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“All models are wrong, but some are useful.”

George E. P. Box
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Abstract

Modern engineered materials and technological systems exhibit strong couplings
across multiple spatial and temporal scales, from atomistic structure to device-
level behaviour and system-level functionality. Traditional multiscale modelling
approaches, while physically rigorous, increasingly struggle to address the combined
challenges of high dimensionality, computational cost, heterogeneous data represen-
tations and large design spaces. In this context, artificial intelligence offers powerful
tools for surrogate modelling, representation learning and generative exploration, but
its effective use requires principled integration with physical knowledge, structured
data infrastructures and reproducible workflows.

This doctoral thesis develops and validates an Al-driven, data-centred multiscale
modelling framework aimed at linking physical structure to functional prediction
across heterogeneous domains. Rather than enforcing direct hierarchical coupling
between physical models operating at different scales, the proposed approach treats
data as the primary coupling layer, enabling information transfer through shared
representations, automated workflows and machine learning models grounded in

physical constraints.

The methodological framework is articulated through two complementary case stud-
ies. At the atomistic scale, an automated and FAIR-compliant workflow is developed
for the generation of a large dataset of defective graphene nanostructures, including
electronic, energetic and transport properties as well as virtual scanning tunnelling
microscopy images. Gradient-boosted models and explainable Al techniques are
employed to quantify structure—property correlations, assess model interpretability
and identify the role of specific defect configurations. Generative models, including
variational autoencoders and conditional diffusion processes, are further introduced
to enable controlled exploration of the defect space aligned with target physical

properties.
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At the mesoscale, the thesis addresses device-level modelling of bulk heterojunc-
tion organic photovoltaic cells. Automated pipelines are constructed to generate
three-dimensional morphologies and high-fidelity drift—diffusion simulations. Neural
operator architectures are then employed as surrogate models to learn the underlying
physical operators governing charge transport and current—voltage characteristics,
significantly reducing computational cost while preserving predictive accuracy. Mor-
phology clustering and generative strategies are used to explore the relationship

between mesoscale structure and device performance.

Beyond the specific applications, the thesis proposes a unifying conceptual frame-
work in which artificial intelligence acts as an integrative layer across scales, sup-
ported by automation, structured data management and Key Enabling Technologies.
The results demonstrate that data-driven models can capture complex physical map-
pings, support interpretability and enable generative design when embedded within
disciplined computational workflows. The framework developed in this work is
designed to be transferable across domains characterised by multiscale physical
complexity, offering a methodological foundation for future Al-driven modelling in

materials science, energy devices and emerging technological infrastructures.
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Chapter 1

Introduction

1.1 Context and Motivation

Over the past two decades, the increasing complexity of engineered materials and
technological systems has exposed the structural limitations of traditional modelling
paradigms. Advances in nanomaterials, energy devices and digital infrastructures
have enabled unprecedented levels of functional performance, yet they have also in-
troduced strong coupling across spatial and temporal scales that cannot be addressed

through isolated or monolithic simulation approaches.

At the atomistic scale, quantum-mechanical descriptions are required to capture
electronic structure, defect formation and transport phenomena. At the device scale,
mesoscale models govern charge transport, morphology evolution and collective
effects emerging from heterogeneous material arrangements. At the system level,
these devices operate within broader technological ecosystems, where performance,
reliability and optimisation are influenced by data flows, automation pipelines and
infrastructure-level constraints. While each of these scales has traditionally been
studied in relative isolation, contemporary applications increasingly demand a unified

perspective.

Classical multiscale modelling strategies typically rely on hierarchical coupling
or parameter passing between models operating at different resolutions. Although
powerful, such approaches become increasingly fragile as system complexity grows,
particularly when large design spaces, stochastic variability and high-dimensional

outputs are involved. In this context, the bottleneck is no longer the formulation of
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physical models alone, but the ability to integrate, manage and exploit heterogeneous

data produced across scales.

Artificial intelligence, and in particular data-driven modelling, has emerged
as a viable response to these challenges. Machine learning methods enable the
construction of surrogate models that approximate expensive simulations, extract
latent structure from high-dimensional data and support inverse design and generative
exploration. However, the effective deployment of Al in scientific contexts requires
more than algorithmic performance: it demands structured data representations,

reproducible workflows and a principled integration with physical knowledge.

This thesis is motivated by the need to move beyond isolated applications of
Al toward a coherent, data-centred multiscale framework. Rather than treating
artificial intelligence as a replacement for physics-based modelling, the work ex-
plores how Al can act as an integrative layer, enabling information transfer across
atomistic, mesoscale and system-level domains through shared representations and
computational principles.

1.2 Main Objective and challenges

The primary objective of this doctoral research is to develop and validate an Al-driven
multiscale modelling framework capable of linking physical structure to functional
prediction across heterogeneous domains. The focus is not on a single material
system or modelling technique, but on the construction of a generalisable workflow

that integrates simulation, data management and learning.

To this end, the thesis pursues three tightly coupled goals. First, it aims to
design automated pipelines for the generation of high-quality, physics-consistent
datasets at different scales, ranging from atomistic simulations of defective graphene
to mesoscale device-level simulations of organic photovoltaic morphologies. Sec-
ond, it seeks to develop machine learning models, including neural operators and
gradient-boosted methods, that can learn complex physical mappings while pre-
serving interpretability and physical relevance. Third, it investigates how these
components can be integrated into a unified methodological framework that supports

scalability, reproducibility and cross-domain transfer.
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Several challenges arise in pursuing these objectives. From a modelling per-
spective, the systems under consideration exhibit high dimensionality, strong non-
linearities and sensitivity to structural variability. From a data perspective, the
resulting datasets are heterogeneous, combining scalar, vectorial and field-based
quantities with different resolutions and semantic meanings. From a methodological
standpoint, ensuring that Al models remain grounded in physical constraints while

retaining flexibility and generalisation capability is non-trivial.

Addressing these challenges requires a careful balance between physical mod-
elling, data engineering and machine learning design. The thesis therefore adopts a
data-centred view, in which the structure, provenance and interoperability of data are

treated as first-class elements of the modelling process.

1.3 Scope and evolution of the research project

The doctoral project was originally framed within the context of automation frame-
works for transportation systems and logistics. During the course of the research,
however, the focus progressively shifted from a domain-specific perspective to a
more fundamental methodological investigation. This evolution was driven by the
recognition that many of the critical challenges encountered in transportation and
logistics systems, including scale heterogeneity, computational intractability, data
fragmentation and model interoperability are not specific to a single application
domain. Rather, they are structural properties of complex technological systems. To
address these challenges in a controlled and scientifically rigorous manner, the re-
search adopted advanced materials and device-level systems as primary case studies.
These systems provide a tractable yet representative setting in which multi-scale
modelling, automation, and data-driven integration can be systematically developed
and validated. The resulting methodological framework is therefore not confined to
materials science, nor to transportation and logistics, but is designed to be transfer-
able across domains in which complex physical processes, data-driven abstraction
and system-level decision-making must be coherently integrated. Within this per-
spective, materials and devices act as enabling substrates through which broader
technological and infrastructural systems, including smart cities, can be analysed
and designed.
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1.3.1 Research questions

The work presented in this thesis is guided by a set of interconnected research

questions:

* How can heterogeneous physical simulations across atomistic, mesoscale and

system-level domains be represented within a unified, data-driven framework?

* To what extent can machine learning models, particularly neural operators
and surrogate models, capture the underlying physical operators governing

complex material and device behaviour?

* How can automated workflows and FAIR-compliant data infrastructures enable

reproducible and scalable multiscale modelling?

* What are the limits of data-driven approaches in preserving physical inter-

pretability, and how can explainability techniques mitigate these limitations?

* Can conditional generative modelling be employed to steer material and mor-
phological design towards desired target properties, particularly when such

targets are defined by higher-scale functional requirements?

These questions are addressed through a combination of methodological devel-
opment, case studies and critical evaluation, with the aim of extracting transferable

insights rather than system-specific solutions.

1.4 Thesis structure

The structure of this thesis has been designed to reflect a coherent progression across
the different scales at which modern materials and device science operate. Rather
than presenting the atomistic, mesoscale and system level components as isolated
case studies, the thesis develops a unified narrative in which physical modelling, au-
tomated data generation and artificial intelligence form an integrated methodological
framework. This perspective supports a multiscale interpretation of materials and
device behaviour, in which information flows not through direct numerical coupling

but through structured data representations and shared computational principles.
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Chapter 2 introduces the physical and technological foundations of the work. It
provides an overview of the relevant materials systems, including defective graphene
and bulk heterojunction organic photovoltaic devices, together with the modelling
principles that govern their behaviour at different scales. The chapter also presents
the methodological basis for data centred research, covering automated workflows,
structured data infrastructures and the broader context of Key Enabling Technologies.

Chapter 3 develops the conceptual and technical foundations of artificial intelli-
gence used throughout the thesis. It outlines the principles of representation learning,
neural operators and generative models, placing emphasis on their role in modelling
complex physical systems and in enabling the transition from physics based to data

driven methodologies.

Chapter 4 acts as a conceptual bridge between physical modelling and artificial
intelligence. It examines how data integration, workflow automation and Al based
surrogate modelling allow the passage from atomistic descriptions to mesoscale
device behaviour and system level considerations. This chapter provides the overar-
ching framework that connects the different scales explored in the thesis. Chapter 5
examines the mesoscale domain and develops neural operator models for device level
simulations of bulk heterojunction organic photovoltaics. The chapter discusses mor-
phology clustering, surrogate modelling of drift diffusion simulations and generative
approaches for exploring the space of device morphologies.

Chapter 6 focuses on the atomistic domain and presents the Al driven modelling
of defective graphene. It introduces the automated construction of the graphene
dataset, the associated FAIR aligned data infrastructure and the machine learning
models employed for predicting structural and electronic properties as well as for

generative exploration of defect configurations.

Chapter 7 concludes the thesis by synthesising the contributions across the differ-
ent scales and discussing the implications of data centred modelling for materials,
devices and emerging technological infrastructures. It also outlines possible direc-
tions for extending the multiscale and Al oriented framework introduced in this

work.



Chapter 2

Physical Foundations: From
Nanoscale Materials to Functional

Devices

2.1 Introduction

The purpose of this chapter is to establish the scientific and technological founda-
tions that underpin the remainder of this thesis. While the following chapters will
explore advanced machine-learning methodologies and their application to complex
physical systems, the present discussion focuses on the physical domains themselves:
advanced materials at the nanoscale, organic optoelectronic devices at the mesoscale,
and the technological landscape into which such innovations are increasingly de-
ployed. The intent is not to provide an exhaustive survey of each field, but rather to
outline the essential concepts, mechanisms and challenges that motivate the need for

data-driven modelling and automated computational frameworks.

Modern engineering systems, from energy-harvesting devices to large-scale digi-
tal infrastructures, rely heavily on materials whose behavior is governed by structural
features spanning several orders of magnitude. At the atomic level, the emergence of
two-dimensional materials has transformed our understanding of structure—property
relationships. Graphene, in particular, exemplifies how local atomic arrangements,
defect configurations, and nanoscale topology determine macroscopic electrical and

mechanical behavior. Capturing and predicting such effects requires a combination
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of accurate atomistic simulations and principled data structures capable of expressing

high-dimensional physical information.

At the device scale, the development of high-performance organic solar cells
illustrates a parallel challenge. Bulk-heterojunction (BHJ) morphologies exhibit com-
plex, interpenetrating donor—acceptor networks whose spatial organisation shapes
exciton dissociation, charge transport, and overall device efficiency. The inherently
multiscale nature of these phenomena, coupled with the high cost of physics-based
simulation workflows, makes BHJ systems a compelling domain for methodolog-
ical innovation in modelling, automation and surrogate learning. Understanding
the physical context of these devices is therefore essential before introducing the

computational strategies employed later in this thesis.

Beyond materials and devices, contemporary technological ecosystems increas-
ingly depend on digitally interconnected infrastructures, particularly in mobility,
energy distribution and smart cities. These large-scale systems place stringent de-
mands on efficiency, resilience and sustainability. Their evolution is driven in part
by advances in enabling technologies, including nanomaterials, high-performance
computing and artificial intelligence. While this thesis does not focus on smart-city
optimisation per se, the broader context is relevant: the same technological forces
that underpin modern urban infrastructures also shape the research agenda in materi-
als science and device engineering. This motivates a unified perspective grounded in
European Key Enabling Technologies (KETs), which offer a coherent conceptual
lens through which innovations in materials, devices and automated computational

frameworks can be understood.

In this chapter, we therefore examine three interconnected domains. We begin
with the fundamental principles and structural characteristics of nanomaterials, with
emphasis on two-dimensional systems such as graphene. We then discuss the physi-
cal mechanisms underlying organic photovoltaic devices, focusing on morphology
formation and charge-transport processes that are central to BHJ operation. Finally,
we situate these scientific developments within the wider technological landscape,
highlighting how advanced materials and automated computational approaches con-

tribute to the digital and energy infrastructures that define modern societies.
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2.2 Multiscale Modelling: From Classical to Modern

Data-Driven Paradigms

Physical, chemical and engineering systems rarely operate at a single characteris-
tic scale. Their behaviour emerges from interactions extending from the atomic
structure of matter to macroscopic device performance and system-level function-
ality. Classical multiscale modelling frameworks were developed to address this
complexity by coupling different physical descriptions in a hierarchical manner,
enabling information to flow from fine-grained levels such as quantum mechanics or

molecular dynamics to coarse-grained continuum representations [1].

Time
Bulk
Seconds
Bulk materials &

Microseconds continuum models
Nanoseconds Coarse-grained models

Picoseconds
Femtoseconds P Distance

1nm 10nm 100nm 1 micron

Fig. 2.1 The multiscale paradigm for nanomaterials, illustrated through representative exam-
ples across length and time scales. The horizontal axis denotes the physical scale, while the
vertical axis represents the characteristic time scale. Image is reproduced from the work of
Fitzgerald et al. [2]

Traditional multiscale strategies are typically categorised into three families.
Bottom-up approaches begin with atomistic descriptions and propagate their effects
upwards, using coarse-graining or homogenisation techniques to derive effective
models at larger scales. Top-down methods start from macroscopic governing laws
and introduce microscale corrections only where required. Bridging or concurrent
methods combine simulations at two or more scales, allowing localised fine-scale
computations to inform global behaviour. These methodologies have enabled sig-
nificant advances in materials science, structural engineering, soft matter physics
and fluid mechanics. Despite their success, classical multiscale workflows face well-
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known challenges. Coupling models across different scales requires strict assump-
tions about scale separation and transferability of physical quantities. High-fidelity
models at fine scales are computationally expensive, making iterative coupling pro-
hibitive for large design spaces. Moreover, deriving consistent interfaces between
scales is difficult when the underlying physics changes qualitatively from quantum

effects to statistical mechanics to continuum transport [3].

In recent years, the expansion of data driven scientific computing has reshaped
the way multiscale modelling is conceptualised. Classical multiscale frameworks
emphasised the direct transfer of physical information across distinct levels of de-
scription, often linking quantum mechanical calculations with atomistic simulations,
mesoscale formulations and continuum theories. While this hierarchical view re-
mains central in many areas of physics and engineering, its practical implementation
is frequently limited by the high computational cost of fine scale models, the diffi-
culty of defining interfaces between disparate physical regimes and the restrictive

assumptions required for rigorous scale separation.

Modern approaches have introduced a broader and more flexible interpretation
of the multiscale concept. Rather than relying on explicit coupling between mod-
els, contemporary scientific practice increasingly incorporates machine learning
as a common computational layer that supports the analysis of systems operating
at different resolutions. Data driven representations have proved effective in cap-
turing complex structure property relationships, encoding the essential geometric
and chemical information of atomistic configurations [4], and providing accurate
surrogate models for computationally intensive simulations across a wide range
of physical domains. Recent reviews have highlighted how machine learning can
facilitate multiscale reasoning by offering tools for efficient homogenisation, reduced
order modelling and exploration of high dimensional design spaces, even when no

deterministic exchange of information occurs between scales [5].

This broader understanding aligns closely with the methodological perspective
adopted in this thesis. The two systems studied here, defective graphene at the
atomistic level and bulk heterojunction organic photovoltaics at the mesoscale,
do not form a classical multiscale chain. They are governed by distinct physical
processes and simulated through independent numerical frameworks, and no direct
coupling is enforced between their respective models. Nevertheless, both domains

present challenges that are characteristic of multiscale scientific problems: structural
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complexity that spans many degrees of freedom, high fidelity simulation workflows
that are often too expensive for exhaustive exploration and parameter spaces that

require principled methods for representation, prediction and design.

What unifies these systems is therefore not a flow of physical information from
one scale to another, but a shared computational methodology. Automated data
generation, the use of FAIR principles to ensure transparency and reproducibility, the
development of machine learning surrogate models such as operator based approxi-
mators and the adoption of generative approaches for design space exploration all
provide a common framework for addressing scientific questions at different levels
of physical abstraction. Within this perspective, multiscale modelling becomes a
question of methodological coherence rather than hierarchical coupling, and machine
learning serves as the connecting logic that enables the treatment of heterogeneous

systems within a unified computational landscape.

2.3 Advances in Nanomaterials and Two-Dimensional

Materials

2.3.1 Introduction to 1D and 2D structures

By definition, a nanomaterial is a substance that possesses at least one dimen-
sion within the nanoscale range, as stated for instance in the definition adopted by
Rauscher et al. [6]. This fundamental property endows the material with unique
characteristics compared to its bulk counterpart, leading to significant applications
in various fields including medicine [7], electronic devices [8], and smart city tech-
nologies [9].

Beyond their diverse applications, the distinctive behaviour of nanomaterials
arises from the interplay between size effects, surface phenomena, and quantum
confinement. As the characteristic dimensions of matter approach the nanometre
scale, classical descriptions of physical and electronic behaviour lose validity, and
quantum effects begin to dominate. In this regime, properties such as conductivity,
optical absorption, or catalytic activity become size- and shape-dependent, enabling
a level of control unattainable in conventional materials. This shift represents

a fundamental transformation in materials science: nanomaterials are no longer
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defined solely by composition, but by architecture and dimensionality, allowing the
intentional tuning of their functionalities across scales. Such tunability bridges the
quantum and macroscopic worlds, establishing nanomaterials as a cornerstone of

modern technological innovation [10].

When a nanomaterial exhibits size-dependent behaviour in zero, one or two
dimensions, it is classified as a zero-dimensional (0D), one-dimensional (1D) or two-
dimensional (2D) system. Such materials occupy an intermediate regime between
conventional bulk matter and fully confined nanoscale structures, where quantum
effects, surface dominance and dimensional constraints collectively determine their

physical properties.

In this thesis, the focus is primarily on 2D materials, with particular atten-
tion to graphene and to how its properties are influenced by atomic vacancies and
structural defects. Graphene, a one-atom-thick allotrope of carbon arranged in a
honeycomb lattice, is universally regarded as a strictly two-dimensional crystal. It
represents the fundamental building block for all other carbon allotropes, including
zero-dimensional fullerenes, one-dimensional carbon nanotubes obtained by rolling a
graphene sheet and three-dimensional graphite formed by stacking multiple graphene

layers, as illustrated in Figure 2.3.

