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Abstract

This Thesis delves into the intersection of Deep Learning and Motor-Imagery (MI) Brain-Computer
Interfaces (BCIs), aiming to enhance their effectiveness and applicability through innovative ap-

proaches and frameworks.

In the first part of the Thesis, we present an extensive EEG data collection experiment, span-
ning two years and encompassing diverse scenarios. By meticulously designing the experimental
protocols and utilizing cutting-edge EEG hardware, we captured and analyzed real and imagined
movements of hundreds of participants. The first part of this Thesis also introduces a novel causal
framework integrating Causal Reasoning into brainwave modeling for all BCI paradigms. Using
this framework, we analyse the challenges of brainwave decoding in real-world BCI applications,
exploring ways to address these challenges using general machine learning practices. This frame-
work is the first study to combine Machine Learning and Causal Reasoning in the field of BCIs and
to present a unified causal framework. Although theoretical in nature, we posit that this causal
framework holds promise for future BCI enhancements and aids in pinpointing potential pitfalls

within machine learning systems endeavoring to solve the complex problem of exploiting the brain.

In the second part of this Thesis, we introduce a lightweight deep neural network architec-
ture leveraging the joint time-frequency scattering transform, resulting in improved classification
performance and enhanced interpretability. Additionally, a novel subject selection framework is
presented, enhancing personalised performance for subjects, especially those who initially exhib-
ited poor performance. Finally, the issue of inter-subject variability in MI decoding, which hinders
the generalization of deep models across subjects, is addressed by introducing a dynamic convolu-
tion framework, demonstrating improved generalization performance across subjects in various MI

tasks.

Collectively, this Thesis presents a comprehensive exploration of key challenges in BCI research
and proposes innovative solutions, both theoretical and practical, to advance the field, ultimately

paving the way for more effective and robust BCls.
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/brein/

1. - noun An organ of soft nervous tissue contained in the skull of vertebrates, functioning
as the coordinating centre of sensation and intellectual and nervous activity.

2. - noun Intellectual capacity.

Source: Oxford Languages




2 CHAPTER 1. INTRODUCTION

1.1 Problem Scope and Challenges

The human brain is arguably the most complex object in the known observable universe. It is
a marvel composed of countless neurons and synapses, forming the foundation of our memories,
thoughts, experiences and consciousness. Together with the spinal cord, it serves as the central
hub of our nervous system, governing everything from basic bodily functions (e.g. beating of the
heart) to complex cognitive processes (e.g. perceiving the world around us). All these processes
occur through the exchange and passing of messages between the brain and the different body
organs. Over millions of years, the brain has evolved, particularly during the emergence of Homo
Sapiens, to accommodate new challenges and capabilities (e.g. new dietary needs and linguistic
complexity). Despite its remarkable growth, the brain’s size has stabilized, while the world around

us has undergone unprecedented change, primarily due to technological advancements.

The advent of technology has brought about a revolution, touching all spheres of human life,
from healthcare to entertainment. Semiconductor chips have played a pivotal role, driving down
the cost of personal computing and democratizing access to information and communication tech-
nologies. Today, a vast majority of the global population has access to the Internet and personal

computing devices (e.g. smartphones), marking the dawn of the “Homo Digitalis” era [1].

The accessibility and affordability of personal computers have surged over time, propelled
by both declining manufacturing costs and the exponential growth predicted by Moore’s Law
[2], where computing power doubles approximately every two years. This exponential increase
in computational capacity not only entrenched personal computers in society but also laid the

foundation for the emergence of Artificial Intelligence (AI), a new field in computer science.

Al particularly in disciplines like Machine Learning (ML) and Deep Learning (DL), relies heav-
ily on vast datasets to train algorithms, paving the way for machines to learn independently of
human guidance [3]. This paradigm shift in learning methods has resulted in significant break-
throughs, from digital assistants capable of natural language processing to self-driving vehicles
navigating complex environments autonomously. Notably, Al systems have surpassed human per-
formance in various tasks, such as games like chess and Go, leading some experts to predict that

AT may surpass human intelligence entirely in the future, a concept known as singularity.

Today’s world is overwhelmed by more powerful computing machines and advancements in the
field of AI. However, all these developments are the product of work done by human intelligence

using our most powerful organ, our brain. And the question arises:



1.1. PROBLEM SCOPE AND CHALLENGES 3

[ Is it possible to combine humans and machines ? ]

In other words, is it possible to harness the endless possibilities that Al has to offer in order to
design computers that can be controlled using only our minds ? As society grasps the implications
of increasingly powerful computing and Al technologies, there is growing interest in integrating
human intelligence with machines. This interest has led to the emergence of the field of Brain-
Computer Interface (BCI) (or Brain-Machine Interface (BMI) or Mind-Machine Interface (MMI)),
which aims to facilitate direct communication between the human brain and computers. These
interdisciplinary endeavours (ranging from neuroscience and medicine to engineering and computer
science) promise to unlock new frontiers in human-computer interaction, forming the cornerstone

of ongoing research efforts, including this doctoral Thesis.

At its core, a BCI system typically consists of hardware for neural signal acquisition (ranging
from non-invasive external devices to implanted interfaces), sophisticated signal processing algo-
rithms for decoding neural activity, and software / hardware systems for translating these decoded
signals into meaningful commands or actions. Within the vast landscape of BCls, this Thesis aims
to focus on BCI systems that utilize Electroencephalography (EEG) signals and to delve into a
specific paradigm, Motor-Imagery (MI) BCIs. MI-BCIs harness the brain’s ability to generate
neural patterns associated with imagined movements, offering a non-invasive means to translate

these mental processes into actionable commands for external devices.

A crucial part of an MI-BCI is the decoding algorithm of neural activity, using either classical
signal processing or machine learning techniques. Conventional machine learning techniques have
faced significant issues when dealing with unprocessed raw EEG data. Researchers and neurosci-
entists have extensively investigated a variety of manually crafted feature types for EEG-related
tasks, encompassing both temporal and frequency domains. Initial efforts were oriented around
manually crafted features computed on a single-electrode basis, raising concerns about their ca-
pability to capture phenomena spanning multiple brain regions. Additionally, algorithms trained
on manually crafted features often struggle with generalization across different individuals (also
known as subjects), leading to the necessity of constructing only personalised models. The inte-
gration of DL techniques into the EEG data analysis has faced a slower adoption rate compared
to other fields (like Computer Vision), primarily due to several challenges related to both the data
itself and the subjects involved. These challenges encompass the limited availability of publicly

accessible datasets, which hampers the training and validation of DL models. Additionally, factors
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pertaining to individual subjects, such as variations in brain anatomy and functionality, cognitive
profiles, and familiarity with BCI technology, contribute to highly diverse patterns of EEG signals,
even within the same individual. As a consequence, decoding MI tasks from EEG signals becomes
an extremely challenging task, requiring sophisticated models to account for these challenges and

achieve reliable results.

Thus, the problem of decoding MI brainwaves is twofold. On the one hand, there is a press-
ing need for more EEG data that closely mirrors real-world conditions beyond the confines of
the laboratory, as well as a comprehensive mapping of the brainwave modeling problem through
Machine Learning. Such efforts are crucial for gaining a comprehensive understanding of the intri-
cacies and task-specific challenges involved in decoding motor-imagery brainwaves. On the other
hand, advancements are required in the decoding algorithms tailored to address these task-specific
complexities. This doctoral Thesis endeavours to introduce solutions that attempt to solve both
problems. The first part of the Thesis concentrates on the acquisition of diverse EEG data and
introduces a unified framework aiming to breakdown and analyze important challenges of brain-
wave modeling for all BCI paradigms. The second part of the Thesis delves into resolving specific
challenges identified within MI-BClIs, aiming to contribute towards enhancing their efficacy and

applicability.

1.2 Contributions and Thesis Overview

In the following section, we describe the contributions of this Thesis, in greater detail and per

chapter:

¢ Chapter 3. Capturing Real-World Brainwave Data: In this chapter, we delve into our
EEG data collection experiment, a groundbreaking endeavour conducted at Imperial College
London. Our primary aim was to capture and analyze both real and imagined movements of
users engaged in various gaming scenarios under real-world conditions. Through meticulous
design choices, planning and execution, we conducted a comprehensive data collection process
that involved participants interacting with diverse gaming environments, each presenting
unique challenges (time-locked and self-paced cases) and stimuli. By integrating cutting-
edge EEG hardware technology and various EEG headsets (ranging from research-grade
to consumer-grade devices), we were able to capture data samples corresponding to both
physical actions and mental simulations from a large number of participants over the span

of two years.
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Chapter 4. A Causal Perspective on Brainwave Modeling for BClIs: In this chap-
ter, we try to understand the problem of brainwave decoding through the lens of Causal
Reasoning. Machine learning models have opened up enormous opportunities in the field
of BCIs. Despite their great success, they usually face severe limitations when they are
employed in real-life applications outside a controlled laboratory setting. Mixing Causal
Reasoning and identifying causal relationships between variables of interest with brainwave
modeling can change one’s viewpoint on some of these major challenges, which can be found
in various stages in the machine learning pipeline, ranging from data collection and data
pre-processing to training methods and techniques. Here, we employ Causal Reasoning and
present a framework aiming to breakdown and analyze important challenges of brainwave
modeling for BCIs. Furthermore, we present how general machine learning practices, as well
as brainwave-specific techniques, can be utilized and solve some of these identified challenges.
Finally, we discuss appropriate evaluation schemes to measure these techniques’ performance

and efficiently compare them with other methods that will be developed in the future.

Chapter 5. BrainWave-Scattering Net: In this chapter, we introduce a novel, lightweight,
fully-learnable neural network architecture that relies on Gabor filters to delocalize EEG sig-
nal information into scattering decomposition paths along frequency and slow-varying tempo-
ral modulations. We utilize the proposed network in two distinct modeling settings, to build
either a generic (training across subjects) or a personalised (training within a subject) clas-
sifier. In both cases, we demonstrate high performance for BrainWave-Scattering Net with
considerably less trainable parameters as well as shorter training time compared to other
state-of-the-art deep BCI architectures. Moreover, this network demonstrates enhanced in-
terpretability properties emerging at the level of the temporal filtering operation and enables
us to train efficient personalised BCI models with a limited amount of training data. In this
chapter, we also introduce a novel subject selection framework that blends ideas from dis-
criminative learning (based on Continuous Wavelet Transform) and graph-signal processing
(over the sensor array). Through experimentation, we showcase enhanced personalised per-
formance for MI-BCIs. Notably, it proves particularly advantageous for subjects who initially

demonstrated suboptimal personalised performance.

Chapter 6. Improving Generalization of CNN-Based MI Decoders: Neurophysio-
logical processes underpinning EEG signals vary across subjects, causing covariate shifts in
data distributions and hindering the generalization of deep models across subjects. In this

chapter, we aim to address the challenge of inter-subject variability in MI decoding. To this
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end, we introduce a dynamic convolution framework to account for shifts caused by the inter-
subject variability and we demonstrate improved generalization performance across subjects

in various MI tasks for many well-established deep BCI architectures.

1.3 Impact and Applications

Accurate decoding of brainwaves, particularly in the paradigm of Motor-Imagery, offers a plethora

of benefits across various fields, with a significant impact on human-computer interaction.

¢ Rehabilitation: For individuals undergoing rehabilitation after stroke, traumatic brain in-
jury, or other neurological disorders, MI-BClIs serve as a new therapy tool, harnessing the
brain’s neuroplasticity to facilitate recovery and functional restoration. Patients can partic-
ipate in targeted neurorehabilitation exercises and tasks (through repetitive motor imagery
exercises guided by real-time feedback from MI-BCIs) aiming to retrain neural pathways asso-
ciated with motor movement. This personalised and interactive approach not only enhances
traditional rehabilitation techniques but also motivates and engages patients in their recov-
ery journey. In addition, therapists using MI-BCIs can assess neurophysiological changes and
tailor interventions accordingly. In summary, MI-BCIs for rehabilitation purposes offer an
engaging and unique platform for movement training, enabling patients to regain lost motor

function and achieve greater levels of independence and quality of life.

¢ Individuals with Disabilities: MI-BCIs represent a transformative technology with pro-
found implications for individuals with disabilities through the power of thought alone, par-
ticularly those who have lost the ability to communicate and interact with the world due
to severe motor impairments (for example, individuals with conditions such as spinal cord
injuries, amyotrophic lateral sclerosis (ALS), or locked-in syndrome). MI-BCIs can enable
users to communicate their intentions without relying on traditional motor pathways. This
breakthrough technology facilitates not only communication but also allows users to engage
with their environment more seamlessly. Tasks that were once daunting or unimaginable
become realisable and doable, from operating digital devices and computers to controlling
robotic limbs or wheelchairs. MI-BCIs not only restore a sense of independence to individu-
als with disabilities but also foster a more profound sense of connection and inclusion within

their social networks.
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Entertainment: In the gaming industry, MI-BCIs introduce a new way of user interaction
by allowing users to control characters and environments using their thoughts alone. This
new immersive form of interaction opens many doors to innovative gameplay mechanics.
Beyond gaming, MI-BCIs offer exciting opportunities in Augmented Reality (AR), Virtual
Reality (VR) and Metaverse experiences, where users can navigate and interact with digital
environments and items through mental commands (e.g. walk in the visual environment
without being constrained by the physical space), creating truly immersive and engaging
experiences. Additionally, MI-BCIs can potentially transform how we interact with music,
media and other forms of entertainment content by enabling hands-free control of multimedia
devices such as televisions, music players, and streaming platforms. This seamless integration
of MI-BClIs into entertainment devices not only enhances accessibility for individuals with
disabilities but also introduces a new dimension of interaction for healthy users as well.
Finally, MI-BCIs hold promise in creative applications such as digital music composition or
digital art, where users can express themselves and create artistic works using only their

thoughts.

Sports / Competitions: In competitive sports, MI-BCIs provide a cutting-edge tool for
athletes to fine-tune their mental focus, visualization, and motor skills, ultimately leading to
improved performance in the field. By incorporating MI-BClIs into their training programs,
athletes can engage in targeted mental rehearsal and visualization exercises, enhancing their
cognitive abilities and the execution of their physical movements. Moreover, MI-BCIs offer
real-time feedback based on the athlete’s brain activity, allowing coaches to tailor person-
alised training programs, maximizing the efficacy of the training sessions and enabling peak

performance during games.

Overall, accurate Motor-Imagery brainwave decoding holds the promise of revolutionizing

healthcare, technology, and augment human potential. Moreover, the work described in this Thesis

can be applied as is or with minor modifications to a range of other BCI fields, including: Epilepsy

Detection, Lie Detection, Emotion Recognition and many more.

Societal Impact: The decoding of brainwaves, made possible through BCI systems, presents

a plethora of both promising opportunities and potential challenges. The rapid advancements in

hardware technology and deep learning BCI systems underscore the urgent need for thoughtful

consideration. The research outlined in this Thesis endeavours to advance BCI technology by

improving brainwave decoding models to be more universally applicable, thereby amplifying the
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predominantly positive aspects of BCIs. However, BCIs also raise significant ethical, privacy, and
societal considerations amidst their transformative potential. Issues surrounding data security,
privacy, and the potential misuse of brain data demand careful consideration to ensure responsible
development and deployment of BCI systems. In the field of neuroscience, the discussion around
the safety and ethical implications of advances in neurotechnology and BCI technology traces back
to the 2000s [4]. Since then, a number of institutions, bodies and countries have produced reports
mapping the landscape of these issues (e.g. [5], [6]) and passed bills for protecting brain rights
[7]. Within this Thesis, we introduce a module designed to identify individuals based on their
brain activity accurately. Like fingerprint, facial recognition, or voice recognition systems, these
biometric algorithms carry inherent risks and must be utilized cautiously, serving purposes that

unequivocally benefit humanity.

1.4 Publications

The primary content of this Thesis stems from the author’s published works in peer-reviewed
journals and conferences during the author’s work as a doctoral student at Imperial College London.
Each chapter is structured around these publications, maintaining their original text as closely as
possible to aid reader comprehension while ensuring a cohesive flow throughout the Thesis. In
this section, these works are outlined and can be categorized into a) those directly relevant to the
Thesis chapters and b) those where the author’s involvement is acknowledged in the publication

but not discussed in this Thesis.

1.4.1 Relevant Publications

The text of each chapter in this Thesis is based on the works described below. In summary, the

following chapters contain:

e Chapter 3:

The data collection experiment described in this chapter, titled: “MyBrainCommands:
Mind Reading for control”, took place at the Department of Computing at Imperial College
London. All the participants gave written consent. The experiment received approval by the
Head of Department and the Research Governance and Integrity Team (SETREC number
22IC7505), 2022-2023.
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e Chapter 4:

— Konstantinos Barmpas, Yannis Panagakis, Georgios Zoumpourlis, Dimitrios A Adamos,
Nikolaos Laskaris, Stefanos Zafeiriou. “A Causal Perspective on Brainwave Modeling

for BCIs”. Journal of Neural Engineering, 2024 - [8]
¢ Chapter 5:

— Konstantinos Barmpas, Yannis Panagakis, Dimitrios A Adamos, Nikolaos Laskaris,
Stefanos Zafeiriou. “BrainWave-Scattering Net: a lightweight network for EEG-based

motor imagery recognition”. Journal of Neural Engineering, 2023 - [9]

— Konstantinos Barmpas, Yannis Panagakis, Dimitrios A Adamos, Nikolaos Laskaris,
Stefanos Zafeiriou. “Subject Selection Framework to Improve Personalised Models for
Motor-Imagery BCls via Wavelets and Graph Diffusion”. ICLR 2024 Workshop on
Learning from Time Series For Health, 2024 - [10]

¢ Chapter 6:

— Konstantinos Barmpas, Yannis Panagakis, Stylianos Bakas, Dimitrios A Adamos,
Nikolaos Laskaris, Stefanos Zafeiriou. “Improving generalization of CNN-based motor-
imagery EEG decoders via dynamic convolutions”. IEEE Transactions on Neural Sys-

tems and Rehabilitation Engineering, 2023 - [11]

— Konstantinos Barmpas, Yannis Panagakis, Dimitrios A Adamos, Nikolaos Laskaris,
Stefanos Zafeiriou. “A causal viewpoint on motor-imagery brainwave decoding”. ICLR2022

Workshop on the Elements of Reasoning: Objects, Structure and Causality, 2022 - [12]

Finally, one patent application was published and granted:

o Konstantinos Barmpas, Yannis Panagakis, Dimitrios A Adamos, Nikolaos Laskaris, Ste-
fanos Zafeiriou. “Classification of brain activity signals”.
UK Patent Office / GB2605270 / 2024 - [13]
European Patent Office / EP4452055 / 2024 - [14]
WPO / W02023148471 / 2023 - [15]
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1.4.2 Other publications

In addition, during these studies, the author participated and co-authored the following works:

e Julian Suk, Lorenzo Giusti, Tamir Hemo, Miguel Lopez, Konstantinos Barmpas, Cristian
Bodnar. “Surfing on the neural sheaf”. NeurIPS 2022 Workshop on Symmetry and Geometry

in Neural Representations, 2022 - [16]

o Xiaoxi Wei, Aldo Faisal, Moritz Grosse-Wentrup, Alexandre Gramfort, Sylvain Chevallier,
Vinay Jayaram, Camille Jeunet, Stylianos Bakas, Siegfried Ludwig, Konstantinos Barm-
pas, Mehdi Bahri, Yannis Panagakis, Nikolaos Laskaris, Dimitrios A Adamos, Stefanos
Zafeiriou, William C Duong, Stephen M Gordon, Vernon J Lawhern, Maciej Sliwowski, Vin-
cent Rouanne, Piotr Tempczyk. “2021 BEETL Competition: Advancing Transfer Learning
for Subject Independence & Heterogenous EEG Data Sets.” Proceedings of Machine Learning
Research (PMLR) - NeurIPS 2021 Competitions and Demonstrations Track, 2022 - [17]

o Stylianos Bakas, Siegfried Ludwig, Konstantinos Barmpas, Mehdi Bahri, Yannis Pana-
gakis, Nikolaos Laskaris, Dimitrios A Adamos, Stefanos Zafeiriou. “Team Cogitat at NeurIPS
2021: Benchmarks for EEG Transfer Learning Competition” NeurIPS 2021 BEETL Com-

petition: Benchmarks for EEG Transfer Learning - Winning Team, 2021 - [18§]

Finally, parts of the work described in this Thesis have been presented at the following talks

and outreach events:
1. BCI Society Next Gen: Trainee Spotlight 2 Event 2022 (Invited Speaker)
2. Imperial Computing Research Showcase Day 2022 (Invited Speaker)
3. Imperial Computing Drop-In Demonstrations at The Great Exhibition Road Festival 2022
4. Science Talk at St. Paul’s Girl School 2023 (Invited Speaker)
5. Imperial Medicine Coding The Future of Healthcare Conference 2024 (Invited Speaker)
6. Microsoft Student Ambassador Al Tech Talk 2024 (Invited Speaker)
7. Research Interview by Zak Jost at Welcome AI Overloads 2024 (Invited Speaker)

8. AI Panel at UCL x KCL TechSummit 2024 (Invited Speaker)
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In this chapter, we present the background theory underlying the work in this doctoral Thesis.
We begin by briefly introducing the history of Brain-Computer Interfaces (BCIs) and their different
stages. We then describe the different techniques that allow brain activity-related signal acquisition
with emphasis given to Electroencephalogram (EEG) signals. We outline some of the important
features characterizing these brain activity signals. We conclude by discussing the paradigm of
Motor-Imagery (MI) and some MI decoding techniques (both classical signal processing-based and

deep learning-based).
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2.1 Electroencephalography (EEG) Signal
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Figure 2.1: Hlustration of an EEG signal.

In the 1920s, Hans Berger ([19], [20]) made a groundbreaking discovery that revolutionized our
understanding of the human brain. He demonstrated that the brain generates electrical activity, a
finding that laid the foundation for a new era in neuroscience. Specifically, this work illuminated
how the intricate operations of neurons produce measurable electrical currents, which can be ob-
served through various techniques, either invasive methods (small-scaled chips surgically implanted

on the brain’s tissue) or non-invasive techniques (electrodes placed on the scalp).

Berger’s discovery resulted in a new electrophysiological monitoring technique of brain’s activ-
ity: the Electroencephalogram (EEG). EEG involves placing electrodes on the scalp to detect and
record the brain’s electrical signals. This non-invasive method quickly became the cornerstone of

brain activity monitoring, remaining the primary approach even in modern neuroscience.

EEG captures voltage fluctuations resulting from the ionic currents within the brain’s neurons
[21]. EEG, as demonstrated by subsequent research, has enabled neuroscientists to delve deep
into understanding cognitive functions and diagnosing various neuropathologies. One of the key
advantages of EEG is its non-invasive nature, making it safe and accessible for studying brain
activity in diverse populations, including children and patients with neurological disorders. EEG
offers a window into the brain’s dynamic activity patterns, revealing rhythms and oscillations

associated with different cognitive processes.

As a result, EEG is invaluable in clinical settings for diagnosing and monitoring neurological
conditions such as seizures and epilepsy [22], sleep disorders [23], and brain injuries [24]. Abnormal
patterns in EEG recordings can provide crucial diagnostic information, guide treatment decisions

and evaluate the effectiveness of interventions.
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In recent years, advancements in EEG technology, such as high-density electrode arrays and so-
phisticated signal processing techniques, have enhanced its utility even further. These innovations
enable researchers to capture finer details of brain activity and explore complex neural networks

underlying cognitive functions.

