalization to {47, } and {¢”, } for stable optimization.
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The overall architecture is shown in Figure 7.1.

7.2.3 LEARNING OBJECTIVE AND CODEBOOK UPDATES

The normalized discrete embeddings { £, (2;) }¥, are passed to a lightweight decoder composed of sev-
eral Transformer blocks. Outputs are temporally aggregated by average pooling, followed by two pre-
diction heads that regress amplitude and phase, obtaining {;4;'2} and {¢,,}. We use mean-squared
error for the spectrum terms and the standard VQ codebook commitment loss with stop—gradient
sgl]:

N

Loglw) = 3 (s = 43 + g = £13 + Isglea(po)] = 201 + 1e2(ps) — slta(e I3,

=1

and the total objective over the dataset D is
Lr =) L)

x€D

As Van Den Oord et al. (2017), we employ the exponential moving average strategy to make the

codebook update more stable.

7.3 EXPERIMENTAL SETUP

7.3.1  DATA AND PREPROCESSING

We train the tokenizer on the Temple University Hospital (TUH) EEG corpus Obeid & Picone (2016).
The archive contains clinical EEG from 14,987 subjects with multiple sessions and over 40 montage

configurations. Recordings are sampled between 250-1024 Hz, with the majority at 250 Hz.
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We select 22 electrodes from the 10-20 system:
{Fp1,Fp2,F7,F3,Fz, F4,F8,T1, T3,C3,Cz,Cq, T4, T2, Ts,P3,Pz, P4, T6,01, Oz, O2}.

Channels with zero or missing signal over a recording are flagged as bad channels. Signals at bad chan-
nels are interpolated from neighboring electrodes using distance—weighted averaging with a maximum
neighbor radius of 5 cm. All recordings are then re-referenced to the average of the 22 channels.

We then remove power line noise (6o Hz) with a notch filter and apply a band-pass filter (1-48 Hz).
All recordings are re-sampled to 200 Hz. A DC-offset correction is applied, and linear trends are
removed. Finally, each recording is normalized with a z-transform along the time dimension.

For the tokenizer training, we set the standard input as: 8 chunks, each with a length of 1 second
and a o% overlap. We randomly select a starting point for each EEG recording and then sample 8

contiguous chunks.

7.3.2  IMPLEMENTATION DETAILS AND TRAINING SETUP

As backbone, the encoder—decoder operates on per—channel patches and feeds a lightweight Trans-
former over patch embeddings; the decoder mirrors this with a Transformer and two regression heads.
The encoder stacks L=12 pre-norm self-attention blocks with /=10 heads, embedding width D=200,
and feed-forward width 4D. Layer normalization with e = 10~ isapplied both in the block pre-norm
and to the query/key projections (qk-norm) before the attention dot-products; activations are GELU,
and residual connections are used throughout. After the encoder, token vectors are cosine-normalized
and quantized by nearest-neighbor lookup in a codebook of size KxD (2048 x 256) The quantized
sequence {2, 4} is then passed to a decoder that shares the same model width D and applies a small
stack of self-attention blocks followed by average pooling over the patch axis. Two linear heads map

the decoder output to the spectral targets for each patch, 4, ;, € R” and ¢ . € R
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Training is performed on a single NVIDIA RTX sooo GPU. We use AdamW with 151 = 0.9,
B, = 0.99, weight decay 1 x 10>, batch size 128, and a cosine schedule with warmup learning rate
1x107°, peak learning rate 5 x 10%, and minimum learning rate 1 X 1075, 10 warmup epochs are

used; total training runs for 100 epochs with checkpoints saved every 10 epochs.

7.4 PRE-TRAINING RESULTS

Figure 7.2 reports the per-epoch reconstruction losses for amplitude and phase on the validation split.
The amplitude objective drops in the first few epochs and then stabilizes at a low plateau, suggesting
that the model quickly captures the dominant spectral envelope. Phase reconstruction remains more
challenging, beginning at a higher level and decreasing more gradually. Nevertheless, the trend is con-
sistently downward throughout training. The difference between the amplitude and phase objectives
is expected for low-SNR EEG and is consistent with the observation that spectral shape is easier to
recover than precise phase relations.

Additionally, Figure 7.3 illustrates qualitative examples from unseen segments. We present the fol-
lowing: (i) the original time-domain eeg signal, (ii) the original and reconstructed amplitude spectra,
and (iii) the original and reconstructed phase. The tokenizer preserves band-limited structure (e.g.,
alpha/beta peaks) while smoothing high-frequency fluctuations. Phase is less precise, yet remains cor-
related with the target, particularly at low and mid frequencies.