The existence of graphene challenged earlier theoretical predictions that strictly
2D crystals would be thermodynamically unstable. Its stability is now understood
to derive from strong covalent bonding together with intrinsic out-of-plane corruga-
tions, such as gentle ripples or slight crumpling, which stabilise the lattice without

undermining its two-dimensional nature.

2.3.2 Fabrication method of nanomaterials

Nanomaterials can be produced through top—down or bottom—up strategies, each
introducing different degrees of control over size, defect concentration, crystallinity
and surface chemistry. Top—down approaches, such as mechanical exfoliation, lithog-
raphy or milling, derive nanoscale structures by removing material from a bulk
phase. These methods offer reproducibility and integration with existing manufactur-
ing lines, but tend to introduce structural disorder and have limited scalability for

complex architectures.
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Fig. 2.2 STM images of chemically reduced graphene oxide nanosheets. (a) Nanometre-scale
STM image showing a smooth and straight nanosheet edge. (b) Atomic-resolution image
of an individual nanosheet edge. (c) Atomic-resolution STM current image of a nanosheet
corner, with panel (d) reporting the line profile extracted along the white trace shown in (c).
Image and caption reprinted from [11].

Bottom—up methodologies assemble nanomaterials from atoms or molecular
precursors. Chemical vapour deposition, sol—gel chemistry, colloidal synthesis and
atomic layer deposition are common routes for producing uniform, compositionally
controlled nanostructures. These techniques enable precise tuning of grain size,
doping profiles, surface functionalisation and hybrid interfaces, which makes them
preferable when the target application requires engineered optoelectronic, catalytic
or transport properties [12, 13]. The design of a nanomaterial typically follows a
property-driven workflow. Functional requirements such as bandgap, carrier mobility,
mechanical stiffness, catalytic activity, hydrophilicity are translated into structural
descriptors such as morphology, aspect ratio, defect density, crystal orientation,
or surface terminations. Synthesis parameters (temperature, precursor chemistry,
pressure, plasma power, solvent environment) are then selected to drive the system
toward the desired structure—property regime. Iterative characterisation, using tech-
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niques like TEM, AFM, Raman or XPS or STM closes the loop between design,
fabrication and validation. An example of graphene oxide visualisation is provided
in Fig. 2.2

2.3.3 Engineering the graphene structure

Defect engineering in graphene refers to the deliberate introduction, control and
repair of structural imperfections within its honeycomb lattice in order to tailor
its electronic, chemical, magnetic and mechanical properties. Although pristine
graphene exhibits outstanding intrinsic properties, structural defects are often in-
troduced inadvertently during synthesis or processing. Rather than being purely
detrimental, these defects can be exploited to achieve new functionalities that are

otherwise unattainable in perfect graphene [14].

Fig. 2.3 Graphene is a two-dimensional material and forms the fundamental building block
for carbon structures of all dimensionalities. Starting from the bottom left, the figure shows
the zero-dimensional fullerene, the one-dimensional carbon nanotube and three-dimensional
graphite. Image reprinted from the work of Geim et al. [15]

Defects in graphene are generally classified according to their dimensionality.
Point defects (0D), such as single and double vacancies or Stone—Wales defects,
locally distort the lattice and can induce magnetism, modify the local density of
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states and open a tunable electronic band gap. Line defects (1D), including grain
boundaries or tilt boundaries, act as extended structural disruptions that influence
electronic transport and mechanical integrity. Edge defects, present at the termination
of graphene sheets, also play a crucial role in defining local electronic states, chemical

reactivity and overall stability.

The generation of defects is achieved through various non-equilibrium meth-
ods. These include controlled particle irradiation, which can selectively remove
carbon atoms to create vacancies or adatoms, chemical treatments, such as oxidation
or plasma exposure that introduce functional groups, and growth-induced defects
arising during large-scale synthesis techniques like chemical vapour deposition.
Conversely, defect healing can be accomplished through thermal annealing, which
allows reconstruction of the lattice; metal-assisted repair, where interactions with
a catalytic substrate facilitate defect closure; and chemical absorption, in which

molecules selectively fill vacancies and can simultaneously introduce dopants.

The careful balance between defect introduction and repair enables precise tuning
of graphene properties [14]. Electronically, defects can open a band gap and generate
resonant scattering states, which are essential for semiconductor-like behaviour
and device applications. Chemically, defects increase local reactivity, allowing
selective functionalization. Magnetically, vacancies and certain reconstructed defects
induce localized magnetic moments. Mechanically, while defects generally reduce
tensile strength and stiffness, efficient healing can restore mechanical integrity. By
controlling both the creation and repair of defects, graphene can be transformed
from a nearly perfect two-dimensional conductor into a highly versatile material
with tailored multifunctional properties.

Fundamental studies, and in particular the work of Nakaharai et al. [16] and
Lherbier et al. [17], have shown that the electronic transport of graphene can be
modulated not only through chemical functionalisation but also by introducing a
controlled density of structural defects directly into the lattice. Low-dose irradiation
techniques, such as accelerated helium ion beams, generate vacancies, divacancies
and Stone-Wales defects (see Fig. 2.4) at concentrations of approximately 0.2 to
1.3% while preserving the overall crystallinity of the sheet. These imperfections act
as local perturbations of the potential landscape and give rise to distinct resonance
energies that appear as peaks in the density of states. At these energies, scattering

becomes particularly intense: the mean free path is reduced to a few nanometres, the
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semiclassical conductivity approaches its universal minimum, and the conductance
decays exponentially with the length of the defective region. Both experimental
observations and large-scale simulations indicate that this pronounced suppression of
transport originates from strong Anderson localisation rather than from the opening
of a conventional bandgap. The localisation is selective, emerging only at the defect-
induced resonance energies, with each defect type producing its own characteristic
signature, while other regions of the spectrum remain less affected. Defect engineer-
ing therefore reshapes the informational landscape through which carriers propagate,
guiding transport via disorder-induced localisation rather than through chemical
alteration of the intrinsic electronic structure, and enabling controlled modulation of

conductivity even at room temperature.

Fig. 2.4 Schematic representation of structural defects commonly found in graphene, includ-
ing (a) a Stone—Wales defect, (b) a 585 divacancy, and (c) a 555777 divacancy. Symmetry
axes are indicated by red dashed lines. The figure is adapted from Lherbier et al. [17].

2.4 Organic Photovoltaics and Bulk Heterojunction

Devices

2.4.1 Fundamentals of organic photovoltaics

Organic photovoltaics have emerged as a distinct class of solar energy conversion
devices with properties that set them apart from traditional inorganic technologies.
Their development has been driven not only by scientific interest in the photophysics
of molecular semiconductors, but also by the potential for entirely new production
paradigms and application domains. As highlighted in the foundation work of Brabec
[18], organic photovoltaic devices can be processed from solution, deposited on
flexible substrates and fabricated using continuous printing and coating techniques.
These characteristics make them promising candidates for low cost, lightweight and
mechanically compliant solar technologies.
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In contrast to crystalline and thin film inorganic photovoltaics, where device fabri-
cation relies on high cost vacuum processes and rigid substrates, organic photovoltaic
devices can be manufactured through reel to reel deposition using well established
printing methods such as screen, inkjet or flexographic printing. This change in
processing strategy has profound implications for scalability and production cost. It
opens the possibility of large area modules, integration into curved or lightweight sur-
faces and incorporation into products where conventional photovoltaic technologies
are impractical. The technological attractiveness of organic photovoltaics therefore
rests on three main factors: low temperature solution processing, compatibility with
flexible substrates and the potential for significant cost reduction in watts per peak
power [18].

However, these advantages do not eliminate the fundamental performance con-
straints that any photovoltaic technology must meet. Efficiency, stability and cost
together determine the commercial viability of solar energy conversion systems, and
the same holds for organic devices. Early studies demonstrated that competitive
performance cannot be achieved by improving only one or two of these factors inde-
pendently [18]. The efficiency of organic devices must be balanced with operational
lifetime and with the economic benefits of low cost processing. This interplay defines
the technological space in which organic photovoltaics can compete, and it continues

to guide current research directions.

From a scientific perspective, the operation of organic photovoltaic devices differs
significantly from that of inorganic semiconductors. Photoexcitation in molecular
materials typically produces strongly bound excitons rather than free carriers, owing
to low dielectric screening and localised electronic states. Efficient device operation
therefore requires the controlled management of exciton diffusion, dissociation
at donor acceptor interfaces and the subsequent transport of separated charges.
These processes depend sensitively on molecular energetics, electronic couplings
and mesoscale morphology, which makes organic photovoltaics a rich platform for

studying the relationship between structure and function in soft electronic materials.

Taken together, these characteristics define the foundations of organic photo-
voltaics as both a scientific and technological domain. They also motivate the bulk
heterojunction architecture, discussed in the following section, which was developed
to overcome the limitations of exciton diffusion and to maximise interfacial area in

solution processed organic solar cells.
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2.4.2 Bulk heterojunction architecture

The bulk heterojunction (BHJ) architecture was introduced as a solution to the fun-
damental limitations imposed by the short exciton diffusion lengths that characterise
organic semiconductors. In contrast to inorganic materials, where photogenerated
carriers are created as free charges, photoexcitation in molecular semiconductors
produces tightly bound excitons with diffusion lengths typically on the order of ten
nanometres. Early bilayer organic photovoltaic devices suffered from limited inter-
facial area and therefore low charge generation efficiency, since only excitons that
reached the donor acceptor interface within their lifetime contributed to photocurrent.
The BHJ concept, originally proposed in the mid 1990s and established through later
developments in polymer and fullerene based systems, addresses this limitation by
creating a finely intermixed donor acceptor network with a vast internal interface
[18, 19].

In a BHJ device, the active layer consists of a bicontinuous interpenetrating
morphology in which donor rich and acceptor rich domains form a nanoscale network.
The characteristic domain sizes are comparable to the exciton diffusion length, which
ensures that most excitons can reach a heterojunction interface before recombining.
This increase in interfacial area dramatically enhances the probability of exciton
dissociation into free charges. The efficiency of this process depends not only on
the morphological structure but also on the energetic alignment between donor and
acceptor materials. The offsets between the highest occupied and lowest unoccupied
molecular orbitals must be sufficient to drive charge separation, while the interfacial
microstructure influences the pathways for charge transfer and the formation of

charge transfer states [20].

The three dimensional morphology plays a decisive role in device operation. The
connectivity and purity of donor and acceptor domains determine the pathways for
electron and hole transport, while the local composition influences recombination
and charge trapping. Numerous studies have shown that optimal device performance
arises from a delicate balance between domain size, percolation, tortuosity and
interfacial sharpness [21, 22]. Excessive mixing can hinder charge transport by
disrupting continuous pathways, whereas overly large domains reduce exciton har-
vesting. The processing conditions used to fabricate the BHJ layer, including solvent
selection, drying kinetics and thermal or solvent annealing, strongly influence the

final morphology and therefore the resulting device characteristics.
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From a modelling perspective, the BHJ architecture introduces significant chal-
lenges. The active layer cannot be treated as a uniform effective medium; instead,
its nanoscale structure leads to spatially varying generation rates, electric fields and
transport pathways. The mesoscale morphology is therefore intimately linked to the
device level behaviour described by the drift diffusion formalism. Predicting device
performance requires models capable of capturing the heterogeneous and complex
structure of the active layer, as well as its impact on exciton dissociation, carrier
motion and recombination.

Taken together, the bulk heterojunction architecture represents a paradigmatic
example of how nanoscale morphology governs macroscopic device response [23].
Its scientific and technological importance extends beyond organic photovoltaics, as
it exemplifies the broader principle that functional device behaviour emerges from
the interplay between molecular energetics, interfacial structure and mesoscale mor-
phology. These concepts motivate the modelling strategy adopted in the following
section, where the drift diffusion equations are introduced as the framework for

describing charge transport in complex heterogeneous media.

2.4.3 Device scale modelling: the drift diffusion formalism

The operation of bulk heterojunction organic solar cells at the device scale is com-
monly described by the drift diffusion formalism, which provides a continuum model
for charge transport, generation and recombination in semiconductor devices [24—
26]. In this framework, the active layer is treated as a medium in which the local
carrier densities and electrostatic potential evolve according to coupled partial differ-
ential equations. Although organic semiconductors differ from crystalline inorganic
materials in terms of energetic disorder, hopping transport and excitonic genera-
tion, the drift diffusion approach has proven to be a versatile tool for interpreting
current—voltage characteristics, loss mechanisms and internal field distributions in

organic photovoltaic devices [27, 28].

At the core of the model are the continuity equations for electrons and holes,

on 1
5_5V'Jn+G—R, (2.1)
ap 1

E:—5V~JP+G—R, (2.2)
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where n(r,) and p(r,t) are the electron and hole densities, g is the elementary charge,
J, and J, are the corresponding current densities, G(r,#) denotes the generation
rate of free charges and R(r,¢) represents the recombination rate. In steady state
simulations, which are typically used to compute current—voltage characteristics,
the time derivatives vanish and the continuity equations reduce to balance relations

between current divergence, generation and recombination.

The current densities are written as the sum of drift and diffusion contributions,

Jn = qu,nE+ gD, Vn, 2.3)
Jp = quppE —qD,Vp, (2.4)

where p, and u, are the electron and hole mobilities, D, and D), are the corre-
sponding diffusion coefficients, and E = —V¢ is the electric field derived from
the electrostatic potential ¢ (r). The diffusion coefficients are often related to the
mobilities through the Einstein relation,

kgT kgT
D, = BTun, Dp = ——p,, (2.5)

where kg is the Boltzmann constant and 7" the temperature. In organic semiconduc-
tors this relation is an approximation, as transport proceeds via thermally activated
hopping in a disordered energy landscape, but it remains a widely used assumption
in device scale modelling [25].

The electrostatic potential is obtained from the Poisson equation,

—V-(e(r)V9) = q[p(r) —n(r) + Prixea(r)], (2.6)

where £(r) is the local permittivity and pgxeq accounts for any fixed charge, such as
dopants or interfacial charges. In many bulk heterojunction devices the active layer
is nominally intrinsic, and the term pgyeq can often be neglected, although interfacial

dipoles and contact induced band bending may still play a role.

The quantities G and R encode the photophysical processes specific to organic
solar cells. In most drift diffusion models, the generation term is taken to represent
the rate of free carrier formation following exciton dissociation, which may depend

on position, field and morphology. Recombination is frequently described by a
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bimolecular Langevin type expression,

R=y(np—ni),  v==(tn+Mp), 2.7)

LN

where 7 is the Langevin recombination coefficient and #; is the intrinsic carrier
density. Deviations from the Langevin limit, which are often observed in high
performance polymer—fullerene and non fullerene systems, can be captured by
introducing a reduction factor or by employing more refined recombination models
[25, 26].

Boundary conditions complete the device model. At the contacts, selective or
non selective injection is represented through appropriate relations between carrier
densities, quasi Fermi levels and the local potential. Contact properties, such as
injection barriers and surface recombination velocities, strongly influence the open
circuit voltage, fill factor and overall device performance [27]. Within the bulk,
spatial variations in mobility, permittivity and generation rate can be introduced to
reflect the underlying bulk heterojunction morphology, making the drift diffusion
approach sensitive to the three dimensional structure described in the previous

section.

In summary, the drift diffusion formalism provides a continuum level description
that links the nanoscale morphology and material parameters of bulk heterojunction
devices to their macroscopic current—voltage response. In this thesis, it serves
both as a reference model for simulating device behaviour and as a source of high
fidelity data for training surrogate models based on machine learning, which will be
discussed in the following chapters and in particular in the case study in the chapter
5

2.5 Data and automation foundation for computa-

tional material science

Modern materials research increasingly depends on the ability to manage, transform
and analyse large and heterogeneous datasets. In practical scientific workflows, data
originate from diverse sources, include multiple physical observables and often span

a wide range of numerical formats and levels of complexity. This heterogeneity
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makes structured organisation essential. Standardisation of formats, metadata and
conventions enables coherent analysis and prevents the loss of critical scientific
information that may arise when data are produced or interpreted in inconsistent

ways.

Within computational materials science, several challenges are well recognised.
Issues of veracity and completeness often arise when datasets combine high fidelity
simulations with sparse or inconsistent experimental measurements. Many existing
data infrastructures place strong emphasis on computational outputs, while com-
prehensive and standardised experimental datasets remain comparatively scarce.
Assessing the reliability of data is further complicated by methodological differences
across studies, numerical biases and the absence of uniform community standards,
all of which hinder large scale integration [29]. These challenges underscore the
need for disciplined data management practices that support reproducibility and

effective reuse.

Despite the specificity of materials science, the problem of integrating hetero-
geneous data is not unique to this field. In any scientific domain where data are
generated through multiple processes and represented across incompatible formats,
meaningful analysis requires the harmonisation of metadata, units and structural
conventions. Automated workflows play a central role in this process, providing
systematic procedures for validation, preprocessing and format alignment at scale.
They ensure that large datasets can be transformed into coherent analytical structures

suitable for downstream modelling and quantitative interpretation.

Adopting FAIR principles further strengthens this process by enforcing transpar-
ent provenance, standardised metadata and clearly defined conditions for findability,
accessibility, interoperability and reusability [30]. When applied to computational
materials science, FAIR compliant practices make it possible to integrate simulation
results, derived descriptors and experimental data into unified and machine read-
able representations. This, in turn, enables the construction of predictive and data
driven models capable of capturing structure property relationships across diverse
materials systems. As highlighted in recent studies on scientific data infrastructures
[31], standardisation and automation together provide the conceptual foundation that
bridges heterogeneous sources and supports the development of reliable insights

from complex, multi source datasets.
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2.5.1 Automated simulation workflows

The increasing scale and complexity of computational studies in materials science
have made automation a fundamental requirement for modern scientific practice. At
the atomistic level, systems such as defective graphene span extremely large config-
urational spaces. Variations in defect geometry, local bonding, strain distributions
or chemical termination can produce significant changes in electronic and transport
behaviour. Exploring these degrees of freedom demands the ability to generate,
simulate and analyse thousands of structures in a systematic and reproducible man-
ner. Manual pipelines are not adequate for this purpose. Automated workflows are
required to manage each step of the process, from structure generation to simulation

execution, post processing and data archiving.

A comprehensive perspective on this transformation was formalised by Pizzi and
collaborators through the ADES framework [32]. The ADES model identifies four
interdependent pillars that underpin modern computational research: Automation,
which abstracts away low level execution details and enables high throughput studies;
Data, which ensures structured storage, provenance and queryability; Environment,
which provides a controlled workspace for composing and running complex scientific
workflows; and Sharing, which promotes reproducibility, dissemination of workflows
and the adoption of standard formats within the scientific community. Figure 2.5
summarises these principles and illustrates how automation must be understood not
as an isolated technical tool, but as part of an integrated methodological ecosystem

that supports scalable and reproducible scientific inquiry.