2.2 Brain-Computer Interfaces (BClIs)

Joseph Kamiya’s research [25] in 1968 further expanded the potential of EEG by uncovering that
specific EEG features, termed Alpha Waves, could be intentionally manipulated and controlled by
human subjects. This discovery opened doors to the field of neurofeedback training, where indi-
viduals can learn to regulate their brain activity through real-time feedback. Through structured
training phases, individuals can gain control over their Alpha Waves, offering promising avenues

for enhancing cognitive function and addressing neurological disorders.

A few years later, Jacques Vidal suggested in his paper “Toward Direct Brain-Computer Com-
munication” [26] that EEG signals could be used as a communication tool between humans and
machines. It was in this paper that the term Brain-Computer Interface (BCI) (or BMI or MMI)
was first introduced. Table 2.1 provides a summary of all significant discoveries and events in the

history of Brain-Computer Interfaces (BCIs).

Year Historic Event

1929 First EEG - (Hans Berger) [19]

1968 Alpha Waves - (Joseph Kamiya) [25]

1973 Coined the Term BCI - (Jacques Vidal) [26]

1988 P300 Speller - (Farwell and Donchin) [27]

1989 Brainwave Drawing Game - (Sobell and Trivich) [28]

1991 | Sensorimotor Rhythms (SMR)-based BCI - (Wolpaw et. al.) [29]
1993 Motor Imagery (MI)-based BCI - (Pfurtscheller et. al.) [30]
1995 Steady-State Visual Evoked Potentials (SSVEP)-based BCI
1999 Slow Cortical Potential (SCP)-based BCI

2000 Common Spatial Patterns (CSP) - (Ramoser et. al.) [31]
2001 Invasive BCIs - (Nicolelis)

2007 | Functional Magnetic Resonance Imaging (fMRI) - (Sitaram et. al.)
2008 Electrocorticography (ECoG) - (Schalk et. al.) [32]

2014 First Issue in the Journal “Brain-Computer Interfaces” T
2015 The International BCI Society was founded 2

Table 2.1: Historical events in Brain-Computer Interface (BCI) technology. Adapted from [33].

IWebsite: https://www.tandfonline.com/journals/tbci20
2Website: https://bcisociety.org/
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A Brain-Computer Interface is a device, or more broadly, a digital system, which enables direct
communication with the external world by circumventing the usual communication pathways such

as peripheral nerves or muscles [33].

Figure 2.2: Illustration of the Brain-Computer Interface (BCI) operation loop.

The BCI operation loop consists of four main stages:

1. Brain Activity Pattern Generation. The necessary brain activity is generated by the

human subject for the intended task.

2. Signal Acquisition. Brain activity signals are gathered through various methods, with the
most commonly utilized ones including Electroencephalography (EEG), Functional Near-
Infrared Spectroscopy (fNIRS), Functional Magnetic Resonance Imaging (fMRI), Intracorti-

cal Neuron Recording (INR), Electrocorticography (ECoG).

3. Signal Processing. This stage consists of three sub-stages: Signal Pre-Processing, Feature

Extraction and Classification. This Thesis is focused on this stage of the BCI operation loop.

4. Feedback back to the subject. The Brain-Computer Interface (BCI) operation loop closes

by providing feedback back to the user with the classified action by the BCI system.

2.3 Signal Acquisition and Pre-Processing

In this section, we outline several methods employed to capture brain activity signals, with a
primary focus on Electroencephalogram (EEG). We also delve into the properties and patterns

inherent in the EEG signals, which are crucial for developing BClIs.
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Figure 2.3: Graphical summary illustration of brain activity acquisition methods based on direc-
t/indirect data recording and spatial / temporal resolution - Figure taken by [33].

2.3.1 Recording Methods

Brain-Computer Interfaces require a digital device that collects the brain activity signals of the
subject and transfers it to a computer for processing. There are various methods that are used in
the field of BCI. These techniques can be categorized based on their spatial and temporal resolution,
whether they are direct or indirect as well as their invasiveness to the subject. Figure 2.3 provides

a graphical summary of brain activity recording methods based on these categorization factors.

There are several recording methods (both invasive and non-invasive) of neural activity. Some

of the most commonly used techniques include:

o Functional Near-Infrared Spectroscopy (fNIRS) [34]: It detects brain function by
gauging the absorption rates of oxygenated, and deoxygenated blood, where oxygenated
blood absorbs light below 800nm wavelength and deoxygenated blood absorbs light above

800nm wavelength.

o Functional Magnetic Resonance Imaging (fMRI) [35]: It assesses brain activity by
detecting the hemodynamic response, also known as the Blood Oxygen Level-Dependent

(BOLD) contrast.

Throughout this doctoral Thesis, Electroencephalography (EEG) [19] signals are predom-
inantly employed. This recording technique is extensively utilized due to its non-invasive nature,
cost-effectiveness, portability, and prevalence in over 60% of published research articles, as indi-

cated by [36]. EEG measures brain’s electrical activity using non-invasive sensors crafted from
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either gold or silver positioned on the subject’s scalp. In some instances, conductive gel is applied
between the EEG sensors and the scalp to heighten sensor sensitivity and facilitate more accurate

detection of the subject’s electrical brain activity.

The underlying principle of EEG is as follows: Every time a neuron enters the excitation state,
an electrical impulse is sent from the axon to the synapse [33]. This synaptic activity generates
an electrical impulse known as a postsynaptic potential. Since EEG recording takes place on the
scalp, the detection of a single neuron’s blast is almost impossible. But when performing a task,
millions or even billions of neurons get activated synchronously which generates a electrical field,

strong enough to be detected from sensors placed on the subject’s scalp.

These neural voltage oscillations, which are detected by EEG sensors, are referred to as brain-
waves, and based on their frequency and amplitude can be grouped into bands, as shown in Figure
2.4(b). Each brainwave band is related to a specific mental state as well as to a certain level of

neurological / brain activity [33].

In order to reliably maintain the same placement of the EEG electrodes from subject to subject,
the international 10/20 system [37] has been proposed for the positioning of electrodes, and it has
been adopted massively since then. The 10/20 system is based on three landmarks which determine

the positioning of all EEG sensors:

1. The Nasion: the connective point between the forehead and the nose

2. The Inion: the lowest point of the skull on the back of the head

3. The Pre-Auricular Points: points at the front of the ears

Under the 10/20 system, the scalp is divided into areas from the nasion to the Inion with
interval rates of 10%, 20%, 20%, 20%, 20%, and 10% hence the name. These areas are named as:
Frontopolar (FP), Frontal (F), Central (C), Parietal (P) and Occipital (O) respectively [37]. As it
is shown in Figure 2.4(a), each site is characterized by a letter to identify the lobe (FP, F, C, P,
O) followed by a number or the letter Z (even numbers refer to the right hemisphere, odd numbers

refer to the left hemisphere and Z refers to the midline).
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Figure 2.4: (a) The 10/20 international system of electrode placement (b) Brainwaves and fre-
quency bands - Figures taken from [33].

2.3.2 EEG Signal Patterns

Nowadays, mainly neuroelectric signals, such as EEG, are widely used for operating BCIs. There

are two main categories of EEG signals:

1. Evoked Potential: Evoked responses refer to EEG signals which are evoked by the presen-

tation of stimuli. Some notable examples of this category include among others:

« P300 ERP: The P300 response is an Event-Related Potential (ERP), which is an elec-
trical reaction signal detected from the nervous system subsequent to the presentation of
a stimulus. It typically reaches its maximum positive value approximately 300 millisec-
onds after the stimulus onset, which can be tactile, visual, or auditory in nature. The
amplitude of the P300 response peaks at the central and parietal regions of the scalp. It’s
noteworthy that the P300 response is spontaneously elicited post-stimulus application,
necessitating no specific training from the subject or the user of the BCI. One popular
BCT design leveraging P300 brain patterns is the P300 speller, an ERP-BCI designed
for spelling different letters. In this paradigm, letters are presented randomly, and the
subject is instructed to concentrate on the timing of the flashing letter corresponding

to their intended spelling.

» Steady-State Evoked Potentials (SSVEP): When faced with continuously flicker-
ing stimuli, the user’s brain generates rhythmic patterns that mirror the frequency of
the stimuli. Consequently, that translates to an elevation in EEG brain activity pre-
cisely at the stimulation frequency. BClIs utilizing this brain pattern are known for
their speed and reliability and have the added benefit of requiring no training from the
user or subject. One such SSVEP-BCI enables the user to control a simulated airplane,

such as turning left or right, by focusing on two lights flashing at different frequencies.
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However, a drawback of this approach is that the flashing lights can lead to fatigue for

the user.

2. Spontaneous: It refers to EEG signals under a specific state without any external stimula-
tion. For example, Sensorimotor Rhythms (SMRs) belong to this category. These brainwave
patterns can be influenced by either actual movement or imagined movement, reflected in
EEG signals across two frequency bands: the alpha band and the beta band. Specific ac-
tivities, such as physical movement or mental imagery of movement, can prompt alterations
in the power of the EEG signal. These changes in power are observable across various fre-
quency bands depending on the tasks being performed. When power decreases, it is termed
Event-Related Desynchronization (ERD), while increased power is termed Event-Related
Synchronization (ERS). Alpha band Event-Related Desynchronization typically occurs a
short time before the onset of real or imagined movement and peaks shortly after the ini-
tiation of the task. It returns to its baseline state after a few seconds. Conversely, beta
band Event-Related Desynchronization is relatively brief at the onset of real or imagined
movement, followed by Event-Related Synchronization, which reaches its maximum after the

completion of the intended task.

2.3.3 EEG Signal Pre-Processing

As in any digital system, the raw signals collected during the brain activity signal acquisition step
of a BCI are noisy (have low Signal-to-Noise (SNR) ratio) and contain unnecessary information
for the BCI task. EEG signals measure electrical brain activity, detected by electrodes positioned
on the scalp. Nevertheless, there are different layers with distinct electrical conductivity, such as
the scalp, and skull bone, situated between the cortical neurons generating electrical activity and
the electrodes that detect it ([38], [39]). As a result, electrical activity passing through these layers
undergoes distortion before reaching the EEG sensors. This distortion introduces noise into the

recorded EEG signal, complicating the recovery of the original brain activity.

In addition, EEG signals are often contaminated with artifacts. There are two main sources of

these artifacts:

e Physiological Sources: The subject’s heartbeat, an unintended motion, even a eye blink

can cause an artifact in the brainwave - intrinsic artifacts.
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o Electrical Sources: Like any electrical signal, brain activity signals can also be distorted

from sources like power lines or misplaced electrodes - extrinsic artifacts.

Fortunately, motion-related physiological artifacts can be effectively removed by incorporating
recordings from other sources, such as Electromyography (EMG), along with the brain activity
signals. When brain activity signals exhibit strong correlation with these additional data, they are

retained for the training of the BCI model.

Conversely, certain electrical artifacts can be mitigated using digital filters. For example, a
Notch filter can suppress power-line interference at 50Hz or 60Hz through bandstop filtering, while

a Band-Pass filter can isolate frequency content within a specific range.

Improperly positioned electrodes can lead to faulty connections, rendering the signal from these
electrodes unsuitable for further analysis. Misplaced electrodes should be either removed entirely

or replaced by performing interpolation from neighboring electrodes.

Additionally, to eliminate individual sources of noise, such as ocular artifacts, techniques like
Independent Component Analysis (ICA) can be employed ([40], [41], [42]). First, the EEG signals
are decomposed into several source components. Then, insignificant components are discarded and
the retained components are used in the reconstruction of the clean EEG signals. In essence, ICA

reveals hidden factors and similarities underlying the observed signal data.

Spatial filtering of brain activity signals provides the necessary quality enhancement, which is
necessary for the feature extraction and classification steps of a BCI. A commonly used technique
for spatial filtering of EEG signals is the Common Average Reference (CAR). Under Common
Average Reference (CAR) [43], the voltage potential is averaged across all sensors (electrodes) and

is subtracted from the recording electrode. Mathematically, this can be described as:

N
1
Vearag =Vi— N ZV] (2.1)
—

This techniques can effectively reduce noise that is present in all EEG electrodes. When more
localised filters are needed, other spatial filtering techniques techniques, like Common Spatial

Patterns (CSP) [44], have been proposed.
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2.4 Motor-Imagery Decoding

MI-BClIs are the primal focus of this Thesis. For someone to truly appreciate the immersive power
and endless possibilities that the field of MI-BCIs unveil, they need to visualize the following

scenario:

[ Imagine being completely paralyzed and having lost the ability to move your hands or feet. ]

Motor-Imagery stands as one of the most popular BCI paradigms. MI-BCIs are based on a
cognitive process involving the mental simulation of movement without actual physical execution
[45]. Tt encompasses the vivid mental rehearsal of motor actions, engaging similar neural circuits
as those involved in actual movement ([46], [47]). During Motor Imagery, individuals mentally
visualize themselves performing specific movements, such as grasping an object or walking, without
physically executing these actions. This mental rehearsal is believed to activate motor-related brain
regions, including the primary motor cortex, supplementary motor area, and premotor cortex, as
well as the same efferent pathways responsible for executing physical movements ([48], [49]). MI-
BCIs are widely used for movement rehabilitation purposes (e.g., [50], [51] and [52]) - to restore
and repair movement in individuals with paralysis - as well as for research purposes in cognitive

psychology [53].

The decoding of EEG MI signals constitutes a challenging task due to:

1. the low Signal-to-Noise ratio (SNR) of the EEG recordings

2. the well-documented variability within-subject and across-subjects data [54]

These two major factors limit one’s ability to fully understand the dynamics of the brain’s

activity and extract appropriate features for motor-imagery classification tasks [55].

2.4.1 Classical Decoding Techniques

Over the years, several works have addressed the problem of EEG-based motor-imagery classifica-

tion using classical feature extraction techniques [56].

Among various decoding methods, Common Spatial Patterns (CSP) [44] has emerged as a

prominent technique due to its effectiveness in extracting discriminative features from EEG signals.
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CSP [31] has been widely adopted in MI-BCI systems owing to its ability to enhance the SNR ratio
by finding spatial filters that maximize the variance difference between two classes of EEG signals.

Mathematically, a spatial filter w is computed with:

wSwT

W = argmaty, (2.2)

wYwT

where Y1 and Yo denote the averaged covariance matrix of class 1 and class 2 respectively.

Several variations of this technique have been introduced among those: [57] introduces the
regularized CSP (R-CSP), a method that addresses the issue of overfitting by integrating reg-
ularization techniques into the CSP framework. Probabilistic CSP (P-CSP) [58] encompasses
conventional CSP algorithms within a probabilistic modeling context. While [59] combined CSP

with wavelet transform to extract spatio-spectral features.

Moreover, the integration of CSP [44] with filter bank techniques has led to the development
of Filter Bank Common Spatial Pattern (FBCSP) approaches. FBCSP [60] builds upon the fun-
damentals of CSP, but unlike traditional CSP, FBCSP decomposes EEG signals into multiple
frequency subbands using a filter bank, allowing for more precise feature extraction across dif-
ferent frequency bands. This multi-resolution approach enhances the discriminative power of the
extracted features, enabling more robust MI-BCI decoding. While [61] introduces Common Time-
Frequency-Spatial Patterns (CTFSP), which derives features from EEG data that has undergone
multi-band filtering across various time segments: a sliding time window method is used to divide
the EEG timeseries into multiple subseries, and sparse CSP features are extracted from different

frequency bands within each of these time windows.

Common Spatial Pattern (CSP) [44] as well as its variants (especially FBCSP [60]) have gained
high popularity since they are simple to understand and implement, and they are fast to run, which
makes them attractive to BCI researchers. However, as described, distinct frequency bands need
to be pre-defined before the actual processing of EEG signal which can be limiting, as it may not
be possible to know in advance which band of frequencies will be most informative for the task at

hand. Therefore, more data-driven decoding methods are needed.
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2.4.2 Deep Learning Decoding Methods

With the accelerating progress in the field of Deep Learning, deep convolutional neural networks

have emerged as potential alternatives, in which the exact design of the spatio-temporal filtering

pipeline is accomplished in a data-driven and principled manner so as to ensure the reliability of

the subsequent brain activity decoding:

o DeepConvNet / ShallowConvNet: DeepConvNet [62] is one of the very first neural

architectures utilized in MI-related BCIs. It is a Convolutional Neural Network (CNN)
and consists of four convolution-max pooling blocks. The novelty of this architecture is a
specially-designed convolution in its first convolution-max pooling block, which consists of
a convolution across time followed by a convolution across EEG channels. Inspired by CSP
spatial filters [44], the filters in this block have weights for all EEG channels. A shallower
deep BCI architecture is ShallowConvNet [62]. Inspired by the FBCSP [60], it consists of
two convolutions (one temporal and one spatial), a squaring non-linearity, a max pooling

operation and a logarithmic non-linearity.

EEGNet: A notable lightweight BCI architecture is EEGNet [63]. It consists of fully train-
able convolutional temporal filters shared across all EEG channels followed by spatial filters
formed by linear combinations among the channels. The compound of temporal and spatial

filtering was inspired by the FBCSP technique [60].

EEG-Inception: Another state-of-the-art BCI architecture with strong performance results
across different benchmarks is EEG-Inception [64] which follows the exact same principles
as EEGNet [63] but includes the notion of EEG-multiscalability. The EEG-Inception ar-
chitecture is similar to EEGNet [63] but additionally includes several Inception modules,
originally introduced in [65]. These modules consists of trainable convolutional temporal
filters of different scales, capturing several temporal modulations of the EEG signals. The
ability of EEG-Inception to incorporate brain dynamics spanning distinct temporal scales
was considered of importance in the MI case, and hence included in the present Thesis as a

state-of-the art technique.
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2.5 Motor-Imagery Datasets

In the experimental sections of this Thesis, multichannel EEG signals from three publicly avail-
able MI datasets, namely PhysioNet [66], BCI IVa Dataset of the 3rd BCI competition [67] and
OpenBMI - MI [68], were used so as to train and test various deep learning models of MI-
recognition, both at population and personalised level. Single-trial EEG segments were extracted
(based on the timing of delivered visual cues) and were treated as composite patterns for a clas-
sification problem of MI-recognition. The three datasets differed in many ways (e.g. sampling
frequency and sensor configuration) and treated differently during the pre-processing, as briefly

described below:

1. PhysioNet: The original dataset consists of brain recordings from 109 healthy participants,
registered via 64 EEG sensors (BCI2000 system ?) with a sampling frequency of 160 Hz, while
performing a series of pseudo-randomized cue-triggered MI tasks. The subjects performed

either real or imagined movements based on a visual stimulus:

(a) If a target appeared on either the left or right side of the screen, the subject clenched (or

imagined clenching) and released the corresponding fist until the target disappeared.

(b) If a target appeared on either the top or bottom of the screen, the subject clenched
(or imagined clenching) and released both hands (top) or both feet (bottom) until the

target disappears.

In our experiments, 6 participants (subjects 88, 89, 92, 100, 104 and 106) were excluded from
the dataset due to differences in either the sampling frequency or duration of the performed
tasks. Before extracting trials from these continuous mode recordings, a series of “data-
cleaning” steps was performed so as to reduce the effects of contamination by physiological
artifacts. This step was dictated by the fact that only a small number of trials was available
for each participant, and we had to ensure sufficient information for training (and validating)

personalised models. The pre-processing included the following steps:

o A Bandpass Filter with 3rd Order Butterworth (applied in zero-phase mode) at 0.5 -
79.5 Hz

e Notch Filter at 60Hz for powerline noise removal

3http://www.bci2000.org
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e Common Average Re-referencing: subtracting the mean of the channels at each time-

point from each channel

o Application of an in-house implementation of w-ICA (Independent Component Analy-

sis) [69] as described in [70].

Finally, we extracted trials corresponding to MI hand or feet movements in the form of

segments starting with the visual cue and lasting for 4.1 seconds.

BCI IVa Dataset: The original dataset includes brain recordings from 5 healthy subjects,
registered via 118 EEG sensors, while performing a series of randomized cue-triggered MI tasks.
Trials corresponding to MI of right hand or right foot were extracted from the continuous signal
in the form of segments starting with the visual cue and lasting for 3.5 sec. There were 280 trials
per subject, sampled at 100 Hz, that served as a benchmark dataset for our experiments without

any pre-processing.

OpenBMI - MI [68]: The original OpenBMI dataset consists of 3 BCI paradigms: ERP-
based speller, MI and SSVEP. The MI trials include brain recordings from 54 healthy participants,
registered via 62 EEG sensors with a sampling frequency of 1000 Hz. In the MI part of the
dataset, the participants performed a series of cue-triggered MI tasks, either with or without
receiving feedback (cursor moved according to the prediction of a trained classifier) : each trial
commenced with a black fixation cross displayed at the center of the monitor for the first 3 seconds,
serving to prepare subjects for MI task. Following this, the subject engaged in the imagery task of
grasping with the corresponding hand for a duration of 4 seconds upon the presentation of a right
or left arrow as a visual cue. Subsequently, after each task, the screen remained blank. For the
purpose of this Thesis, we kept only the MI-trials without feedback. In particular, we extracted
trials corresponding to MI hands in the form of segments starting with the visual cue and lasting
for 4 seconds. Furthermore, we applied a notch filter at 60Hz - and its harmonics (120, 180, 240,
300, 360, 420, 480) - to remove powerline noise. We also applied a notch filter at 460Hz due to a

spurious artifact (consistent across all trials).
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In this chapter, we describe the data collection experiment, titled: “MyBrainCommands®:
Mind Reading for control”, that took place at the Department of Computing at Imperial College
London. All the participants gave written consent. The experiment received approval by the Head
of Department and the Research Governance and Integrity Team (SETREC number 22I1C7505),
2022-2023. It should be noted that this data collection constitutes joint work with other collabo-

rators at Imperial College London.

4Website: https://mybraincommands.doc.ic.ac.uk
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3.1 Introduction

Designing EEG decoding models using deep learning methods relies heavily on the availability of
datasets, which pose a significant challenge due to their scarcity and limited accessibility. EEG
datasets, crucial for training and validating these models, are predominantly sourced from special-
ized laboratories or hospital settings. As a consequence, obtained from these controlled environ-
ments, these datasets often fail to represent real-world scenarios adequately. While they provide
valuable insights into brain activity under controlled conditions, they lack the diversity and com-
plexity necessary to address the myriad of real-world applications for EEG decoding. As it is

evident, we are in need of more EEG datasets that

[ closely mirror real-world conditions beyond the confines of the laboratory ]

The MyBrainCommands experiment at Imperial College London was crafted with the aim
of addressing this need. The general study aimed at recording and modeling brain activity in
various real-life situations based on wireless recording devices. The experimental protocol had
been approved by the local ethics committee at Imperial College London and the subjects signed

a consent form.

Figure 3.1: MyBrainCommands Setup - (Top) The two EEG headsets that were used in the
experiment. (Bottom) The three modalities captured in the experiment: EEG, hand movement,
feet movement.

In this experiment, we recorded brainwaves of participants while they were engaging in simple
movement tasks, namely clenching their fists (real and imagined movements) pressing pedals with
their feet (real and imagined movements). Three modalities were captured: EEG brainwave data,
hand movement data (using hand tracking camera®) and feet movement data (using pedals®). Two

wireless dry recording devices were used to collect the EEG data, namely Quick 32r Cognionics
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device” and Hero Bitbrain device8.

3.2 Dataset Statistics

At the time of composing this Thesis, 504 unique recording sessions have been collected from 332
unique participants. The age range of the participants spanned from 19 to 80 years, with a mean
age of 28 and a standard deviation of 9. The comprehensive statistics of the participants can be

found in following figure:

Ethnicity Handedness Sex

Asian Left
37.0%

Other
Female

Mixed Heritage

Black

Right

59.3%

Male

Figure 3.2: Statistics of the participants that took part in the MyBrainCommands experiment.