Across runs, code perplexity increases rapidly during the warm-up phase and then plateaus. The
fraction of active codes exceeds 70% after so epochs. Dead codes are rare after the first to-15 epochs,

confirming the healthy utilization of the discrete vocabulary. The perplexity value is 1971.5.
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Figure 7.2: Reconstruction losses during training. Amplitude converges quickly to a low plateau; phase decreases more
slowly but steadily.

7.5 BRAIN TOKENS AS FOUNDATION MODEL INPUTS

The vector-quantized EEG model introduced in the previous sections transforms continuous neural
activity into discrete brain tokens, eftectively bridging EEG and modern foundation-model architec-
tures. Each EEG segment x € R“*T is encoded by the VQ-VAE encoder E, and quantized using a

codebook & = {ey, . .., ex}, resulting in a sequence of token indices

y={u-ont € [l.K].

These tokens serve as compact symbolic representations of neural dynamics, replacing noisy, high-
dimensional waveforms with semantically meaningful units that capture dominant spectral—spatial
patterns of brain activity.

We connect this discrete tokenizer to an autoregressive GPT model Gy trained to predict masked
tokens in a causal fashion. The GPT receives token embeddings augmented with positional embed-

ding, enabling temporal reasoning across sequences. Given a masked input sequence y, the model
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Figure 7.3: Visualization of reconstructed Fourier spectrum on a held-out segment. For the amplitude spectrum, the
tokenizer preserves the dominant band-limited structure (e.g., alpha/beta peaks) while smoothing high-frequency noise.
While for the phase spectrum, the reconstruction is less precise but remains correlated with the original, particularly at

low and mid frequencies.

predicts the missing token j, = G4(y) and minimizes the cross-entropy loss

EMTM = EZNM[_ IOgPe()/: ‘ 5’<z)] 5

where M denotes the set of masked positions. This pretraining objective allows the transformer to
model multi-scale temporal dependencies and contextual dynamics in EEG signals, analogous to lan-

guage modeling over discrete vocabularies. An overview of the architecture is shown in Figure 7.4.

7.5.1 IMPLEMENTATION DETAILS

DowNsTREAM DATASET.  We use the BCI Competition IV Dataset 2a from Graz University of
Technology Brunner et al. (2008) for downstream evaluation. Nine subjects performed four motor
imagery tasks (left hand, right hand, feet, and tongue), which were recorded using 22 Ag/AgCl elec-
trodes at a sampling rate of 250 Hz. Two sessions were acquired on different days for each subject.
Each session contains 72 trials per class (288 trials total). All trials from both sessions are used as train-

ing or testing samples, with no overlap between subjects in the splits. The signals are band-pass filtered
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Figure 7.4: The neural tokenizer takes chunks of EEG data as input and generates discrete codes as tokens for the GPT
model. The GPT model then predicts the masked brain token or classify the downstream task.

(0.s—100 Hz) and z-score normalized per trial. For each trial, we extracted the interval [2 s, 6 5] relative
to the cue, which covered the period during which the imagery task was performed.

The downstream montage differs slightly from the canonical 22-channel configuration used during
pre-training. To match the input space, we remap the downstream signals to the canonical layout
using a 22.x22 linear transformation matrix. This matrix is obtained by solving the forward model
and the corresponding inverse mapping for the two sensor configurations. Then, we project the data
back to the target montage via the cortical source space. This step produces inputs in the same channel
order as pretraining and allows for the direct application of the learned tokenizer.

For the tokenizer inference, we set the standard input as: 4 chunks, each with a length of 1 second
and a o% overlap. We randomly select a starting point for each EEG recording and then sample 4

contiguous chunks within the cue window.

PRETRAINING. We pretrain the brain-token GPT on the TUH EEG corpus. Recordings are seg-
mented into 32 consecutive chunks per training sequence, each chunk spanning 1 second with 50%
temporal overlap. The vector-quantized tokenizer is frozen during GPT pretraining, mapping each
chunk to a discrete code y, € [1..K].

We use a decoder-only transformer Gy operating over the discrete brain-token vocabulary of size
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2048. Tokens are embedded in a 1024 -dimensional space. The transformer stacks 6 decoder blocks
with masked self-attention and MLP sublayers; layer norm and residual connections follow the stan-

dard GPT design. The final linear head projects hidden states to token logits in RX,

7.5.2 DOWNSTREAM TASK EVALUATION

We evaluated the pretrained VQ-EEG tokenizer and GPT model on the BCI-IV—-2a motor—imagery
benchmark to assess downstream transferability. For each trial, the frozen tokenizer (£, £) encodes
new EEG signals into tokens, which are then processed by Gy for semantic decoding and feature ex-
traction.