ADES
[ 1
Automation | Envionment | Sharing
I
Remote management | Storage High-level workspace | Social ecosystam
Coupling to data Provenanca Scientific workflows | Standardization
High-throughput Database Data anahytics Repasitory pipelines
Abstract away the Management and Natural, high-lewval Social acosystem to
lerw-beval tasks fo persisience of enwironment to encode  foster interactions, share
prepare, submit, retrieve BOLS complex sequences of  codes, data and sclentific
and store automatically  simulation data; lowi-level codes into workdlows in open

database search and
query; reproduciility

sciantific: warldiows and
turmkay solutions

repasitories, and promate
standardized formats

large numibers of

calculations
Fig. 2.5 Schematic representation of the ADES model. The four pillars of Automation,
Data, Environment and Sharing together define the conceptual and technological foundations
required for high throughput, reproducible and community oriented computational materials
science. Image reprinted from [32]
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Automation frameworks developed within the computational materials commu-
nity give concrete form to these ideas. AiiDA provides a formalised environment for
workflow management, provenance tracking and the execution of large simulation
campaigns [32], ensuring that each computational step is recorded and reproducible.
The NOMAD infrastructure establishes standards for storing and disseminating elec-
tronic structure data, emphasising transparency, traceability, and machine readability
[33]. Tools such as ASE complement these platforms by enabling high throughput
generation and manipulation of atomic configurations. Together, these systems
demonstrate how automated workflow design can transform atomistic modelling

from a collection of isolated simulations into a coherent, data centred methodology.

Comparable requirements arise at the mesoscale, particularly in the modelling
of bulk heterojunction organic photovoltaic devices. Drift diffusion simulations
require repeated numerical solutions across multiple time resolved snapshots and
morphological realisations. Each simulation produces detailed spatial fields, includ-
ing electrostatic potentials, carrier densities and current distributions. As in atomistic
studies, automation ensures that these simulations are executed consistently, that
numerical parameters remain controlled and that the resulting data are stored in
a structured form suitable for large scale analysis. Recent work in the computa-
tional study of surfaces and interfaces has shown that automated pipelines allow
machine learning models to capture subtle physicochemical trends that would remain

inaccessible through manual approaches [34].

The scientific role of automation therefore extends well beyond computational
efficiency. Automated workflows enforce methodological consistency, reduce human
driven variability and create the foundations for reproducible scientific research [35].
They also enable the construction of large, homogeneous datasets that support the
development of predictive and generative models, which are central to the data driven

methodologies introduced in the following chapters.

2.5.2 Methods for integrating heterogeneous data

As previously introduced, working with unstructured or highly heterogeneous data
poses distinct challenges compared to data that can be efficiently managed through
relational databases or tabular formats. In real-world applications, datasets often

coexist in multiple formats, including XML or JSON files, images, audio recordings,
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and historical time series. Processing these diverse data types requires approaches
that are fundamentally different from one another, and in many cases, bespoke
workflows are necessary to achieve what can be described as complete integration
[36, 37].

A further critical challenge arises from semantic inconsistencies. It is common
to encounter two datasets describing the same phenomena but employing different
units of measurement or terminologies, complicating the construction of a unified
workflow. Maintaining data quality is also a substantial concern: crowdsourced
or externally sourced data often demand extensive preprocessing, which can be
time-consuming and may not align with the intended use of the data [37].

Finally, legal, ethical, and regulatory considerations add another layer of complex-
ity. Compliance with frameworks such as GDPR, as well as with specific licensing
agreements, requires robust metadata management and access controls. Balancing
the necessity of data sharing with privacy and intellectual property protections re-
mains a critical challenge in contemporary data integration efforts [30]. Having
outlined the challenges associated with data integration, it is essential to examine
the methodologies developed to address them. In particular, tackling the challenges
discussed above requires robust data integration frameworks. Current state-of-the-art
studies increasingly emphasize the synergy between artificial intelligence (Al) tech-
niques and data integration frameworks. As highlighted in review works [36, 37],
data-driven approaches are employed to correlate entries that may represent the same
entity and to add a semantic layer to the data. These methods have been shown to
outperform rule-based applications both in terms of scalability and classification

accuracy.

Other notable approaches focus on the organisational aspects of datasets. For ex-
ample, Google Dataset Search enables the cataloguing of publicly available datasets,
making them easily discoverable, while platforms such as DataHub combine ver-
sioning capabilities with enriched metadata, facilitating a clearer understanding of
the dataset. While these solutions improve dataset organisation and reduce some of
the existing barriers, they primarily address structural challenges. When it comes
to data reuse and accessibility, the FAIR framework [30] provides a comprehen-
sive approach. Originally proposed as guidelines for publishing datasets alongside
scholarly articles, FAIR has evolved into the de facto standard for data management,
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particularly when datasets are intended to be accessible and reusable across diverse
scientific communities.

In essence, the FAIR principles, Findability, Accessibility, Interoperability, and
Reusability, aim to make data available and usable for both humans and machines
in a wide variety of contexts. The individual principles, as discussed in [30], are
summarised as follows:

* Findability: Findability ensures that datasets can be easily located through
the use of persistent identifiers like DOIs and rich metadata. This metadata,
which includes descriptive tags, source information, and keywords, enhances
searchability and retrieval in repositories such as Zenodo and Dryad. Further-
more, FAIR principles encourage the inclusion of machine-readable metadata

to support automated data discovery.

* Accessibility Accessibility ensures that datasets can be retrieved through open
and standardized protocols, such as APIs or FTP. Clear documentation of
licensing and usage rights helps users understand the conditions for accessing
and reusing data. Moreover, accessibility extends to long-term data stew-
ardship, ensuring datasets remain available and usable even as technologies
evolve.

* Interoperability:Interoperability is achieved by using common data formats,
ontologies, and standardized vocabularies. For example, frameworks like RDF
facilitate flawless dataset linking, while formats such as JSON-LD ensure com-
patibility across platforms. Interoperability also involves providing detailed
metadata that describes the dataset’s structure and semantics, allowing it to be
integrated into analytical pipelines without extensive preprocessing.

* Reusability: Reusability focuses on the clarity and richness of dataset docu-
mentation. Provenance metadata, which details the origins and transformations
of the data, is crucial for ensuring reproducibility. Platforms like FigShare pro-
mote reusability by requiring datasets to include citations, licensing terms, and

contextual metadata that describe their relevance to specific research questions.
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2.6 Key Enabling Technologies

The methodological principles introduced in this chapter, ranging from multiscale
physical modelling to workflow automation, structured data management and FAIR
aligned practices, align with a broader technological framework recognised within
European research policy. The European Commission identifies a set of Key Enabling
Technologies (KETs) as foundational drivers of scientific progress and industrial
innovation across multiple sectors [38]. These technologies include advanced materi-
als, nanotechnology, micro and nano electronics, photonics, advanced manufacturing
systems and information and communication technologies. Their strategic relevance
has been reaffirmed in subsequent European research programmes, where KETs are
positioned as essential components for addressing societal challenges and enabling
next generation technological development [38, 39].

Computational materials science lies at the intersection of several of these en-
abling technologies. Atomistic and mesoscale modelling depend directly on advances
in electronic structure theory, numerical solvers and high performance computing
infrastructure. Device scale simulations draw on progress in organic electronics, thin
film science and photonic energy conversion. At the same time, the transition toward
data centred methodologies requires robust digital infrastructures, interoperable
standards and artificial intelligence techniques capable of extracting structure and
predictive insight from high dimensional scientific datasets. These dependencies
illustrate that modern materials research is intrinsically embedded within a broader
technological ecosystem rather than isolated from it.

The interplay between these enabling technologies becomes particularly visible
in applications that involve both materials and devices. Advanced materials provide
the physical basis for functionality; automated workflows and HPC environments
ensure that these materials can be explored in a systematic and reproducible manner;
FAIR oriented data practices support interoperability and long term reuse; and
artificial intelligence contributes predictive and generative capabilities that accelerate
design and optimisation. These elements do not operate independently but form an
interconnected set of technologies that collectively define the contemporary scientific
landscape.

Within this perspective, the methodological framework adopted in this thesis can

be seen as an example of the KETs paradigm in practice. The integration of physics
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based modelling, workflow automation, structured data infrastructures and machine
learning exemplifies the type of technological convergence emphasised by European
research initiatives. This conceptual view also sets the stage for later chapters, where
these enabling technologies connect to broader technological infrastructures and

higher level system considerations.

2.7 Conclusions

The aim of this chapter has been to establish the physical and methodological foun-
dations that underpin the work presented in this thesis. The discussion introduced
the scientific domains in which the subsequent chapters are situated and provided the
conceptual tools required to interpret the material and device level studies developed
in recent years. In the first part of the chapter, attention was devoted to the state of
the art in nanoscale and mesoscale materials, with a particular focus on defective
graphene and on the organic semiconductor systems that give rise to bulk heterojunc-
tion photovoltaic devices. These examples illustrate the structural complexity and

physical richness that characterise modern materials research.

The second part of the chapter shifted the emphasis toward the methodological
transition from a purely physics driven perspective to a data centred one. This
transition involves automated simulation workflows, structured data management,
FAIR aligned practices and the integration of heterogeneous scientific datasets.
Together, these elements define the framework through which physical problems are
reformulated in a manner suitable for data driven analysis. They also provide the
theoretical basis for understanding the machine learning methodologies that appear
in the following chapter.

Taken as a whole, the chapter positions computational materials and device
modelling within a broader context that combines physical theory, automated data

generation and structured information management.



Chapter 3

Machine Learning Foundations for
Scientific Modelling

3.1 Introduction

Artificial intelligence (Al) has become a central component of contemporary scien-
tific modelling, particularly in domains where physical systems exhibit complexity
across multiple spatial or temporal scales. Traditional physics based approaches
provide principled descriptions of materials and devices, yet they often struggle
when confronted with high dimensional configuration spaces, heterogeneous data
sources or simulation pipelines whose computational cost prohibits systematic ex-
ploration. In these settings, Al offers a complementary computational layer that can
extract structure from data, approximate complex mappings and support the efficient

analysis and design of physical systems.

The aim of this chapter is to introduce the methodological foundations that enable
such data driven analysis within the multiscale context of this thesis. Although the
atomistic and mesoscale systems studied in later chapters do not form a classical
hierarchy of tightly coupled models, they share common challenges: both give
rise to large and heterogeneous datasets, both require the extraction of meaningful
representations and both benefit from surrogate models capable of learning physical
relationships that are expensive to compute directly. Artificial intelligence provides

a set of tools that address these challenges through three core components.
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The first component is representation learning, which concerns the construction
of compact and informative descriptions of scientific data. Atomistic configurations,
three dimensional morphologies and device level outputs often inhabit high dimen-
sional or non Euclidean spaces, and effective modelling requires representations that
capture their intrinsic structure while respecting physical constraints. The second
component is operator learning, which extends classical function approximation to
mappings between functions, enabling the efficient emulation of computationally
intensive physical models. Neural operator architectures [40] provide a principled
means of learning the solution operators associated with partial differential equa-
tions and therefore act as data driven surrogates for device scale simulations. The
third component is generative modelling, which allows the sampling and explo-
ration of complex configuration spaces. Generative models support the synthesis
of new atomic arrangements, the creation of artificial morphologies and the guided
exploration of design spaces with specific physical objectives.

Together, these elements form the computational language used throughout this
thesis. Representation learning provides the geometric and statistical structure on
which the models operate, operator learning provides the predictive core required
for efficient device modelling and generative modelling enables the exploration
of material and morphology spaces beyond the limits of direct simulation. The
remainder of this chapter develops these components in detail and establishes the
methodological framework that underpins the atomistic and mesoscale analyses

presented in Chapters 5 and 6.

3.1.1 Data-driven Modelling and Machine Learning Background

Machine learning (ML) has become a central component in modern computational
science, providing a set of flexible tools for analysing data, modelling complex
systems and accelerating large scale simulations. In materials science and device en-
gineering, data driven methods increasingly complement conventional physics based
approaches by offering efficient approximations of non linear relationships, enabling
high throughput screening and supporting inverse design tasks. The techniques em-
ployed throughout this thesis range from classical supervised learning to advanced
operator learning and generative modelling, forming a coherent methodological

foundation for the multi scale problems addressed in the subsequent chapters.



30 Machine Learning Foundations for Scientific Modelling

A key motivation for introducing these methods is the growing availability of
structured scientific datasets and the computational cost of solving detailed physical
models such as drift—diffusion equations or atomistic electronic structure calcula-
tions. ML enables the construction of surrogate models capable of reproducing the
behaviour of these solvers at a fraction of the cost, thereby opening the possibility
of extensive parameter exploration and rapid what if analysis. At the same time,
generative models provide a powerful framework for synthesising new candidate
structures or morphologies while preserving physical plausibility, supporting a data

driven approach to materials and morphology design.

Scientific machine learning further extends this perspective by integrating phys-
ical constraints with data driven representations, allowing the approximation of
differential operators and the inference of high dimensional fields. Neural opera-
tor architectures, in particular, offer a principled way to learn mappings between
function spaces and have emerged as an effective alternative to traditional partial
differential equation (PDE) solvers in multi physics settings. Finally, explainable Al
methods contribute to the interpretability of these models by identifying the most in-
fluential features, clarifying structure—property relationships and guiding generative
exploration. Together, these techniques provide the conceptual and computational
foundation on which the methodological framework of this thesis is built.

3.1.2 Supervised vs Unsupervised Learning

The modern field of ML emerged from a long intellectual lineage that spans statistics,
cybernetics and early theories of artificial intelligence. Its foundations can be traced
to work on pattern recognition and statistical inference in the mid twentieth century,
most notably through the contributions of Fisher, Rosenblatt and Vapnik. Fisher
introduced discriminant analysis in the 1930s, establishing the statistical principles
of classification [41]. Rosenblatt’s perceptron in 1958 [42] provided the first oper-
ational model of a learning machine capable of adjusting its parameters from data.
Vapnik and Chervonenkis later formalised the statistical theory of learning, giving
rise to the concept of generalisation and to the framework that underpins much
of contemporary supervised learning [43]. During the same period, unsupervised
approaches developed from ideas in information theory and statistical physics. Mac-
Queen introduced k means clustering in 1967, while Kohonen later developed self
organising maps to model the emergence of structure from unlabelled observations.
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These ideas set the stage for the probabilistic models that followed, such as mixture
models and principal component analysis, which provided formal mechanisms for
uncovering latent structure in high dimensional data [44]. ML today is shaped by
deep neural networks, which revive and extend these earlier ideas through large scale
optimisation and differentiable programming. The distinction between supervised
and unsupervised learning remains central because it reflects two fundamentally
different sources of information: externally provided labels and intrinsic statistical
structure. In supervised learning, models are trained using pairs of inputs and targets,
enabling the network to approximate a function that maps data to a known outcome.
This paradigm is essential when high fidelity ground truth is available. Unsupervised
learning, by contrast, seeks patterns that arise solely from the organisation of the data.
Together, supervised and unsupervised learning form the methodological backbone
of the data driven framework developed in this work. Their combined use allows one
to construct predictive surrogates, extract intrinsic material descriptors and generate
novel morphologies with controlled characteristics, thereby linking computational

materials science with advanced simulation and design strategies.

3.1.3 Bias—variance tradeoff

A central concept in statistical learning theory is the bias—variance tradeoff, which
describes how the generalisation error of a model evolves as a function of its com-
plexity. Let f(x) denote the true, unknown data-generating function and f(x) a
model trained on a finite dataset. The expected prediction error can be decomposed
as

E [(y— f(x))?] = bias® + variance + noise. (3.1)

Each term reflects a distinct source of error. The bias measures the systematic dis-
crepancy introduced by an overly simple model, which fails to capture the underlying
structure of the data. The variance quantifies the sensitivity of the model to fluctua-
tions in the training set, and increases when the model is excessively flexible and
adapts to noise rather than to the true signal. The noise term represents the irreducible
component of the error, stemming from intrinsic variability in the data, measurement
uncertainty, or unobserved factors; it is independent of model complexity. All these
components can be seen in Fig. 3.1.
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Fig. 3.1 Decomposition of the generalisation error into squared bias, variance and irreducible
noise as a function of model complexity. The total error exhibits a characteristic U-shape,
with an optimal region between underfitting and overfitting.

These three components exhibit characteristic behaviour as model complexity
increases. In the underfitting regime, the model has high bias and low variance,
leading to poor predictive performance. As complexity grows, the bias decreases
and the variance increases, resulting in a characteristic U-shaped curve for the total
error. The optimal complexity corresponds to the minimum of this curve, where
the reduction in bias is balanced by the increase in variance. Beyond this point,
the model enters the overfitting regime, in which the variance dominates and the

generalisation error rises again.

This decomposition is particularly relevant in scientific machine learning, where
both under-parameterised and over-parameterised models can lead to misleading
physical interpretations. An insufficiently expressive model fails to capture fun-
damental physical relationships, while an overly complex model risks encoding
numerical artefacts, discretisation noise, or experimental fluctuations. In the context

of operator learning, surrogate modelling, and morphology-based predictions, the
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bias—variance tradeoff provides a conceptual framework for selecting an appropriate
model architecture and for understanding the sources of error that limit generalisation

across unseen geometries and operating conditions.

3.2 Data Representations for Physical Systems

3.2.1 Structured and unstructured data

Data encountered in physical modelling can be broadly categorised into structured
and unstructured forms. Structured data arise when measurements or simulations
produce values defined on regular grids or meshes. Examples include electron
density maps, potential fields, carrier distributions obtained from drift diffusion
simulations and voxel based representations of bulk heterojunction morphologies.
These data admit natural tensorial forms and benefit from architectures that exploit

spatial locality, such as convolutional neural networks or neural operators [29].

Unstructured data, by contrast, do not lie on regular grids. Atomistic configu-
rations represent a canonical example: atoms occupy arbitrary positions in space,
form variable coordination environments and give rise to interaction graphs whose
connectivity depends on geometric thresholds or bonding rules. Such data are more
naturally modelled as graphs, where nodes represent atoms and edges encode local
neighbourhoods. Graph based representations preserve rotational and translational
invariances and form the basis for graph neural networks widely used in molecular

and materials modelling [45].

A third category arises when data represent sets of high dimensional samples
whose structure is not tied to a physical mesh or graph. These are often embedded in
vector spaces through feature engineering or learned representations. Across all cases,
a central challenge is to construct representations that are physically meaningful,

computationally tractable and suitable for downstream tasks.

3.2.2 Feature Extraction and Latent Spaces

A fundamental step in data-driven modelling is the construction of informative fea-

tures that summarise relevant physical information. In some settings, descriptors can
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be manually engineered from domain knowledge, such as coordination numbers, ra-
dial distribution functions, tortuosity metrics or morphology-derived statistics. These
structured representations enable the use of feature-based models, including gradient
boosting methods such as XGBoost [46], which often perform strongly in low-data
regimes or when interpretability is required. However, for many scientific datasets
the underlying structure is too high-dimensional or too geometrically complex for
handcrafted descriptors to capture all relevant variability. Representation learning
addresses this limitation by constructing latent spaces in which samples sharing
structural or physical similarity are mapped to nearby regions. Autoencoders (see
Fig. 3.2 for the schematic representation of this network) [47] provide a canonical
framework for this purpose. Given an input x, an encoder network computes a latent
code z = Eg(x), typically of much lower dimensionality, while a decoder reconstructs

an approximation X = Dy (z). Training minimises a reconstruction loss
2 (%) = x| 3.2)

or, more generally, a divergence between the input and its reconstruction. The latent
space thus acts as a compressed manifold of the data distribution, encoding the most

salient degrees of freedom while discarding irrelevant variability [47, 48].