The experiment has been divided into three paradigms, namely Standard Setting, Gamified

Setting and Self-Paced Setting, which will be described in the next sections.

Paradigm Setting [ EEG Recording Device Used [ Number of Recordings
Standard Lab Quick 32r Device 183
Standard Setting Standard DoubleClick Quick 32r Device 40
Standard DoubleClick Hero Bitbrain Device 51
Robot Factory Quick 32r Device 112
Gamified Setting | Robot Factory DoubleClick Quick 32r Device 72
Robot Factory DoubleClick Hero Bitbrain Device 46
Self-Paced Setting Racing Game Quick 32r Device 295

Table 3.1: Number of recodings for each paradigm of the MyBrainCommands dataset.

Shttps://www.ultraleap.com/leap-motion-controller-whats-included /
Shttps://fanatec.com/eu-en/csl-elite-pedals
Thttps://www.cgxsystems.com/quick-32r
8https://www.bitbrain.com/neurotechnology-products/dry-eeg/hero
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3.3 Standard Setting

Figure 3.3: MyBrainCommands Standard Setting - (Left) Visual cue indicating the beginning of
a trial. (Middle) Countdown timer to distinguish the stimulus-related ERP response of the brain
from the motor-related brain activity. (Right) Target arrows indicating the movements.

The Standard Setting of the MyBrainCommands experiment is a lab-structured environment
where the user should perform specific time-locked movements (real or imagined) based on some
visual cues in the form of target arrows on the screen. This setting was split into two variations,

namely Standard Lab Setting and Standard DoubleClick Setting.

3.3.1 Standard Lab Setting

Each trial commences with a blank screen and a visual cue in the middle of the screen indicating
the beginning of the trial. Subsequently, a visual cue indicates the movement (real or imagined)
that the subject should execute. The subject then performs the movement (real or imagined)
after a countdown timer (preparation time) has elapsed to distinguish the stimulus-related ERP
response of the brain from the motor-related brain activity. The subject should perform one of the

following movements:

1. An arrow is displayed pointing to either the left or right side of the screen. The subject
clenches (in the real setting) the corresponding fist (after the countdown) and releases when

the cue disappears. Then, the subject relaxes.

2. An arrow is displayed pointing to either the left or right side of the screen. The subject
mentally visualizes clenching (in the imaginary setting) the corresponding fist (after the

countdown) and releases when the cue disappears. Then, the subject relaxes.

3. An arrow is displayed pointing to the bottom of the screen. The subject presses both feet

(in the real setting) and releases when the cue disappears. Then, the subject relaxes.
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4. An arrow is displayed pointing to the bottom of the screen. The subject mentally imagines
pressing both feet (in the imaginary setting) and releases when the cue disappears. Then,

the subject relaxes.

3.3.2 Standard DoubleClick Setting

Each trial commences with a blank screen and a visual cue in the middle of the screen indicating
the beginning of the trial. Subsequently, a visual cue indicates the movement (real or imagined)
that the subject should execute. The subject then performs the movement (real or imagined)
after a countdown timer (preparation time) has elapsed to distinguish the stimulus-related ERP
response of the brain from the motor-related brain activity. The subject should perform one of the

following movements:

1. An arrow is displayed pointing to either the left or right side of the screen. The subject
clenches and releases the corresponding fist twice in quick succession (after the countdown).

Then, the subject relaxes.

2. An arrow is displayed pointing to either the left or right side of the screen. The subject
mentally visualizes clenching and releasing the corresponding fist twice in quick succession

(after the countdown). Then, the subject relaxes.

3. Two arrows are displayed pointing to both sides (left and right). The subject clenches and

releases both fists twice in quick succession. Then, the subject relaxes.

4. Two arrows are displayed pointing to both sides (left and right). The subject mentally

imagines clenching both fists twice in quick succession. Then, the subject relaxes.

5. An rectangle is displayed. The subject should perform no movement (real or imagined).

Then, the subject relaxes.

3.4 Gamified Setting

The Gamified Setting of the MyBrainCommands experiment is a structured gamified environment
where the user should perform specific time-locked movements (real or imagined) based on some
visual cues in the form of robots in a game. This setting was split into two variations, namely

Robot Factory Setting and Robot Factory DoubleClick Setting.
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Figure 3.4: MyBrainCommands Gamified Setting - (Left) Visual prompt of red robot. (Middle)
Visual prompt of grey robot. (Right) Visual prompt of blue robot.

Figure 3.5: MyBrainCommands Gamified Setting - (Left) Game’s response to a movement-related
robot. (Right) Game’s response to a non-movement-related robot.

3.4.1 Robot Factory Setting

Each trial commences with a game factory setting displayed on the screen. Subsequently, a robot
arrives (visual cue) with its color indicating the movement (real or imagined) that the subject
should execute. The subject then performs the movement (real or imagined) once the robot stops
in front of the user (preparation time) to distinguish the stimulus-related ERP response of the brain

from the motor-related brain activity. The subject should perform one of the following movements:

1. A red robot arrives. The subject clenches (in the real setting) and releases the right fist when

the robot is collected by a crane. Then, the subject relaxes.

2. A red robot arrives. The subject mentally imagines clenching the right fist (in the imaginary

setting) and releases when the robot is collected by a crane. Then, the subject relaxes.

3. A grey robot arrives. The subject clenches (in the real setting) and releases the left fist when

the robot is collected by a crane. Then, the subject relaxes.

4. A grey robot arrives. The subject mentally imagines clenching the left fist (in the imaginary

setting) and releases when the robot is collected by a crane. Then, the subject relaxes.

5. A blue robot arrives. The subject should perform no movement (real or imagined). Then,

the subject relaxes.
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3.4.2 Robot Factory DoubleClick Setting

Each trial commences with a game factory setting displayed on the screen. Subsequently, a robot
arrives (visual cue) with its color indicating the movement (real or imagined) that the subject
should execute. The subject then performs the movement (real or imagined) once the robot stops
in front of the user (preparation time) to distinguish the stimulus-related ERP response of the brain

from the motor-related brain activity. The subject should perform one of the following movements:

1. A red robot arrives. The subject clenches and releases (in the real setting) both fists twice

in quick succession. Then, the subject relaxes.

2. A red robot arrives. The subject visualizes clenching (in the imaginary setting) and releasing

both fists twice in quick succession. Then, the subject relaxes.

3. A blue robot arrives. The subject should perform no movement (real or imagined). Then,

the subject relaxes.

3.5 Self-Paced Setting

Figure 3.6: MyBrainCommands Self-Paced Setting. - (Left) Car accelerates after the successful
execution of legs’ pressing. (Right) Car turns right after the successful execution of a right-hand
movement.

In the Self-Paced Setting of the MyBrainCommands experiment, users engage in a gamified
environment where they control a car in a racing game by planning and executing real movements.
There are no on-screen instructions. The aim is to travel as far as possible while avoiding rocks on

the road. The subject should perform one of the following movements:

1. The subject clenches and releases the right fist to change to the adjacent right lane of the

road.

2. The subject clenches and releases the left fist to change to the adjacent left lane of the road.
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3. The subject presses and releases both feet to speed up the car for a short amount of time.

The game is controlled using the hand motion and pedal devices. Additionally, there is a
countdown following each car movement, preventing the player from making any further movements
during this time interval. This measure aims to prevent the blending of multiple motor-related

brain activities and movements (co-activations).

3.6 Conclusion

In this chapter, we described the “MyBrainCommands: Mind Reading for control” experiment - a
very recent large-scale EEG data-collection at the Department of Computing at Imperial College
London. This dataset includes standard lab setting paradigms that provide a structured framework
for EEG data collection, allowing us to examine brain responses under specific stimuli or tasks. It
also extends into self-paced gamified environments, incorporating an innovative dimension to EEG
data collection. By integrating elements of gaming into the experimental protocol, we aimed to
engage participants in more naturalistic and immersive experiences, not only enhancing participant

motivation and enjoyment but also eliciting more dynamic brain signals.

In the following chapters (i.e, Chapter 5), the subset Standard Lab Setting - MI was utilized
in the experimental section. The particular subset of the in-house dataset concerns brain activity
recorded, via Quick 32r headset, from adult volunteers while performing a series of randomized cue-
triggered MI tasks. As described, participants performed imaginary closing of left fist 2.5 seconds
after a visual prompt (countdown time) had been flashed on the screen. Trials corresponding
to MI of left fist were extracted from the continuous signal in the form of segments starting at
the expected movement onset and lasting for 2.5 sec. The post-movement rest interval had been
randomized at 34+0.2 sec and its initiation was prompted visually (by the disappearance of the
cue). Brain activity segments, 2.5 seconds in duration, were extracted from this interval and used
to cast a binary classification task of the form of “Left Hand” vs “Rest” that would enable training
a model for facilitating a “brain-switch” [71]. There were 27 trials per class per subject and since we
wanted to approximate a real-life application in our experiments, our pre-processing included the
following steps: 1) highpass filtering at 0.5 Hz, 2) notch filter at 60Hz for powerline noise removal,
3) common average re-referencing and signal resampling at 160Hz and 4) frontal electrodes were
considered susceptible to ocular artifacts and left out of the modeling, hence the utilized sensors

were: Fz, FC6, F4, C4, Oz, CP6, Cz, POS8, CP5, 02, O1, P3, P4, P7, P8, Pz, PO7, C3, F3, FC5.
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In this chapter, we introduce a framework aiming to breakdown and analyze important chal-

lenges of brainwave modeling for BCIs based on Causal Reasoning, which was published in K.

Barmpas, Y. Panagakis, G. Zoumpourlis, D. Adamos, N. Laskaris, and S. Zafeiriou, “A Causal

Perspective on Brainwave Modeling for Brain-Computer Interfaces”, in Journal of Neural Engi-

neering (2024).
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4.1 Introduction

BCIs have the potential to revolutionize the way we interact with the world around us. In the
future, BCIs could be used to help people with disabilities regain lost functions, enhance our
cognitive abilities, and create new forms of entertainment and communication ([72], [73], [74],
[75]). The possibilities for BCIs are endless and their future heavily relies on developing techniques

and models that can accurately analyze the captured brainwave signals.

As described in Chapter 2 in detail, for several years, neuroengineers have been trying to
analyze EEG signals using classical signal processing methods ([56], [76], [77], [78], [79]) and
extracting manually crafted features, making the “expert’s knowledge” the center and a vital
part of brainwave analysis. In recent years, however, the field of brainwave modeling has been
enjoying tremendous progress with the advent of Machine Learning and Deep Learning ([80], [81],
[82]), which has alleviated the need for manual feature extraction and has provably revolutionized
several other fields like Computer Vision (e.g. [83] and [84]), Audio / Speech Recognition (e.g. [85])
and Natural Language Processing (e.g. [86] and [87]). The application of deep neural networks
in various paradigms in the area of BCIs - e.g. epilepsy detection and prediction ([88], [89]),
sleep stage detection [90], anomaly detection [91], muscle activity [92], acute stress detection [93],
and motor-imagery classification [94] - has achieved state-of-the-art performances compared to

previously employed classical signal processing techniques.

However, several obstacles in claiming a wide range success of Machine Learning in the field of
BCI still remain: the limited amount of available annotated data required to train these networks
as well as the quality (data noise) and fundamental differences (different recording conditions
and various demographics) between the available brainwave datasets. Let us illustrate with a
hypothetical case scenario how these challenges may arise in practice and pose real threats to
various BCI paradigms. Suppose that a university laboratory team has collected some MI data
from several students (similar to MyBrainCommands as described in Chapter 3). The laboratory
team used these collected data to train an MI-BCI to decode brainwaves. The team was able to
demonstrate high performance in this task that outperformed classical signal processing methods
as confirmed via the ground-truth MI labels. Because of their success, they hope to license their
model to rehabilitation centers to assist in the restoration of motor function in individuals with

paralysis.

And the question arises, is this project bound to succeed or fail? There are various issues and
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challenges that can jeopardize its success which might include: the limited amount of annotated
data, data mismatch between the training and deployment sets, different population groups (the
current dataset contains only young students which might not be the case in the rehabilitation

center) and different EEG headsets used for the data collection and for the rehabilitation tasks.

In this chapter, the importance of causal relationships between the variables of interest in
various tasks of brainwave modeling in the design of machine learning models in the field of BCI

is discussed. In summary, this chapter’s contributions are as follows:

e Causal Reasoning is employed to accurately describe the task of brainwave modeling using

independent causal factors

e A causal framework is introduced that allows all BCI paradigms to be categorized based
on two core properties: the presence of task stimulus and the voluntary engagement of the

subject

¢ Solutions to the identified challenges through this causal factorization are described, which

can be either general machine learning practices or domain-specific techniques

o Evaluation schemes are discussed to efficiently compare brainwave modeling methods in the

present and the future

The remainder of the chapter is organized as follows: Section 4.2 describes related work in
the literature, details the motivation behind our causal framework and lies down the theoretical
background of Causal Reasoning that is employed in the next sections of this chapter. Section
4.3 outlines our causal framework. More specifically, it categorizes brainwave models to encoders
and decoders and breaks them down to their independent causal factors. Section 4.4 describes
some of the challenges that are met in brainwave modeling based on this causal analysis and
outlines techniques that can be employed to solve these identified obstacles. Section 4.5 portraits
appropriate evaluation schemes. The last section 4.6 summarizes and concludes the work presented

in this chapter.

Inspired by [95] in the field of Medical Imaging, the main objectives in this chapter are:

1. to understand the problem of brainwave decoding and

2. to raise awareness that “causality matters in brainwave analysis”

It is hoped that this causal framework will serve as a guideline for future research in the field of

brainwave modeling, leading to massive advances as well as successful commercialization of BClIs.
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4.2 Preliminaries in Causal Reasoning

4.2.1 From Physical to Statistical Models

Our real world constantly evolves over time and we are usually forced to adapt, either actively (by
choice) or passively, to these changes. Modeling reality has been an important goal for humankind
and the aspiration behind the invention of many modern scientific tools. Physical phenomena and
physical systems were among the first mechanisms that scientists managed to successfully model

using mathematics.

A commonly-used mathematical tool is differential equations, for example motion equations,
providing a comprehensive description of physical /mechanical systems while capturing their under-
lying casual structures. Reliable predictions under different changes to their variables is a feature
that all physical models share. Despite their provable robustness to changes or shifts that can take
the model outside of its original setting, they usually require a human expert to understand the
system that needs to be modelled (its structure, its dynamic processes, the causal relationships

between its different parts, etc.) and come up with these analytical equations.

For certain systems or problems, though, it is often impossible to reach analytical equations
that accurately describe them, no matter the available expert knowledge at hand. In these cases,
statistical models (widely used in the field of Machine Learning) are proved to be useful. This
type of models heavily relies on observational data and can uncover associations between the input
and output data. In these models, it is possible to infer some accurate predictions based only
on observational input data as long as there are no changes in the system or the problem that is

attempted to be modeled.

Models learnt using machine learning algorithms belong to the category of statistical models,
since these algorithms try to make accurate predictions from a given amount of observations.
Nowadays, the great success of Machine Learning (or Deep Learning) in various fields is the result

of four main factors, as described in [96]:

1. large amount of data
2. massive computational power
3. high-capacity systems

4. independent and identically distributed (i.i.d.) tasks
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Today’s hardware and research practices guarantee almost always factors 2. and 3. On the
other hand, factor 1. tends to be valid for the majority of the problems tackled by machine learning
models, although there are still areas where a lengthy data acquisition process and /or lack of human

annotations prohibit the availability of large amounts of (labelled) data for particular tasks.

Lastly, the i.i.d. assumption (factor 4.) seems to be the greatest vulnerability for the majority of
machine learning models. When this assumption is violated, by introducing changes or distribution
shifts that take the models outside of their current settings, it is empirically proven that these
algorithms are bound to fail (tend to not generalize well - in machine learning terms). These
distribution shifts vary from simple perturbations to the input data (adversarial samples [97]) to

different data distributions being used during development and deployment.

4.2.2 Causal Models

Unlike physical models, statistical models are not always robust to distribution shifts when at least
one of the previously mentioned factors is violated. Generalization across problems and distribution
shifts is an open challenge in the machine learning community and a gap that Causal Reasoning

promises to bridge.

Causal Reasoning is the analysis of a task/problem in terms of cause-effect relationships between
the different variables of interest [95]: if a variable A is a direct cause of variable B, it is expressed

as A — B (causal diagram: A causes B or B is the effect of A).

Causal modeling lies somewhere in-between these two types of models (physical and statistical).
On the one hand, it takes into account causal relationships between the different variables of
interests, like physical models, and on the other hand it is data-driven (learnt from observations),
like statistical models. Figure 4.1 graphically demonstrates the difference between a statistical and

a causal model.

Given an input X and a target prediction Y, a statistical model tries to estimate P(Y]X). A
causal model, although data-driven, extends the statistical setting by considering additionally the
cause-effect relationships between the various variables of interests. Using causal terminology, a

task can be either [95]:

e Causal: when X — Y, prediction of effect from cause or

e Anti-causal: when Y — X, prediction of cause from effect
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According to the Principle of Independent Causal Mechanisms (ICM) ([96], [98], [99]), the
causal breakdown of a system consists of independent variables that do not influence or inform

each other?.

Statistical model Causal model

X X
. ® 5

Shift Shift
on Z / .

ZlY) Z|y

Figure 4.1: Statistical (left) and causal models (right) on a given set of two variables Z and Y. In
the case of statistical model a single probability distribution is specified while in the case of causal
model a set of distributions, one for each possible intervention, is specified - Figure inspired by
[96].

In order to demonstrate the power of causal models, let us consider the following scenarios
where we have two observable variables X and Y. According to the Common Cause Principle

(Reichenbach’s Principle)!?, the following scenarios [96] exist:

1. X = Y where X causes Y or Y is the effect of X

2. X <Y where Y causes X or X is the effect of Y

3. X+ Z — Y where both variables X and Y are caused by another variable Z

A statistical model would not be able to differentiate between these three cases, simply due to
the fact that the joint observable distribution P(X,Y) is the same in all three cases. By taking into
account, the causal relationships between the variables of interest, a causal model has automatically
more information - which in turn if appropriately used by machine learning algorithms - can lead

to models which are more robust to certain types of distribution shifts.

9A causal breakdown of a system can be represented as a Directed Acyclic Graph (DAG) where the nodes are

the variables of interests and the edges represent direct causal relationships [11].

10Common cause principle ([100], [96]): If two observable variables X and Y are statistically dependent, then either
there is causal relationship between them or there exists a third variable Z that causally influences both and makes

them independent when conditioned on Z.



4.3. CAUSALITY IN BRAINWAVE MODELING 39

4.3 Causality in Brainwave Modeling

4.3.1 Brainwave Models
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...... > PV NAPAAS AN NN S Ao, y +— SN WA
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Figure 4.2: (Left) An example of an encoding brainwave model that predicts the brainwave activity
based on a stimulus - (Right) An example of a decoding brainwave model that predicts the label
based on the brainwave activity.

Understanding the brain is arguably one of the most interesting problems of our time. EEG
technology has made it possible for researchers to measure the brain activity of a subject in a non-
invasive manner, while various tasks are performed. Since the underlying organizational structure
of the brain still remains a puzzle to be solved, there is no analytical model (physical modeling)
that can accurately describe its functionality for the entirety of human behavior''. Therefore, the

success of BCIs mainly relies on the recent advances in Machine Learning (statistical models).

BCI models can be distinguished between encoding and decoding models (examples are shown

in Figure 4.2), known in machine learning terms as generative and discriminative models:

o Encoding models : Given a known performed task/ stimulus Y, the goal of these models is to

estimate the brain activity X (brainwave) corresponding to that particular task, i.e. P(X|Y)

e Decoding models: Given an observed brain activity X (brainwave), the goal of these models

is to predict the performed task Y corresponding to that particular brainwave, i.e. P(Y|X)

By introducing causal (cause-effect) relationships between the observed brain activities and
their corresponding performed tasks, these two types of brainwave models can be identified with

contrasting causality terms:

171t is worth mentioning here an increasing amount of effort to design tools that simulate the brain using methods

from statistical physics like The Virtual Brain (TVB) [101]
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o If X — Y: Encoding models are anti-causal and decoding models are causal

o If Y — X: Encoding models are causal and decoding models are anti-causal

Although encoding BCI models (BCI systems that modulate the current neural activity so as to
bring it within a desirable range associated with some targeted label/ state) can be met in real-life
application like transcranial direct current stimulation for limb rehabilitation [102] or Parkinson’s
disease [103], the vast majority of BCI systems are decoding models, therefore we will focus only

on BCI brainwave decoders.

4.3.2 Causal Framework

To make use of causality models, as described in section 4.2, it is crucial to break down the task of
brainwave analysis in a number of independent variables, according to the Principle of Independent
Causal Mechanism, and determine the underlying causal relationships between them. To effectively
perform this analysis, the various tasks of BCI paradigms need to be first categorized. Unlike
previous research works [104], we argue that this categorization is bound to two core properties -

the presence of task stimulus and the voluntary engagement of the subject.

Based on the presence or absence of stimulus, a BCI paradigm can be identified as:

e Exogenous: when the brain activity is modulated by the presence of stimuli which can take

any form of sensory input.

e Endogenous: when the brain activity is inherently modulated, without the intervention of

any external stimulus.

On the other hand, based on the subject’s voluntary engagement, a BCI paradigm can be

identified as:

e Voluntarily Engaged: When the subject willingly generates a particular brain activation or

coactivation pattern like in the case of Motor Imagery [105].

e Involuntarily Engaged: When the subject has no control of the generated brain activation
pattern. In other words, the ongoing brain activity is modulated without any conscious effort

from the subject [106].
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Therefore, all BCI paradigms can be categorized using a combination of the above mentioned
categories. For example, P300-Speller [107] (a type of Brain-Computer Interface that allows users
to spell words and sentences by focusing their attention on specific characters) is exogenous (since
there is a visual stimulus) and voluntarily engaged (since the subject initiates the brain activity).
On the other hand though, P300 Lie Detector [108] (a type of Brain-Computer Interface that uses
ERPs to detect deception) is again exogenous and involuntarily engaged (since the subject has
no control over the generated brain patterns from the visual stimulus). In Table 4.1, examples of

some BCI paradigms based on this causal framework are demonstrated.

(Ex)-(VE) (Ex)-(IE) (End)-(VE) (End)-(IE)

P300 speller [107] P300 lie detector [108] Motor imagery [94] Seizure detection [88]
SSVEP [109] Error-related potentials [110] | Executed movement [111] | Workload estimation [112]
cVEP [113] Object recognition ERPs [114] Neurofeedback [115] Sleep staging [116]

Auditory attention [117] Music appraisal [118] Omitted target [119]

Table 4.1: Examples of BCI paradigms categorized based on our causal framework. (Ex) represents
Exogenous, (End) represents Endogenous, (VE) stands for Voluntarily Engaged and (IE) stands
for Involuntarily Engaged.

In this causal analysis of all BCI paradigms, the causal relationship between the observed EEG
brainwave signal X and the labeled task Y is of primary interest. However, before each of these
four types of BCI paradigms is analyzed separately in terms of their independent components and
causal relationships, a variable shared by all categories will be introduced: the true underlying
unobserved BClI-relevant brain activity Z. Inspired by [95], the EEG signal X can be considered a

noisy measurement of the true unobserved neural activation patterns Z, i.e., Z — X ([11], [12]).