Finetuning was performed for 10,000 steps using AdamW (Ir = 1 x 10™*) and a cross—entropy
objective with balanced class weights.

The model achieved a four-class classification accuracy of approximately 3 5% in aleave-one-subject-
out evaluation setting. While this remains below the performance of specialized motor-imagery net-
works, such as Neuro-GPT Cui et al. (2024) (linear method, 39.8%), it is important to note that our
setup does not involve task-specific fine-tuning, unlike Neuro-GPT. Both the tokenizer and the GPT
backbone have been trained solely for unsupervised representation learning on heterogeneous clinical
EEG datasets and were kept frozen during the downstream evaluation.

Due to the difference in experimental protocol, the comparison is not strictly equivalent. Never-
theless, the obtained accuracy is encouraging. In fact, simple statistical features extracted from the
discrete codes and fed into a shallow MLP—without GPT embeddings—yielded only 30-32% accu-
racy. The additional gain when coupling the same codes with a pretrained GPT highlights the po-
tential of discrete brain tokens as transferable neural interfaces between EEG and foundation-model
representations.

At the same time, these results reveal limitations: discrete representations alone cannot fully cap-

ture generalizable features across heterogeneous EEG datasets. This emphasizes the need for larger,
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more harmonized corpora for cross-dataset training and calibration.

However, discretization introduces several advantages. First, brain tokens drastically reduce data
dimensionality and act as denoising abstractions, improving model stability across sessions and sub-
jects. Second, sequences of discrete codes can be processed using the same infrastructure as text. This
enables efficient transformer training, perplexity monitoring, and multimodal fusion with linguistic
or visual tokens. Finally, the shared token interface supports downstream tasks, such as EEG-to-text
decoding, emotion recognition, and motion synthesis, allowing these tasks to reuse pretrained GPT

embeddings as a universal representational space for neural signals.
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Part V

Conclusions
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The only way of discovering the limits of the possible is to

venture a little way past them into the impossible.

Arthur C. Clarke

Conclusions and Future Directions
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8.1 SuMMARY OF CONTRIBUTIONS

This dissertation focuses on the limitations of traditional EEG-based brain-computer interfaces. Ex-
isting systems rely on handcrafted features designed to specific tasks, subjects, and recording sessions.
When applied to new users or different contexts, these models suffer catastrophic performance degradation—
accuracy drops in cross-subject scenarios, and session-to-session variability introduces comparable in-
stability. Also, traditional EEG systems rely on manually engineered features designed for specific
tasks, subjects, and recording conditions. When applied to new contexts, these models suffer catas-
trophic performance degradation—accuracy drops by 17-19% in cross-subject scenarios, and session-
to-session variability introduces comparable instability.

This dissertation demonstrates that learned representations, discovered directly from data through
end-to-end training, overcome these limitations by capturing invariant neural patterns while accom-

modating individual differences. It makes three main contributions:

* Architectures for general EEG representations: it proposes frequency-aware multi-band en-
coders and subject-conditional transformers for EEG processing. These include frequency-
aware multi-band encoders that process band components (delta, theta, alpha, beta) inde-
pendently while preserving neurophysiological interpretability; subject-conditional layers that
explicitly model inter-subject variability through learned embeddings; Transformer Encoders
adapted for variable-length EEG sequences with bidirectional temporal feature extraction; and
vector-quantized neural tokenization that converts continuous signals into discrete “brain to-
kens” through learned codebooks, enabling compact representations and lightweight down-

stream models.

* Semantic decoding from non-invasive neural signals: it presents one of the first end-to-end sys-

tems for open-vocabulary EEG-to-text decoding, aligning learned neural representations with
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pretrained language models through a two-stage training procedure. Integration of GPT-4
for semantic refinement improved grammatical coherence and factual accuracy. The system
was validated with 30 subjects engaged in natural reading and achieved state-of-the-art perfor-
mance, demonstrating that meaningful linguistic content can be extracted from scalp-recorded

brain activity.

* Evaluation methodologies and practical validation: it establishes evaluation frameworks across
three distinct paradigms: motor imagery classification, emotion recognition, and semantic de-
coding. This demonstrates the versatility of learned representations. The introduction of
BERT Score to neural decoding evaluation provides a semantic-aware assessment that goes be-
yond lexical metrics. Comprehensive ablation studies isolated the contribution of each ar-
chitectural component. All methods were validated across diverse hardware configurations,

demonstrating robustness to real-world constraints.