Latent representations offer several advantages for physical modelling. They
provide smooth and differentiable embeddings on which downstream predictive
or generative models can operate; they facilitate anomaly detection by identifying
samples that fall outside the typical latent manifold; and they expose geometric or-
ganisation; clusters, manifolds or continuous physical regimes, that are not visible in
the raw feature space. Moreover, latent spaces can be designed to enforce invariances
such as translation, rotation or permutation, which are essential for atomistic systems
and for morphological fields in device-scale simulations. Variational autoencoders
(VAEs) further extend this idea by placing a probabilistic prior on the latent space,

enabling interpolation, sampling and principled uncertainty quantification [49].
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Fig. 3.2 Schematic representation of an auto-encoder network

3.2.3 Dimensionality reduction and clustering overview

Dimensionality reduction Dimensionality reduction refers to a family of tech-
niques that transform high dimensional data into a lower dimensional representation
while seeking to preserve meaningful geometric or statistical structure. In formal
terms, these methods define a mapping from an original space R to a reduced space
RM with M < N. The objective is not simply compression but the construction of
a representation in which latent patterns, neighbourhood relations or global trends
become more accessible for analysis. Such representations are particularly valuable
in scientific applications where the underlying data often lie on low dimensional

manifolds embedded in a high dimensional ambient space.

In the context of materials and device modelling, dimensionality reduction
provides a practical means to analyse ensembles of atomistic configurations, complex
mesoscale morphologies or large sets of simulated device responses. It enables
visual exploration of structural similarities, facilitates clustering of configurations
with related physical properties and offers a compact foundation for subsequent
machine learning models. A wide range of techniques has been developed for this
purpose. Principal component analysis (PCA) [50] constructs a linear projection
that maximises the variance of the transformed data and provides an interpretable
orthogonal basis. Non linear methods, such as t distributed stochastic neighbour
embedding (t-SNE) [51], emphasise the preservation of local neighbourhoods, while
methods such as Uniform Manifold Approximation and Projection (UMAP) [52] aim
to capture the structure of an underlying manifold by balancing local connectivity
and global organisation. These approaches differ in their mathematical assumptions
and geometric guarantees, but each provides a complementary perspective on the
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Fig. 3.3 Comparison of dimensionality reduction techniques applied to a non linear manifold.
Top left: synthetically generated three dimensional sphere dataset illustrating an intrinsically
two dimensional surface embedded in a higher dimensional ambient space. Top right:
linear projection obtained through principal component analysis (PCA), which preserves
global variance but cannot recover the curved geometry of the manifold. Bottom left: t
distributed stochastic neighbour embedding (t-SNE), which preserves local neighbourhoods
and therefore produces separated regions that reflect local structure rather than global
topology. Bottom right: Uniform Manifold Approximation and Projection (UMAP), which
balances local connectivity and global organisation to produce a continuous two dimensional
embedding that more faithfully reflects the structure of the original manifold.

structure of high dimensional scientific data. A practical example of these three
algorithms in action can be seen in Fig. 3.3

Clustering Clustering provides a complementary perspective to dimensionality
reduction by partitioning data into groups of samples that exhibit comparable geomet-

ric or statistical characteristics. While dimensionality reduction reveals the manifold



3.2 Data Representations for Physical Systems 37

structure on which high dimensional scientific data reside, clustering organises this
structure into coherent regions that support interpretation and further analysis. This is
particularly relevant in materials and device modelling, where ensembles of atomistic
configurations, mesoscale morphologies or device responses often form families
of related patterns that are not labelled a priori and whose organisation reflects
underlying physical mechanisms.

Different clustering methods capture different aspects of data organisation. Parti-
tion based algorithms such as K-means [53] assume approximately spherical clusters
and identify representative centroids, making them suitable for grouping atomic
configurations or defect motifs with shared geometric features. Density based meth-
ods, including DBSCAN [54] and HDBSCAN [55], detect clusters of arbitrary
shape and naturally identify outliers; spectral clustering [56], which operates on
graph representations of sample similarity, is effective when the data exhibit non
linear separations or manifold like structure and provides a flexible alternative when

conventional distance based criteria are insufficient.

Taken together, these methods form an analytical toolkit that complements the
geometric insight provided by dimensionality reduction. They will later be used
to characterise the landscape of graphene defects, to organise bulk heterojunction
morphologies according to structural and transport relevant descriptors and, more
broadly, to identify physically meaningful regimes within large scale simulation

datasets.

3.2.4 Convolutional Neural Networks and Object Detection Ar-
chitectures

Convolutional neural networks (CNNs) have become a cornerstone of modern deep
learning for data with spatial or spatiotemporal structure. Their fundamental opera-
tion is the convolution, a linear transformation that applies a set of local filters across
the input domain. Given an input map x and a kernel %", the discrete convolution is
defined as

(%*X)(Lj) = Z%/(m,n)x(i—m,j—n),

m,n
producing feature maps that encode local correlations such as edges, textures or

repeating structural motifs. The weight sharing inherent in the convolution operation
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induces translation equivariance and embeds a strong prior of spatial locality, both
well aligned with the structure of scientific data, including two-dimensional projec-
tions of atomistic configurations, scanning tunneling microscopy (STM) images, and

spatially resolved device fields.

Stacking multiple convolutional layers yields hierarchical features, where early
layers capture local geometric primitives and deeper layers synthesise global or
semantic representations. Architectural innovations such as residual connections
have further stabilised the training of deep models. A residual block augments a

nonlinear transformation F(x) with an identity mapping,
y=F(x)+x,

which alleviates vanishing-gradient issues and supports the construction of networks
with substantial depth. Such architectures serve as backbones in autoencoders, varia-
tional models and diffusion-based frameworks, and constitute the feature extractors

of many state-of-the-art object detection systems.

Two-stage and single-stage object detection

Object detection architectures incorporate two tasks: locating candidate regions and
classifying their content. Traditional two-stage detectors, such as R-CNN [57], Fast
R-CNN [58] and Faster R-CNN [59], implement these tasks sequentially. The first
stage generates region proposals likely to contain objects; the second refines these
proposals by performing classification and bounding-box regression. This design
yields high accuracy, since the model can focus computation on informative regions,
but the multi-step pipeline incurs substantial computational cost, limiting real-time

applicability [60].

Single-stage detectors (SSD) adopt a different strategy. Methods such as SSD
[61] and YOLO [62] eliminate the intermediate proposal phase and directly predict
bounding boxes and class scores in a single forward pass. This unified formulation
provides a significant efficiency gain, making single-stage detectors suitable for

scenarios where latency is critical [60].
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YOLO

Single-stage frameworks such as YOLO (You Only Look Once) follow a structured
design composed of three main components: the backbone, the neck and the head.
The backbone acts as the primary feature extractor, typically implemented as a deep
CNN such as a ResNet variant, and transforms the input image into a hierarchy of pro-
gressively abstract representations [63]. The neck aggregates these representations
across scales, combining fine-grained spatial information with high-level semantics.
Architectures such as the Feature Pyramid Network (FPN) or the Path Aggregation
Network (PAN) are commonly employed to enhance multi-scale feature fusion [63].
The detection head performs the final prediction step, outputting bounding boxes,

class probabilities and confidence scores.

The most recent evolution of the YOLO family, YOLOV10 [64], introduces
a series of architectural and algorithmic refinements that position it among the
state-of-the-art detection models. One of its key innovations is the removal of
non-maximum suppression (NMS) in post-processing, aligning YOLOv10 with
end-to-end transformer-based detectors such as DETR [65]. The adoption of dual
label assignment improves training stability and enhances performance across object
scales. Additional design elements including lightweight classification heads, spatial
channel decoupled downsampling and rank-guided blocks reduce computational
overhead while preserving representational power [63, 64]. As a result, YOLOv10
delivers high accuracy and low latency, making it a strong candidate for real-time

applications across scientific, industrial and embedded domains.

3.2.5 Attention Mechanisms and Representation Interaction

Attention mechanisms provide a general and flexible framework for modelling
adaptive interactions within high-dimensional representations. Originally introduced
in the context of sequence modelling in the groundbreaking work of Vaswani et al.
[66], attention has since emerged as a unifying computational principle across a wide
range of machine learning architectures, including graph neural networks, operator
learning frameworks and modern generative models. From a scientific modelling
perspective, attention is best understood not as a domain-specific construct, but as an
operator that dynamically weights interactions between elements of a representation

based on their learned relevance.
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The central idea of attention is to replace fixed interaction patterns, such as
local receptive fields or predefined neighbourhoods, with data-dependent couplings.
Given a set of input representations, attention allows the model to determine which
components should interact strongly and which can be down-weighted, thereby
enabling the selective aggregation of information. This property is particularly
valuable in scientific settings, where relevant dependencies may be long-ranged,
non-local, or strongly context-dependent, and cannot be reliably captured through

purely geometric or locality-based priors.

Formal definition. In its most common formulation, an attention mechanism
operates on three sets of vectors: queries, keys and values. Given matrices Q € RV*%,
K € RVN>dk and V € RV*4v_ attention is defined as

Att(Q,K,V) = softmax (QKT) V. (3.3)
vy

The dot product QK " measures the similarity between queries and keys, while the

softmax normalisation produces a set of adaptive weights that sum to unity. The

resulting weighted combination of values yields an output in which each element

aggregates information from all others according to learned relevance scores.

This formulation can be interpreted as a data-driven kernel operator, where
the kernel is not fixed a priori but learned implicitly through the query and key
embeddings. Unlike convolutional kernels, which impose translational equivariance
and local support, attention kernels are global and adaptive, allowing interactions
across the entire representation domain.

Attention as an adaptive aggregation operator. Beyond modelling interactions
between individual elements of a representation, attention mechanisms also provide
a principled framework for aggregation [67]. In many scientific learning tasks, it is
necessary to map high-dimensional, spatially or structurally resolved data to low-
dimensional or scalar quantities, such as global material properties, device-level
performance metrics, or summary observables. Classical aggregation strategies,
including global averaging, summation or max-pooling, impose fixed and uniform
weighting schemes that implicitly assume all regions or components of the represen-
tation contribute equally to the final prediction.
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Attention-based aggregation relaxes this assumption by introducing data-dependent
weighting of contributions [68]. Formally, the attention weights define a learned
measure over the elements of the representation, enabling the model to emphasise
regions, features or interactions that are most relevant to the target quantity while sup-
pressing less informative components [67]. From this perspective, attention pooling
can be interpreted as a soft, learnable generalisation of global pooling operators.

This adaptive aggregation property is particularly relevant in physical systems
characterised by spatial or structural heterogeneity. In atomistic systems, only a
subset of atoms or bonds may dominate a given electronic or transport response.
In mesoscale fields, localised regions such as interfaces, percolation pathways or
high-field domains may exert a disproportionate influence on global device behaviour.
Attention-based aggregation enables models to capture such effects without requiring

explicit localisation rules or handcrafted importance masks.

Crucially, attention-based aggregation operates at the level of representations
rather than physical equations. It therefore integrates naturally with data-driven sur-
rogate models and operator learning frameworks, providing a flexible mechanism for
summarising complex physical states into task-relevant outputs. In this role, attention
acts not only as an interaction mechanism but also as an information bottleneck that

preserves physically salient contributions while reducing dimensionality.

3.3 Gradient Boosting Models and Explainable Al

3.3.1 The intuition behind boosting

The conceptual foundation of boosting originates from a question posed by Kearns
in his seminal work on computational learning theory [69]:

Can a collection of weak predictors be combined to form a strong predictor?

This question captures the central idea behind boosting algorithms. Rather than
relying on a single highly accurate model, boosting constructs a powerful predictor
by sequentially combining multiple weak learners, each of which performs only
slightly better than random guessing. Through iterative reweighting of the training

samples and targeted correction of previous residual errors, boosting synthesises
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an ensemble whose collective predictive capability significantly exceeds that of
any individual component. In this way, the weak-to-strong transition becomes a
principled mechanism for achieving high accuracy and robust generalisation from

models that, on their own, would be insufficient.

3.3.2 Decision Tree models

Decision trees form the core building blocks of boosting algorithms and represent
one of the most widely used models in supervised learning [70]. They can be em-
ployed for both classification and regression and operate by recursively partitioning
the feature space into axis-aligned regions, each associated with a locally constant
prediction. As the depth of the tree increases, the resulting model is able to repre-
sent increasingly complex, non-linear decision rules by successively refining these

partitions.

A major advantage of decision trees is their interpretability: the hierarchical
structure makes the learned rules transparent and easy to visualise, and the model
naturally accommodates both numerical and categorical features with minimal data
preprocessing. Trees also handle multi-output problems and can model heteroge-
neous feature interactions without requiring strong parametric assumptions. These
properties make them attractive as weak learners within ensemble methods such as
boosting, where many shallow trees collectively achieve high predictive accuracy
[70]. However, decision trees also exhibit well-known limitations. When grown to
excessive depth, they tend to overfit the training data, capturing noise rather than un-
derlying structure; pruning and depth constraints are therefore essential to maintain
generalisation. Trees are also unstable with respect to small perturbations in the data,
often producing different structures under minor sampling variations. Moreover,
their piecewise-constant prediction surfaces limit their ability to extrapolate smoothly
beyond the observed domain. Learning an optimal decision tree is an NP-complete
problem, and practical algorithms rely on greedy heuristics that do not guarantee
global optimality. These limitations motivate the use of ensemble techniques, such
as random forests and gradient boosting, which stabilise predictions and significantly
enhance performance by aggregating multiple weak learners. In Figure 3.4, a simple
two-dimensional classification problem is visualised through the decision surface

induced by a decision tree. The plot illustrates how the model partitions the feature
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Fig. 3.4 Tllustration of the decision boundaries induced by a decision tree classifier trained on
a two-dimensional synthetic dataset. The model partitions the feature space into axis-aligned
rectangular regions, each associated with a constant prediction. This piecewise structure
reflects the hierarchical sequence of thresholding operations performed at the internal nodes
of the tree. Decision trees therefore produce interpretable and locally uniform regions whose
geometry provides insight into how feature values drive classification.

space into axis-aligned regions, each corresponding to a constant prediction, thereby

providing an intuitive representation of the hierarchical rules learned from the data.

3.3.3 Extreme Gradient Boosting Algorithm

Extreme Gradient Boosting (XGBoost) [46] is a scalable and regularised implemen-
tation of gradient boosting that has become a standard tool for tabular predictive
modelling. Like classical boosting methods, XGBoost constructs an additive model
of the form

$x) =Y fulx),  fueZF, (3.4)

where each f;, is a regression tree drawn from a functional space .# of weak
learners. The model is trained by iteratively adding trees that minimise a regularised
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objective function

O+ /i) +Q0%), (3.5)
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where / is a differentiable loss function and Q(f;) is a structural penalty that

controls the complexity of the newly added tree. XGBoost employs a second-order

XGBoost base learner f(x) f1(x) + f(x)
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Fig. 3.5 Illustration of the additive nature of gradient boosting on a one-dimensional regres-
sion task. Each panel shows the cumulative model after successively adding weak learners
f1, /2, f3, each trained to correct the residuals of the previous stage. The final boosted model
approximates the underlying target function by summing a sequence of shallow regression
trees, demonstrating the core weak-to-strong principle of boosting.

Taylor expansion of the loss around the current prediction, yielding a closed-form
optimisation target involving the gradients g; and Hessians 4; of the loss. This leads
to an efficient node-splitting criterion and enables the algorithm to scale gracefully

to large datasets.

A key strength of XGBoost lies in its regularisation mechanisms, which include
penalties on the number of leaves and the magnitude of leaf weights, making the
method significantly more robust to overfitting than traditional gradient boosting.

Additional engineering improvements such as sparsity-aware split finding, column
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subsampling and parallelised tree construction; further enhance computational ef-
ficiency. These properties make XGBoost particularly well suited for scientific
modelling tasks in which heterogeneous, descriptor-based feature sets must be
mapped to complex non-linear responses, as encountered in the defect—property

relationships discussed in the chapter 6 of this work.

Figure 3.5 illustrates the principle introduced by Kearns [69], namely whether
a collection of weak predictors can be combined to form a strong learner. The
progressive refinement shown across the boosting stages demonstrates precisely this
idea: each weak regressor contributes a small corrective step, and their additive
combination yields a final model capable of accurately approximating the underlying

target function.

3.3.4 [Explainability of Tree Models and Introduction to XAl

Decision-tree models are not only attractive for their simplicity and flexibility, but
also for the level of interpretability they provide. Unlike many machine-learning
architectures that operate as black boxes, decision trees expose their internal decision
process through a sequence of axis-aligned splits. This structure enables a natural
notion of feature importance, offering insight into how individual features contribute

to the predictive performance of the model.

In impurity-based importance, which is the standard in tree ensembles such as
random forests and gradient boosting, the relevance of a feature is quantified through
the reduction of node impurity it achieves when used for a split.Let /(-) denote an
impurity measure, such as Gini, entropy or variance in classification tasks, and mean
squared error (MSE) or loss reduction in regression settings [71]. Consider a node
J With Nparene samples and impurity Jparene- A split on feature f produces two child
nodes with impurities /ief; and /ijgpe and sample counts Njege and Nyjgne. The reduction

in impurity is given by

Niet Nrigh
AIj (f) — Iparent — (—etlleft + LtIright) (3-6)
N, parent N, parent
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The overall importance of feature f in a tree is then obtained by summing this

quantity over all nodes in which f is used,

FI(f)= ). ALi(f) (3.7)

and subsequently normalising across all features. Although simple and compu-
tationally efficient, this measure is known to be biased toward features with many
potential split points and does not capture interactions or non-additive effects between

inputs.

These limitations motivate the use of more principled Explainable Al (XAI)
[72, 73] techniques, particularly in scientific modelling where understanding struc-
ture—property relationships is essential. Among the available methods, SHAP
[74,75] (SHapley Additive exPlanations) has emerged as a theoretically grounded
framework for attributing predictions to input features. SHAP values are based on
cooperative game theory and assign to each feature the contribution it provides to
a model’s output, averaged over all possible subsets of features. Formally, for a

prediction function f(x) and input feature i, the SHAP value is defined as

[SICE] = 1S = 1)
F!

¢i(x) = FSU{iH(x) = f(S) ()] (3.83)

- SCF\{i}

where F is the full set of features and S ranges over all coalitions not containing
feature i. This formulation ensures desirable axiomatic properties, including effi-
ciency, symmetry, dummy and additivity, making SHAP one of the most rigorous

frameworks for interpretability.