Given a BCI brainwave decoder that is exogenous, when a stimulus S is applied, there are two

possible scenarios:

1. The task Y causes the stimulus S which in turn generates the corresponding brain activation
pattern Z contained in the measured signal X (exogenous and voluntarily engaged). In this

case, the causal diagram of the variables of interest is: Y - S —Z — X

2. The task Y and the stimulus S together - as a pair - cause the generation of the corresponding
neural activation pattern Z measured within X (exogenous and involuntarily engaged). In

this case, the causal diagram of the variables of interest is: (Y,S) = Z — X

For example, in the case of P300 speller, the user chooses which letter they want to focus on and

in turn that letter causes the right stimulus which results in the observed EEG brain signal. On the
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other hand, in the P300 lie detector case, the participant-suspect is presented with a crime-related
image (stimulus) and depending on whether he/she is aware of it or not, the P300 response may
involuntarily be emitted. Given these two causal diagrams, in both cases, a decoding brainwave

model of this category is anti-causal.

When the system is endogenous, there is no stimulus S applied that can initiate any task.
Therefore, further investigation is needed and determine the true source of the neural activation

pattern Z as well as the causal sequence of all involved modules.

In the case of endogenous and involuntarily engaged BCls, no stimulus can initiate a task’s brain
activity and at the same time the subject has no control over the generated brain signals. Therefore,
in order to determine the brainwave source in this case, two different BCI examples of this category
will be described in detail, namely epileptic seizure detection ([88], [89]) and driver’s drowsiness
detection [120]. In the first example, a brainwave decoding model needs to be able to distinguish
between normal and epileptic brain activity. In the second example, a brainwave decoding model
needs to be able to distinguish between the brain activity of alertness and drowsiness. In both cases,
the true underlying brain activity changes by factors that are unknown to and uncontrollable for
the subject and essentially affect their current state. As a result, in this category the environment
E variable will be introduced. The changes of E variable determine the task label Y (e.g. normal
or epileptic brain activity) which in turn generates the corresponding neural activation pattern Z
measured by X, i.e. E—Y — Z — X. Given this causal diagram, a decoding brainwave model of

this category is anti-causal.

Finally, in the case of endogenous and voluntarily engaged BClIs, producing the causal diagram
is not a trivial task to perform. Here, no stimulus can initiate the brain activity of a task, but the
subject has full control over the generated brain signals. Therefore, the intention | of the subject,
can be considered the source of the BCI-relevant neural activation pattern. In this case though,
different parts of the brainwave sequence can be used during modeling. Let Dec be a decoding
model that uses brainwaves to discriminate between executed left and right hand movements. If
Dec uses the brain signal during the execution of the movement, the intention has caused the
prediction label Y which causes the brain activity, i.e. | =Y — Z — X. If Dec uses the motor
preparation brain signal X [121], then the signal precedes the final result (the movement execution)
but still the prediction label Y of the pre-movement signal is the cause of the brain activity, i.e.
| - Y — Z — X. In both cases, there is one common causal diagram and the decoding model is

anti-causal.
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Voluntarily Engaged
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Figure 4.3: Our causal framework used to breakdown the task of brainwave decoding into causal
sub-modules. For each category, there is a specific directed acyclic graph (DAG) that represent
the causal relations between the identified variables of interests: (Y) represents the task true label,
(S) represents the stimulus, (1) the subject’s intention and (E) the environment factor.

The causal diagrams of Figure 4.3 show how different factors can influence brainwave activity.
Based on these diagrams, causal factorizations can be developed, which are mathematical models
that represent the relationships between these factors, to further explore the problem of brainwave
modeling. For convenience, only the case of brainwave decoding models will be considered. In

other words, given an input EEG signal X we want to predict the associated task Y i.e P(Y|X). 12

e Voluntarily Engaged - Exogenous (Y — S — Z — X):

P(Y.,S,Z,X) = P(Y)P(S|Y)P(Z|S,Y)P(X|Z,S,Y)

= P(Y)P(S[Y)P(Z|S)P(X|Z)

12 A similar causal diagram can also be drawn in the case of brainwave encoders where the current brain activity
is modulated to a desired waveform based on targeted state. Given the current EEG signal Xy 0. and the desired
state Y, a stimulus S modulates the subject’s brain activity Z to a desired state measured by X,,oduliated = X, i.€

(Xnow,Y) =S — Z — X. Since we are now interested in P(X|Y), a brainwave encoder is a causal model.
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o Involuntarily Engaged - Exogenous ((Y,S) — Z — X):

P(Y,S,Z,X) = P(Y,S)P(Z|Y,S)P(X|Z,Y,S)
= P(Y,S)P(Z|Y,S)P(X|Z) (4.2)

= P(Y)P(S)P(Z|Y,S)P(X|Z)

since Y and S are independent.

o Involuntarily Engaged - Endogenous (E =Y — Z — X):

P(E,Y.Z,X) = P(E)P(Y|E)P(Z|Y,E)P(X|Z,Y,E)

(4.3)
= P(E)P(Y|E)P(Z]Y)P(X|Z)
e Voluntarily Engaged - Endogenous (I =Y — Z — X):
P(LY,Z,X)=PP(Y|)P(ZIY,)P(X|Z,Y,]I)
(4.4)
= P()P(YINP(Z]Y)P(X|Z)
4.4 Challenges in BCI decoding
Type Related with ‘ Causal Shift to ‘ Affects
Stimulus Shift Experimental Settings P(S) Involuntarily Engaged

and Exogenous

Shifts on Subject’s Intention Experimental Settings P(I) Voluntarily Engaged
and Endogenous

Shifts on Environmental Conditions | Experimental Settings P(E) Involuntarily Engaged
and Endogenous

Acquisition Shift EEG Data ‘ P(X|2) ‘ All Cases
Subject Shift Subjects ‘ P(Z]) ‘ All Cases
Class Imbalance Associated Labels | P(Y) ‘ Exogenous

Table 4.2: All possible shifts in the joint distribution P(X,Y,Z,-) in brainwave decoding for all
causal factorization scenarios described in our causal framework.

Through the above described causal breakdown, we can easily conclude that there are major

challenges, that machine learning (statistical) models usually face when dealing with BCI brainwave
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decoding tasks. It is evident that we are in need of machine learning techniques that do no rely

solely on the i.i.d. assumption but they are bound to these causal mechanisms [99].

Data distribution shifts constitute the main factor that hurt generalization of machine learning
models. Using the above described causal framework, it is possible to recognise all possible distri-
bution shifts associated with each BCI paradigm and formulate new strategies to mitigate these
problems. Let Pg(-) denote a distribution where a shift has been applied to. Table 4.2 summarizes
some of the various shifts in brainwave decoding as well as the causal sub-module they usually
affect. These distribution shifts can have various sources ranging from the experimental setup,

available EEG data to the nature of the brain itself.

BCI researchers need to understand the sources of all possible changes or distribution shifts
associated with these core causal variables of interest when designing machine learning models
for brainwave analysis. In this section, we outline the core challenges that BCI machine learning
models face and we further propose how well-established - as well as newly emerging - techniques

can tackle these problems.

4.4.1 Experimental Settings

The experimental conditions (under which a BCI decoding task takes place) are crucial and they
need to be designed carefully to avoid any possible distribution shift between the training and test

EEG sets. BCI researchers need to take into account the following factors:

1. Demographics. Demographics (e.g. sex, age and handedness) are considered to be the
cause of differences in brain activation patterns among individuals during the execution of
the same task. It is advisable that the subjects’ demographics in training EEG set resemble
the population represented in the test EEG set. If the goal is a global population-agnostic
brainwave decoder, the training EEG set need to be diverse in terms of available subjects in

order to capture as large part of the population as possible.

2. Stimuli Shifts Pg(S). Brainwave decoders, that rely on the presence of stimuli to modulate
the necessary brain activity, are heavily dependent on the exact type and form of this external
sensory input. Therefore, the stimuli used for the collection of the training EEG set and the
stimuli used during the deployment of the machine learning model need to be perfectly

aligned and any possible shifts should be avoided. For example, in the case of a steady state



46 CHAPTER 4. A CAUSAL PERSPECTIVE ON BRAINWAVE MODELING FOR BCIS

visually evoked potentials (SSVEP) BCl-speller, the specific frequencies that correspond to

each alphabetical letter needs to be the same in both training and test EEG sets.

3. Shifts on Subject’s Intention Pg(l). Subject’s intention is the starting point, and there-
fore vital, in all voluntarily engaged and endogenous brainwave decoders. It is important
though that these intentions are aligned between the training and test EEG sets since dif-
ferent intentions can lead to different BCl-relevant neural activity. For example, in a Motor-
Imagery BCI, a subject can imagine raising his/her right hand while another subject can
visualize of closing his/her right fist. Although both movement include the movement of the
right hand, they can lead to very different brain activities which might mislead the brain-
wave decoder. It is the BCI researcher’s duty to ensure a baseline behaviour for all involved
participants during the data collection as well as the deployment phase in order to avoid any

unpredictable distribution shifts.

4. Shifts on Environmental Conditions Pg(E). The environment factor is essential for
involuntarily engaged and endogenous brainwave decoders and therefore, as in the case of
stimuli and subject’s intention, the environment in the training EEG set should resemble as

close as possible the environment represented in the test EEG set.

4.4.2 Training EEG Data

Data Scarcity

One of the main challenges in brainwave modeling is the lack of labeled data. This is because the
acquisition process is difficult and time-consuming. Subjects must spend hours wearing an EEG
headset and performing consecutive tasks, which can be tiring and uncomfortable, even when dry

electrodes are used.

To increase the amount of available training samples, machine learning scientists usually turn
to data augmentation. Data augmentation is defined as the process to generate artificial samples
from the available brainwave data by applying certain shifts (e.g addition of Gaussian noise) to it.
This process enriches the available joint distribution P(X,Y’) - rather than only P(X) - making it
an available candidate for both causal and anti-causal brainwave tasks. Through this technique, the
new training set includes data from different distribution shifts, which makes the learnt model more

robust, solves partially the issue of data scarcity and leads to better generalization. In the field
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of BCI, various data augmentation techniques have been introduced [122]: Generative adversarial
networks (e.g. [123], [124], [125]), noise addition (e.g. [126], [127]), overlapping sliding windows
(e.g. [128]), recombination of segmentation (e.g. [129]) and geometric approaches (e.g. [130]).
Data augmentation can lead to an increased performance regardless of the causal direction of the
task. For example, [131] demonstrates increased performance in SSVEP classification (voluntarily
engaged and exogenous task) while [126] shows improved Motor Imagery classification performance

(voluntarily engaged and endogenous task).

Like data augmentation, pre-training’s goal is to enrich the training set distribution. Unlike
data augmentation though, using pre-training does not mean to create or obtain more examples
from the joint distribution P(X,Y"). This technique is based on the assumption that if a machine
learning model is trained on a huge, diverse and close to the targeted brainwave task dataset,
it will capture extra information from all of these various distributions, can benefit both causal
and anti-causal models and achieve stronger BCI generalization as it is demonstrated in [132] for
enhanced intracranial EEG decoding or in [133] for improved Motor-Imagery EEG classification

(voluntarily engaged and endogenous task).

Semi-supervised learning aims to leverage huge amount of unlabelled brainwave data in
an effort to generate statistical models that achieve better generalization compared to models
that are learnt using only a limited amount of available labelled brainwaves. In essence, this
technique utilizes large amount of unlabelled data to further enhance P(X). Unlike the previous
two techniques, as also described in ([96], [95] and [134]), it is futile when applied to causal
tasks (X — Y) since any additional information, that can improve P(X), will have no influence
on P(Y|X) - the quantity that the machine learning model is concerned with. Therefore, this
technique should only be used in anti-causal tasks. [135] describes a state-of-the-art BCI system
that utilized semi-supervision for epileptic seizure detection (an endogenous - passive task and
anti-causal for brainwave decoders). [136] describes an online semi-supervised BCI for P300 speller

(voluntarily engaged and exogenous task).

Finally, Self-Supervised Learning (SSL) consists of two steps: training on a large unlabelled
dataset and fine-tuning on few labelled brainwave samples. As in the case of semi-supervised learn-
ing, this technique aims to enrich P(X), a quantity only informative for anti-causal (mostly brain-
wave decoders) as far as Machine Learning is concerned. In (e.g. [137], [138]) SSL-learned net-
works consistently outperformed purely supervised deep neural networks in anti-causal paradigms

like sleep stage detection (involuntarily engaged and endogenous task).
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Acquisition Shift Pg(X|Z)

The data acquisition can be undertaken with various EEG recorders with completely different
specifications (e.g. number and type of electrodes or sampling frequency). As a result, this
incompatibility of available EEG datasets makes it very difficult to combine them. Although
perfectly aligning the EEG recorders after the data collection has taken place is unrealistic, three

signal processing steps can be taken in an effort of combining different EEG training sets:

1. Re-sample all training sets to a common sampling frequency. This process should be treated

with care so as to avoid aliasing issues and important temporal information loss
2. Retain only the common EEG sensors according to the international 10-20 system [139]

3. Perform a type of normalization (e.g. min-max normalization) to map the values of the EEG

signals within the same range while maintaining their original distribution

4. Perform signal re-referencing to a common EEG sensor - if it is vital for a specific brainwave

analysis

4.4.3 Subject Shifts

Our brain is a complex system that is not only structured but also functions differently from one
person to another, a phenomenon that is often referred to as population shift or inter-subject
variability. Each subject has a unique brain anatomy and functionality of each individual that
results in a variety of different neural activity patterns that can be observed on the surface of the
brain using EEG signals. Additionally, brain functionality does not only differ between subjects
but across time as well. According to various studies [140], a certain variability in the acquired
EEG signal can be observed when the same subject attends the same experiment in different times
(sessions), a phenomenon known as inter-session variability. In the case of BCI brainwave decoders,
subject shifts can occur in all possible identified scenarios in our causal framework (i.e. Pg(Z|S),
Pg(Z|Y,S), Ps(Z|Y), Pg(Z|l)). Therefore, we should turn our attention to domain-specific (BCI-
specific) methods that are specifically designed to tackle these issues, found only in the area of

brainwave analysis.

Over the last few years, there has been an increasing interest towards this research direction

with many strong empirical evidence of increasing the performance of various BCI models. [141]
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projects data into a subject-invariant space while [142] uses an adversarial inference network that
learns subject invariant features. In an effort to design enhanced subject-independent machine
learning models, [18] describes a novel technique to explicitly align feature distributions at various
layers of the deep learning model. By utilizing both statistical and trainable methods (inspired
by covariance-based alignment methods used in Riemannian geometry [143]). In Chapter 6, we
introduce a dynamic framework that approximates the subject distribution shift in the true BCI
task-related brain activity among different subjects by using dynamic convolutions based on an

input-dependent attention vector.

Artifacts

The acquired EEG signal is extremely vulnerable to undesired noise, which can result in various
artifacts [144]. As artifacts can be defined abnormal signals which can contaminate the normal
brainwaves and severely interfere with machine learning-based brainwave decoders, since they can
alter the measured EEG signal. Therefore, these artifacts need to removed from the EEG sets used
with machine learning decoders [145]. EEG-related artifacts can be categorized to extrinsic (envi-
ronmental artifacts and artifacts due to experimental errors) and intrinsic or physiological artifacts
(e.g. eye blinks, muscle activity, heartbeat) [146]. The environmental artifacts can be eliminated by
a simple filtering [147] while the proper experimental procedure can reduce or eliminate the exper-
imental errors [145]. Finally, the elimination of intrinsic artifacts requires specialized techniques
which include Regression [148], Independent Component Analysis (ICA) [149], Empirical-Mode
Decomposition (EMD) [150], Blind Source Separation (BSS) [151] and Wavelet Transform [152].

4.4.4 Associated Task Labels

It is important to make sure that the training set for a machine learning model is as similar as
possible to the deployment set, in terms of the distribution of classes (task class balance). This
is because if the training set is imbalanced, the model may not be able to generalize well to new

unseen data during deployment.

In the cases where this is not possible, specific techniques should be employed to correct the bias
in estimating the training loss. For instance, [153] uses a BCI method for seizure detection that
effectively moderates the bias in performance caused by imbalanced class distribution by assigning

different weights to the EEG samples.
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Step-by-step guidelines for designing BCI decoders using our causal framework
B S te] S S

Given an EEG dataset D (or multiple datasets):

1. Ensure that all experimental conditions (stimuli, environmental conditions, demo-
graphics and subject’s intentions) are designed carefully and resemble the deployment

environment.

2. Gather all necessary and important information about D. If needed, remove all ar-
tifacts. If you combine multiple datasets, then make sure to align the sampling fre-

quency, re-reference and normalize the EEG signals.

3. Using the introduced causal framework, identify the causal scenario of the brainwave

decoding model.

4. If D is sparse, then deploy data augmentation or pre-training techniques for both
causal and anti-causal tasks. Or self-supervised and semi-supervised learning for

anti-causal tasks only.

5. Using the causal factorization of the targeted BCI decoding case, identify the possible

distribution shifts and employ appropriate solutions.

4.5 Discussion

Causal Reasoning enables us to identify possible distribution shifts that can hurt the generaliza-
tion of machine learning-based BCI brainwave decoders. In the previous section, we explore how
general machine learning practices as well as specifically designed techniques can contribute into
solving many of the identified causal challenges. Although these techniques are crucial by them-
selves, we need to identify appropriate evaluation schemes in order to measure and compare their
performance and develop plans on making improvements. So far, in brainwave modeling for BCls,
the performance of trained models is measured based on some unseen parts of the available EEG
dataset. Splitting brainwave datasets into training and testing parts comes with certain limitations
and inherited biases. Therefore, EEG datasets need to be diverse in terms of the available subjects
(to capture a large part of the population) as well as include multiple sessions per subject. In that
way, various machine learning models could be tested (with the appropriate splitting) for their
performance across various tasks as well as their robustness in a number of the above identified

challenges and data distribution shifts like inter-subject and inter-session variability.



4.6. CONCLUSIONS 51

The machine learning community of BCIs is in need of appropriate benchmarks, similar to
well-established efforts in other areas like Computer Vision (e.g. [154], [155]), that can capture
multiple scenarios and act as a valid indicator of the performance of different brainwave decoders.
On that front, the Benchmarks for EEG Transfer Learning (BEETL) competition [17] took place at
the top-tier NeurIPS (Neural Information Processing Systems) 2021 conference. This benchmark
provides a referencing platform for transfer learning strategies and performances on two widely-
used BCI paradigms (motor-imagery and sleep stage detection). Consisting of two tasks, this
benchmark includes two challenges (1. transfer across subjects and 2. transfer across subjects and
data sets) and promotes the field of brainwave analysis towards the use of big data. Although this
competition was a significant milestone, more similar initiatives are needed in that direction that

will capture more BCI paradigms and distribution shift scenarios.

4.6 Conclusions

In this chapter, we take a Causal Reasoning approach to analyze the task of brainwave modeling.
We introduce a causal framework that relies on two core properties (the presence of task stimulus
and the voluntary engagement of the subject) and can break down every BCI paradigm to its
independent components. To the best of our knowledge, this the first study to combine machine
learning and Causal Reasoning in the field of BCIs and presents a unified causal framework. This
is a theoretical study, but we believe that this causal framework represents a crucial advancement,

poised to serve as a guiding principle for the development of advanced BCI brainwave decoders.

In the following two chapters, this causal framework will guide us to identify potential problems
in the MI classification problem using machine learning models. As described above, Motor-
Imagery is an endogenous (the brain activity is inherently modulated, without the intervention
of any external stimulus) and voluntary engaged task (the subject willingly generates a particular

brain activation pattern) with the following general causal diagram:

X—Z Y| (4.5)

In the next chapters, we perform within-dataset experiments, using either in-house collected or
publicly available MI EEG datasets, meaning that a baseline behaviour for all involved participants

can be guaranteed and any unpredictable distribution shift on subject’s intention Pg(l) is avoided.
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Therefore, for the remainder of the Thesis, we will consider that | and Y are aligned and we

are interested in the following causal diagram:

X—Z+Y (4.6)

In a MI classification problem, we want to accurately predict the mentally performed task from
a recorded EEG signal. Mathematically, given an input EEG signal X, we train a statistical model
to predict the correct MI task Y, which can be the imagery movement e.g. of a hand or foot.
In essence, this statistical model tries to estimate the conditional probability P(Y|X) using an

appropriate objective function.

Using the above basis, we can define an MI EEG classification task as an anti-causal problem,
since the true MI intention (observed with the MI label Y) can be considered the cause of the
recorded EEG signal X. As a consequence of the above anti-causal definition and causal diagram,

we can explore the problem of MI EEG classification through the following causal factorization:
P(X,Y,Z) = P(X|Z)P(Z|Y)P(Y) (4.7)

Data Scarcity
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Acquisition Differences
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Subject Distribution Shift

Figure 4.4: Key challenges in Machine Learning for a MI EEG classification task. X represents
input EEG signals, Z the true unobserved brain activity, Y the associated MI labels. e and x
represent EEG signals of different labels. Dots represent data points of any label and their color
represent different EEG acquisition devices.
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In this chapter, we introduce BrainWave-Scattering Net, a lightweight deep neural network

architecture that is based on the joint time-frequency wavelet scattering transform, which was

published in K. Barmpas, Y. Panagakis, D. Adamos, N. Laskaris, and S. Zafeiriou, “Brain Wave-

Scattering Net: A lightweight network for EEG-based motor imagery recognition”, in Journal of

Neural Engineering (2023). Moreover, we introduce a subject selection / subject pooling framework

that uses the above method and was published in K. Barmpas, Y. Panagakis, D. Adamos, N.

Laskaris, and S. Zafeiriou. “Subject Selection Framework to Improve Personalised Models for

Motor-Imagery BCIs via Wavelets and Graph Diffusion” in ICLR 2024 Workshop on Learning

from Time Series For Health (2024).
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5.1 Introduction

Guided by the causal framework of Chapter 4 and using the causal factorization for the MI classi-
fication problem (Figure 4.4), in this chapter we will focus mainly on the problems related to the

training data X.

X
N PX)  P(X)

PX) " .

Data Scarcity Acquisition Differences

Figure 5.1: Key challenges in Machine Learning for a MI EEG classification task regarding the
training EEG signals X. X represents input EEG signals. Dots represent data points of any label
and their color represent different EEG acquisition devices - Part of Figure 4.4.

Challenge 1: One of the renowned challenges in motor-imagery classification problem - as in
any medical-related machine learning problem - is the scarcity of labelled data due to the lengthy
acquisition process (e.g. [156],[157],[158]). Subjects are required to spend hours in a laboratory
facility performing successive motor-imagery tasks [159]. This process has been reported to cause

fatigue and discomfort, even when devices with dry electrodes are utilized.

Challenge 2: To make things worse, due to the wide variety of available EEG recorders in
the market, the data acquisition can be undertaken with various devices which have completely
different specifications (e.g. number of electrodes, sampling frequency to name just a few), making

the combination of available EEG datasets extremely difficult [17].

For many years, MI-BCI decoders used to rely on manual feature extraction, a process which
usually requires significant neurological expertise and experience in EEG signal analysis. The
massive progress in the field of Deep Learning has largely alleviated the need for manual feature
extraction. While various deep BCI neural network architectures have achieved state-of-the-art
performance (e.g. [62], [63], [64]), their conception as “black-boxes” usually means an incompre-
hension of the underlying extracted features. In addition, the required large amount of data to

train these networks usually prohibits the training of high performed personalised BCI models
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where only a handful of data is available. Designing personalised BCI models effectively solves the
issue of inter-subject variability [160] - data distribution shift across subjects due to differences in
brain anatomy and function between individuals (e.g. [161], [162]) - that general BCI models need
to tackle. But the scarcity of labelled EEG data prohibits the training of deep BCI personalised
networks leading often to overfitting (Challenge 1). Lastly, MI-BCI models trained on a specific
number of electrodes struggle to generalize to other electrode configurations due to the intricate
relationship between electrode placement and neural signal representation. The spatial distribu-
tion of electrodes profoundly influences captured neural activity patterns during MI tasks, making

decoders finely attuned to specific configurations (Challenge 2).