These contributions result in performance improvements: motor imagery classification achieved
66.03% accuracy (compared to 55% with handcrafted features and SVM); emotion recognition with
personalized models showed 18% improvement over subject-independent approaches; and semantic
decoding reached BLEU-1 of 42.75%, ROUGE-1-F of 33.28%, and BERT Score-F of 53.86%. Discrete
tokenization achieved full codebook utilization, demonstrating 32% four-class classification accuracy
on the BCI-IV-2a dataset as a downstream task pretrained on heterogeneous clinical EEG.

These results demonstrate that representation learning can extract robust, transferable features
from EEG signals, bridging the gap between neural activity and human-interpretable meaning. The
following sections synthesize the lessons learned from this work and examine its implications for the

future of brain-computer interfaces.
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8.2 LEARNING EEG REPRESENTATIONS

This work provides several fundamental insights into learning representations from EEG signals that
extend beyond the specific tasks investigated. The most consistent finding across all three experimen-
tal paradigms (motor imagery, emotion recognition, and semantic decoding) is that neural networks
discovering features through end-to-end training outperform manually engineered pipelines. Tra-
ditional approaches based on spectral power, common spatial patterns, or event-related potentials
achieved reasonable performance within controlled settings, but learned representations proved con-
sistently superior. The magnitude of improvement varied with task complexity and available data,
ranging from 11% gains in motor imagery to 18% in personalized emotion recognition and 3.2% in
semantic decoding as measured by BERTScore. The consistency observed across diverse tasks demon-
strates that the inductive biases inherent in convolutional and transformer architectures, such as local
feature detection, hierarchical composition, and attention mechanisms, align well with the spatiotem-
poral structure of neural signals.

However, this success came with an important consideration. The 19% accuracy degradation ob-
served when testing subject-independent models on new individuals revealed that inter-subject vari-
ability cannot be treated as simple noise that can be averaged away. Anatomical differences in skull
thickness, cortical folding patterns, and electrode placement create subject-specific linear transforma-
tions between neural sources and scalp measurements. Instead of addressing this variability through
extensive data augmentation or domain adaptation techniques alone, we found that modeling subject
identity as a latent variable provided a more effective solution. The subject-conditional layers enabled
the network to maintain a shared representational space that captures universal neural patterns while
accommodating individual differences. While the resulting 1-1.5% performance improvement may
seem modest in absolute terms, it represents meaningful progress toward subject-independent sys-

tems. More importantly, this improvement demonstrates that treating subject variability as a struc-
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tured, learnable phenomenon rather than random noise is essential for deployable BCs.

These architectural advances address a broader challenge exposed by our transfer learning experi-
ments: dataset heterogeneity. Although pretraining on large clinical EEG corpora, such as TUH, and
fine-tuning on task-specific datasets demonstrated that representations can transfer within the EEG
modality, the gains were substantially smaller than those routinely observed in computer vision or nat-
ural language processing. The fundamental problem is that EEG lacks the standardization that makes
transfer learning so effective in other domains. Unlike images, which have universal pixel grids, or text,
which has shared vocabularies, EEG recordings vary in electrode montages, sampling rates, reference
schemes, and preprocessing pipelines. Two datasets that appear to measure the same phenomenon
may be incompatible at the signal level. This is a fundamental barrier to realizing foundation models

for neural signals.

8.2.1 THE CONTINUOUS VS. DISCRETE REPRESENTATIONS TRADE-OFF

A central architectural decision in neural signal processing is how to represent brain activity: as con-
tinuous vectors in high-dimensional space or as discrete tokens from a finite vocabulary. This work
explores both paradigms. Rather than identifying a clear winner, we found that the two approaches

have complementary strengths, suggesting that different use cases call for different methods.

Table 8.1: Comparison of continuous and discrete EEG representations.

Aspect Continuous Discrete

Fidelity High—preserves subtle patterns Moderate—information bottleneck
Memory footprint  Large (D-dimensional per segment) Compact (K codebook indices)
Interpretability Difficult to analyze directly Token-level analysis achievable
Downstream tasks ~ Requires full fine-tuning Lightweight task-specific heads
Compositionality ~ Limited High—rtokens combine like words
Best applications High-stakes medical decoding Real-time BClIs, edge deployment

This work explored both paradigms and found that they have complementary strengths rather
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than one being clearly superior to the other (see Table 8.1). Continuous representations, as demon-
strated by our 1,024-dimensional Brain Transformer Encoder embeddings, are ideal for preserving
fine-grained information. Examples include medical diagnostics requiring the detection of subtle
pathological markers and semantic decoding demanding sensitivity to nuanced distinctions in neu-
ral activity. However, they are computationally costly, requiring high-dimensional processing and
substantial storage, and offering limited compositionality. On the other hand, vector quantization
via discrete codebooks achieves dramatic compression by mapping EEG segments to finite vocabu-
laries, but it introduces an information bottleneck that forces semantically meaningful distinctions.
Discrete tokens align naturally with language model architectures and enable lightweight downstream
classifiers. This makes them ideal for real-time BCIs and edge deployment scenarios where computa-
tional resources are limited.