In the context of this thesis, SHAP values complement impurity-based feature
importance by providing a local, model-agnostic and mathematically principled
characterisation of how structural descriptors or morphological features influence the
behaviour of tree-based predictive models. This dual perspective global; importance
through impurity reduction and local contributions through SHAP offers a compre-
hensive interpretability layer for analysing defect—property relationships in graphene
(see Section 6.4).



3.4 Operator Learning for PDE Approximation 47

3.4 Operator Learning for PDE Approximation

3.4.1 Scientific Machine Learning (SciML)

Scientific Machine Learning (SciML) has emerged as a unified research area com-
bining data-driven modelling with the principles of scientific computing, numerical
analysis and dynamical systems. Traditional machine learning focuses on learning
finite-dimensional mappings, typically functions of the form f : R" — R™. However,
many problems in the physical sciences are not governed by finite-dimensional rela-
tionships but by operators: mappings between infinite-dimensional function spaces.
Examples include differential operators arising in continuum mechanics, electromag-
netism, fluid dynamics or charge transport in semiconductor and organic devices [3].
According to the work proposed by Boull€ et al. [76], scientific machine learning
can be organised into three broad methodological categories: PDE solvers, PDE
discovery, and operator learning. Although these areas share common foundations
in data-driven and physics-informed modelling, they address fundamentally different

questions in computational science.

PDE solvers aim to approximate the solution of a given differential equation
more efficiently than traditional numerical schemes. Examples include physics-
informed neural networks (PINN ), neural Galerkin methods and learning augmented
solvers, which incorporate differentiable models into classical numerical frameworks.
These approaches typically focus on reproducing single-instance solutions under
fixed discretisations or boundary conditions, making them attractive for accelerating
forward simulations.

PDE discovery addresses the inverse problem of identifying the underlying
physical laws from data. Methods in this class seek to recover the structure of an
equation its differential operators, coefficients or constitutive relations directly from
measurements or simulation outputs. Sparse regression approaches such as SINDy,
symbolic neural networks and library-based discovery methods fall into this category,

enabling automated extraction of interpretable governing equations [77, 78].

Operator learning, by contrast, aims to approximate the full solution operator
that maps input functions (e.g., boundary conditions, forcing terms, material pa-
rameters or geometries) to output fields. Rather than learning a single solution or

identifying an equation, operator-learning architectures learn the entire functional
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mapping
G u(x) — v(x),

defined over infinite-dimensional spaces. Neural operators, including the Fourier
Neural Operator (FNO) [79, 40], DeepONet and their variants, are specifically de-
signed to generalise across discretisations and domains, providing fast and resolution-

independent surrogates for complex multi-physics systems [80].

This tripartite classification highlights the breadth of scientific machine learning
and situates operator learning as a distinct and powerful framework. Unlike PDE
solvers or discovery tools, operator-learning models are inherently suited for tasks
such as design exploration, uncertainty quantification and multi-query simulation, all
of which are essential in materials science and device modelling. As such, operator-
learning methods constitute the foundation of the surrogate modelling strategies
employed in the subsequent chapters.

3.4.2 Surrogate Modelling for Physical Simulations

Surrogate models aim to approximate the behaviour of computationally expensive
physical solvers with fast, data-driven predictors. In many areas of scientific comput-
ing such as atomistic simulations, drift—diffusion device modelling or multi-physics
transport; high-fidelity numerical methods provide accurate but costly solutions,
often requiring minutes to hours of computation per query. This prohibits their use
in tasks that demand repeated evaluation, including design exploration, uncertainty

quantification, optimisation and real-time prediction.

Machine learning offers an alternative by learning input—output relationships
from collections of simulated or experimental data. Classical surrogate models
(such as kernel regressors or gradient boosting methods) operate in finite dimensions
and can be effective when the underlying physical map can be captured through
handcrafted features. However, many scientific problems involve fields defined over
continuous domains potentials, carrier densities, morphological configurations or
force landscapes which cannot be represented adequately through low-dimensional

feature vectors alone.
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3.4.3 Fourier Neural Operator

Neural operators provide a framework for learning mappings between infinite—
dimensional function spaces [40]. Instead of approximating a finite—dimensional

map f : R” — R™, a neural operator aims to learn a solution operator of the form
G u(x) = v(x), xeQcR? (3.9)

where u and v are functions defined over a continuous spatial domain. This formu-
lation is particularly relevant for physical systems governed by partial differential
equations, where the mapping from inputs (e.g. boundary conditions, coefficients,
geometries or source terms) to outputs (e.g. fields, fluxes, or potentials) is naturally
operator—valued.

A generic neural operator approximates ¢ by stacking local non-linear trans-
formations with global integral operators. In its continuous formulation, a single

operator layer takes the form

(H W)x) = [ Kolory)u(y) .

where Ky is a learnable kernel. The complete operator is obtained by composing
several such layers with pointwise non—linearities. After discretisation on a grid

{x;}Y,. the integral operator becomes
N
(A () (xi) =}, Ko (xi,x;) u(x;)),
=1

but learning a fully parameterised kernel kg € RY*V is computationally prohibitive

for practical resolutions.

The Fourier Neural Operator (FNO) addresses this difficulty by learning the
kernel kg in Fourier space [79]. Instead of representing the kernel explicitly, the
FNO parameterises its action through multiplication by a truncated set of Fourier
modes. For an input feature field u, the Fourier operator layer is defined as

Ho(w) = F 7 (Ro(F (),
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where .% and .% ~! denote the forward and inverse Fourier transforms, and Ry is a
learnable complex—valued weight matrix restricted to the lowest k Fourier modes.
High—frequency components are discarded, providing a spectral regularisation that

promotes smoothness and stability in the learned operator.

An FNO layer combines this global spectral operator with a local linear transfor-
mation (Visual representation of the layer update can be seen in the image ??:

s (x) = Wity (x) + F ! (Rg(f(b@)) (3.10)

where W is a pointwise linear map. The architecture is completed by stacking
multiple layers with non—linear activations, yielding an efficient operator approxima-
tor that is resolution—invariant and able to generalise across different discretisations
of the same PDE.

The computational advantage of the FNO stems from the use of fast Fourier
transforms (FFTs), which reduce the cost of the global operator from ¢ (N?) to
O(NlogN). This makes FNOs particularly suitable for high—-dimensional fields
such as those encountered in fluid mechanics, electromagnetism, or device—scale

drift-diffusion modelling.

@—> Fourier layer 1 —{Fourier layer 2|— @ ® ® —» Fourier layer T

Q _—— _ Fourier layer
F

Fig. 3.6 Fourier Neural Operator architecture representation. Reprinted from [40].

In the context of this thesis, Fourier Neural Operators form the basis of the
surrogate solvers developed for predicting electric fields, carrier densities and current
distributions in bulk—heterojunction organic photovoltaic devices. Their ability to
learn resolution-invariant mappings between morphological inputs and multi—field

outputs is essential for constructing fast, accurate and generalisable surrogate models.
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Zero-shot super-resolution Zero-shot super-resolution refers to the ability of
a learned surrogate model to produce predictions on spatial discretisations finer
than those observed during training, without requiring additional retraining or fine-
tuning. From an operator-learning perspective, this capability implicitly assumes
that the training data provide a consistent discretised representation of an underlying
continuous mapping, such that evaluations at different resolutions correspond to

different samplings of the same continuous solution.

Let ¢ denote a continuous operator acting on functions defined over a domain €,
and let ¢, represent its numerical approximation obtained on a grid with spacing A.
Zero-shot super-resolution assumes that the discrete solutions generated at a given
resolution can be interpreted as samples of a resolution-independent function u(x),
and that the learned surrogate effectively approximates ¢ rather than a discretisation-
specific operator. Under this assumption, predictions on a finer grid /' < h amount

to evaluating the learned mapping on a denser sampling of the input domain.

In practice, this assumption is only valid when the numerical solutions used for
training converge uniformly to the continuous solution as the grid is refined. For

standard numerical schemes, the discretised operator satisfies
D=9+ 0(h"), (3.11)

where p depends on the order of the discretisation. At finite and especially coarse
resolutions, the approximation error may significantly alter the effective operator
encoded in the data. As a result, solutions computed at different resolutions cannot,
in general, be regarded as simple resamplings of the same continuous function, but

instead correspond to different resolution-dependent operators.

Consequently, zero-shot super-resolution should be understood as a conditional
property that depends on the numerical consistency of the dataset across scales. When
the training data do not preserve scale-consistent physical or mathematical features,
the surrogate model is required to extrapolate across discretisation levels rather than
interpolate within a well-defined operator family. In such cases, the lack of explicit
multi-resolution supervision limits the reliability and physical interpretability of zero-
shot super-resolution, particularly with respect to the reconstruction of unresolved
high-frequency components [79, 40, 81].
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3.5 Generative Modelling for Materials and Morphol-
ogy Design

Generative modelling has emerged as one of the most transformative developments
in modern machine learning, offering the ability not only to analyse data but to
synthesise new samples that follow the underlying statistical structure of a domain
[82]. In materials science and device engineering, this capability is particularly
significant. Physical systems such as defective graphene, molecular crystals, or
bulk-heterojunction morphologies occupy vast and highly structured configuration
spaces, where only a negligible fraction of all admissible configurations has ever
been observed or simulated. Generative models provide a principled way to explore
these spaces, construct new candidates with controlled properties and support in-
verse design workflows in which the model proposes structures rather than merely

evaluating them [83]

In this thesis, generative modelling plays a dual conceptual role. First, it pro-
vides a compact probabilistic description of high-dimensional scientific datasets,
enabling the discovery of latent variables that capture essential structural or physic-
ochemical degrees of freedom. Second, it enables the synthesis of new atomic
configurations or device morphologies that are consistent with physical constraints
and fall within realistic regions of the data manifold. These capabilities are particu-
larly relevant in settings where simulation-based data acquisition is expensive, as in
atomistic electronic-structure calculations or drift—diffusion simulations of organic

photovoltaic devices.

A range of architectures contribute to this modelling paradigm. Autoencoder-
based models [47] provide low-dimensional embeddings that serve as a basis for
controlled interpolation and morphing of configurations. Variational autoencoders
extend this framework to a fully probabilistic setting, in which sampling from
the latent space yields novel yet statistically coherent structures. More recently,
diffusion models have become the state of the art in high-fidelity generative tasks
[84]. Their iterative denoising dynamics enable the synthesis of complex, high-
dimensional scientific data, including atomic geometries and functional fields, while
naturally supporting conditional generation. Such models are particularly suited to
the design of materials and morphologies where generative sampling must respect
subtle geometric correlations or long-range physical constraints.
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The methods introduced in this section form the conceptual foundation for the
generative workflows developed in subsequent chapters, where they are applied to the
creation of new defective graphene structures and to the exploration of morphology
design spaces in bulk-heterojunction organic photovoltaics. By combining structured
latent spaces with conditional generative mechanisms, these models support a data-
driven approach to materials and device optimisation that complements the operator-

learning and predictive frameworks presented earlier in this chapter.

3.5.1 Variational autoencoders

Variational autoencoders (VAEs) extend the classical autoencoder paradigm by
replacing the deterministic latent representation with a probabilistic one. Instead
of encoding an input into a single latent vector z, a VAE maps it to a probability
distribution, typically a diagonal multivariate Gaussian characterised by its mean
and variance [85, 86]. This formulation enables controlled sampling from the latent
space and allows the model to generate new data points, making VAEs suitable for

generative modelling and design-space exploration.
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Fig. 3.7 Schematic architecture of a Variational Autoencoder (VAE). The encoder maps
the input data distribution (left) into a low-dimensional latent representation, parameterised
probabilistically. Latent samples drawn from this representation are then passed to the
decoder, which reconstructs the data in the original space (right). The stochastic latent
space enables smooth interpolation and generative sampling while enforcing a regularised
representation of the input distribution.

In a VAE, the encoder does not output a single latent code but rather the parame-

ters (Zmean,Zvar) describing the distribution of the latent variable. A sample is then
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obtained through the reparameterisation
Z:Zmean+ZG‘8, 8N</1/(0,1),

where z5 = exp(0.5 -1og(zyar)) ensures a numerically stable parameterisation of the
variance. The random variable € injects stochasticity into the latent representation,
while the affine transformation keeps the sampling operation differentiable. This
technique, known as the reparameterisation trick [87], enables end-to-end training

of the model using gradient-based optimisation.

Training a VAE involves two complementary objectives. The first is the recon-
struction loss, which encourages the decoder to faithfully reproduce the input x
from the sampled latent variable z. The second is a regularisation term that shapes
the latent space by enforcing proximity between the learned distribution and a unit
Gaussian prior. This penalty is expressed through the Kullback—Leibler divergence

1
Lie = Die (A (zmeans2) | 4 (0,1)) = 3 ¥ |24 i+ Zhcans — 1~ log(z5.1)]-
i
The combination of reconstruction fidelity and latent regularisation yields the total
VAE loss

Liot = Lreconstruction +Lkp.

This probabilistic structure endows VAEs with several desirable properties. The
latent space becomes smooth and continuous, allowing meaningful interpolation
between data points and robust exploration of variations that remain consistent
with the data manifold. Moreover, the regularisation term prevents degenerate
latent encodings, promoting global coherence and interpretability of the learned

representations.

VAESs have demonstrated strong performance across diverse domains. In image
modelling, they support the generation of novel and diverse samples, as well as
structured manipulation of visual attributes [88]. In audio processing, VAE-based
architectures produce expressive latent spaces that capture speaker identity and
prosodic attributes, enabling flexible synthesis pipelines [89]. In computational
chemistry and drug design, the ability to sample from a continuous latent manifold

has facilitated the generation of candidate molecules with tailored physicochemical
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properties, accelerating optimisation workflows and inverse-design strategies [90,
91].

3.5.2 Diffusion Models

Diffusion models constitute one of the most influential developments in modern
generative modelling, providing a principled probabilistic framework capable of
synthesising highly structured, high-dimensional data. Their formulation is built
around two complementary Markov processes [92]: a forward diffusion process
that gradually destroys structure in the data, and a learned reverse process that

reconstructs samples by inverting this corruption.

Forward diffusion process. Given an input sample xy, the forward diffusion
process defines a Markov chain {x,}_, in which small amounts of Gaussian noise
are added at each step. The transition g(x; | x,_) that corrupt the data, introduced in
the work of Ho et al. [93]

as [ xi-1) = A (35 VT=B1, B (3.12)

encodes two effects. First, the mean is scaled by M , which gradually attenuates
the signal contained in x;_1. Second, a Gaussian perturbation with variance ;1 is
added, ensuring that at each step the sample becomes slightly more noisy. The
parameters f3; € (0, 1) form a variance schedule, typically increasing with ¢, so that

later diffusion steps inject larger amounts of noise.

Because the forward process is linear and Gaussian, the marginal distribution
at any time step ¢t can be computed in closed form. By iterating the transitions one
obtains

q(x: | x0) = A (x03 V@t x0, (1—04)1), (3.13)

where the accumulated attenuation factor is

& =105 (.14)

s=1

This expression reveals the structure of the forward diffusion process. The mean
term /@ xo shows that the contribution of the original signal decreases exponentially
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with ¢, while the variance term (1 — &;)I represents the cumulative noise injected
along the chain. In the limit of large ¢, the product ¢ tends to zero and the marginal
converges to

q(xr | x0) = A(0,1), (3.15)

meaning that x7 is almost indistinguishable from pure Gaussian noise (see Fig. 3.8

for the step by step corruption process of an image).

This property is essential for generative modelling: by pushing the data distri-
bution into an isotropic Gaussian, the model obtains a tractable and well-defined
starting point from which the learned reverse process can reconstruct meaningful

samples.
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Fig. 3.8 Forward diffusion applied to an image. The sequence xo, X1, ...,xr demonstrates the
progressive attenuation of the signal as Gaussian noise with variance f;; that follow a linear
schedule across the diffusion steps; is added at each step. The visible structure is rapidly lost,
highlighting the tendency of the forward process to converge towards an isotropic Gaussian
distribution. The diffusion procedure was implemented by the author.

Markov structure of the forward process. The forward diffusion process forms

a first-order Markov chain. Although the closed-form marginal distribution g(x; | xo)
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depends on all previous noise increments through the cumulative factor ¢;, the

underlying stochastic dynamics do not. Each transition is defined as

(](xt ‘xt—l) = ~'/V<xt; V 1 _tht—la Btl> , (3.16)

which shows that x; depends only on the immediately preceding state x;,_; and an

independent Gaussian perturbation. This implies

P(xz |x,_1,x,_2, . 7x0) = P(xz |xz—1)7

fulfilling the Markov property. The apparent dependence on the entire history in
the marginal distribution arises solely from analytically integrating the sequence of
Markov transitions, not from any memory in the process itself. This distinction is
essential: the Markov formulation provides a tractable generative mechanism, while
the closed-form marginal clarifies how signal attenuation and accumulated noise

evolve over time.

Reverse denoising process. The generative mechanism of diffusion models is
defined by a reverse Markov chain, introduced in the same work of forward diffusion
[93]

po(xi—1 | x:), (3.17)

which inverts the forward corruption process. The exact reverse posterior

q(x—1 | x¢,%0) (3.18)

is analytically known but depends on the unknown clean sample xg, and is therefore

unusable during sampling.

Denoising diffusion probabilistic models (DDPMs) [93] circumvent this difficulty

by exploiting the closed-form forward marginal

N =vVoxg+1—ae,  €~N(0]) (3.19)

which shows that predicting the injected noise € is equivalent to estimating the clean

component of x;. A neural network &g (x;,#) is therefore trained to approximate the
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noise, leading to the stable objective
2
Looem =B || €~ o) 2] (3.20)

Given a noise estimate, the reverse transition pg(x,—1 | x;) is a Gaussian

po(x—1 | %) = A (o (x:,1), 671) (3.21)
with mean | |
Mo (x,t) = NGA (Xt G _(X(;t ee(x,,t)) (3.22)

and variance 6 = f3; determined by the noise schedule.

Sampling proceeds by iterating
Xi—1 = Ug(xs,1) + 0sz, z~ N (0,1), (3.23)

starting from x7 ~ .47(0,1). Iteratively applying these denoising transitions trans-

forms pure Gaussian noise into a coherent image.

In this formulation, the neural network does not generate an image directly.
Its sole role is to estimate the noise component present in x;, while the generative

behaviour emerges from the analytical structure of the Gaussian reverse transitions.

Connection to score-based generative modelling. Song and Ermon [94, 95]
showed that diffusion models and score-based generative models are mathematically
equivalent. In the continuous-time limit, the forward diffusion becomes a stochastic
process governed by the 1to SDE (detailed explanation can be found in Appendix
AlS)

dx; = f(t) x, dt + g(¢) dW; (3.24)

whose marginal densities satisfy a diffusion equation. The corresponding reverse-

time dynamics is given by
dx, = (f(1) 3 —g(1)? Vi logai () ) dr + (1) dW (3.25)

where V,, logg,(x;) denotes the score function of the marginal density g, (x;) and W,

is a reverse-time Wiener process.
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The neural network sg (x;,7) is trained to approximate the score function,
se(x¢,1) = Vy, logq(x;) (3.26)

and generative sampling corresponds to solving either the reverse SDE (stochastic
generation) or its associated probability-flow ODE (deterministic generation). This
viewpoint unifies DDPMs, DDIMs and score-based models, revealing them as

different discretisations of the same underlying diffusion process.