In this chapter, to address the above mentioned challenges, we introduce the BrainWave-
Scattering Net, a lightweight network architecture that is based on a novel, fully-learnable ar-
chitecture inspired by the joint time-frequency scattering transform [163]. By utilizing a trainable
wavelet-based scattering transform pipeline, BrainWave-Scattering Net is able to learn represen-
tations that capture the important underlying characteristics and properties of an EEG signal
for MI classification tasks. Indeed, by conducting experiments in two different publicly available
MI datasets and one collected in-house MI dataset, it is demonstrated that BrainWave-Scattering
Net can achieve high performance compared to other state-of-the-art deep architectures, namely
DeepConvNet [62], ShallowConvNet [62], EEGNet [63] and EEG-Inception [64], while having con-
siderably less trainable parameters. In addition, its lightweight nature allows considerably faster
training time as well as training of efficient personalised BCI models with limited amount of given
data (Challenge 1). Furthermore, it demonstrates better explainability properties and device

transferability properties (Challenge 2).

Finally, in this chapter, a novel subject selection framework is introduced that blends ideas
from discriminative learning (based on continuous wavelet transform) and graph-signal processing
(over the sensor array). This selection framework augments the data available to craft a per-
sonalised model (Challenge 1), by incorporating additional signals from subjects with similar
brain activations. Through experimentation with the BrainWave-Scattering Net and a publicly
available MI dataset, we showcase enhanced personalised performance for MI-BCIs. Notably, it
proves particularly advantageous for subjects who initially demonstrated sub-optimal personalised

performance.
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In summary, this chapter’s contributions are as follows:

A lightweight deep neural network architecture is introduced, based on the joint time-
frequency wavelet scattering transform initially described in [163]. The novelty lies in the
adaptation of the transform to handle EEG data and the introduction of learnable wavelet

filters that outperform the fixed wavelets used in the original method.

Similar - and in some cases better - performance is demonstrated compared to other state-
of-the-art deep BCI architectures, with considerably fewer trainable parameters as well as

shorter training time.

Better interpretability insights into properties of brain signals in the field of Motor-Imagery
are provided compared to “black-box” approaches present in other BCI deep learning net-

works.

Leading transferability to lower density EEG sensor arrays is provided compared to other
state-of-the-art deep BCI architectures without the need for model re-training. In addition,
high levels of robustness during inference are demonstrated when some of the input EEG

signals are tampered with.

A subject selection framework, harnessing wavelet transform and graph diffusion distances, is
introduced achieving increased personalised performances of subjects who initially exhibited

poor performance.

The remainder of this chapter is organized as follows: Section 5.2 describes related work in the

literature of Differentiable Signal Processing and Section 5.3 outlines the network’s architecture.

Section 5.4 consists of the experimental part, where performance results and comparisons on dif-

ferent datasets are detailedly presented. It also contains an analysis of the main advantages of

the network as well as a discussion part to demonstrate the importance of the trainable element

in our network by comparing and contrasting standard wavelet techniques with their equivalent

data-driven approaches. Section 5.5 outlines our subject selection framework along with the corre-

sponding experimental results. The last section 5.6 summarizes and concludes the work presented

in this chapter.

The main objectives in this chapter are:

to introduce a novel deep architecture and a subject selection / subject pooling framework

that face the challenges of data scarcity and acquisition differences in the MI-BCIs
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5.2 Related Work

Although deep architectures achieve state-of-the-art performance across different tasks, they usu-
ally tend to be comprised of thousands of trainable parameters. In addition, their extracted learned
features are not interpretable due to their unconstrained nature during training. Therefore, several
neural network architectures in the field of Differentiable Signal Processing have replaced standard
convolutional layers with structured trainable filters exploiting the characteristics of known filter
families, such as Gabor filters ([164], [165] and [166]), Sinc [167] filters or Spline filters [168]. In
this way, their gain is double: reduced model complexity and improved interpretable layers. In
the field of audio processing, SincNet [167] uses sinc bandpass filters as convolutional kernels (w)

which are described by the following equation:

w(t) = 2fy sinc(2m fat) — 2f1 sinc(27 f1t) (5.1)

sin(x)

where sinc(z) = ==

By having the frequencies f; (low cutoff frequency) and fy (high
cutoff frequency) to be the only trainable parameters rather than the whole function provides
enhanced interpretability properties in the network. [165] approximates the mel-filterbank in the

time-domain using the first order scattering transform as:

Mzx(t,n) ~ |z * u)n|2 * |<p|2(t) (5.2)

where Mx(t,n) denotes mel-filterbank consisting of n triangular filters, ¢ denotes the Hanning

window, and w,, the n-th Gabor wavelet described by:

) 1 _ 2
wy(t) = e 2™t ¢ 207 (5.3)

V2o,

where 7,, denotes the desired center frequency and o,, the width of the n-th filter. Since Gabor
wavelet is defined as a complex function, in order to define a complex-valued convolution with N
filters, [165] uses an intermediate step which computes 2N real-valued filters, corresponding to the
real and imaginary parts, and performs a series of pooling and stride operation along the channel
axis to obtain the squared modulus using the adjacent pair filters. Although [165] uses initiallized
filters that approximate mel-filterbanks, they in turn are jointly freely tuned with the remaining
convolutional architecture. Aiming to increase interpretability, in a follow-up work [164] trainable

Gabor filters are used as convolutional kernels (w) which are represented by the following equation:
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) 1 _ 12
w(t) = 2™t _—___ o 207 5.4
0 e 6.4

The trainable parameters, here, are only the center frequency 7, and the bandwidth % (both

expressed in normalized frequency units in [-3,+3]) as opposed to the full Gabor filter function.

5.3 BrainWaveScattering Net

5.3.1 Preliminaries

When deriving features from an input signal z(¢) for classification purposes like in a MI-BCI, these
representations need to be stable under small translations and deformations. Wavelet scattering
transform as described in [169] builds these representations through a non-linear, unitary transform,
which delocalizes signal information into scattering decomposition paths. They are computed with
a cascade of wavelet transforms [170] followed by a modulus operator and a filtering on the time

domain at the end to ensure local invariance to translations [169].

Let % denote the convolution operator, mathematically the wavelet scattering transform Sz
of a signal z(t) along time with a cascade of wavelets (1, (), ¥r,(t), ..., ¥, (t)) and an average

filtering on the time domain ¢(t) is defined as [169]:
Sa = [[|z(£) * thx, ()] * x, ()] % ¥x, ()] + B(2) (5.5)

In many tasks, only the first (Szy = |z(¢) * ¥y, (¢)| * &(t)) and second order (Szo = ||z(t) *
¥, (B)] %, ()| x @ (t)) wavelet scattering coefficients are utilized since higher order coefficients tend
to have negligible energy [171]. Therefore, the first order scalogram |z (t)*y, (¢)| is significant since
it describes the time-frequency intensity of x(t) by capturing the Hilbert-demodulated temporal

envelope of each frequency sub-band [169].

While the time wavelet scattering transform of a signal z(t) successfully describes temporal
modulations [169], it fails to capture more sophisticated time-frequency features. For instance,
the effects of frequency-dependent time-shifts are not captured by time wavelet scattering trans-
form. Spectro-temporal relationships can be beneficial in the MI-decoding since brainwaves of,
at least, two distinct brain rhythms are known to involve in MI-execution, and at different in-

stances. Specifically, the alpha-band desynchronization (known as ERD) marks the initiation of
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the MI-movement and beta-band rebound its termination (known as ERS) [33]. [163] proposes the
joint time-frequency wavelet scattering transform which brings the two-dimensional filter analysis
into the framework of wavelet scattering in order to inherit its invariance and stability proper-
ties. The joint time-frequency wavelet scattering transform consists of a first order time scattering
transform (using wavelet ¥y, (¢)) followed by a two-dimensional wavelet analysis being carried out

independently in the time and frequency domain with two one-dimensional wavelets.

S = [[z(t) * ¥, ()] + U(E,A)| * o(t) (5.6)

where (¢, \) = 1(¢)()N) is the product of two one-dimensional wavelets functions in time and
frequency. Equation 5.6 captures the joint variability of |x(¢) * 1, (t)] at frequency and time, while
the modulus and time-averaging operation ¢(t) ensures time-shift invariance and time-warping

stability ([163], [172], [173]).

A common choice for the mother wavelet ¥, (t) in the wavelet scattering transform Sz is the
Gabor wavelet due its property to minimize the product of its standard deviations in the time and
frequency domain [174]. This constitutes the Gabor envelope the best time-frequency localization
window according to the Heisenberg uncertainty principle [174]. The complex Gabor 1-D wavelet

is defined as:

1

2mo

2 .
e 357 6271'z>\t (57)

Ya(t) =

where c% denotes the bandwidth and A the center frequency.

5.3.2 Architecture

Here, BrainWave-Scattering Net (Figure 5.2), a lightweight deep architecture based on a novel
learnable joint time-frequency scattering transform for EEG-based motor-imagery recognition, is
introduced. Its architecture consists of four main blocks: The first two blocks extract frequency
and spatio-temporal information from the EEG signals through a cascade of learnable wavelet
transforms. The third block performs a time-averaging operation to ensure shift-invariance while
the last block performs the spatial analysis of the signals. In this section, these four building blocks
(Table 5.1) are detailedly described and are presented using tensor operations. Without loss of
generality, the batch size is omitted in the following formulation as well as the stride and padding

operations in the following mathematical formulas.
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Figure 5.2: Visualization of the BrainWave-Scattering Net architecture. In Block 1, different
colors represent extracted scalograms from different Gabor wavelets. In Block 2, each “slice”
represents a different EEG channel with all its extracted scalograms stacked and ordered based on
the corresponding wavelet’s frequency. In Block 2, depthwise convolutions, first across time and
then across frequency, are denoted with different colors. The depthwise convolution across channels
implements the spatial filtering and is denoted with orange color. Finally, a linear classifier uses
the features of the spatial analysis to classify the MI task.

Block 1 - Extraction of Frequency Information: The first block of the BrainWave-
Scattering network computes the 1st order scalogram of the joint time-frequency scattering trans-
form. Mathematically, let x(t) € RT denote a one-dimensional input EEG signal, where T is the
number of initial EEG time points, and 1), (¢) be a wavelet. This block computes the 1st order

scalogram X (A, t), the amplitude of the wavelet transform, for each EEG channel separately:

X (A1) = [x(t) = 5 (1)] (5-8)

where t denotes the time and A the frequency. To perform this operation, the raw input signal

from each EEG channel is convolved with a wavelet kernel with size (1, W) = (1, £:) where F,

is the sampling frequency. Unlike standard convolution layers where all the parameters are fully

trainable, this layer follows a particular wavelet function. More specifically, it follows the Gabor
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wavelet equation, since Gabor filters are optimally localized in time and frequency [175] and can

capture valuable features from the EEG signals. In this layer only the real part'? of the wavelet is

used to take advantage of its symmetric properties. In other words:

B () = e~ 57 cos(2mAL) (5.9)

2ro

7

and % denotes the bandwidth and A the normalized frequency of the

where t € [-%

Gabor wavelet and these two properties are the only trainable parameters of this layer. Although,
A= Fis, where F' denotes the actual frequency and F is the sampling frequency both measured
in Hz, is a trainable parameter, it needs to be restricted to satisfy the Nyquist Theorem [176],

therefore:

F
0SF<Z 20<A< (5.10)

| =

The initialization step of this layer is crucial in order to properly guide the network to extract
valuable frequency information for the targeted motor-imagery task. As described in [33], in Motor-
Imagery two frequency bands carry the most information: alpha band [8, 13Hz] and beta band [13,
30Hz]. Certain subjects present also some activity in the lower gamma band [30, 40Hz]. Therefore,

the different A\ values, during initialization, are evenly spaced in the following range:

<A< —(Hz) (5.11)

The % bandwidth is initialized with the same value for all wavelet filters. The “right” choice of
its initial value depends on different datasets and should be treated during the hyper-parameter
tuning phase of the network. Nevertheless, as described in [164], a reasonable range for the o band-
width values is [4v/2log2, 2W +/2l0g2] “such that the full-width at half-maximum of the frequency
response is within 1/W and 1/2” (we refer the reader to an ablation study in section 5.4.8 that

showcases how the choices of the bandwidth value can influence the network’s performance).

The input to this block, and inherently the input to our network, can be described as a 2nd-
order tensor I which consists of C (where C is the number of EEG channels) row-vectors x(t) € R

More specifically in this layer, F' one-dimensional Gabor filters are convolved with each input EEG

131t is straightforward to use the Gabor wavelet directly by doubling the number of output filters as described in

[164], but this leads to computational and coding overhead
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row-vector x(t) to compute the 1st order scalogram using trainable Gabor wavelets as convolutional
kernels. The result of each one of these C one-dimensional convolutions is a matrix X(\, ) € RF*T
where the wavelet filters are ordered based on their normalized frequencies. By taking the modulus
and stacking these C matrices together, the 1st order scalogram of all EEG channels is produced

in a three-dimensional tensor format X(c, \,t) € RE*FxT,

Finally, the computation of the scalogram tensor X(c, A, t) € RE*EFXT is followed by an average

pooling with size of 4 across time to reduce the sampling rate of the signal by 4.

Block 2 - Extraction of Spectro-Temporal Information: The second block of the
BrainWave-Scattering network computes the joint spatio-temporal features of the joint-scattering
transform. Mathematically, let X(\,¢) € RF*F he the 1st order scalogram computed in Block 1

for one EEG channel after the pooling operation, this block performs the following operation:

F(\t) = [X(\t) = T\, 1) (5.12)

where ®(\,t) = (A (t)T is the product of two one-dimensional functions in time and fre-
quency with dimensions ¥ (t) € 1 x R and P(A) elx R since the sampling rate of the signal
is reduced by 4 after the average pooling in Block 1. With joint time-frequency scattering our
intention is to scatter the information further across each EEG channel independently, to perform
the W(\,t) operation, depthwise convolutions are utilized to explicitly decouple the relationship
within and across the different EEG channels, as described in [177]. Using depthwise operations,
first across time and then across frequency, this block extracts features for each EEG channel sep-
arately capturing useful spatio-temporal relationships. In this layer, the kernel’s parameters are

fully trainable.

To mathematically describe these operations, we will use the fact that separable convolu-
tions can be obtained by regular convolutions after the application of kernel Canonical Polyadic
(CP) tensor decomposition as described in [177]. Therefore, the three-dimensional (3D) tensor
X(c, A\ t) € REXFXT can be described as C two-dimensional matrices X(\,¢) € RF*T and each

kernel of this block operates into these C matrices X (A, t) separately to compute:

F(\ 1) = X+ B\ 1)] = |X * (1;/)()\)w(t)T)| (5.13)

Let ¥(\,t) € R % be convolved with X (A, t) € RFXT | the resulting feature map F(A,t) €
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REXT is defined as:

£

F(\t) =X x| =

U)X+ Ai+1) (5.14)

B

<
Il
-
-
Il

i=1
As in [177], applying a low rank-R CP-Decomposition to the kernel tensor ¥ can be re-written as:

T\ t)=uy@us = wyu, (5.15)

By combining the last two equations we can write:

F(\ 1) = ‘X* \1:’ - ’iukj(iutfxu A +t)> ‘
j=1 i=1

Depthwise Convolution

Depthwise Convolution

Fs Fs
F(\ ) = X 9| = \iuxj(iut?X(y‘ + i)
=1 i=1

Depthwise Convolution

Depthwise Convolution

Finally, the computation of F(\,t) € RF*T is followed by an average pooling with size of 2

across time to reduce the sampling rate of the signal by 2.

Block 3 - Time-Averaging: The third block of the BrainWave-Scattering performs the tem-
poral filtering operation of the joint-scattering transform. More specifically, this block constitutes

the operator ¢(t) in the following equation:

S(A 1) = FOL6) % () = X )+ (w()e(0)")| + (5.16)

To perform this operation, it utilizes depthwise convolutions with stride of 2 and fully-trainable

kernel of size of (1,%) since the sampling rate of the signal is totally reduced by 8. In essence, this
operation performs a temporal filtering for each EEG channel separately. Therefore, the combined

Block 2 and Block 3 feature map S(A,t) € RF*16 can be described with tensor operations as:
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Block Layer Operation Size Output Options
1 Input (c, T)
Reshape (1, ¢, T)
Gabor Wavelet XA, t) = [x(t) * 9y (8)] a.fs) (F, C, T) Modulus Operator
Average Pooling (1,4) F,c, )
Dropout 0.25
Reshape @, F 5
2 Depthwise Convolution  F(A, ¢) = |X(A, ¢) * T (X, )] (1,58 (. F, I
Depthwise Convolution (%, 1) (C, F, %) Modulus Operator
Average Pooling (1,2) (C, F, %)
Dropout 0.25
3 Depthwise Convolution S(A, £) = F(A, t) * é(t) afy  cr & stride = 2
Dropout 0.25
T
Reshape (F, ¢, £
4 Depthwise Convolution Spatial Analysis (C,1) (s, 1, llﬁ) ELU Activation - ||w||2 < 1
Dropout 0.25
T
Flatten S x i6
Linear Classifier N

Table 5.1: Detailed breakdown of each block of BrainWave-Scattering Net architecture where C =
number of channels, T = number of time points, F = number of wavelet filters, S = number of
spatial filters, and N = number of output classes.

SO\ t) = PO, D)xa(t) = > (LA + 1) = > )’iuklj(Zut?X(j-i-/\-i-l,i—&-i/—I—t))‘

Depthwise Convolution - Time

Depthwise Convolution - Frequency

(5.17)

Block 4 - Classification: Inspired by Common Spatial Pattern (CSP) [178], this block
performs the spatial analysis of the signal. By utilizing a depthwise convolution with kernel of size
(C, 1), it extracts the spatial filters of the joint time-frequency scattering transform. Depthwise
convolution is utilized to avoid mixure of information across different joint time-frequency scatter-
ing feature maps. Similarly to EEGNet [63], each spatial filter is regularized by using a maximum
norm constraint of 1 on its weights; ||w||?> < 1. Finally, the extracted feature maps are passed into

a linear classifier for the BCI motor-imagery classification task.

5.4 Experiments

In the experimental part of this chapter, two publicly available MI datasets are used, namely Phy-
sioNet [66] and BCI IVa Dataset of the 3rd BCI competition [67], as they were described
in Chapter 2 and an in-house collected MI dataset, namely MyBrainCommands - Standard

MI Paradigm as described in Chapter 3.
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5.4.1 Generic Models of Motor-Imagery Recognition

We commence the results sections with presenting the achieved performance when our network
was employed to derive generic models of MI-recognition. In this case, the models or decoders,
once trained on a large sample of subjects’ data, are expected to perform sufficiently to brainwave
recordings of unseen subjects. Hence, the validation of their performance had to be cast accordingly,
i.e. in a “leave-M-subjects-out” manner. Specifically, 10-fold subject-wise cross-validation was
performed for PhysioNet data and MyBrainCommands - Lab Setting data and 5-fold for BCI
Dataset IVa. For comparison purposes, the performance achieved by the four state-of-the-art deep
learning architectures (described in Chapter 2) is also included, validated in the same way with

our models.

In the case of DeepConvNet [62], ShallowConvNet [62], EEGNet [63] and EEG-Inception [64],
the models were trained using the Adam optimizer, with batch size of 64, minimizing the cross-
entropy loss function and they were run for 150 training iterations. Since our network is lightweight
and has the trainable Gabor filters in its first layer, different training settings were used to ensure
stability during training, to avoid overfitting and to allow the trainable Gabor filters to quickly

adapt to the training data:

e PhysioNet: Adam optimizer was used with learning rate of 0.01 for the first 30 epochs and
0.0001 for the remainder 20 epochs.

« BCI Dataset: Adam optimizer was used with learning rate of 0.01 for the first 50 epochs,
0.001 for epochs between 50-80 and 0.0001 for the remainder 20 epochs.

¢ MyBrainCommands - Lab: Adam optimizer was used with learning rate of 0.01 for the first

30 epochs and 0.001 for the remainder 120 epochs.

The obtained experimental results are presented in Table 5.2, Table 5.3 and Table 5.4, where it
is evident that our network achieves state of the art performance with significantly fewer trainable

parameters.
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Model Number of Trainable Parameters Accuracy ™

DeepConvNet [62] 226,677 82.0% =+ 0.40%
ShallowConvNet [62] 107,922 79.7% + 0.35%
EEGNet [63] 2,986 80.0% + 1.00%
EEG-Inception [64] 22,386 80.5% + 0.35%
BrainWaveScattering Net (our architecture) 6,050 81.5% =+ 0.13%

Table 5.2: Performance of generic (trained across-subjects) models of Ml-classification (Left /
Right hand) task in PhysioNet for DeepConvNet, ShallowConvNet, EEGNet, EEG-Inception and
BrainWave-Scattering Net (ours).

Model Number of Trainable Parameters Accuracy ™

DeepConvNet [62] 180,402 63.1% + 0.30%
ShallowConvNet [62] 193,442 61.5% £ 1.30%
EEGNet [63] 3,354 61.0% + 1.00%
EEG-Inception [64] 26,742 62.2% =+ 2.00%
BrainWaveScattering Net (our architecture) 6,300 65.2% =+ 0.70%

Table 5.3: Performance of generic (trained across-subjects) models of MI-classification (Right Hand
/ Foot) task in BCI IVa dataset for DeepConvNet, ShallowConvNet, EEGNet, EEG-Inception and
BrainWave-Scattering Net (ours).

Model Number of Trainable Parameters Accuracy 4
DeepConvNet [62] 171,302 71.56% + 0.24%
ShallowConvNet [62] 34,282 73.11% + 0.4%
EEGNet [63] 1,962 72.05% + 0.28%
EEG-Inception [64] 20,154 72.3% + 1.06%
BrainWaveScattering Net (our architecture) 2,166 73.14% + 0.14%

Table 5.4: Performance of generic (trained across-subjects) models of MI-classification (Left Hand
/ Rest) task in MyBrainCommands dataset for DeepConvNet, ShallowConvNet, EEGNet, EEG-
Inception and BrainWave-Scattering Net (ours).

5.4.2 Personalised Models of Motor-Imagery Recognition

In this results section, we present our attempts to build personalised (trained within a subject)
models of MI-recognition. This is actually the most popular strategy for overcoming the problem
of inter-subject variability when building brain activity decoders (e.g. [179], [180] and [181]).
However, this strategy is not applicable to deep learning models that require thousands of trials
as training data, and labeled EEG-signals still remain scarce at the level of an individual. On
the other hand, BrainWave-Scattering Net is an architecture that allows us to train personalised
models without facing training instability and the problem of overfitting. We managed to craft

personalised models not only in the case of BCI IVa dataset (where 280 trials were available

1449 refers to the rounded standard deviation across multiple 10-fold cross-validation experiments
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per subject), but even in the case of MyBrainCommands and PhysioNet data (where only 54
and 45 trials were available per subject respectively). Table 5.5 include the performance of all
personalised MI-decoders, trained /validated based on a 10-fold cross-validation scheme. Table 5.6%
and Table 5.74 include the performance of a randomly selected subset of personalised MI-decoders,
trained /validated based on a 5-fold cross-validation scheme in the case of MyBrainCommands
dataset and on leave-one-trial-out cross-validation scheme in the case of PhysioNet dataset, while

the full lists are available in the Appendix.