The key insight is that these approaches can cooperate in hybrid architectures. Continuous encod-
ing captures rich neural information, and vector quantization enables efficient processing and storage.
Then, expansion back to continuous space facilitates the final prediction. This flexibility, or the abil-
ity to select appropriate representations for each processing stage based on task requirements, enables

more valuable than committing exclusively to either paradigm.

8.2.2 BRIDGING NEURAL SIGNALS AND SEMANTIC MEANING

EEG-to-text experiments demonstrate that extracting semantic content from non-invasive neural record-
ings is achievable, although it reveals fundamental challenges. Our two-stage approach, which first
aligns EEG representations with language model embeddings and then fine-tunes them for genera-
tion, proved more effective than end-to-end training. This demonstrates that the gap between raw
neural signals and linguistic meaning requires intermediate representations that respect both modali-
ties.

The choice of evaluation metrics profoundly shapes our understanding of progress. Traditional
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lexical metrics, such as BLEU, measure word overlap, whereas semantic metrics, such as BERTScore,
capture meaning preservation, even when the wording difters. For brain decoding applications, where
expressing intent is more important than exact phrasing, semantic evaluation provides a more appro-
priate assessment. Our ablation studies revealed three distinct challenges: extracting robust features
from noisy EEG (7.24% BLEU improvement with better encoders), aligning neural and linguistic
spaces (14.25% improvement with language model fine-tuning), and generating coherent text (2.5%
improvement with GPT-4 refinement).

The substantial improvement from post-processing refinement demonstrates that current limita-
tions primarily lie in the quality of neural encoding rather than in language generation capability.
The gap between our 42.75% BLEU-1 score and the 72.45% upper bound achieved with perfect word
identification demonstrates that developing better EEG encoders through larger-scale pretraining, ar-
chitectural innovations, or multimodal integration represents the most promising direction for future
improvement. These findings establish that, although semantic decoding from scalp EEG is feasible,

substantial work remains to achieve the necessary robustness and accuracy for practical applications.

8.3 FUTURE DIRECTIONS AND CLOSING REMARKS

This dissertation demonstrates that representation learning is a valid approach for EEG-based brain-
computer interfaces. However, it also reveals significant opportunities for improvement. This section
outlines promising research directions and concludes with reflections on the path toward practical,

generalizable neural decoding systems.

8.3.1 FUTURE DIRECTIONS

Several research directions can address current limitations and advance EEG-based BCIs toward prac-

tical deployment.
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Methodological improvements include few-shot learning techniques that enable rapid subject adap-
tation with minimal calibration data, hierarchical tokenization schemes that capture multi-scale tem-
poral structure, and multi-task pre-training across motor, emotion, and semantic paradigms to dis-
cover general-purpose representations. Autoregressive decoding without teacher forcing and improved
temporal alignment methods would provide a more realistic evaluation of semantic decoding capabil-
ities.

Scaling toward foundation models requires aggregating diverse EEG datasets for large-scale pre-
training with self-supervised objectives such as masked prediction and contrastive learning. Architec-
tural innovations—including neural architecture search tailored to EEG and efficient alternatives to
Transformers—may better capture spatiotemporal dependencies. The community needs standard-
ized benchmarks and evaluation protocols to enable systematic comparison across methods. Cross-
device learning that achieves montage-invariant representations would enable truly plug-and-play BCls.

Multimodal integration and applications offer additional opportunities. Combining EEG with
fMRI, MEG, eye tracking, and behavioral signals could leverage complementary strengths of different
modalities. Advanced applications include bidirectional brain-computer communication with neu-
rofeedback, thought-to-image generation, and mental interfaces for productivity. Real-world deploy-
ment requires wearable form factors, continuous monitoring with on-device processing, and privacy-
preserving computation.