Latent diffusion and modern architectures. Latent diffusion models [96], in-
cluding Stable Diffusion, extend this framework by operating in a low-dimensional
latent space instead of pixel space. A variational autoencoder encodes an image into
a latent representation

0= Enc (xo) s

and the diffusion process is applied to (z;)’_, rather than to (x;)’_,. The reverse
transitions retain the DDPM form,

Z[—lz,ue(Zz?t)‘}‘G[Z, ZNJV(()?I%

while conditioning is introduced through text embeddings produced by a transformer
encoder (e.g., CLIP).

The final image is reconstructed via the decoder,
%o = Dec(z0)-

Operating in latent space drastically reduces computational cost and memory require-
ments, enabling high-resolution generation and flexible conditioning mechanisms.
This latent formulation currently defines the state of the art in large-scale generative

modelling.

Relevance for scientific and materials modelling. Diffusion models are particu-
larly suitable for atomistic and mesoscale scientific data. Their iterative denoising
dynamics preserve local geometric correlations, allowing them to generate physi-
cally realistic fields, molecular geometries or morphological patterns. Conditional

diffusion offers a flexible mechanism for inverse design, enabling the generation
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of samples that satisfy target structural, energetic or device-level constraints. This
makes diffusion models an essential tool for exploring high-dimensional configura-

tion spaces where traditional simulation is computationally prohibitive.

3.5.3 Conditioning the Generative Process

In the previous sections, generative models have been introduced and discussed in
detail, with particular emphasis on Variational Autoencoders and diffusion-based
approaches. Both model families provide powerful frameworks for learning complex
data distributions and for synthesising novel samples that are statistically consistent
with the training data. However, a fundamental limitation of unconditional genera-
tive modelling is that the generation process is inherently unconstrained: samples
are drawn freely from the learned distribution, without explicit control over their

semantic or physical characteristics.

In many scientific and engineering applications, this unconstrained generation
is insufficient. Rather than producing arbitrary samples from the data manifold,
it is often necessary to target specific regions of the latent or data space and to
generate samples that satisfy predefined conditions or constraints. Typical examples
include the synthesis of materials with prescribed physical properties, the generation
of signals under known boundary conditions, or the reconstruction of structures
compatible with given low-dimensional descriptors. To address this limitation,
conditioning mechanisms are introduced into generative models, enabling controlled

and directed sample generation.

Conditioned generative modelling extends the standard formulation by incor-
porating auxiliary information into the generation process. Instead of learning an
unconditional distribution pg(x), the model is trained to approximate a conditional
distribution of the form

pe(x|c), (3.27)

where x denotes the generated sample and ¢ represents one or more conditioning
variables. These conditioning variables may encode class labels, physical parameters,
low-dimensional embeddings, or any set of features that characterise the desired
region of the data space. Conditioning strategies have been successfully applied

across a wide range of generative models, including Conditional Variational Autoen-
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coders and conditional diffusion models, demonstrating improved controllability and
interpretability of the generated outputs [97].

From a probabilistic perspective, conditioning modifies the generative objective
by explicitly modelling the dependency between the data and the conditioning
variables. In the case of a Variational Autoencoder, the Evidence Lower Bound
(ELBO) becomes

ZvAE = Eg, (zfx.0) [log pa (x| 2,¢)] =KL (g4 (z | x,¢) [ p(z | ¢)) , (3.28)

where z denotes the latent variables, gy the approximate posterior, and pg the
conditional decoder. The conditioning information ¢ influences both the latent
inference and the reconstruction process, thereby shaping the structure of the latent

space and constraining the generated samples.

Similarly, in diffusion-based generative models, conditioning is introduced by
extending the reverse process to depend explicitly on auxiliary variables. Given a

forward diffusion process g(x; | xo), the learned reverse transitions are modelled as

po(xi—1 | xt,¢), (3.29)

where the conditioning vector ¢ guides the denoising dynamics at each timestep.
In practice, this is achieved by injecting the conditioning information into the neu-
ral network through concatenation, adaptive normalisation layers, or feature-wise
modulation mechanisms. This formulation enables the model to progressively steer
the generation towards samples that are not only consistent with the learned data

distribution but also compatible with the imposed conditions.

Overall, conditioning transforms generative models from purely exploratory tools
into controllable and goal-oriented frameworks. By explicitly incorporating auxiliary
descriptors into the generative process, conditioned models provide a principled
mechanism for targeted sample synthesis, significantly expanding the applicability

of generative modelling in scientific and data-driven contexts.
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3.6 Computational material representation

Over the years, the development of computational chemistry has led to the introduc-
tion of a wide range of methods for representing materials in silico. With the advent
of artificial intelligence, these representations have been either adapted or directly

adopted for data-driven learning on materials systems.

It is therefore essential to distinguish between material representations across
different length and time scales. As will become clear in the following sections, this
multi-scale perspective constitutes one of the central pillars of the present thesis.

3.6.1 Atomistic Representation

Coulomb Matrix The Coulomb matrix is a matrix-based molecular descriptor
originally introduced by Rupp et al. [98] and represents one of the earliest systematic
attempts to encode molecular structures for use in machine-learning applications. It
is defined as a symmetric matrix M, whose elements M;; quantify the electrostatic

interaction between atoms i and j within a molecule.

0.522% Vi=j
=\ zz s
I I

where Z; represents the nuclear charge of the i-th atom, while R; represents its Carte-
sian coordinates. The off-diagonal elements of the matrix represent the Coulombic
repulsion between atoms i and j, whereas the diagonal elements capture a poly-
nomial approximation of the atomic energies as a function of the nuclear charges,
specifically 0.5Z* [99, 100].

One of the primary advantages of the Coulomb matrix lies in its ability to
simultaneously encode both the atomic composition and the spatial arrangement of
atoms within a molecule. This dual encoding makes the Coulomb matrix a powerful
and conceptually simple descriptor for representing molecular systems in a form that

is directly compatible with standard machine-learning algorithms.

However, this representation also exhibits a significant limitation, which is
explicitly addressed in this thesis. The dimensionality of the Coulomb matrix scales
quadratically with the number of atoms, growing as N2. This scaling rapidly becomes



3.6 Computational material representation 63

computationally prohibitive for large molecular systems and extended materials,

such as graphene flakes, where the number of atoms can be very large.

To mitigate this issue, several strategies have been proposed in the literature. A
common approach consists in computing the eigenvalue spectrum of the Coulomb
matrix and using the resulting eigenvalues as a fixed-length vector representation.
This transformation reduces the scaling from quadratic to linear in the number of
atoms, while preserving global structural information through the spectral properties

of the matrix.
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Fig. 3.9 Representation of benzene (CgHg) molecule (left) and sorted Coulomb matrix (right).
Sorting in the coulomb matrix is essential for the invariance preservation. The calculation
procedure was implemented by the author.

3.6.2 Molecular Representation

SMILES The Simplified Molecular Input Line Entry System (SMILES) [101] is
a widely adopted notation for representing chemical structures as linear strings of
characters, offering a compact and computationally efficient encoding of molecular
systems. In recent years, SMILES has been extensively employed as an input
representation for sequence-based machine-learning models, particularly transformer
architectures, where molecules are treated analogously to natural language sequences.
Within this framework, SMILES strings enable the direct application of tokenisation,
embedding and attention mechanisms for tasks such as molecular property prediction,

reaction modelling and de novo molecular generation [102, 103].
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Despite its widespread use, the SMILES representation exhibits several intrin-
sic limitations. Most notably, the linear string does not explicitly preserve the
three-dimensional geometry of the molecule, nor does it uniquely encode molecular
structure, as multiple valid SMILES strings may correspond to the same molec-
ular graph. As a result, the representation is sensitive to atom ordering and may
introduce ambiguities that are not physically meaningful. Furthermore, long-range
interactions and spatial relationships are only implicitly encoded through sequential
dependencies, making it challenging for sequence-based models to consistently
capture geometric and topological constraints. These limitations motivate the explo-
ration of alternative representations that more directly encode molecular structure
and symmetry, particularly for applications where spatial information plays a critical

role.

3.7 Conclusion

This chapter has introduced the key machine learning and deep learning architectures
employed throughout the thesis. Alongside a discussion of the fundamental principles
underpinning modern data-driven modelling, each class of model was presented
with concise insights into how it can be integrated into, or has been applied within,
materials and device modelling workflows. The aim of this overview was not to
provide an exhaustive mathematical treatment of every framework, but rather to
establish a coherent methodological foundation. The concepts and architectures
reviewed here equip the reader with the essential background required to follow
the design choices, modelling strategies and computational tools developed in the

subsequent chapters.



Chapter 4

The conceptual bridge

4.1 Why a Conceptual Bridge Is Needed

Modern materials and device engineering increasingly operates in regimes where
physical phenomena span multiple spatial and temporal scales, from atomistic elec-
tronic interactions to mesoscale transport processes and system-level performance
metrics. While multiscale modelling has long been recognised as a necessary
paradigm to address such complexity, classical approaches are often built upon
explicit hierarchical couplings between models operating at different resolutions.
These couplings typically rely on scale separation assumptions, parameter passing
strategies, or nested simulations, which become progressively fragile as system

dimensionality, heterogeneity and variability increase.

In practice, many contemporary problems do not admit a clean separation of
scales. Defect-driven electronic behaviour in nanomaterials, morphology-dependent
transport in organic devices, and stochastic variability induced by fabrication pro-
cesses all introduce non-linear feedbacks that challenge traditional multiscale schemes.
As aresult, the bottleneck of multiscale modelling is no longer solely the formulation
of accurate physical equations, but the ability to manage, integrate and exploit the

vast amount of heterogeneous data generated across modelling stages.

This observation motivates a shift in perspective. Rather than attempting to
enforce direct numerical coupling between physical models, this thesis adopts the
view that information, rather than equations, should act as the primary carrier across

scales. In this framework, physical simulations at different resolutions are treated as
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generators of structured data, which can be organised, analysed and learned from

within a unified computational ecosystem.

Artificial intelligence plays a central role in enabling this transition, but not
as a substitute for physics-based modelling. Instead, AI methods are employed to
construct mappings between representations of physical states, allowing knowledge
extracted at one scale to inform modelling decisions at another. This requires a
conceptual bridge capable of linking physical structure to functional prediction

through shared data abstractions and learning mechanisms.

The purpose of this chapter is to formalise this bridge. It provides the conceptual
and methodological framework that connects the theoretical foundations introduced
in the previous chapters with the concrete applications developed in the remainder of
the thesis. By reframing multiscale modelling as a data-centred and representation-
driven process, the chapter establishes the logical continuity between atomistic

simulations, mesoscale surrogate models and generative design strategies.

4.2 From Physical State to Informational Representa-

tion

At the core of the proposed framework lies the transformation of physical systems
into informational representations that can be consistently manipulated, analysed,
and learned from across different scales. Any physical system can be described
by a state space governed by underlying physical laws; however, direct access to
this state space is typically mediated through numerical simulations, experimental
measurements, or observational data, each producing outputs with distinct structures,

resolutions, and semantics.

In this work, physical states are not treated as isolated numerical results, but as
elements embedded in a structured data manifold. Atomic coordinates, electronic
energies, current densities, morphological fields, and transport observables are
interpreted as different projections of an underlying physical configuration encoded
in data. This abstraction enables heterogeneous physical outputs to be integrated
within a unified computational framework without requiring explicit equation-level

coupling between models operating at different scales.
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Formally, this process can be described as a mapping from the physical domain

to an informational domain,
P s Fnys — Mg @.1)

where .7}hys denotes the space of admissible physical states and .#,, represents
a manifold defined by structured data representations. Depending on the scale and
nature of the system, elements of .#,, may take the form of graphs, tensors, images,

scalar descriptors, or field quantities.

Once embedded in .#4,,, physical systems can be analysed using machine
learning models that operate on representations rather than on explicit governing
equations. This shift does not imply a loss of physical meaning. On the contrary,
the choice of representation encodes prior knowledge about the system including
symmetries, conservation principles, spatial locality, and relevant degrees of freedom.
For example, neural operator architectures exploit field-based representations to learn
mappings between function spaces, while feature-based models rely on physically

motivated descriptors extracted from atomistic or morphological configurations.

This representational viewpoint enables a unified treatment of problems that
would otherwise appear fundamentally disconnected. Atomistic simulations of
defective graphene and mesoscale simulations of organic photovoltaic devices differ
in scale, governing equations, and numerical solvers; yet, both can be expressed
as mappings between structured inputs and outputs within the same informational
framework. As a result, learning strategies, data infrastructures, and validation

methodologies can be transferred across domains with minimal conceptual friction.

By elevating representations to first-class objects of the modelling process, the
conceptual bridge introduced here decouples physical fidelity from computational
tractability. High-fidelity simulations remain essential as sources of ground-truth
data, but their role shifts from direct predictors to generators of structured informa-
tion. This perspective underpins the data-driven multiscale strategy developed in
the subsequent chapters, where learning models operate on representations derived
from physics, rather than attempting to rediscover physical laws from scratch. This
representational abstraction is particularly relevant when considering the role of ad-
vanced materials within complex urban and infrastructural systems. In contemporary
smart city contexts, materials are no longer passive components, but active enablers

of sensing, energy conversion, communication, and adaptive functionality. The per-
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formance of urban-scale technologies such as energy harvesting systems, distributed
sensors, and electronic infrastructures is intrinsically linked to material properties

that originate at the nanoscale and propagate through device-level behaviour.

By expressing material behaviour through informational representations, it be-
comes possible to connect atomistic and mesoscale descriptions to system-level
objectives without requiring explicit multiscale simulation of the entire urban envi-
ronment. In this perspective, materials act as the physical substrate through which
urban functionalities emerge, while data-driven models provide the interface that
translates material-level properties into actionable performance indicators at the city
scale.

This approach enables a shift from material-specific optimisation to function-
oriented design, where materials are evaluated and selected based on their contribu-
tion to broader infrastructural goals such as efficiency, robustness, and scalability.
Within the proposed framework, the city is therefore not modelled directly as a
physical system, but as an aggregation of functionalities informed by data generated
at lower scales. The informational representation of materials becomes the key

mechanism through which nanoscale physics influences urban-scale performance.

4.3 Data as the Multiscale Coupling Layer

The representational perspective introduced in Section 4.2 implies a key method-
ological consequence: the coupling across scales is no longer implemented primarily
through direct numerical interaction between physical solvers, but through structured
data that preserve physical meaning, provenance, and interoperability. In other
words, the coupling layer is informational. This shift is not a matter of convenience;
it is a practical requirement in the presence of heterogeneous models, incompatible
discretisations, and high-dimensional outputs that cannot be propagated across scales

through classical parameter passing alone.

Within the framework proposed in this thesis, each physical modelling stage is
treated as a producer of a well-defined data product. At the atomistic scale, simula-
tions generate structure-resolved outputs such as geometries, electronic descriptors,
and transport-relevant quantities. At the mesoscale and device scale, simulations

generate field-based observables (e.g., morphology-dependent potentials, current den-
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sities, carrier distributions) as well as device-level performance indicators. At higher
functional levels, these outputs become inputs to surrogate modelling, uncertainty
assessment, generative exploration, and decision-making workflows. The coupling
mechanism across these stages is therefore the ability to store, query, transform, and

reuse data in a consistent and traceable manner.

To make this coupling reliable, the data layer must satisfy three requirements:
(i) semantic consistency, ensuring that quantities maintain unambiguous meaning
across pipelines; (ii) technical interoperability, enabling cross-tool exchange without
lossy conversions; and (iii) provenance and reproducibility, ensuring that results
can be traced back to the simulation conditions and computational context that
generated them. Without these properties, learning-based models may achieve
apparent predictive performance while silently encoding artefacts of data generation,

thereby undermining scientific validity.

A robust approach to these requirements is provided by FAIR-aligned data
practices, where datasets are designed to be Findable, Accessible, Interoperable,
and Reusable. In the context of multiscale modelling, FAIR principles are not
merely a set of publication-oriented guidelines, but a technical specification for
enabling the informational coupling layer. Findability requires persistent identifiers
and consistent naming schemes that allow models and users to locate data products
reliably. Accessibility requires that data can be retrieved through stable mechanisms,
without reliance on transient local environments. Interoperability demands machine-
readable formats and metadata that support cross-software interpretation. Reusability
requires sufficient contextual information to allow data to be used beyond the original
project scope, including licensing, attribution, and detailed provenance.

In practical terms, this thesis adopts a data organisation strategy in which simula-
tion outputs are stored in hierarchical, self-describing structures that accommodate
heterogeneous modalities. A hierarchical layout supports the co-existence of atom-
istic descriptors, device-scale scalar observables, and high-dimensional fields within
the same logical container while preserving clear semantic boundaries between data
types. Equally important is the systematic inclusion of metadata. Root-level metadata
describe dataset-level provenance (e.g., creation date, authorship, versioning, licens-
ing, and persistent identifiers), while entry-level metadata capture sample-specific
context, including simulation parameters, boundary conditions, solver settings, con-

vergence thresholds, and links to the generating workflow. This dual-level metadata
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strategy is essential: dataset-level metadata enable citation and governance, whereas

entry-level metadata enable scientific traceability.

The coupling role of the data layer becomes explicit when considering the
learning tasks addressed in the subsequent chapters. For surrogate modelling, the
data layer must ensure that the mapping between inputs and outputs is well-posed
and stable under dataset evolution; this requires consistent normalisation protocols,
unit conventions, and unambiguous target definitions. For neural operators, the data
layer must preserve spatial correspondence, grid definitions, and snapshot semantics
for field quantities, so that learning models do not conflate physical evolution with
representational artefacts. For generative modelling and design exploration, the
data layer must support the ability to sample, condition, and validate candidate
configurations while maintaining a direct link to their physical interpretation and
evaluation metrics. In all cases, the quality of the coupling is constrained by the

quality of the data infrastructure that mediates it.

Automation is therefore a structural component of the coupling layer rather than
an implementation detail. High-throughput simulation campaigns, dataset curation,
feature extraction, and model training must be orchestrated through reproducible
workflows that minimise manual intervention and reduce human-induced variability.
Automation also supports systematic error checking, logging, and dataset versioning,
which are required to maintain integrity when datasets grow in size and complexity.
In this thesis, automation is treated as a prerequisite for scientific scalability: without
automated pipelines, the coupling layer becomes brittle, irreproducible, and difficult

to audit.

Finally, the data layer enables a disciplined separation between physical fidelity
and computational tractability. High-fidelity solvers remain the reference mecha-
nisms for generating ground-truth information, but their outputs can be distilled into
reusable representations that support learning-based acceleration and cross-domain
transfer. This perspective clarifies the methodological continuity across the case
studies presented later in the thesis. Although the physical domains differ substan-
tially, both are integrated through the same data-centred coupling logic: simulations
produce structured and traceable data, data enable learning, and learning enables

scalable exploration and prediction.