Model Subject aa Subject al Subject av Subject aw Subject ay

EEGNet [63] 61.1% + 7.50% 70.3% =+ 9.80% 55.3% + 8.50% 57.9% + 11.30% 58.9% + 13.30%
BrainWave-Scattering Net (ours) | 78.9% =+ 6.20% 92.2% + 4.20% 60.3% + 9.20% 86.7% + 4.30%  85.7% + 3.10%

Table 5.5: Performance of personalised (subject-specific) models of MI-classification (Right Hand
/ Foot) task in BCI dataset IVa for EEGNet and BrainWave-Scattering Net (ours).

Model Subject 7 Subject 11 ~ Subject 14  Subject 94  Subject 115

BrainWave-Scattering Net (ours) 15 82.9% 73.8% 92.7% 68.2% 77.8%

Table 5.6: Performance of personalised (subject-specific) models of MI-classification (Left Hand /
Rest) task in MyBrainCommands dataset for BrainWave-Scattering Net (ours).

Model Subject 1 Subject 7 Subject 29 Subject 33  Subject 40 Subject 85  Subject 101

BrainWave-Scattering Net (ours) 1 68.8% 91.1% 93.3% 57.7% 73.3% 86.6% 62.2%

Table 5.7: Performance of personalised (subject-specific) models of MI-classification (Right / Left
hand) task in PhysioNet dataset for BrainWave-Scattering Net (ours).

5.4.3 Interpretability
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Figure 5.3: Gabor wavelets before and after training in the generic BrainWave-Scattering Net for
the Left / Right Hand classification task in PhysioNet.

150nly the performance of BrainWave-Scatteting Net is included. The rest baseline networks could not be trained

stably.
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BrainWave-Scattering Net is a lightweight deep neural network compared to other well-established
state-of-the-art architectures in the area of BCIs. Nevertheless, it achieves similar or even better
performance in the tested MI-recognition tasks. In the previous section, it is shown that our
network performs similarly, or better, to EEG-Inception and DeepConvNet in building generic
MI-decoders in two distinct datasets, while having around i of EEG-Inception’s and % of Deep-

ConvNet’s total trainable parameters (see Table 5.2).

Since the network is inspired by Joint Wavelet Scattering Transform [163], it inherits not
only its stability but also its interpretability properties as well. More specifically, the first layer
of the network consists of trainable Gabor wavelets. By allowing the frequency and bandwidth
parameters of the Gabor wavelets to be trainable, the network gets adapted to variable EEG signals
and extracts the most relevant information. This data-driven approach increases the explainability
of the model since the first layer can now offer useful interpretable insights of the extracted features
compared to the “black-box” approach used in other networks in the field. In Figure 5.3, different
Gabor wavelets of the first layer of BrainWave-Scattering network are displayed before training
(during initialization) as well as after training. These trainable Gabor wavelets are deployed in
the first order wavelet scattering layer of the network (Block 1) and they are attested to be more
informative compared to the corresponding first layer of other architectures (we refer the reader
to Figures 5.6 for the learned temporal first layer filters of EEGNet [63] trained in the same

motor-imagery tasks).
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Figure 5.4: Gabor wavelets parameters for the generic and all the personalised models trained in
the Right Hand/Foot classification task based on BCI Dataset IVa.
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A second example of the interpretability offered by our network is provided via Figure 5.4, where
the center frequencies and bandwidths of the trained first-layer filters are shown for the generic and
the personalised models built based on the BCI dataset IVa. Here, it is shown how the Gabor filters
have chosen different center frequencies in the generic model and the personalised models. In the
latter case, the different frequencies is another evidence of the inter-subject variability. This can
be an invaluable asset to neuroscientists who are familiar with the concept of brain-rhythms and

accustomed to work with canonical frequency bands (or attempt to defined them with data-driven

methodologies).

Temporal and Spatial Filters of BrainWave-Scattering Net
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Finally, our architecture offers insights on the brain areas used with its trainable spatial filters
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5.4.4 Training time

Another great advantage of our architecture is the short training time it requires to achieve state-
of-the-art performance in the tested MI-recognition tasks. Architectures like EEGNet [63] and
EEG-Inception [64] have all their network’s parameters trainable allowing a greater degree of
freedom to the network. Therefore, as it shown in Figure 5.7, they are quickly adapted to the data
achieving considerably high validation performance. In contrast, BrainWave-Scattering Net starts
with almost random performance in the binary task. As described above, a learning scheduler is
used for BrainWave-Scattering Net which consists of a large initial learning rate followed by a small
rate at the end of the training phase. As it is displayed in Figure 5.7, the initial large learning rate
assists the network’s Gabor filters to quickly adapt to the data and the motor-imagery tasks while

the small learning rate is primarily used for network’s fine-tuning.
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Figure 5.7: Per-fold training time for generic EEGNet, EEG-Inception and BrainWave-Scattering
Net for the Left / Right Hand classification task in PhysioNet. All architectures are trained and
tested in the same partition of the dataset.

Model Number of Trainable Parameters Training Time
EEGNet [63] 2,986 3:30 minutes
EEGNet [63] with learning rate scheduler 2,986 3:27 minutes
EEG-Inception [64] 22,386 8:04 minutes
EEG-Inception [64] with learning rate scheduler 22,386 7:56 minutes
BrainWaveScattering Net (our architecture) 6,050 3:27 minutes

Table 5.8: Per-fold training time for generic EEGNet (with and without learning rate scheduler),
EEG-Inception (with and without learning rate scheduler) and BrainWave-Scattering Net (ours)
for the Left / Right Hand classification task in PhysioNet.
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Table 5.8 demonstrates that BrainWave-Scattering Net has similar performance to EEG-Inception
[64] and it has the same training time as EEGNet [63], which it outperforms. For the training
time tests, all architectures were tested in the same partition of the PhysioNet dataset and in
the same NVIDIA TITAN Xp Graphics Processing Unit (GPU). Since BrainWave-Scattering Net
uses a learning rate scheduler, for completeness in these results, EEGNet [63] and EEG-Inception
[64] were trained in two setups: 1) with the same learning rate scheduler and 2) with a constant

learning rate.

5.4.5 Transferability to lower density sensor arrays

The different way in which information from different sensors is combined during its flow through
the BrainWave-Scattering Net allows us to use pre-trained models on dense setups into lower

density sensor arrays while managing to maintain an accuracy close to the original performance.
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Figure 5.8: Schematic diagram of the original sensors used in the PhysioNet dataset and the
selected lower dense sensor arrays: 29 sensors (in red) and 19 sensors (in green) - [182] [66].

For these experiments, the networks were trained first in the MI-recognition task of PhysioNet
dataset following the cross-validation scheme described in section 5.4.1 using all available 64 EEG
sensors / channels. When testing the trained generic model, only either 29 or 19 of the original
input EEG signals (electrode configurations that correspond to EEG hardware devices on the
market) distributed across the whole head were kept (see Figure 5.8) and the missing sensors were

replaced with signals of zeros.

From the results displayed in the following table (Table 5.9), it is shown that BrainWave-
Scattering Net model can be transferred more easily between different density sensor arrays without

re-training.
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Model 64-Channels 29-Channels 19-Channels
DeepConvNet [62] 82.4% 73.0% 69.0%
ShallowConvNet [62] 80.0% 67.0% 60.0%
EEG-Inception [64] 81.0% 69.0% 58.0%
BrainWave Scattering Net (our architecture) 81.5% 76.0% 70.0%

Table 5.9: Performance of generic models of MI-classification (Left / Right Hand) task in PhysioNet
tested on a number of different sensors arrays.

5.4.6 Robustness to sensor removal

An additional element, that distinguish the BrainWave-Scattering Net architecture from other
state-of-the-art networks in the field, is the way in which information from different sensors is
combined during its flow through the network. In architectures like DeepConvNet [62], Shallow-
ConvNet [62], EEGNet [63] and EEG-Inception [64] the combination of knowledge across the EEG
channels takes place in the first layers of the network, while BrainWave-Scattering Net processes
each channel separately and captures the spatial filters at the very end of the network. This funda-
mental difference provides an additional layer of robustness to our network during inference when
some of the input EEG signals are tampered - for example several EEG sensors of a BCI headset

are faulty.
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Figure 5.9: Performance of generic models of MI-classification (Left / Right Hand) task in Phys-
ioNet (trained across-subjects and tested on subjects with a number of faulty sensors) for Deep-
ConvNet (Blue), ShallowConvNet (Gray), EEG-Inception (Red) and BrainWave-Scattering Net
(Green).
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To simulate this “tampered device” scenario, the networks were first trained in the MI-recognition
task of PhysioNet dataset following the cross-validation scheme described in section 5.4.1 using all
available 64 EEG sensors / channels. When testing the trained generic model, a number of sensors
was randomly chosen for each subject in the testing fold and their values were replaced with small
random Gaussian noise. As it is evident in Figure 5.9, our architecture maintains an accuracy close

to the original performance when a reasonable amount of sensors has failed.

5.4.7 Model exploration

One of the core advantages of our architecture is the introduction of a trainable element in the
standard wavelet scattering pipeline. As mentioned previously, the scattering transform was first
introduced in [169] to build a signal representation that is invariant to transformations (such as
translations and diffeomorphisms) while preserving most of the signal’s information. Although dif-
ferent architectures have already made use of various trainable deep wavelet networks ([165],[164]),
our model is oriented around the field of Motor-Imagery and Brain-Computer Interfaces (BCIs),
although the core idea can be applied in other domains of signal processing as well. In this section,
we describe some experiments that led us to the final design of our architecture. By compar-
ing and contrasting standard wavelet techniques with their equivalent data-driven approaches, we

demonstrate the importance of the trainable element in our architecture.

Experiment 1 - Fully Trainable Scattering

In this experiment, the performance of a network with fixed wavelet filters is compared with the
performance of a network with trainable filters. For the fixed network, Kymatio [183] is utilized
which implements wavelet scattering transforms as convolutional networks with fixed wavelet filters.
Kymatio takes a 1D signal as an input and outputs the second order wavelet scattering coefficients

according to the following equation [183):

S = [|w(t) * a, ()] * da, ()] + ¢(F) (5.18)

where * denote the convolution operator, ¥y, (t) and ¥y, (t) are Gabor wavelets and ¢ the
average filter on the time domain. In this experiment, Kymatio was set to extract 7 second
order wavelet coefficients and reduce the time analysis of the EEG signals by 6 in order to keep

the number of network’s paramaters at a low level. During the computation of the 7 second
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order wavelet coefficients, Kymatio produced 5 first order wavelet coefficients and downsampled
intermediate results to reduce computational load as in [184]. Passing each EEG channel through
Kymatio’s network, a 3D tensor was generated with dimensions (EEG Channels x % x 7). For
the network with fixed wavelet filters, this extracted 3D Tensor was passed through the Block 4 of

BrainWave-Scattering Net.

An equivalent fully-trainable network consists of a first layer with a fully-trainable convolutional
kernel of size (1, %) where Fy is the sampling frequency followed by a modulus operator and
average pooling of 4. Since the sampling rate of the signal is reduced by 4, the second layer
consists of another fully-trainable convolutional kernel with size (1, %) followed by a modulus
operator and average pooling of 2. To perform the time averaging operation, the network utilizes
depthwise convolutions with stride of 2 and fully-trainable convolutional kernel with size (1, %)
since the sampling rate of the signal is totally reduced by 8. These cascade of operations generated

an equivalent trainable 3D tensor with dimensions (EEG Channels x % x 7). Lastly, this

trainable 3D Tensor was passed through the Block 4 of BrainWave-Scattering Net.

From the results displayed in Table 5.10, it is shown that the network with trainable layers
outperforms the network with fixed Gabor filters showcasing that a fully-trainable data-driven

scattering pipeline overpasses a standard wavelet scattering network.

Network Trainable Second Order Scattering Net  Non-Trainable Second Order Scattering Net
PhysioNet [66] 68.0% 63.0%
BCI IVa [67] 63.0% 56.0%

Table 5.10: Performance of generic (trained across-subjects) models of MI-classification tasks (Phy-
sioNet - Left / Right hand and BCI IVa - Right Hand / Foot) for a trainable second order scattering
network with its non-trainable equivalent.

Experiment 2 - Trainable Gabor Filter

As mentioned previously, in order to increase the explainability properties of our architecture, the
first layer of the network is restricted to follow the real part of the Gabor wavelet format. Generally,
Gabor filters are parametrized by their center frequencies and bandwidths. In the experimental
part, the center frequencies were initialized in the range of interest for motor-imagery tasks [8,40Hz]
and the bandwidth was treated as a hyperparameter specifically fine-tuned for each dataset and
task. And the question arises: is it necessary for these Gabor filters to be trainable even though

they have been carefully initialized for a MI task ?
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Network 6 | BrainWave-Scattering Net (Trainable) BrainWave-Scattering Net (Non-Trainable)

PhysioNet [66] 81.5% + 0.13% 79.0% + 1.00%
BCI IVa [67] 65.2% + 0.70% 61.0% + 1.00%

Table 5.11: Performance of generic (trained across-subjects) models of MI-classification tasks (Phy-
sioNet - Left / Right hand and BCI IVa - Right Hand / Foot) for BrainWave-Scattering with
trainable and non-trainable Gabor filters in its first layer.

To answer this question in this experiment, two versions of the BrainWave-Scattering Net
architecture were tested: one with trainable Gabor filters (trainable frequency and bandwidth)
and one with fixed Gabor filters (fixed frequency and bandwidth). In both cases, the Gabor filters
were initialized with the same values. From the results displayed in Table 5.11, it is shown that
the network with trainable frequencies and bandwidths can lead to a greater performance than the
network with carefully crafted Gabor filters, further backing the claim that a data-driven pipeline

can outperform a standard wavelet scattering network.

Experiment 3 - Discriminability Index

Finally, the performance of the derived personalised BrainWave-Scattering Net models was com-
pared with the potential to build reliable “classical” machine learning models for the same subjects,
based on spectro-temporal features derived via standard Continuous Wavelet Transform (CWT).
To this end, we worked independently for each subject and performed the following discriminative
analysis procedure, which was adapted from ([180] and [181]) for a similar classification task (ap-
proached via a different single-trial representation scheme). Single-trial based scalograms were first
derived (i.e. feature extraction step), based on analytic Morse wavelet, for every sensor and then
compared statistically the distribution of the absolute values of the CWT at each point within the
frequency-time domain. This step resulted to discriminability scores stored in a 3D tensor (Sensors
x Frequency x Time), that could be used for identifying the most informative spectro-temporal
features for the Ml-classification task (i.e. feature selection step). A summary of this tensor was
derived by first integrating over the frequency-time dimensions the sensor-dependent scores and
then by identifying the overall maximum across sensors. In this way, a single discriminability index
was associated with each subject, reflecting the difficulty to tackle the left/right hand classification
task based on the CWT-representation of the recorded brainwaves. Figure 5.10 enables the direct
contrast between the performance of our network and the derived discriminability index. It be-

comes evident that personalised performances follow mostly the same trend as the wavelet-based

16 4% refers to the rounded standard deviation across multiple 10-fold cross-validation experiments
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discriminability index. Moreover the correlation between the two sets of measurements is strong
and very significant (correlation coefficients: p=0.57, P-value=3.4259 x 10~10). This clearly indi-
cates that our architecture, although contains trainable elements, has its roots in wavelet analysis
by following the wavelet scattering transform pipeline. In many cases, though, the personalised
performance is considerably high compared to the corresponding discriminability index proving

that the trainable adaptable element of the network can outperform standard wavelet analysis.

BrainWave-Scattering Personalized Performance
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Figure 5.10: Subject-wise comparison between BrainWave-Scattering personalised performance and
wavelet-based discriminability index. The horizontal axis represents the subjects while the vertical
axis represents either the personalised performance (Top) or the wavelet-based discriminability
index (Bottom).
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5.4.8 Ablation Studies

Different Learning Rate Schedulers

As stated previously, since BrainWave-Scattering Net is lightweight, different training settings were
used to ensure stability during training. A learning rate was used to assist the Gabor filters to
quickly adapt to the training data. In this section, the effect of the same learning rate scheduler to
other networks (both deep and shallower) was investigated. As it is shown in the following tables,
the learning rate scheduler does not influence the other baseline lines by much while it can severely

impact BrainWaveScattering-Net.

Network Accuracy without Irs  Accuracy with Irs
DeepConvNet [62] 82.0% 82.5%
ShallowConvNet [62] 79.7% 80.0%
BrainWave-Scattering Net (our architecture) 79.1% 81.5%

Table 5.12: Per-fold training time for generic DeepConvNet (with and without learning rate sched-
uler), ShallowConvNet (with and without learning rate scheduler) and BrainWave-Scattering Net
(with and without learning rate scheduler) for the Left / Right Hand classification task in Phys-
ioNet. Irs stands for learning rate scheduler.

Network Accuracy without Irs  Accuracy with Irs
DeepConvNet [62] 63.1% 63.9%
ShallowConvNet [62] 61.5% 61.0%
BrainWave-Scattering Net (our architecture) 62.1% 65.2%

Table 5.13: Per-fold training time for generic DeepConvNet (with and without learning rate sched-
uler), ShallowConvNet (with and without learning rate scheduler) and BrainWave-Scattering Net
(with and without learning rate scheduler) for the Right Hand / Foot classification task in BCI
IVa dataset. Irs stands for learning rate scheduler.

Different Bandwidth Values

In this section, we tried to determine the importance of the initialization values of the Gabor filters
in our architecture. As stated previously, the initial values should be treated during the hyper-
parameter tuning phase of the network. In addition, as described in [164], a reasonable range for
the o bandwidth values is [4v/2l0og2, 2W +/2l0g2] “such that the full-width at half-maximum of the
frequency response is within 1/W and 1/2”, where W is the wavelet kernel window. Using the BCI
IVa dataset [67], generic (trained across-subjects) BrainWaveScattering-Net models were trained
by initializing the Gabor filters either with the same value (results are shown in Figure 5.11) or

with randomly sampled values from the above mentioned range (the average of 10 different cross-
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validation performances when Gabor filters were initialized with randomly sampled bandwidth
values is 63.9%). As it is evident from Figure 5.11, the network’s performance can be influenced
by this initialization choice. It is recommended that the Gabor filters should be initialized with a
common value since that choice reduces the fine-tuning complexity and gives the same advantage
to all Gabor filters to increase or decrease their respective bandwidths during training depending

on the frequency range that they find important for the motor-imagery task they learn.
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Figure 5.11: Performance of generic (trained across-subjects) models of MI-classification (Right
Hand / Foot) task in BCI IVa dataset for BrainWave-Scattering Net. Blue points: Cross-validation
performance when Gabor filters are initialized with the same bandwidth values.

5.5 Improving personalised Performance

In this section, a subject selection framework is introduced for augmenting the data available to
craft a personalised model, by incorporating additional signals from subjects with similar brain
activations. The overall framework utilizes brain signal analytics to compare responses at individual
sensor levels (based on the wavelet transform) and employs a graph-based approach to analyze
discriminative patterns across subjects, resulting in a semantic map facilitating the identification
of relevant data for training personalised models. This selection framework demonstrates enhanced
performance for personalised MI-BClIs, particularly benefiting subjects who initially exhibited low

personalised performance. In the experiments, mainly BrainWave-Scattering Net is utilized, as a
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state-of-the-art lightweight deep learning architecture for personalised MI-BCI decoders and an

architecture with roots to wavelet scattering transform.

5.5.1 Subject Selection Framework via Wavelets and Graph Diffusion

Enhancing the efficacy of personalised deep learning-based MI-BCI decoders through targeted
subject selection during training necessitates the adoption of an appropriate metric to assess subject
similarities. This selection framework leverages continuous wavelet transform (CWT) and graph

diffusion distances.

Let X;(c,t) € RE*T denote each single-trial EEG signal recorded with C channels that comes
with the label y; € R. For each subject in the dataset, and for each sensor independently, all the
single-trial scalograms are first derived, using CWT based on analytic Morse wavelet. Then the
distribution of moduli at each point in the time-frequency domain is statistically compared using
two-sample unpaired Wilcoxon test [185]. The resulting discriminability scores S(c, f,t) € REXFXT
express the differences between the contrasted conditions (e.g. left vs right hand MI) for each

sensor. Integration over the frequency-time dimensions yields a discriminability profile p(c) € R®

for each subject.

To systematically compare the discriminability profiles across subjects, the following graph-
theoretic perspective is adopted so as to accommodate for the fact that these are patterns over a
irregular domain (i.e. the sensor array). To this end, each profile is considered as a graph signal
[186] and graph-diffusion distance is employed as a means to express their pairwise similarity

relationships.

Using the Euclidean distance of spatial coordinates of the sensors, the adjacency matrix A €

RCXC RCXC

of the graph as well as its corresponding Laplacian L € are computed. Then the
pseudo-inverse of the graph Laplacian Q = (I + L)*1 € RE*Y is obtained where I is the identity

matrix. The graph diffusion distance between two subjects is computed using the equation:

d(s1,52) = [|Q % (Ps, = Psy)ll2 = [[(L+ L) 7' (Ps, — Psy) |2 (5.19)

(I+ L)™' can be interpreted as the solution to a diffusion equation on the graph, formed by
the EEG sensors, starting with an initial condition of (ps, — ps,). While the norm operation

measures the magnitude or “spread” of this diffusion process. It provides a way to quantify how
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much the initial difference between p,, and ps, has diffused across the graph after applying the
pseudo-inverse of the graph Laplacian. The rationale behind this computation is to counteract
the spatial jitter in these profiles that reflect possible inter-subject anatomical variabilities. For a

dataset with K unique subjects, applying our method yields a symmetric matrix D € RE*¥,

To represent the (dis)similarities conveyed in the symmetric matrix D € R¥*¥ in an intelligible
way, a classical multidimensional scaling (MDS) is performed. This results in a semantic map
[187], in which each subject is mapped on a two-dimensional space in which the distances between
points (subjects) approximate the (dis)similarities in matrix D. For the subject selection step, the
Euclidean distance is calculated between the subjects in this two-dimensional space and choose
the N (where N acts as a hyper-parameter) neighbours to include in the training phase of the

personalised deep learning-based MI-BCI decoder.
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Figure 5.12: Our subject selection framework using wavelet transform and graph diffusion. For
each subject, the discriminability scores S are calculated. Integration over the frequency-time
dimensions yields discriminability profile p for each subject. From the sensor topology, the pseudo-
inverse of the graph Laplacian Q is calculated. Using the p profiles and Q, the symmetric matrix
D is computed that contains the graph diffusion distances. Finally, the D is mapped onto a
two-dimensional space and neighbouring subjects are selected.
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5.5.2 Results

The subject selection framework was tested using BrainWave-Scattering Net, a state-of-the-art
architecture for both personalised and generalized MI-BCI decoders, in a binary classification task
(MI Left vs Right Hand), formed based on the publicly available MI dataset PhysioNet ([66])
as described in Chapter 2. Using our selection framework, the symmetric matrix D € R103x103
(excluding the 6 bad subjects) was computed and the two-dimensional discriminability map was
generated, displayed in Figure 5.13. The personalised performance of the subjects on leave-one-
trial-out cross-validation scheme was evaluated. We noticed that the subjects on the right-hand

side of the discriminability map demonstrated higher personalised performance compared to the

ones on the left-hand side.
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Figure 5.13: Two-dimensional semantic map for the 103 PhysioNet subject based on graph diffusion
distances of our subject selection framework. subjects have personalised performance > 70%
while red subjects have personalised performance < 70%.

The main objective with this subject selection framework is to investigate whether the per-
sonalised performance of bad performing subjects can be improved. To assess this hypothesis, 6
subjects exhibiting performance close to random levels during leave-one-trial-out cross-validation
were identified (we refer the reader to the Appendix). For each of these subjects, we opted to
incorporate 5 neighboring subjects (N = 5) in the training phase of their respective personalised
models. To mitigate concerns regarding any potential performance enhancement being solely at-
tributed to the increase in training data samples, the same personalised training was conducted
using five randomly-selected non-neighboring subjects. Subsequently, the performance of these

personalised models was compared with that of generic models trained on the remaining 102
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subjects. As it is shown in Table 5.14, the models trained with our subject selection framework
demonstrate increased personalised performance while in most cases outperforming their respective

generic models.