Ethical considerations must be addressed proactively. Neural data requires robust privacy protec-
tions and respect for cognitive liberty. Ensuring equal access requires open-source development and
design for different populations. Informed consent frameworks must clearly account for current ca-

pabilities and future improvements in decoding technology.
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8.3.2 CLOSING REMARKS

This dissertation began with a fundamental question: Can we transition from task-specific EEG sys-
tems to more generalizable ones? The answer is yes, through representation learning that discovers
invariant features directly from data rather than engineering features for each application.

The evidence is compelling. Learned representations consistently outperform handcrafted features
across motor imagery, emotion recognition, and semantic decoding. Subject-conditional architec-
tures accommodate individual differences without sacrificing generalizability. Cross-modal align-
ment bridges the gap between neural activity and semantic meaning. Neural tokenization enables
efficient processing on edge devices. These are not just incremental improvements; they represent a
paradigm shift in how we process neural signals.

However, technical achievements mean nothing without real-world impact. The 66% accuracy
in motor imagery classification enables reliable wheelchair control in response to user intent. The
42.75% BLEU-1 score in semantic decoding restores communication for individuals with locked-in
syndrome. Sub-5 ms inference time enables real-time BCIs on consumer hardware.

For decades, brain-computer interfaces have promised direct neural communication. This disser-
tation demonstrates that, when combined with large-scale pretraining and modern deep learning ar-
chitectures, representation learning finally makes that promise achievable. The foundations are estab-
lished. The path forward is clear. The future of BCIs lies in general-purpose representations that can

understand neural activity in all its complexity.
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Discovery consists of seeing what everybody has seen and

thinking what nobody bhas thought.

Albert Szent-Gyorgyi

Scientific Publications
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Related Contributions
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Progress in science depends on new techniques, new discov-

eries and new ideas, probably in that order.

Sydney Brenner

10

Supporting Studies



This chapter presents additional works conducted in parallel to the main contributions of this the-
sis. While not central to the core narrative of representation learning for EEG, these studies were
essential for developing the methodological foundations, validating design choices, and exploring al-
ternative approaches that informed the architectures and approaches presented in Parts IL III, and IV.
Each section provides a concise summary of the work, key results, and its connection to the broader

thesis.
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10.1 UNSUPERVISED DEEP LEARNING-BASED CLUSTERING FOR HUMAN ACTIVITY RECOG-
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Figure 10.1: Proposed architecture for unsupervised clustering for ADLs. It consists of an autoencoder that tries to
reconstruct two outputs from the input signals: the inverse input and the future sequence of the input. Then it is
devoted to clustering the dimensionally reduced signals in the learned latent space.

One of the main problems in applying deep learning techniques to recognize activities of daily
living (ADLs) based on inertial sensors is the lack of appropriately large labeled datasets to train deep
learning-based models. A large amount of data would be available due to the wide spread of mobile de-
vices equipped with inertial sensors that can collect data to recognize human activities. Unfortunately,
this data is not labeled. This work proposes DISC (Deep Inertial Sensory Clustering), a DL-based
clustering architecture that automatically labels multi-dimensional inertial signals. In particular, the
architecture, reported in Figure 10.1, combines a recurrent AutoEncoder and a clustering criterion
to predict unlabelled human activity-related signals. The proposed architecture is evaluated on three
publicly available HAR datasets and compared with four well-known end-to-end deep clustering ap-
proaches. The experiments demonstrate the effectiveness of DISC on both clustering accuracy and

normalized mutual information metrics.



10.1.1 CONTRIBUTION TO THESIS

This work validated unsupervised representation learning from time series, directly informing the self-
supervised approaches in Chapters 6-7. The clustering-based discretization prefigured vector quan-
tization for brain tokens, while cross-dataset generalization motivated the analysis of EEG variability

and subject-conditional architecture design in Chapters 4 and 6.

10.2 LEVERAGING DATASET INTEGRATION AND CONTINUAL LEARNING FOR HUMAN

ACTIVITY RECOGNITION
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Figure 10.2: CLP is composed of three main components: (i) Data Collection, (i) Data Management, and (jii) Data
Distribution. Data Collection allows the acquisition of a new dataset, while Data Management processes the new
dataset to homogenize it and adds it to the existing incrementally built dataset. Finally, the Data Distribution component
of CLP enables users and applications to request and receive homogenized sets of labeled signals and custom-trained
classifiers from the platform.