The remainder of this chapter builds upon this foundation by framing enabling
technologies as capabilities that operationalise the coupling layer (Section 4.4) and
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by classifying learning models as mechanisms for transferring information across

representations and scales (Section 4.5).

4.4 Key Enabling Technologies as Structural Connec-

tors

The data-centred coupling layer described in Section 4.3 does not emerge in isolation,
but is enabled by a set of technological capabilities that collectively support scalable,
automated, and interoperable scientific workflows. Within the European research
and innovation landscape, these capabilities are often grouped under the notion of
Key Enabling Technologies (KETs). In this thesis, however, KETs are not treated as
policy-defined sectors, but as structural connectors that operationalise the conceptual
bridge between physical modelling and data-driven intelligence.

From a methodological perspective, the relevance of KETs lies in their func-
tional role rather than in their categorical definition. High-performance computing,
advanced data infrastructures, artificial intelligence, and workflow automation form
a tightly coupled technological stack that enables the transition from isolated simu-
lations to integrated modelling pipelines. It is this stack, rather than any individual
technology, that allows information generated at one scale to be transformed, propa-

gated, and exploited at another.

High-performance computing provides the computational backbone required to
generate high-fidelity reference data. Atomistic electronic-structure simulations and
mesoscale device-level solvers are computationally intensive and often prohibitively
expensive when used directly for design-space exploration or uncertainty analysis.
HPC resources enable the systematic generation of large, diverse datasets that capture
structural variability and physical complexity, thereby supplying the ground-truth

information upon which data-driven models are trained.

Advanced data infrastructures constitute the connective tissue of the framework.
Hierarchical storage formats, metadata standards, persistent identifiers, and version-
controlled repositories allow simulation outputs to be transformed into reusable
scientific assets. These infrastructures ensure that data produced by heterogeneous
solvers and software environments can be integrated within a common informational

space, supporting interoperability across scales and domains. Without such infras-
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tructures, the coupling layer would remain fragile, ad hoc, and difficult to extend

beyond narrowly defined case studies.

Artificial intelligence acts as the mechanism through which information encoded
in data is transformed into predictive and generative capability. Surrogate models,
neural operators, and generative architectures enable the extraction of functional
relationships from high-dimensional datasets, providing rapid approximations of
expensive simulations and supporting inverse design tasks. Within the proposed
framework, Al models are not viewed as standalone predictors, but as components
embedded within a broader data and workflow ecosystem that preserves physical
interpretability and traceability.

Automation links these components into a coherent operational pipeline. Auto-
mated workflows orchestrate simulation execution, data curation, feature extraction,
model training, and evaluation with minimal manual intervention. This is essential
not only for computational efficiency, but also for scientific robustness. Automation
reduces human-induced variability, enables systematic error checking, and supports
reproducibility when datasets and models evolve over time. In the absence of au-
tomation, the integration achieved through data infrastructures and AI models would

not scale to realistic problem sizes.

Crucially, the same technological stack enables the treatment of fundamen-
tally different physical problems within a unified methodological framework. The
atomistic modelling of defective graphene and the mesoscale simulation of organic
photovoltaic devices rely on distinct physical theories, numerical solvers, and data
representations, yet they can be integrated within the same data-centred methodolog-

ical framework.

4.5 Learning and Optimisation Across Scales

Within the data-centred framework outlined in the previous sections, learning models
serve as the operational mechanism through which information is transferred across
representations and scales. Rather than being treated as generic predictors, machine
learning models are classified according to the specific role they play in mediat-

ing between physical descriptions, data representations, and functional objectives.
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This functional classification is essential to maintain conceptual coherence across

heterogeneous applications.

At the most immediate level, supervised surrogate models approximate the
input—output relationships defined by high-fidelity physical simulations. These
models learn mappings between structured representations of physical systems and
scalar or low-dimensional targets, such as electronic properties, transport metrics, or
performance indicators. Their primary function is computational acceleration: once
trained, surrogates enable rapid evaluation of physical responses across large design
spaces that would otherwise be inaccessible using direct simulation alone. In this
context, learning acts as a compression mechanism, distilling expensive physical

computations into reusable predictive representations.

Neural operator models extend this concept by shifting the learning target from
finite-dimensional mappings to operators between function spaces. By operating
directly on field-based representations, neural operators learn how entire physical
fields transform under variations in input conditions. This is particularly relevant for
mesoscale and device-level problems, where spatially resolved quantities such as
potentials, carrier densities, or current distributions play a central role. Here, learning
enables the approximation of governing operators without explicit discretisation-
dependent coupling, providing a scale-agnostic mechanism for modelling complex
physical behaviour.

Beyond prediction, learning models also enable optimisation and exploration
across scales. Generative models and conditional sampling strategies support the
synthesis of new physical configurations that satisfy target criteria defined in the
informational domain. In this setting, optimisation is reframed as a navigation prob-
lem on the data manifold, where candidate solutions are generated, evaluated, and
iteratively refined based on their predicted functional performance. This approach
decouples the exploration of design spaces from direct physical simulation, while
preserving a link to physical validity through surrogate evaluation and post-hoc
verification.

Importantly, these learning paradigms do not operate in isolation. Surrogate mod-
els, neural operators, and generative components are embedded within a shared data
and workflow infrastructure, allowing information to flow bidirectionally between
them. Surrogates inform optimisation by providing rapid evaluations; neural opera-

tors supply field-level predictions that enrich performance assessment; generative
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models propose new configurations that expand the domain of exploration. The
coherence of this interaction depends critically on the consistency of the underlying

data representations and metadata described in Section 4.3.

From a multiscale perspective, learning therefore functions as a translation layer
rather than as a replacement for physics. Physical solvers remain the source of
authoritative information, but learning models mediate how this information is
reused, extrapolated, and propagated across scales and applications. This translation
is inherently approximate, and its validity must be continuously assessed through
uncertainty analysis, interpretability tools, and targeted high-fidelity validation. Such
assessment is an integral part of the framework, ensuring that predictive power does

not come at the expense of scientific credibility.

By positioning learning and optimisation as mechanisms for information transfer
rather than as end goals, this section completes the conceptual bridge developed
in this chapter. The case studies presented in the following chapters should there-
fore be interpreted not as isolated applications of specific models, but as concrete

instantiations of this general learning-enabled multiscale methodology.

4.6 Chapter Synthesis and Transition to Case Studies

This chapter has established a conceptual and methodological bridge between the
theoretical foundations introduced earlier in the thesis and the application-driven
developments presented in the subsequent chapters. By reframing multiscale mod-
elling as a data-centred process, the chapter has shown how information, rather than
direct numerical coupling, can act as the primary mechanism through which physical
knowledge is transferred across scales.

Section 4.1 motivated the need for a conceptual bridge by highlighting the limi-
tations of classical multiscale approaches in the presence of heterogeneous models
and complex physical interactions. Section 4.2 formalised the transformation from
physical states to informational representations, establishing a common abstraction
layer capable of accommodating atomistic, mesoscale, and functional descriptions
within a unified framework. Section 4.3 identified structured data and metadata as the
operative coupling layer that enables learning-based integration, while Section 4.4

positioned enabling technologies as the capabilities that operationalise this coupling
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in practice. Finally, Section 4.5 clarified the role of learning and optimisation models
as mechanisms for transferring and exploiting information across representations
and scales.

Together, these elements define a general methodological pipeline in which
high-fidelity physical simulations generate structured and traceable data; data in-
frastructures enable interoperability and reuse; learning models provide predictive,
generative, and optimisation capabilities; and automation ensures scalability and
reproducibility. This pipeline is intentionally agnostic to specific physical domains,

focusing instead on the structure of the modelling process itself.

The remainder of the thesis demonstrates the applicability of this framework
through two complementary case studies. Chapter 5 applies the methodology at the
atomistic scale, focusing on the data-driven modelling and exploration of defective
graphene. Chapter 6 extends the same principles to the mesoscale domain, addressing
surrogate and operator learning for organic photovoltaic devices. Although the phys-
ical systems and modelling techniques differ, both chapters should be interpreted as
instantiations of the same conceptual bridge, adapted to distinct data representations
and learning tasks.

By making this continuity explicit, the chapter positions the following case stud-
ies not as isolated applications, but as evidence of the generality and transferability
of the proposed data-driven multiscale framework.



Chapter 5

Learning the Device Physics of
Organic Photovoltaics: Neural
Operators, Morphology Clustering
and Generative Modelling

5.1 The importance of organic devices in smart cities

In the following case study, particularly the one concerning the device scale within
our multiscale framework, we addressed the challenge of exploring a data-driven
solution to the drift—diffusion problem, applied specifically to bulk heterojunction
(BHJ) organic photovoltaic devices. Organic semiconductors are highly promising
in terms of performance, representing next-generation photovoltaic devices. Notably,
they can be considered both a cost-effective and efficient alternative to conventional
devices that have so far reached the market. Recent developments, particularly
in polymer/non-fullerene systems, have led to significant improvements in their

efficiency, reaching values of approximately 19% [104].

Recently, there has been increasing interest in BHJ architectures [105], which
consist of a nanoscale blend of electron donors and acceptors sandwiched between

two contacts.
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The integration of these emerging technologies into the infrastructures of smart
cities opens new opportunities for structural and functional innovation. Devices
based on flexible and organic materials, as highlighted in [106], enable a paradigm
shift in which infrastructures are no longer passive energy consumers but become
active energy generators, contributing to the long-term goal of self-sufficient urban
systems powered exclusively by renewable sources. Consequently, research into im-
proving the performance of such devices has become increasingly relevant. From an
engineering perspective, advancing this field requires a multiscale approach capable
of linking material-level properties to system-level performance. Moreover, the inte-
gration of artificial intelligence and data-driven methodologies plays a critical role in
both accelerating the discovery of novel materials and topological configurations,
and in optimising device design and scalability [104]. This dual focus on material
innovation and computational intelligence is central to enabling high-performance,
sustainable, and scalable energy solutions for the smart cities of the future.

The main objective of this chapter is to present an automated device-level work-
flow capable of predicting the key targets on a 3D grid, as well as the scalar compo-
nent of the J-V curve, through a hybrid architecture combining Neural Operators with
attention mechanisms. Through this strongly hybrid design, the aim is to develop a
data-driven drift—diffusion model that enables exploration of the morphology space
and, as discussed in the final section, provides the ability to classify morphologies
and, via a generative concept, to target specific regions of interest in this space in
order to generate morphologies that satisfy given design requirements. Throughout
the chapter it will become clear that, within the scope of this thesis, this framework
represents only an initial theoretical step, paving the way for a full engineering of
the process and for scaling the approach to higher-resolution and higher-dimensional

morphologies.

5.2 Solving drift-diffusion equations with operator

learning

Neural operators have recently emerged as a powerful class of models for learning
mappings between infinite-dimensional function spaces [40]. In the context of partial
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differential equations (PDEs), they aim to approximate the solution operator
9 :a(x) — u(x), (5.1)

where a(x) denotes the input function, such as material properties, source terms, or
boundary conditions, and u(x) represents the corresponding solution of the PDE.
Unlike standard neural networks that learn finite-dimensional mappings, neural
operators learn directly at the operator level, making them mesh-independent and
applicable across different discretisations.

In the case of BHJ morphologies, the drift-diffusion equations describe the
coupled transport of electrons and holes under the influence of internal electric
fields and recombination processes. For a given three-dimensional morphology,
the electron and hole densities, n(x) and p(x), and the electrostatic potential, ¢ (x),
satisfy the steady-state drift-diffusion equations:

V-Ju =Ry, Jn=—-unVe +D,Vn, (5.2)
V-Jp=—Rp, Jp=—ppVo —D,Vp,  (5.3)
—V-(eVe) =q(p—n+Nyop), (5.4)

where J,, and J, are the electron and hole current densities, i, and U, denote
mobilities, D, and D,, are diffusion coefficients, R, and R, are recombination rates
(including Shockley—Read—Hall processes), € is the permittivity, g the elementary
charge, and Nyop the doping density. The boundary conditions reflect contacts and

applied voltages across the device.

Neural operators can be trained to map a given BHJ morphology and its material
parameters directly to the full solution fields (n, p, ¢), effectively learning the solu-
tion operator ¢ for the drift-diffusion system. This approach allows rapid evaluation
of device behaviour for new morphologies without solving the PDEs from scratch,
providing a mesh-independent surrogate for numerical simulation across the spatial
domain.

This workflow is particularly justified because, as shown in Fig. 5.1, the compu-
tational cost increases sharply as the grid resolution grows, making it increasingly
difficult to work with morphologies approaching realistic scales.
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Fig. 5.1 Computational time and C costant of the drift diffusion solver for grids with size 2"V.
5.3 Automation frameworks for device simulation

The methodological paradigm followed in this chapter is aligned with that adopted
across the various applications presented throughout the thesis. A recurrent challenge
is the integration of heterogeneous domains and multiple levels of analysis, which
necessitates robust mechanisms for interoperability and data exchange. In this
context, the general principle of integration through well-defined data interfaces is
once again applied. The complete workflow underpinning the construction of the
dataset, including the standardisation of data flows and their subsequent processing,
is illustrated in Figure 5.2. For the purposes of this work, two preparatory phases
can be identified. In the first phase, the automatic generation of morphologies is
carried out using the methods presented in Sections 5.3.1 and 5.3.2. Subsequently, an
interface layer was constructed between the simulator and the morphology generation
pipeline in order to automate the simulation process. The simulation step is essential
since all the algorithms employed in this study are supervised. Accordingly, the
second phase corresponds to the generation of the ground-truth data required for

supervised learning.

The steps leading to the construction of the dataset and the generation of the

ground-truth data can be summarised as follows:



Learning the Device Physics of Organic Photovoltaics: Neural Operators,
80 Morphology Clustering and Generative Modelling

A Data Generation Phase

A > (f“fu P
< dp ot L o | |
\»(\‘/\/ ) > /‘J ‘\ > I 1
~ [ > o5 [ o] d

| -

Grid generation LHS Perlin parameter sampling Morphology CSV output

B Simulation and Storage Phase

l
—=—1

Dataset Parallel batch execution OghmaNano

(((0

Fig. 5.2 A) Automatic workflow for morphology generation based on Perlin noise patterns.
B) Simulation workflow using a parallel pool executor and systematic dataset storage.

1. Generation of the morphologies (in this work, with dimensions 20 x 20 x 20);

2. Implementation of the data interface between the morphologies and the simu-

lator;

3. Simulation of the morphologies to produce the ground-truth data.

The entire simulation workflow, as illustrated in Fig. 5.2, was implemented using
parallel pooling in order to accelerate execution and assign each simulation to an
individual CPU thread.

5.3.1 Morphology Generation for Bulk Heterojunction

Several approaches were explored for generating the morphology of the BHJ device,
with the goal of producing realistic phase-separated structures that reflect both the
correct geometric features and the appropriate final concentrations of the donor
(PM6) and acceptor (Y6) materials.

The first approach was based on statistical methods, particularly noise-based
generation followed by clustering. Clustering played a key role in this context, as
it helped reduce the presence of isolated domains within the 3D volume. These
isolated domains, if present, could lead to numerical instabilities in the subsequent

simulation steps, particularly when computing charge carrier densities, energy levels,
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and current density fields. However, this method presented a major drawback: the
parameter calibration for clustering proved to be extremely challenging. Even after
careful tuning, the resulting morphologies often exhibited unrealistic distributions of

the two polymeric phases.

To address this limitation, we adopted a more structured statistical method based
on volumetric Perlin noise. Perlin noise has the advantage of being controlled by a
small number of parameters, with the number of octaves being the most significant.
For all morphologies included in our dataset, the number of octaves was fixed to
2. This choice ensured a good balance between spatial frequency and structural
smoothness. The algorithm used to generate the 3D Perlin noise fields is summarised
in Algorithm 1, and was applied directly to the full device volume to produce initial
binary or continuous concentration fields, later post-processed to reflect the BHJ

morphology.

Algorithm 1 Generate 3D Perlin Noise Morphology

1: Imput: number of octaves octaves

2: Create empty 3D array volume of shape (n;,ny,ny)
3: Initialize Perlin noise generator with octaves

4: forz=0ton,—1do

5 forx=0ton,—1do

6 fory=0ton,—1do

7: u<—z/n;

8 V< x/ny

9 w<y/ny

10: volume[z][x][y] < noise(u,v,w)
11: end for

12:  end for

13: end for

14: Normalize volume to range [0, 1]
15: Output: binary volume where values > 0.5 are set to 1, else 0

5.3.2 Cahn-Hilliard Modelling of Phase Separation

The second approach explored for generating realistic BHJ morphologies was to
explicitly model the phase evolution over time. In particular, the two materials (Y6
and PM6) were treated as immiscible polymeric species, initially well-mixed, that

undergo phase separation over time. This results in the formation of distinct domains
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that characterise the final morphology of the active layer. This approach is inspired
by classical phase-field models of demixing, as discussed in [107], and relies on the

Cahn-Hilliard equation [108], which governs the time evolution of the concentration
field.

The Cahn-Hilliard equation is a fourth-order nonlinear partial differential equa-
tion (PDE) that describes the dynamics of phase separation in binary mixtures. In its

standard non-dimensionalised form, the equation is written as:

ac_ _619?__ 2 ’
E—V-(MV[,L), p=—5-= kVee+ f'(c) (5.5)

Here, the key variables and parameters are:

c(x,t): the concentration field (or order parameter), representing the local
volume fraction of one of the two materials (e.g., PM6); values typically range

between —1 and +1, or 0 and 1 depending on convention.

* M: the mobility coefficient, which controls the rate of mass transport; it can

be constant or concentration-dependent.

e u: the chemical potential, derived as the variational derivative of the free
energy functional .%.

» K: the gradient energy coefficient, which penalises sharp interfaces and thus
controls interface thickness.

* f(c): the bulk free energy density, usually modelled as a double-well potential,

such as f(c) = }‘(c2 —1)2, which promotes separation into two stable phases.

The total free energy functional .7 [c] is given by:

9[c]:/g<§wc|2+f(c)> dx (5.6)

This formulation captures the competition between two effects: the thermody-
namic tendency to minimise bulk free energy (driving phase separation), and the
energetic cost of creating interfaces between the two phases. The Cahn—Hilliard
model naturally generates smooth, physically realistic morphologies with tunable
domain sizes and interface sharpness.
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Fig. 5.3 The image on the left shows a morphology obtained using a fixed seed of 22 and the
parameters listed in Table A.1

By simulating this equation over time on a 3D computational grid, we are
able to produce BHJ morphologies that exhibit phase-pure domains and realistic
interpenetrating networks, key features required for efficient exciton dissociation and
charge transport in organic photovoltaic devices. The simulation is performed using a
spectral method solution and the parameters listed in Table A.1. The implementation
is fully GPU-accelerated and written in plain PyTorch, following the structure of a

classic neural network (see Appendix A for detailed mathematical implementation).

5.3.3 Simulation Setup

For the generation of this dataset, the device architecture illustrated in Fig. 5.4 was
adopted. Throughout the dataset construction, all principal simulation parameters
were held constant to ensure reproducibility and control over external variables. The
only varying component across simulations was the central active layer, correspond-
ing to the BHJ morphologies.