Subject | Only Subject’s Samples ‘ With Neighbours ‘ With Random ‘ Generic ‘

17 64.4% 91.1% 68.8% 86.6%
22 57.7% 84.4% 66.6% 73.3%
58 66.6% 75.5% 68.8% 64.4%
5 60.0% 75.5% 60.0% 75.5%
59 60.0% 80.0% 62.2% 73.3%
50 53.3% 80.0% 66.6% 80.0%

Table 5.14: Performance of personalised (trained and evaluated in a leave-one trial-out fashion)
models of MI-classification (Left / Right hand) tasks in PhysioNet for BrainWave-Scattering Net
using i) only subject’s samples, ii) extra neighbours selected using our subject selection framework,
iii) extra randomly selected subjects and iv) comparing with a generic model.

5.6 Conclusions

In this chapter, we introduce BrainWave-Scattering Net, a lightweight, fully-learnable architecture
for EEG signal classification. Our network achieves state-of-the-art performance compared to
other networks in the field while having only a fraction of their total trainable parameters and
their training time. Since it is lightweight, it allows coherent training of personalised models.
Moreover, it can demonstrate better interpretability properties. To the best of our knowledge, this
is the first network that implements a trainable joint time-frequency scattering transform and the

first of its kind to be used in the field of BClIs.

In addition, in this chapter, we also introduced a subject selection framework, harnessing
wavelet transform and graph diffusion distances. Through experimentation, we showcased that
this selection framework achieves increased personalised performances of subjects who initially ex-
hibited poor performance. This advancement holds particular significance in medical applications,
where personalised models play a pivotal role in achieving tailored and effective interventions. Po-
tential next experiments will include evaluation on more MI datasets and MI tasks, training with
other deep learning-based MI decoders (that allow training of personalised models with limited
training data) as well as an ablation study of the influence of neighboring-selected subjects (N) in

the results.



Improving (Generalization of

CNN-Based MI Decoders

Contents
6.1 Introduction . . . . . . . . . . i i i i i e e 84
6.2 Dynamic BCI Framework . . . . . . . . . it vttt vt 86
6.2.1 Attention Network . . . . . . .. . ... 87
6.2.2 Subject-Attended Dynamic Convolutions . . . . . . . ... ... .. ... 88
6.3 Experiments . . . . . . . . . . i e e e e e e e e e e e e e e 89
6.3.1 Subject Verification . . . . . . . .. .. L L 90
6.3.2 Comparison Between Standard and Dynamic Models . . . . . . ... .. 90
6.3.3 Comparison With State-of-the-Art Approaches . . . . ... ... .. .. 91
6.3.4 Calibration Methods . . . . . . .. . ... ... Lo 92
6.3.5 Investigation of Negative Transfer Learning . . . . . . .. ... .. ... 93
6.3.6 Limitations . . . . . .. .. L L 93
6.3.7 Ablation Study - Attention Comparison . . . . . ... ... ... .... 95
6.4 Conclusions . . . . . . . . o i i e e e e e e e e e e e e e e e e e e e e e 96

In this chapter, we introduce a framework that tackles the issue of inter-subject variability

in CNN-based BCI models. Initial results of this framework were published in K. Barmpas,

Y. Panagakis, D. Adamos, N. Laskaris, and S. Zafeiriou, “A causal viewpoint on motor-imagery

brainwave decoding”, in ICLR2022 Workshop on the Elements of Reasoning: Objects, Structure

and Causality (2022) while an extended analysis of the framework’s abilities was published in

K. Barmpas, Y. Panagakis, S. Bakas, D. Adamos, N. Laskaris, and S. Zafeiriou, “Improving

generalization of CNN-based motor-imagery FEG decoders via dynamic convolutions”, in IEEE

Transactions on Neural Systems and Rehabilitation Engineering (2023).



84 CHAPTER 6. IMPROVING GENERALIZATION OF CNN-BASED MI DECODERS

6.1 Introduction

Guided by the causal framework of Chapter 4 and using the causal factorization for the MI classi-
fication problem (Figure 4.4), in this chapter we will focus mainly on the problems related to the

anatomical differences of subjects P(Z]Y).

Z
Py (X) Pgp(X)
"""" ~ - Decision Boundary
Subject Distribution Shift

Figure 6.1: Key challenges in Machine Learning for a MI EEG classification task regarding the
anatomical differences of subjects P(Z|Y). X represents input EEG signals and Z the true unob-
served brain activity. e and x represent EEG signals of different labels. - Part of Figure 4.4.

Challenge: Each subject has a unique brain anatomy and functionality that results in poly-
morphous neural activity patterns when appeared in the surface observed EEG signal (e.g. [161],

162)).

Although many state-of-the-art deep learning architectures achieve impressive performance in
MI classification tasks (e.g. [62], [63], [64]), they usually fail to tackle the problem of inter-subject
variability [160], preventing the successful deployment of a previously trained MI classifier to new
unseen subjects. Inter-subject variability is defined as the change in data distributions across
different subjects: each individual has a unique brain anatomy and functionality that makes the
discovery and exploitation of shared invariant features extremely difficult. In fact, these differences
are so distinct that previous works have shown that the identification of a specific subject out-of-
many is actually feasible (e.g. [188], [189], [190]). Therefore, modern DL-based BClIs tend to fail
to generalize well in unseen subjects due to this type of data distribution shift. For many years,
normalization techniques (e.g. [191], [192]) - data scaling using a mean and standard deviation -
in conjunction with classical machine learning techniques have been considered the gold standard

to solve the problem of inter-subject variability. With the advent of Deep Learning, methods like
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transfer learning have emerged in an effort to provide a solution (e.g. [193], [194], [195], [196]).
In most of these methods, a small calibration set from the unseen subject is utilized to fine-tune
parts of the pre-trained deep network architecture. In [196] only the last fully-connected layers
are fine-tuned while the previous layers are frozen. In [193] some identified layers are fine-tuned to
maximize knowledge transfer for MI classification. Although transfer learning has been proven to
perform well, it still requires a calibration session in order to generalize well to unseen subjects. In
the direction of zero-calibration networks, [142] proposes an adversarial inference framework that
learns subject invariant features. In this chapter, we aspire to provide an alternative solution to
the problem of inter-subject variability and enhance the above mentioned BCI deep architectures

dynamically without the need of a calibration session.

In summary, this chapter’s contributions are as follows:

1. A subject attention network based on learnable Gabor wavelets is introduced, which can

accurately identify the different available subjects.

2. A framework based on dynamic convolutions is introduced, inspired by [197], which uti-
lizes our subject attention network and with zero calibration is provably utilized to tackle
the issue of inter-subject variability in the task of MI brainwave decoding according to our
causal breakdown. More specifically, our causal analysis, described in Chapter 4, allows an
evaluation setup to be designed which keeps all the identified distribution shifts intact but
the inter-subject variability. Therefore, unlike other works in the area which claim improved
cross-subject performance and often utilize a mixture of techniques like data augmentation
(which can affect also other causal variables of interest), our framework is theoretically proven
to target the problem of inter-subject variability through this specifically crafted evaluation

setup.

The remainder of the chapter is organized as follows: Section 6.2 outlines our dynamic frame-
work based on dynamic convolutions that improves the generalization of MI-BCI systems. Section
6.3 consists of the experimental part, where performance results and comparisons are detailedly
presented. It also contains a discussion part which demonstrates the advantages and disadvantages
of the dynamic framework. The last section 6.4 summarizes and concludes the work presented in

this chapter.

The main objective in this chapter is to:

[ present a framework that improves the generalization of CNN-based MI decoders ]
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6.2 Dynamic BCI Framework
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Figure 6.2: Dynamic convolution framework for BCI architectures. X represents input EEG signal
trial. The K different subjects in the training set are represented by different colors in the convo-
lutional blocks. Colored rectangles and arrows (namely green, red and dark blue) demonstrate the
different blocks that are taken into account when computing the final convolutional blocks for the
MI classification task.

In this chapter, we mainly focus on the challenge of subject distribution shift (or inter-subject
variability). Using the causal breakdown described in Chapter 4, two publicly available MI datasets
are used - which contain a large number of different subjects, are class balanced, have relatively
enough trials per subject and all trials come from a single EEG recorder (within each dataset) -
essentially solving all the identified challenges of Figure 4.4 but the subject distribution shift. In
terms of the causal factorization (Eq. 4.7), the problem of inter-subject variability can be seen as

a distribution shift S where:

P(X,Y,2) = P(X|Z)Pg(Z|Y)P(Y) (6.1)

The dynamic framework can be applied to any established CNN-based MI-BCI architecture,
resulting in performance increase. Inspired by [197], dynamic convolutions are utilized in the
domain of MI brainwave decoding. Instead of having a BCI architecture that tries to discover
a common latent space for all K subjects in the training set, K parallel trainable convolutional
layers (corresponding to the K available training subjects) are used for each convolutional block of

a CNN-based BCI network. Using a subject attention network that learns to distinguish between
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the available individuals, the subjects are separated from one another and essentially K parallel
personalised models of the same BCI architecture are trained simultaneously, as illustrated in

Figure 6.2.

The dynamic framework is inspired by the work of [197] in the field of Computer Vision, but it
includes various modifications to address challenges apparent in the EEG domain. Although the
complete framework will be detailedly described in the following subsections 6.2.1 and 6.2.2, these

differences can be summarized as follows:

o Instead of fully trainable attention mechanisms, it utilizes our novel subject attention network
(described in 6.2.1) which is inspired by Block 1 of BrainWave-Scattering Net (Chapter
5). It uses only trainable Gabor filters making it more lightweight and explainable than a
shallow fully trainable neural network and it achieves very high performance in the subject

identification task.

o Unlike [197] where there is an attention mechanism for each convolutional layer and these
mechanisms are trained in an unsupervised manner, this framework uses only one attention
mechanism for all convolutional layers, and with supervised training, it learns to distinguish

between the available different subjects.

e The K number of parallel layers in the dynamic framework is not a tunable hyperparameter

(like in [197]) but coincides with the number of available subjects in the training set.

« Instead of using the output vector of the attention mechanism as [197], this framework utilizes
the “uniformly attended” vector A* (described in 6.2.2) in order to be more robust to the

low Signal-to-Noise Ratio (SNR) of the EEG signal.

6.2.1 Attention Network

The first layer of our subject attention network is the first order wavelet scalogram of the input
EEG signal. Mathematically, let x(t) € RT denote a one-dimensional input EEG signal, where T
is the number of EEG time points, and 1, (¢) be a wavelet. The 1st order scalogram is defined as
X (A t) = |x(t) * 1y (t)], where x stands for the convolution operator. To perform this operation,
the raw input signal from each EEG channel is convolved with a wavelet kernel with size (1, W) =
(1, %) where F is the sampling frequency. This wavelet kernel follows the real Gabor wavelet

format:
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Py (t) = e_$ cos(2mAt) (6.2)

2mo
with t € [f%, %] and % denotes the bandwidth and A the normalized frequency of the Gabor
wavelet and these two properties are the only trainable parameters of this layer. During training,
A is restricted (A € [0,3]) to satisfy the Nyquist theorem. The three-dimensional (3D) tensor
X(c,\t) € RO*FXT (where F is the number of Gabor filters and C the number of EEG channels)
containing the first order wavelet scalograms X(\, ¢) for each EEG channel is followed by a global
average pooling across time and frequency. Finally, the resulted vector is passed through a fully-

connected layer to compute the subject id vector 7.

6.2.2 Subject-Attended Dynamic Convolutions

The dynamic framework takes the EEG signal X as input and tries to learn both the correct MI task
Y (estimate the conditional probability P(Y|X)) as well as the correct subject id 7 (estimate the
conditional probability P(mw|X)). The subject attention network and the K parallel convolutional

layers are trained simultaneously using the following loss function:

Loss = (1 — ace) X Lagtention + ace X g (6.3)

where acc is the training accuracy of the subject attention network and ¢ denotes the cross-
entropy function (£aitention for the subject attention network and ¢ps; for the MI classification
task). This loss function effectively enforces first the training of the subject attention network and,
as the attention’s accuracy increases, it switches its focus to train the parallel convolutional layers
for the different MI tasks. As also suggested in [197], since softmax does not work well due to its
near one-hot output, a large temperature in the softmax of the attention network is used during
training in order to flatten the framework’s attention, allow a broader gradient backpropagation

and effectively assist in the subject attention network’s training in the early epochs.

During inference, when an input EEG signal from a new unseen subject S, is processed, it
passes firstly through the attention network and the subject attention vector 7r is computed where
> ;T = 1. We empirically observed that this vector is quite sparse, and if it was used during
inference, only a handful of parallel convolutional layers would be utilized during the mixing.

Instead, we would ideally like to use knowledge from all K individuals and “shift” the attention
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more to the most relevant subjects. To accomplish that, what we call the “uniformly attended
vector” A* is computed. If there was no attention network, the K parallel convolutional layers
would be mixed with a uniform factor A4; = % To compute the “uniformly attended vector”, the
uniform attention vector A is combined with the subject attention vector 7 and the result is passed
through a softmax activation to flatten the attention across all subjects - while maintaining the
focus on the most relevant ones (we refer the reader to section 6.3.7 for a performance comparison

between using 7w and A* as attention). Mathematically, this operation can be described as:

Ay m A
- T R 4 (6.4)
Ay,
A w A*
where o denotes the softmax operation, A the uniform attention vector with A; = % and

A* the “uniformly attended” vector where ) . Af = 1. Let us denote with W/ the learned
convolutional kernel of the network’s i* convolutional layer from the j** parallel network and with
W the dynamic convolutional kernel of the network’s i*" layer, as illustrated in Figure 6.2. In

our dynamic framework, we compute the dynamic convolutional as follows:

Wi(z) =Y Aj(x)WF (6.5)

K
k=1

In other words, using the causal factorization (6.1), our dynamic framework estimate the prob-

ability Pg_ (Z|Y) of a new unseen subject S, as the linear combination of K learned conditional

probabilities. More specifically:

Ps (Z|Y) = A} x Ps,(Z|Y) + A5 x Ps,(Z|Y) + ... + x Ps, (Z|Y) (6.6)

6.3 Experiments

To validate this dynamic framework based on our causal breakdown in Chapter 4, two publicly
available MI datasets are used, namely PhysioNet [66] and OpenBMI - MI [68], as they were

described in Chapter 2.
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6.3.1 Subject Verification

The subject attention mechanism is a vital part in the dynamic framework. Therefore, its per-
formance was evaluated separately first in order to ensure its ability to distinguish between the
various available subjects in the two datasets. 10-fold trial-wise cross-validation was performed
to measure its performance. Adam optimizer was used with learning rate of 0.01 for the first 30
epochs (to allow the Gabor filters to quickly adapt to the data) and 0.001 for the remainder 20
epochs. As shown in Table 6.1, the subject attention network performs sufficiently well in both

datasets which makes it an ideal candidate for the attention mechanism in the dynamic framework.

Dataset CV Average Accuracy!'”
PhysioNet (103 Subjects) 98.5% + 0.13%
OpenBMI - MI (54 Subjects) 90.3% + 0.07%

Table 6.1: Performance of Subject Attention Network (trained and evaluated using 10-fold cross-
validation) in predicting the subject id in PhysioNet and OpenBMI - MI datasets. CV stands for
Cross-Validation.

6.3.2 Comparison Between Standard and Dynamic Models

The dynamic framework was tested in four well-established BCI architectures, namely DeepCon-
vNet [62], ShallowConvNet [62], EEGNet [63] and EEG-Inception [64] in the following MI tasks:
for the publicly available MI dataset PhysioNet [66] one binary classification task (MI Left vs Right
Hand) and a 3-class classification problem (MI Left Hand / Right Hand / Feet)) and for OpenBMI
- MI [68] one MI binary classification task (MI Left vs Right Hand).

Model Setup Vanilla Dynamic

Optimizer Adam Adam

Training epochs 30 30

Learning Rate 0.001  0.01 (first 20 epochs) and 0.001 (last 10 epochs)
Number of Gabor Filter - 8

Initialized Center Frequencies (Hz) of Gabor Filters - {8,12, 16,20, 24, 28, 32, 36}
Temperature used in the softmax - 30

Table 6.2: Hyper-parameter choices for the experimental comparisons.

174% refers to the rounded standard deviation across 10 runs of 10-fold cross-validation experiments



6.3. EXPERIMENTS 91

As shown in Table 6.2, the standard networks were trained for 30 epochs with learning rate of
0.001 while their dynamic versions for 30 epochs - in the first 20 epochs with learning rate of 0.01,
to assist the attention’s Gabor filters to quickly adapt to the data, and 10 epochs with learning
rate of 0.001 and frozen attention, to fine-tune to the MI task. In all cases, an Adam optimizer
was used. Finally, a temperature of 30 was used during training in the attention mechanism as
described in the previous section. The performances of the standard networks and their equivalent
dynamic networks were evaluated in a leave-one-subject-out fashion (cross-subject performance)
Table 6.3. Additionally, the p-value of paired t-tests between performance of standard networks

and their equivalent dynamic networks was computed.

Dataset PhysioNet PhysioNet OpenBMI - MI
Task MI Left / Right MI Left / Right Hand / FeetHand MI Left / Right Hand
ShallowConvNet 80.6 + 11.4% 66.3 + 16.0% 66.3 = 11.1%
Dynamic ShallowConvNet 83.3 + 12.7% 69.0 + 16.3% 70.3 + 11.1%'®
(102 / ~0.0055 / 97.5) (102 / ~0.0043 / 95.4) (53 / 50.68)
DeepConvNet 82.5 + 11.5% 67.1 + 14.6% 71.7 £ 12.0%
Dynamic DeepConvNet 83.5 + 13.0% 71.3 + 16.1% 73.1 + 11.6%"'®
(102 / ~0.13 / 100.8) (102 / ~0.0000328 / 100.36) (53 / 52.47)
EEGNet 79.5 + 12.4% 66.5 + 13.2% 74.9 + 11.0%
Dynamic EEGNet 80.2 + 13.5% 67.5 + 15.4% 71.9 + 12.1%'8
(102 / ~0.26 / 79.8) (102 / ~0.15 / 72.2) (53 / 41.42)
EEG-Inception 81.6 + 11.8% 67.6 £ 15.1% 76.5 + 10.8%
Dynamic EEG-Inception 83.9 + 11.9% 71.4 + 15.0% 77.4 + 10.0%'®
(102 / ~0.0068 / 94.5) (102 / ~0.00025 / 92.84) (53 / 49.20)

Table 6.3: Performance of generic (trained and evaluated in a leave-one-subject-out fashion) mod-
els for DeepConvNet, ShallowConvNet, EEGNet, EEG-Inception and their Dynamic equivalent
networks (ours). The K parameter used in dynamic models is coloured with violet. The p-value
of paired t-tests between performance of standard and dynamic is coloured with gray. The ratio

of trainable parameters (%) is coloured with blue.

6.3.3 Comparison With State-of-the-Art Approaches

Here, we are not only interested in comparing the models trained with the dynamic framework
versus regularly trained CNN-based BCI architectures but also to compare the framework with
other transfer learning approaches in the EEG domain. Therefore, the performances of the standard
networks and their equivalent dynamic networks were evaluated in a leave-M-subjects-out fashion
Table 6.4. Furthermore, the framework was compared with two other commonly used transfer
learning EEG techniques: 1) an adversarial approach, namely [142], that (similarly to our approach)

does not use a calibration set and 2) Euclidean alignment [141] that projects data into a domain-

8early stopping has been applied to some folds during the fine-tuning phase.
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invariant space but it uses all the trials of a subject. The Euclidean alignment networks were trained
similarly to their vanilla equivalent after performing the data projection for each subject. And the
equivalent adversarial networks were trained with early stopping and adversarial regularization
weight A = 0.005 (hyperparameters taken from the original paper [142]). As it can be seen from
Table 6.4, our method outperforms adversarial networks (a similar zero-calibration method) while
it achieves the same or higher performance when compared with Euclidean alignment. It is worth
mentioning though that Euclidean alignment uses all the trials of an unseen subject while the

dynamic framework is dynamically adapted for each trial during inference.

Model 5-Fold CV (K =~ 83) 10-Fold CV (K ~93) 20-Fold CV (K =~ 98) 5-Fold CV (K =~ 43) Trials of Unseen Subject
Dataset PhysioNet PhysioNet PhysioNet OpenBMI - MI Used for Adaptation
Vanilla DeepConvNet 81.4 + 1.3% 81.7 + 2.9% 82.4 + 5.5% 72.1 + 2.3% -
DeepConvNet with Euclidean Alignment 82.7 + 1.2% 83.03 + 3.2% 83.2 + 5.0% 70.6 + 2.0% All Trials
Adversarial DeepConvNet & 81.4 + 1.35% 81.8 + 3.7% 81.9 + 4.6% 66.6 £+ 2.0% -

Dynamic DeepConvNet (Ours) 82.8 + 2.03% 83.14 + 3.9% 83.2 + 5.3% 72.3 £ 2.3% 1

Vanilla ShallowConvNet 79.7 £ 1.75% 80.4 + 3.3% 80.95 + 4.6% 62.1+ 1.3% -
ShallowConvNet with Euclidean Alignment 79.8 £ 2.0% 80.3 £+ 3.5% 81.1 + 4.3% 63.8 + 3.8% All Trials
Adversarial ShallowConvNet ® 81.0 £+ 1.26% 81.3 £ 3.7% 82.35 + 4.65% 55.1% 0.9% -

Dynamic ShallowConvNet (Ours) 81.0 + 1.06% 82.32 + 2.86% 83.10 + 4.7% 68.4 + 2.9% 1

Table 6.4: Performance of generic (trained and evaluated in a leave-M-subjects-out fashion) models

of MI-classification (Left / Right hand) tasks in PhysioNet and OpenBMI-MI. CV stands for Cross-
Validation across subjects

6.3.4 Calibration Methods

The performance of the calibrated networks (using a small calibration set of the unseen subjects
to fine-tune the final classification layer) was evaluated as well. For a fair comparison, the last
layer of the equivalent dynamic networks using the same calibration sets was also fine-tuned. As
it is shown in Table 6.5, the calibrated dynamic models also outperform their equivalent vanilla

calibrated networks.

Model 5-Fold CV (K ~83) 10-Fold CV (K ~93) 20-Fold CV (K = 98)
Calibrated DeepConvNet 81.94 + 1.95% 82.3 + 3.0% 82.5 + 5.26%
Calibrated Dynamic DeepConvNet *° 83.2 + 1.5% 83.35 + 3.35% 83.43 + 4.8%
Calibrated ShallowConvNet!? 80.6 + 1.2% 81.5 + 3.5% 81.45+ 4.6%
Calibrated Dynamic ShallowConvNet !? 82.65 + 1.55% 83.9 + 3.85 % 84.00 + 5.2%

Table 6.5: Performance of generic (trained and evaluated in a leave-M-subjects-out fashion) models
of MI-classification (Left / Right hand) tasks in PhysioNet for Calibrated DeepConvNet and Shal-
lowConvNet and their Calibrated Dynamic equivalent networks. CV stands for Cross-Validation
across subjects.