Machine learning techniques have proven to be effective in human activity recognition (HAR)
from inertial signals. However, they often suffer from intra-class variability and inter-class similar-
ity problems due to strong differences among individuals and in how they perform activities. Re-
cently, data-centric approaches have demonstrated efficacy; however, they require extensive datasets

encompassing numerous readings across multiple subjects, incurring significant costs during acquisi-

tion campaigns. This study introduces a novel homogenization procedure to address dataset hetero-
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geneity in HAR, enabling the integration of diverse datasets into a unified framework. Using eight
publicly available HAR datasets, we evaluated the performance of two neural network architectures,
a simplified convolutional neural network (S-CNN) and a long short-term memory (LSTM) net-
work. The proposed method reduces the Fr-score gap with baseline models from 24.3 to 7.8% on
average, reflecting a relative improvement of 16.5%. Additionally, fine-tuning improves model adapt-
ability, achieving a 2.5% accuracy increase for new users. These findings highlight the feasibility of
data-centric strategies for robust HAR systems. In particular, the merging procedure, combined with
fine-tuning techniques, confirms that diverse data sources and appropriate adaptation methods can
yield performance outcomes closely resembling those of the original datasets. Our methodology has
been implemented in the continual learning platform (CLP), reported in Figure 10.2, which has been

made available to the scientific community to facilitate future research and applications.

10.2.1 CONTRIBUTION TO THESIS

This work established methodologies for handling dataset heterogeneity and enabling cross-dataset
generalization, which informed the multi-dataset evaluation strategy throughout this thesis. The ho-
mogenization procedure for integrating diverse HAR datasets with different sensor configurations,
sampling rates, and activity definitions is similar to the challenges of combining EEG data across
recording devices, electrode montages, and experimental paradigms. The fine-tuning strategy for
adapting models to new users validated the subject-conditional approach developed in Chapters s
and 6, in which learned representations balance shared patterns with individual adaptation. The
data-centric philosophy that performance improvements stem from training on diverse data rather
than architectural complexity motivated the emphasis on learning generalizable representations from

large-scale, heterogeneous corpora instead of engineering specialized models for each BCI paradigm.
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10.3 RESPONSIVE TELEOPERATION OF A ROBOTIC ARM VIA WEARABLE INERTIAL SEN-
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Figure 10.3: Overall architecture of the proposed system. The components highlighted in blue and violet are responsible
for motion tracking, while the others are focused on the telecontrol of a robotic arm and its simulation.

Human-in-the-loop teleoperation stands as a primary method for controlling robotic arms, offer-

ing significant practical and research applications across various fields such as industry, medicine, and

home automation. This work proposes a responsive system for the remote control of a robotic arm

utilizing wearable inertial sensors. An overview of the approach is presented in Figure 10.3. The sys-

tem relies on three inertial units connected to low-cost wireless microcontrollers, which are placed

on the user’s arm. A server-side application, built on Robotic Operating System (ROS), orchestrates

the inter-action between these units and the robotic arm. The robotic arm’s functionality is demon-

strated within a simulated environment using Gazebo (an open-source 2D/3D robotics simulator).
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To prove the efficacy of our proposed system, we conducted an experiment involving 16 users and
evaluated their interaction using both objective measures (such as manipulation task execution time)
and subjective metrics (including user satisfaction). Our experimentation reveals that users can tele-
operate for longer times compared to real manipulation scenarios initially, but can gradually reduce
these times as their experience increases. Furthermore, the majority of users rated the interaction as

realistic, responsive, and usable.

10.3.1 CONTRIBUTION TO THESIS

The experimental methodology that combined objective performance metrics with subjective usabil-
ity assessments shaped the evaluation protocols throughout the thesis. Observing users’ adaptation
during teleoperation was critical because it validated the importance of subject-specific learning, which
was addressed in Chapter 4. This validation motivated the subject-conditional architectures in Parts

IIT and IV, which accommodate individual differences.

10.4 AUTHENTICATED RoBOTIC TELEOPERATION WITH TASK RECOGNITION

Human-in-the-loop teleoperation of robotic arms holds considerable promise for consumer electron-
ics, particularly in immersive and interactive applications such as healthcare, gaming, augmented re-
ality, virtual reality, smart home systems, and telemedicine. These applications demand robust user
authentication to safeguard against unauthorized access, ensuring secure, user-centered control of tele-
operated systems in various consumer environments. However, existing systems often lack seamless
integration of security measures, such as biometric authentication, while maintaining affordability
and responsiveness. This work proposes a low-cost teleoperation system using wearable inertial mea-
surement units (IMUs) to securely and responsively control a robotic arm. We employ a machine-

learning approach for authentication using logistic regression on time series data from the IMUs
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Table 10.1: Models, hyperparameters, and cross-validation macro F1-scores. The best hyperparameters for task
identification are italicized, while those for user identification are underlined. The scores of the best-performing models
are in bold.

Model Hyperparameters F1-Score Task Id. (%) Fi-Score User Id. (%)

n_estimators: 2, 50, 75, 100, 125, 150, 175, 200
RF max_depth: null, 1,2, 3, 4,5,6,7,8, 9, 10 75.60 63.15
criterion: gini, entropy, log_loss

C:o.1,0.2,0.3,0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0

SVM ; . . 60.06 67.
kernel: linear, rbf, sigmoid 00 791

KNN n_?eighbors‘: L3579 1 13, 15 64.38 61.02
weights: uniform, distance

DT mgX_fiepthf n.ull, 1,2,3,4,5,6,7,8,9, 10 60.09 36.02
criterion: gini, entropy, log_loss

NB var_smoothing: 1e-11, 1e-10, 1€-9, 16-8, 1e-7 69.86 43.77

LR C:o0.1,0.2,0.3,0.4,0.5, 0.6,0.7, 0.8, 0.9, 1.0 68.70 74.02

during handling tasks. Experiments with 16 operators performing three handling tasks demonstrate
that random forest outperforms other classifiers in task identification, achieving a macro F1-score of
75.60%. In contrast, logistic regression performs best in user identification and authentication tasks.
Our system achieves an average Equal Error Rate of approximately 8.89% in user authentication using
logistic regression. Results are reported in Table 10.1. The proposed system’s low-cost, IMU-based
design, adaptable to various end-eftectors, aligns with consumer demands for affordable, intuitive,
and secure teleoperation setups. This work highlights the potential for biometric-based teleopera-
tion to advance consumer technology applications in healthcare, Internet of Things, and immersive

environments, ensuring personalized and secure user experiences.

10.4.1 CONTRIBUTION TO THESIS

This work reframed individual differences in sensor signals as discriminative features rather than as
source of variability. This approach achieved an Equal Error Rate of 8.89% for user authentication.

This insight motivated the development of subject-conditional architectures, in Chapters 5 and 6, that
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explicitly model individual patterns as informative, rather than suppressing them. The task recogni-
tion methodology in Chapter 3 achieved a 75.60% F1-score and validated machine learning compari-

son approaches that transferred to motor imagery classification .

10.5 PHYsICS-BASED AND PHYS10L.0GICAL HUMAN MOTION DIFFUSION
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Figure 10.4: Architecture of myo(D for physical and physiologically human motion generation. A textual encoder (CLIP)
processes language inputs to obtain semantic embeddings, while an optional motion control module incorporates spatial
signals (e.g., pelvis trajectories, IMU data). Both signals condition a diffusion transformer that progressively denoises
motion states in the parameter space ‘um}m. A differentiable forward kinematics component enforces realistic joint ranges
and contact constraints throughout training, ensuring each refinement step adheres to physical and physiological
principles.

Current approaches for text-to-motion generation are capable of generating diverse human behav-
iors with geometric consistency and produce visually coherent motions, but they use motion repre-
sentations that neglect the physical and physiological (PnP) consistency that is fundamental to real-

istic human motion. Addressing this limitation has significant potential for applications in domains
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requiring high motion fidelity, such as biomechanics, ergonomics, health, and safety. This work in-
troduces By novel parameterization that, in contrast to commonly used motion representations,
inherently enforces physiological consistency. It also proposes 72y0®, a diffusion model that gener-
ates motions leveraging Emyo together with a physiologically accurate body model, the MyoSkeleton.
The architecture is shown in Figure 10.4. By tightly coupling the motion representation with the
body model and by subsequently generating motions in this space, we embed physical and physiolog-
ical information directly into 72y0®, eliminating the need for external constraints such as geometric
training objectives or the rollout of control policies in physics simulators—reducing both training
time and the number of diffusion steps required during inference. As a result, the proposed model
achieves state-of-the-art results, with a Fréchet Inception Distance of 0.170, a 10.5% lower trajectory
error, a 36% reduction in ground penetration, and a 41% improvement in the physiological score—all

while generating 200 frames in under two seconds.

10.5.1 CONTRIBUTION TO THESIS

This work explored controlled generation through diffusion models on learned representations, es-
tablishing principles that transferred to neural signal processing. The key insight, that representation
design determines generalization and controllability, informed Parts III-IV. Both human motion and
neural activity exhibit hierarchical organization, temporal dynamics, and subject-specific characteris-
tics that must be captured while maintaining generalizability. The diffusion framework validated that
generative models produce constrained outputs in structured latent spaces, which motivated recon-
struction objectives for brain tokens. Effective representation learning requires aligning learned spaces

with domain structure to enable controlled generation and generalization as emergent properties.
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