19 Average result of 10 calibrated models. Each model uses 20% of each testing subject’s samples for calibration

(chosen randomly) and 80% for testing.
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6.3.5 Investigation of Negative Transfer Learning

Although the dynamic framework showed increased cross-subject performance as experimentally
shown above, we wanted to investigate if there are any signs of negative transfer learning during the
process. As it is shown in Figure 6.3, although there are limited cases of negative transfer learning,

the vast majority is either marginally or significantly better compared to the vanilla architectures.
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Figure 6.3: Per-fold comparison of the performance of vanilla architectures versus their equivalent
dynamic networks (ours).

6.3.6 Limitations

The dynamic framework can be used in various CNN-based MI-BCI architectures to increase
the cross-subject performance and can take the BCI community one step closer in tackling the
problem of inter-subject variability as the experimental evaluations in the previous subsections
illustrate. We expect this framework, with certain modifications, to be able to generalize well
and get adapted to various BCI paradigms, not only MI. Investigating different BCI paradigms is
beyond the scope of this Thesis where the causal analysis of the MI task is a core factor in ensuring
that the dynamic framework tackles the targeted problem and there are no misleading performance
increases. Extending the framework to different paradigms would require also a causal breakdown

for these tasks using the causal framework of Chapter 4.
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One limitation of this dynamic framework is the unavoidable increase in the number of trainable
parameters (about x K where K is the number of available subjects in the dataset). Although
the subject attention mechanism seems to identify well a large number of subject (e.g. 103 on
PhysioNet), this increase in the number of trainable parameters might be a limiting factor in some
cases especially if these models are deployed on real-life applications where devices have limited
amount of memory storage. Fortunately, this tremendous increase in number of parameters does
not translate to execution time. As it is shown in Table 6.6, there is a less than x K increase in

terms of inference time cost.

Subject | Standard (ms) ‘ Dynamic (ms) ‘

Subject 1 561.9779 1146.8094
Subject 2 543.0056 1099.2773
Subject 3 563.3565 1139.8957
Subject 4 545.2918 898.6636
Subject 5 545.9808 881.258

Subject 6 550.0676 1141.3383
Subject 7 542.7533 1135.5232
Subject 8 538.7697 1114.9791
Subject 9 541.0152 887.6454
Subject 10 534.8294 1111.1364

Table 6.6: Inference timings for 10 trained models of MI-classification (Left hand / Right hand /
Feet) from the leave-one-subject-out cross-validation for EEG-Inception in PhysioNet. Measured
with torch.autograd.profiler in 2.9 GHz 6-core Central Processing Unit (CPU) Intel Core i9.

In contrast to other techniques that promise to tackle the issue of inter-subject variability,
this framework is dynamically adapted to a new subject during inference without the need of
re-training or calibration trials, commonly used in transfer learning methods. Furthermore, an
inherent advantage of our framework is the training of K parallel personalised models of the same
BCI architecture. During training, these models are not trained using only the samples of one
specific subject but also samples from “similar” subjects since the attention mechanism is trained
simultaneously. An interesting experiment would be to evaluate the performance of these inherent
personalised models compared to standard personalised models - trained using strictly the samples
of one specific subject. Although the BCI deep architectures ([62], [63], [64]) used this experimental
section are considered state-of-the-art and achieve high performance across different MI-BCI tasks,
they are usually comprised of thousands of trainable parameters, making the training of standard

personalised models difficult with these publicly available datasets.
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6.3.7 Ablation Study - Attention Comparison

As described previously in this chapter, during inference when an input EEG signal from a new
unseen subject S, is processed, it passes firstly through the attention network and the subject
attention vector 7r is computed. Through investigation, we observed that this vector is quite
sparse. Although this is generally something desirable, the low SNR of the EEG signal makes the
dynamic framework unstable especially when used in the desired zero-calibration one-trial setup. In
order to have a robust network that dynamically adapts to the new trial from an unseen subject,
the “uniformly attended vector” A* is utilised that uses knowledge from all K individuals and
“shift” the attention more to the most relevant subjects. A comparison between using the vector
7 versus our uniformly attended vector A* as attention in our dynamic framework can be seen in

the following Figure 6.4.

W Using T as Attention s Using A* as Attention

Accuracy (%)
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Figure 6.4: Comparison between using the vector 7 versus our uniformly attended vector A* as
attention in our dynamic framework. The performances correspond to generic (trained and eval-
uated in a leave-one-subject-out fashion) Dynamic EEG-Inception models in the MI-classification
(Left / Right hand / Feet) task in PhysioNet.
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6.4 Conclusions

In this chapter, we use the analysis (Figure 4.4) of the task of MI EEG classification through the
lens of Causal Reasoning as described in Chapter 4. Through this analysis, we identify and analyze
some of the major challenges and we introduce a framework based on dynamic convolutions that
tackles the problem of subject distribution shift (inter-subject variability). Our subject attention
mechanism achieves great performance in identifying subjects and the overall dynamic framework
demonstrates increased performance when applied to different BCI architectures while at the same

time outperforming other similar methods.
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In this Thesis, we presented a comprehensive exploration of key challenges in BCI research and
proposed several solutions, both theoretical and practical, to advance the field, ultimately paving

the way for more effective and robust Brain-Computer Interfaces.

In Chapter 3, we introduced our EEG data collection experiment conducted at Imperial College
London, aimed at capturing and analyzing real and imagined movements of participants engaged
in diverse lab-structured and gaming scenarios. Through meticulous planning and execution,
we orchestrated a comprehensive data collection experiment (that lasted more than two years)
involving participants interacting with various gaming environments. By utilizing state-of-the-art
hardware and EEG headsets, we successfully collected data samples corresponding to both physical

actions and mental simulations from a significant number of participants.

In Chapter 4, we explored brainwave decoding using Causal Reasoning, noting the limitations
of machine learning models in real-world BCI applications. We introduced a causal framework
integrating Causal Reasoning into brainwave modeling to analyze challenges across the machine
learning pipeline. We discussed how general machine learning practices and brainwave-specific
techniques could address these challenges and proposed evaluation methods for measuring their

performance.

Chapter 5 introduced a novel neural network architecture, leveraging Gabor filters to distribute

EEG signal information across frequency and temporal modulations. The network showed high per-
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formance in both generic and personalized classification tasks, with fewer parameters and shorter
training times compared to existing BCI architectures. Additionally, interpretability was enhanced,
facilitating efficient personalized BCI models even with limited training data. Furthermore, a new
subject selection framework combining discriminative learning and graph-signal processing was in-
troduced, leading to improved personalized performance, especially for subjects with initially lower

performance.

In Chapter 6, we tackled the issue of inter-subject variability in MI decoding, which hinders
the generalization of deep models across subjects due to differing neurophysiological processes. To
overcome this challenge, we introduced a dynamic convolution framework to account for shifts
caused by inter-subject variability. Through experiments, we showed improved generalization

performance across subjects in various MI tasks across different deep BCI architectures.

7.1 Future Work

The improvements and frameworks introduced in this Thesis open up new research directions
that can be pursued to further build deep learning techniques for EEG-based Brain-Computer

Interfaces.

The MyBrainCommands dataset presented in Chapter 3 fulfills the requirement for the need
for EEG data that closely mirror real-world conditions beyond the confines of the laboratory.
Although only a subset of this dataset was utilized in this Thesis, the whole dataset (with all its
various settings) is currently being explored by the author as well as by his collaborators and deep

learning models are being developed for real-life BCI applications 2° 21,

The innovative causal framework introduced in Chapter 4 marks a significant advancement,
poised to serve as a cornerstone for the development of sophisticated BCI brainwave deep learning
decoders. Drawing parallels to the field of Medical Imaging [95], we anticipate that this framework
will establish itself as a guiding principle for future research in brainwave modeling. While initially
applied in this Thesis (in Chapters 5 and 6) within the domain of MI-BClIs, researchers within the
BCI community have already begun adopting it [198], and we are confident that its integration

will persist across all BCI paradigms (beyond MI-BCIs).

20https:/ /www.bbc.co.uk/news/technology-64720533
2lhttps:/ /news.sky.com /video/elon-musks-neuralink-company-implants-brain-chip-in-human-for-first-time-

13060639
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Our novel BrainWave-Scattering Net (presented Chapter 5) has proved itself, as demonstrated
in other works [199], as a lightweight benchmark deep network with competitive generalized and
personalised performances. Despite its performance as well as its advantages in transferability
and interpreability properties, it contains certain biases. More specifically, it heavily relies on
specific fixed kernel sizes of the underlying convolutional neural network architecture (e.g. the first

Fs

convolutional layer has size of (1, 5*)). Although these biases prohibit easier generalization across

BCI datasets, where the sampling frequencies vary, they are not met only in our architecture but
can also be found in all state-of-the-art deep learning BCI architectures (e.g. [62], [63], [64]) that
this network was compared to and has demonstrated the benefits described in Chapter 5. An
important factor specific to the network is the appropriate initialization values for the bandwidths
and frequencies of the Gabor filters. As demonstrated in Chapter 5, these task-related inductive
biases along with the trainable nature of the architecture can demonstrate a series of advantages and
enhanced properties. Learning though these crucial inductive biases (kernel sizes and initialization
values) directly from data would enable even greater generalization across BCI paradigms and tasks

with various sampling rates and frequency contents while inheriting all its advantageous properties.

Guided by our causal framework, the dynamic convolution framework detailed in Chapter 6
has exhibited enhanced generalization performance across subjects in diverse MI tasks across a
range of deep BCI architectures, establishing itself as a benchmark for comparison in the literature
[200]. However, one drawback of this dynamic framework is the inevitable escalation in the number
of trainable parameters (approximately x K, where K represents the number of subjects in the
training dataset). Inspired by analogous studies [201], future endeavors could explore strategies to

alleviate this issue.

Lastly, the next pivotal step in the author’s research will be in the area of Generative Al (gen-
erative brainwave models as described in Chapter 4), and more specifically the development of an
efficient Brainwave Foundation Model (FM). In the last decade, advances in Deep Learning have
enabled the development of powerful foundation model architectures that show remarkable success
in areas like Natural Language Processing (NLP) and Computer Vision (e.g. [202], [203], [204],
[205], [206]). Foundation Models, characterized by their pre-training on vast and varied data in
a task-agnostic manner, typically through self-supervision, possess the readiness and adaptability
for fine-tuning across a diverse array of downstream tasks. This obviates the necessity for large
annotated datasets typically associated with supervised learning. The groundbreaking impact of
these leading foundation model architectures spans across application domains, owing to their ver-

satility, scalability, and ability in knowledge transfer without extensive task-specific customization
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(task-specific re-training). Additionally, their capability to generate highly realistic data further

enhances their utility and applicability.

Within the BCI domain, foundation model architectures wield significant potential for EEG
decoding. Initial efforts have already emerged in the BCI research community (e.g. [207], [208],
[209], [210]). Their extensive self-supervised pre-training on diverse, unlabeled observations en-
ables the capture of intricate patterns and relationships within EEG data. This augmentation
notably enhances generalizability, allowing seamless adaptation to unseen tasks without necessi-
tating full re-training, achieved through simple adaptable layers learned from a small amount of
target data. Moreover, the transition of BCIs from laboratory settings to everyday user environ-
ments demands deep learning models adaptable to diverse consumer-grade devices, with resilience
to signal irregularities. Brainwave Foundation Models hold promise in forecasting brain activities,
reconstructing missing or damaged segments of brain signals, and refining artifact or noise removal
from raw EEG signals. Such advancements strengthen the robustness of brainwave decoding mod-
els while facilitating the development of fully device-agnostic models - models which are deployable

out-of-the-box across headsets featuring varied sensor configurations.
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APPENDIX A. DETAILED PERSONALISED PERFORMANCES OF

122 BRAINWAVE-SCATTERING NET
Subject Task ‘ Accuracy ‘ ’ Subject Task ‘ Accuracy ‘

- - Subject 52 | MI Left vs Right Hand | 66.6%
SUE*?GCE ; ﬁi ILJGE v ﬁ;gﬁ: gaﬂj 668(')5;% Subject 53 | MI Left vs Right Hand | 84.4%
S“bqect AR Left s R.ght Ha R 5(07 Subject 54 | MI Left vs Right Hand | 64.4%

1o)ee coYs e h An 07 Subject 55 | MI Left vs Right Hand | 64.4%
Subject 4 | MI Left vs Right Hand 55.5% Subject 56 | MI Left vs Right Hand 05507
2“?22 2 ﬁi Iﬂii f E;gﬁ giﬁj 5(;0;7; Subject 57 | MI Left vs Right Hand | 71.1%

R 5 8 70 Subject 58 | MI Left vs Right Hand | 66.6%
Subject 7_| MI Left vs Right Hand | 91.1% Subject 59 | MT Left vs Right Fand | 60%
gu?ecz g l\l\ﬁ Eeg vs g?gﬁ gani g;;? Subject 60 | MT Left vs Right Hand | 66.6%

Rk ERLE an =2 Subject 61 | MI Left vs Right Hand 64.4%
Subject 10 | MI Left vs Right Hand | 66.6% Subject 62 | MT Left vs Right Hand | 75.5%
Subject 11 | MI Left vs Right Hand 57.7% Subject 63 | MI Loft vs Right Hand 0%
Subject 12 | MI Left vs Right Hand 48.8% Subject 64 | MI Left vs Right Hand 18,89
Subject 13 | MI Left vs Right Hand | 48.8% . — .

. : Subject 65 | MI Left vs Right Hand 57.7%
Subject 14 | MI Left vs Right Hand 57.7% Subject 66 | MI Left vs Right Hand 18.8%
Subject 15 | MI Left vs Right Hand | 75.5% Subject 67 | MI Loft vs Right Fland | 53.3%
Subject 16 | MI Left vs Right Hand 57.7% Subject 68 | MT Left vs Right Hand 51:1%
Subject 17 | MT Left vs Right Hand | 64.4% Subject 69 | M Left vs Right Hand | 88.8%
Subject 18 | MI Left vs Right Hand | 53.3% Subject 70 | MI Left vs Right Hand | 64.4%
Subject 19 | MI Left vs Right Hand | 51.1% Subject 71 | MT Left vs Right Hand | 48.8%
Subject 20 | MI Left vs Right Hand | 5L.1% Subject 72 | MI Left vs Right Hand | 86.6%
Subject 21 | MI Left vs Right Hand | 53.3% Subject 73 | MT Left vs Right Hand | 48.8%
Subject 22 | MI Left vs Right Hand 57.7% Subject 74 | MI Loft vs Right Hand | 43.8%
Subject 23 | MI Left vs Right Hand 48.8% Subject 75 | MI Left vs Right Hand 5%
Subject 24 | MI Left vs Right Hand 53.3% Subject 76 | MI Loft vs Right Hand | 43.8%
Subject 25 | MI Left vs Right Hand 48.8% Subject 77 | MI Left vs Right Hand 555
Subject 26 | MI Left vs Right Hand TL1% Subject 78 | MI Left vs Right Hand 53.3%
Subject 27 | MI Left vs Right Hand | 51.1% Subject 70 | MT Left vs Right Hand | 48.8%
Subject 28 | MI Left vs Right Hand 48 8% Subject 80 | MI Left vs Right Hand 48.8%
Subject 29 | MI Left vs Right Hand 93.3% Subject 81 | MI Left vs Right Hand 1A%
gﬁ?gzz g? ﬁi Egg v Egﬁ EZES gg? Subject 82 | MT Loft vs Right Fland | 66.6%

L s 0 Subject 83 | MI Left vs Right Hand | 71.1%
Subject 32 | MI Left vs Right Hand | 73.3% Subject 84 | MI Left vs Right Hand | 57.7%
Subject 33 | MI Left vs Right Hand 57.7% Subject 85 | MI Left vs Right Hand 36.6%
Subject 34 | MI Left vs Right Hand 71.1% Subject 86 | MI Loft vs Right Hand SR
Subject 35 | MI Left vs Right Hand 75.5% Subject 87 | M Left vs Right Hand 48:8%
Subject 36 | MI Left vs Right Hand | 75.5% Subject 90 | M Left vs Right Hand | 48.8%
Subject 87 | MI Left vs Right Hand | 51.1% Subject 91 | MI Left vs Right Hand | 53.3%
Subject 38 | MI Left vs Right Hand | 48.8% Subject 93 | MT Left vs Right Hand | 48.8%
Subject 39 | MI Left vs Right Hand 48.8% Subject 94 | MI Left vs Right Hand 1A,
Subject 40 | MI Left vs Right Hand | 73.3% Subject 95 | MT Left vs Right Hand | 44.4%
Subject 41 | MI Left vs Right Hand 55.5% Subject 96 | MI Loft vs Right Hand 56.6%
Subject 42 | MI Left vs Right Hand 82.2% Subject 97 | MI Left vs Right Hand 2.2
Subqect 43 | MI Left vs R%ght Hand 60% Subject 98 | MI Left vs Right Hand 48.8%
Subject 44 | MI Left vs Right Hand 62.2% Subject 99 | MI Loft vs Right Hand 555
Subject 45 | MI Left vs Right Hand 64.4% - . .
Subioct 46 | MT Loft vs Rioht Tand 5550 Subject 101 | MI Left vs Right Hand 84.4%

) 8 it Subject 102 | MI Left vs Right Hand 62.2%
Subject 47 | MI Left vs Right Hand 48.8% - —

. - Subject 103 | MI Left vs Right Hand | 66.6%
Subject 48 | MI Left vs Right Hand | 64.4% - .

: : Subject 105 | MI Left vs Right Hand 62.2%
Subject 49 | MI Left vs Right Hand 62.2% . —

: : Subject 107 | MI Left vs Right Hand 57.7%
Subject 50 | MI Left vs Right Hand 53.3% Subioct 108 | MI Loft vs Rieht Hand 1887
Subject 51 | MI Left vs Right Hand | 48.8% J Vs e 0%

Subject 109 | MI Left vs Right Hand 48.8%

Table A.1: Leave-One-Out inter-subject (personalised) performance in the MI-classification (Right
/ Left Hand) task in PhysioNet dataset for BrainWave-Scattering Net (ours).
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Subject Task ‘ Accuracy ‘
Subject 1 | MI Left vs Rest 64.9%
Subject 2 | MI Left vs Rest 64.7%
Subject 3 | MI Left vs Rest 50.3%
Subject 4 | MI Left vs Rest 50.3%
Subject 5 | MI Left vs Rest 52.0%
Subject 6 | MI Left vs Rest 57.3%
Subject 7 | MI Left vs Rest 82.9%
Subject 8 | MI Left vs Rest 68.5%
Subject 9 | MI Left vs Rest 77.8%
Subject 10 | MI Left vs Rest 64.5%
Subject 11 | MI Left vs Rest 73.8%
Subject 12 | MI Left vs Rest 68.7%
Subject 13 | MI Left vs Rest 52.3%
Subject 14 | MI Left vs Rest 92.7%
Subject 15 | MI Left vs Rest 59.2%
Subject 16 | MI Left vs Rest 57.4%
Subject 17 | MI Left vs Rest 60.9%
Subject 18 | MI Left vs Rest 59.3%
Subject 19 | MI Left vs Rest 50.3%
Subject 20 | MI Left vs Rest 77.8%
Subject 21 | MI Left vs Rest 65.4%
Subject 22 | MI Left vs Rest 74.2%
Subject 23 | MI Left vs Rest 77.8
Subject 24 | MI Left vs Rest 81.4%
Subject 25 | MI Left vs Rest 62.7%
Subject 26 | MI Left vs Rest 76.2%
Subject 27 | MI Left vs Rest 75.8%
Subject 28 | MI Left vs Rest 64.7%
Subject 29 | MI Left vs Rest 50.3%
Subject 30 | MI Left vs Rest 68.2%
Subject 31 | MI Left vs Rest 55.3%
Subject 32 | MI Left vs Rest 71.8%
Subject 33 | MI Left vs Rest 59.3%
Subject 34 | MI Left vs Rest 81.8%
Subject 35 | MI Left vs Rest 63.1%
Subject 36 | MI Left vs Rest 65.1%
Subject 37 | MI Left vs Rest 64.7%
Subject 38 | MI Left vs Rest 90.7%
Subject 39 | MI Left vs Rest 81.4%
Subject 40 | MI Left vs Rest 68.2%
Subject 41 | MI Left vs Rest 59.1%
Subject 42 | MI Left vs Rest 55.3%
Subject 43 | MI Left vs Rest 70.3%
Subject 44 | MI Left vs Rest 50.3%
Subject 45 | MI Left vs Rest 50.3%
Subject 46 | MI Left vs Rest 50.3%
Subject 47 | MI Left vs Rest 81.4%
Subject 48 | MI Left vs Rest 52.2%
Subject 49 | MI Left vs Rest 60.7%
Subject 50 | MI Left vs Rest 90.7%
Subject 51 | MI Left vs Rest 83.6%
Subject 52 | MI Left vs Rest 70.3%

’ Subject Task ‘ Accuracy ‘
Subject 67 | MI Left vs Rest 88.7%
Subject 68 | MI Left vs Rest 90.3%
Subject 69 | MI Left vs Rest 50.3%
Subject 70 | MI Left vs Rest 62.9%
Subject 71 | MI Left vs Rest 70.3%
Subject 72 | MI Left vs Rest 87.3%
Subject 73 | MI Left vs Rest 64.7%
Subject 74 | MI Left vs Rest 55.6%
Subject 75 | MI Left vs Rest 51.8%
Subject 76 | MI Left vs Rest 64.9%
Subject 77 | MI Left vs Rest 53.8%
Subject 78 | MI Left vs Rest 59.6%
Subject 79 | MI Left vs Rest 64.7%
Subject 80 | MI Left vs Rest 68.5%
Subject 81 | MI Left vs Rest 72.0%
Subject 82 | MI Left vs Rest 55.2%
Subject 83 | MI Left vs Rest | 57.1%
Subject 84 | MI Left vs Rest 59.4%
Subject 85 | MI Left vs Rest 66.9%
Subject 86 | MI Left vs Rest 50.3%
Subject 87 | MI Left vs Rest 72.0%
Subject 88 | MI Left vs Rest 61.3%
Subject 89 | MI Left vs Rest 63.1%
Subject 90 | MI Left vs Rest 50.3%
Subject 91 | MI Left vs Rest 61.4%
Subject 92 | MI Left vs Rest 53.6%
Subject 93 | MI Left vs Rest | 57.3%
Subject 94 | MI Left vs Rest 68.2%
Subject 95 | MI Left vs Rest 57.4%
Subject 96 | MI Left vs Rest 63.1%
Subject 97 | MI Left vs Rest 50.3%
Subject 98 | MI Left vs Rest 92.7%
Subject 99 | MI Left vs Rest 74.3%
Subject 100 | MI Left vs Rest 79.3%
Subject 101 | MI Left vs Rest 63.1%
Subject 102 | MI Left vs Rest | 74.0%
Subject 103 | MI Left vs Rest 59.4%
Subject 104 | MI Left vs Rest 87.1%
Subject 105 | MI Left vs Rest 62.3%
Subject 106 | MI Left vs Rest 68.3%
Subject 107 | MI Left vs Rest 76.0%
Subject 108 | MI Left vs Rest 52.0%
Subject 109 | MI Left vs Rest 59.1%
Subject 110 | MI Left vs Rest 55.3%
Subject 111 | MI Left vs Rest 64.5%
Subject 112 | MI Left vs Rest 50.3%
Subject 113 | MI Left vs Rest 50.3%
Subject 114 | MI Left vs Rest 55.8%
Subject 115 | MI Left vs Rest 77.8%
Subject 116 | MI Left vs Rest 83.3%
Subject 117 | MI Left vs Rest 81.8%
Subject 118 | MI Left vs Rest 57.3%

Table A.2: 5-fold cross-validation inter-subject (personalised) performance in the MI-classification
(Left Hand / Rest) task in MyBrainCommands - Lab Setting dataset for BrainWave-Scattering
Net for 104 random subjects (ours).
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