The simulated device has dimensions of 110 X 110 x 110 nm, a scale, particularly
in terms of thickness, commonly employed in experimental studies. The device is
based on the PM6:Y6 polymer blend system, and the complete stack used in the
simulations comprises: ITO/SnO,/PM6:Y6/M0oO3/Ag.
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Fig. 5.4 a) Chemical structure of Y6 and PM6, materials of acceptor and donor in our
simulations b) Representation of the simulation setup

All simulations were performed under strictly uniform illumination conditions,
guaranteeing consistent light exposure across all devices. As a result, variations in the
resulting J-V characteristics can be directly attributed to differences in the internal
BHJ morphology, effectively isolating the influence of morphological factors from

other potential external sources such as illumination intensity or spectral composition.

This controlled setup allows for a systematic evaluation of the effect of distinct
BHIJ morphologies on the electrical and physical behavior of the device, providing
a robust basis for correlating structural features with performance metrics while
maintaining all other conditions fixed. The entire dataset was generated using the
OghmaNano software.[109-111]

Initially, the BHJ morphologies were created through the statistical algorithm
detailed in Section 5.3.1. However, since we started with a limited number of
samples, we observed that random sampling did not adequately cover the parameter
space. To address this issue, we modified the algorithm so that the noise parameters
were selected using Latin Hypercube Sampling (LHS) [112]. It is well established
that LHS provides a more uniform and comprehensive exploration of the parameter
space, particularly when dealing with a small sample size. Consequently, adopting

LHS allowed us to sample the Perlin noise parameters more effectively, ensuring a
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more thorough and representative coverage of the possible parameter combinations.
The targets to be learned, which were extracted from the output files of OghmaNano,

are as follows:

* Jp: Hole current density. Represents the current due to the drift and diffusion

of positive charge carriers (holes) in the device.

* Qufree_and_ntrap: Total electron charge density, including both free and trapped
electrons. Indicates the overall presence of electrons in the system, whether

mobile or immobilised in trap states.

e Ec: Conduction band edge energy. Defines the minimum energy required for

an electron to be in the conduction band and contribute to electrical conduction.

* Qutrap: Trapped electron charge density. Refers to electrons captured by
localised energy states (traps) within the bandgap, reducing their contribution

to conduction.

* Qptrap: Trapped hole charge density. Represents holes that are immobilised in

trap states, limiting their participation in charge transport.

* Qnfree: Free electron charge density. Denotes mobile electrons in the conduc-
tion band that actively contribute to electrical current.

* Qpfree: Free hole charge density. Refers to mobile holes in the valence band

that contribute to the hole current.

* u,: Electron mobility. Measures how quickly electrons move through the

material under the influence of an electric field.

* u,: Hole mobility. Indicates the ease with which holes move through the

material when subjected to an electric field.

* Ryrh_nfree_to_ptrap: SRH recombination rate from free electrons to trapped
holes. Describes the rate at which free electrons recombine with trapped holes
via Shockley-Read-Hall processes.

* Rgrh_pfree_to_ntrap: SRH recombination rate from free holes to trapped elec-
trons. Reflects the rate of recombination between free holes and trapped

electrons, reducing carrier lifetimes.
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All physical quantities are extracted from OghmaNano, which computes them at
each point of the simulation grid. To enable direct comparison with the outputs of
our neural network, these quantities are subsequently interpolated onto a regular

cubic grid representing the device volume.

The calculations are performed for each applied voltage step, hereafter referred
to as snapshots. However, not all snapshots were retained in the dataset. Instead,
five representative voltage points were selected, at which all the aforementioned
quantities were evaluated. Since one of our objectives is to approximate the J-V
curve, the same five snapshots were also used to extract the corresponding points
from the J-V characteristics.

For a given three-dimensional morphology and a fixed set of physical parameters,
the simulator determines the steady-state solution of the coupled equations under
different bias voltages. The resulting output is organised as a sequence of snapshots,
each associated with a specific applied voltage within the bias range. At each snap-
shot, the solver provides spatially resolved quantities including quasi-Fermi levels,
charge densities, electric fields, and current densities defined over the morphological
grid. Consequently, the simulation output is inherently multi-dimensional, spanning
both the spatial domain and the voltage sweep.

Formally, the dataset used to train our neural network for a generic target can be
defined as:

N
9 = {(xivyivyls') ‘ Xi € RlXHXWXDv Yi € RSXHXWXD? yf € Rs}ii

(5.7)

5.3.4 Selection of Representative Snapshots along the J-V Curve

In this subsection, it is important to emphasise the criteria adopted for snapshot
selection, as these determine which voltage points were used for reconstructing the

J-V curve.

The current—voltage (J—V) characteristic curve describes the macroscopic elec-
trical response of a device under varying applied voltage, and is one of the most
critical diagnostic tools in the characterisation of photovoltaic and optoelectronic
systems. The J-V curve is typically obtained by sampling the total current density
across a range of applied biases, from short-circuit conditions to forward bias. Key
performance indicators such as the short-circuit current density (Jy.), the open-circuit



5.3 Automation frameworks for device simulation 87

voltage (Vic), the fill factor (FF), and the power conversion efficiency (PCE) can all

be extracted from the shape of this curve.
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Fig. 5.5 The figure shows the full J-V curve plotted using all the snapshots provided by the
simulator, alongside the approximated J-V curve obtained from the selected snapshots (red
points).

After introducing the fundamental concepts of the J-V curve and the simulation
outputs, we describe the methodology employed to select a reduced set of represen-
tative snapshots. The J-V curve was first trimmed to remove regions with limited
relevance for photovoltaic characterization (Fig. 5.5). Specifically, all points beyond
the open-circuit voltage, V,, were discarded. Beyond this voltage, the device is no
longer operating within its functional regime: power output approaches zero, and the
curve is dominated by parasitic effects, including series resistance and dark current
contributions. Retaining these points would not contribute to the estimation of key
photovoltaic figures of merit and could introduce distortions in subsequent analyses.
Following trimming, an empirical procedure was applied to select representative
snapshots. The approach employs a piecewise sigmoid function, designed to min-
imise the mean squared error (MSE) between a reconstructed J-V curve, derived
from selected snapshots, and the original full curve. The number of snapshots, five
in this case, was chosen based on the minimisation of the MSE. Examination of the
J-V curve indicates a natural division into two regions: an exponential region at low

voltages and a predominantly linear region at higher voltages.
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The piecewise sigmoid function is defined as:
f(x) = (1-8(x)) (a1x+b1) +S(x) (azebzx +c2), (5.8)

with the sigmoid transition function

1

St) = 14exp (—k(x—x0))

(5.9)

Here, a;,b denote the slope and intercept of the linear region, a,, b, c, define
the exponential region, x indicates the transition point, and k controls the sharpness

of the transition.

To perform the fit, initial guesses and bounds were defined for each parame-
ter (Table 5.1). Let Vg, denote the set of voltages corresponding to the selected

snapshots along the J-V curve.

Table 5.1 Initial guesses and bounds for the piecewise sigmoid fitting parameters.

Parameter Initial guess (pg) Lower bound Upper bound

al 0 -10 10
by 0 -10 10
a 1 -10 10
by 1 -10 10
2 0 -10 10
X0 median(Vyyp) min(Vyyp) max (Vi)
k 10 0 50

This methodology is essential for subsequent use with the Fourier Neural Op-
erator (FNO). The predicted scalar outputs correspond exactly to the five selected
snapshots. By this procedure, the full J-V curve can be accurately reconstructed
from the limited set of FNO predictions, ensuring consistency between scalar outputs

and curve representation.

5.4 Proposed Solution

Starting from the morphologies introduced in Section 5.3.1, we design a two-head
architecture based on Fourier Neural Operators (FNOs) [79]. As illustrated in Figure
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5.6, the network receives only the morphology as input and, through its first branch,

learns a continuous mapping from the morphology to the selected target fields.

To jointly capture global properties of the morphology, the network incorporates
a scalar head. This component first concatenates the input and spatial prediction
along the channel dimension, then applies a masked attention pooling operator to
extract a global representation. The resulting feature vector is processed by a two-
layer multilayer perceptron with GELU activation, producing scalar outputs aligned
with the number of spatial channels. Thus, the model is capable of simultaneously
predicting spatial field-like quantities at different resolutions together with aggregated
global descriptors, enabling a unified treatment of multi-scale targets.

P — Fourier Layer 1 --- Fourier Layer n —» Q

l

» Channel Concat
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Scalar Out <«—  Linear —<«— O- «<—  Linear = <+——Attention Pooling

Fig. 5.6 Architecture of the network used in this study. In particular, we can observe that it is
a two-head network: the green branch, starting from the generated morphologies, predicts
the target fields, while the yellow branch concatenates the morphologies with the predictions
and, through attention pooling, helps predict the 5 snapshots of the J-V curve, which are
subsequently approximated.

The hyperparameters of the network were selected empirically based on pre-
liminary experiments and prior experience with similar architectures. The network
employs a Fourier Neural Operator (TFNO3d), which incorporates a Tucker factor-
ization [113] of the spectral convolution weights (See the Appendix A.2 for detailed
implementation and how this method works). In this factorization, the original
weight tensor is decomposed into a smaller core tensor multiplied along each mode
by factor matrices, reducing the number of learnable parameters while preserving

the capacity to model long-range interactions in 3D volumetric inputs.
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This decomposition allows the TFNO3d to efficiently learn 3D spectral filters
while significantly reducing the number of learnable parameters. By factorising
the weight tensors in this manner, the model preserves its expressive capacity,
capturing complex interactions across spatial dimensions without requiring the full
parameter set. Such an approach is widely employed in machine learning to achieve
a more compact representation, maintain model expressivity, and reduce the risk
of overfitting, particularly in high-dimensional settings where data may be limited

relative to model size.

A comprehensive overview of all hyperparameters, including both the general
configuration of the TFNO3d and the design of the scalar head, is provided in
Table 5.2. The table summarizes the key settings used during training, such as the
number of modes, layer dimensions, learning rates, and the structure of the scalar

prediction head.

Hyperparameter / Component \ Value
General FNO Parameters
Batch size 32
Input channels 1
Lifting channels 64
Learning rate (initial) 0.001
Maximum learning rate 0.0005
Modes in x 10
Modes in y 10
Modes in z 10
Number of epochs 1001
Number of layers 4
Output channels 5
Projection dimension 64
Scalar Head (‘scalar_head*¢) Parameters
MaskedAttentionPooling3D Cout+1
Linear 1 in: Coy + 1, out: 64
GELU —
Linear 2 in: 64, out: Coy¢

Table 5.2 Hyperparameters of the TFNO3d network with scalar head.

With the hyperparameters selected as discussed and summarised in Table 5.2,
the network was trained using an early-stopping strategy. Evidence of this procedure
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is provided by the training versus validation loss curves reported in Appendix B.2,
specifically Figures B.18 to B.28.

Inspection of the horizontal axis, which represents the training epochs, shows
that the total number of epochs differs across these figures. This behaviour is a
direct consequence of the early-stopping criterion. Training was halted whenever
no improvement in the validation loss was observed for more than 100 consecutive

epochs.

Furthermore, a distinct model was trained for each target quantity. In each case,

the hyperparameters are shared between the models.

5.5 Results and Discussion

In the following discussion, results are presented for a single representative morphol-
ogy, for which all target quantities introduced in Section 5.3.3 have been predicted.
For clarity and conciseness, only the most physically and numerically significant
targets are discussed in detail in this section, while the complete set of results for
the remaining targets is reported in Appendix B.2, Figures B.29-B.35. In all vi-
sualisations, only intermediate temporal snapshots are shown, as these provide a
representative view of the system dynamics while avoiding redundant information. It
should be noted that the target Qnfree_and_ntrap 18 N0t included in the figures, as it can
be directly obtained as a linear combination of the hole and charge densities when
these quantities are considered individually. Figure 5.7 illustrates the results obtained
for the hole current density J,, showing the simulated reference field, the model
prediction and the corresponding spatial distribution of the normalised squared rela-
tive error (SRE). From a global perspective, the prediction of J,, appears reasonably
accurate: averaged over the full voxel domain, the SRE remains below 5%, indicating
that the model successfully captures the dominant large-scale trends of the current
distribution. However, a closer inspection of the local behaviour reveals a markedly
different picture. In specific regions of the morphology, the local SRE increases
significantly, highlighting the presence of pronounced localised discrepancies be-
tween the predicted and simulated fields. These errors are not uniformly distributed,
but instead concentrate in regions where charge transport is strongly influenced by

fine-scale morphological features and interface topology.
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Fig. 5.7 Comparison between simulated and predicted hole current density J,, for a represen-
tative three-dimensional morphology. The top panel shows the input morphology, while the
bottom panels report the simulated reference field, the neural-operator prediction and the
spatial distribution of the normalised squared relative error (SRE).

A contrasting behaviour is observed for the recombination rate 5.8. For this
target, both the global and local predictions are highly accurate, with SRE values
remaining below 2% across the entire voxel domain. This indicates that the model is
able to robustly learn and reproduce quantities that are less sensitive to fine-scale
transport pathways and are instead governed by smoother, more spatially averaged

physical mechanisms.

Furthermore, for the same representative morphology, Figure 5.10 illustrates
the output of the scalar prediction branch. In particular, for the recombination-rate
target, the model is able to accurately predict the corresponding current—voltage
(J-V) characteristic. Notably, this prediction is obtained in a single forward pass:
the J-V curve is inferred jointly with the associated spatial field within the same
inference step, without requiring any additional post-processing or iterative coupling.

This result highlights the capability of the proposed architecture to consistently

integrate spatially resolved physical information with global device-level observ-
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Fig. 5.8 Comparison between simulated and predicted Shockley—Read—Hall (SRH) recombi-
nation rate RsRH, ng..—py,, 0T @ representative three-dimensional morphology. The top panel
shows the input morphology, while the bottom panels report the simulated reference field,
the neural-operator prediction and the spatial distribution of the normalised squared relative
error (SRE).

ables, enabling simultaneous prediction of local fields and macroscopic performance
metrics. The behaviour observed for the remaining targets follows trends consistent
with these two limiting cases and is summarised in the appendix. Together, these
results suggest that the predictive capability of the proposed framework depends
strongly on the degree to which a given physical quantity is dominated by local
versus global transport effects. Despite the relevance and impact of the results pre-
sented in this work, it is necessary to explicitly address the limitations encountered
during the study. A major unresolved challenge concerns the direct application of
the super-resolution concept introduced in Section 3.4.3. When the proposed models
are trained on low-resolution morphologies, such as 20 x 20 x 20 voxel grids, the
resulting representations fail to intrinsically capture the physical mechanisms govern-
ing charge transport and electric-field distributions. As a consequence, transferring
the learned representations to higher spatial resolutions, particularly in a zero-shot
setting, proves to be highly challenging and largely ineffective. This limitation is
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Fig. 5.9 Comparison between simulated and predicted Hole Mobility u,, for a representative
three-dimensional morphology. The top panel shows the input morphology, while the bottom
panels report the simulated reference field, the neural-operator prediction and the spatial
distribution of the normalised squared relative error (SRE).

reflected in the significantly degraded performance observed when the model is
applied to super-resolution tasks.

A further contributing factor arises from the numerical structure of the solver
employed to generate the dataset. The solver relies on finite-difference discretisa-
tion schemes, whose approximation accuracy is inherently dependent on the spatial
resolution of the computational grid. At coarse resolutions, finite-difference oper-
ators provide grid-dependent approximations of the governing equations, leading
to numerical solutions that do not consistently preserve scale-invariant physical
features. Consequently, low-resolution simulations cannot be regarded as faithful
downsampled representations of higher-resolution solutions. Instead, they corre-
spond to distinct, resolution-specific operators, thereby preventing the construction
of a physically meaningful and consistent super-resolution mapping.

An additional and critical limitation concerns the low spatial dimensionality

of the dataset itself. In the class of organic device simulations considered here,
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Fig. 5.10 Current—voltage (J-V) characteristic for the selected morphology. The solid line
denotes the reference J-V curve obtained from the numerical simulation, while the dashed
curve represents the model prediction. The predicted curve is reconstructed from the five
voltage—current points inferred by the scalar prediction branch in a single forward pass, with
a piecewise sigmoid interpolation applied to obtain a continuous J-V characteristic. The
close agreement between the two curves demonstrates the ability of the model to accurately
recover global device-level behaviour from morphology-dependent inputs.

charge transport phenomena are strongly local and sensitive to fine-scale morpho-
logical features. In particular, transport properties are heavily influenced by the
local topology of donor—acceptor interfaces, percolation pathways and nanoscale
connectivity patterns. A low-resolution three-dimensional voxel representation is

unable to faithfully reproduce these features, as the discretisation process inherently
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smooths sharp interfaces, suppresses local heterogeneities and alters connectivity. As
a result, the simulated morphologies do not accurately reflect realistic donor—acceptor

arrangements, leading to a loss of physically relevant information.

This limitation becomes particularly evident for quantities dominated by local
transport effects, such as the hole current density J,. As also reflected in Table 5.3,
the predictive performance of the network for such targets deteriorates significantly.
Importantly, the analyses conducted in this thesis indicate that this degradation does
not primarily stem from insufficient expressive power of the neural architecture.
Rather, it originates from the limited informativeness of the dataset, which fails
to encode the fine-scale structural features required to determine locally sensitive
physical observables.

A further constraint is imposed by the architectural choice of Fourier-based
neural operators. These models rely on a truncated representation in Fourier space,
where the number of retained modes is inherently limited by the spatial resolution of
the input grid. For three-dimensional morphologies of limited size, the accessible
Fourier spectrum is restricted to a small number of low-frequency modes. When such
representations are extrapolated to higher resolutions in a zero-shot super-resolution
setting, the learned operators remain dominated by coarse spectral components
and lack access to the high-frequency information required to reconstruct fine-
scale physical features. At the time of writing, this spectral limitation represents a

significant bottleneck for zero-shot super-resolution within the proposed framework.

Despite these limitations, it is important to emphasise that the overall framework
presented in this thesis is well validated for a range of other prediction tasks. In
particular, the neural-operator-based models demonstrate stable and accurate perfor-
mance in mapping morphology-dependent inputs to spatially resolved physical fields,
such as electric potentials, carrier densities and current distributions. This behaviour
indicates that neural operators provide a reliable approximation of the underlying
drift—diffusion operator, even when evaluated on morphological configurations that

were not encountered during training.

The capability of neural operators to directly learn mappings between function
spaces enables robust generalisation across diverse and previously unseen morpholo-
gies, supporting their use as surrogate solvers for drift-diffusion modelling in organic

semiconductor devices. From a practical perspective, this opens the possibility of
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significantly accelerating device simulation workflows, enabling rapid evaluation of

candidate morphologies without the need for repeated high-fidelity numerical solves.

When coupled with the generative and conditional design strategies introduced in
the later chapters of this thesis, the proposed framework offers a promising pathway
towards data-driven morphology optimisation. Generative models can be used to ex-
plore the space of admissible morphologies, while neural-operator surrogates provide
fast and physically informed evaluation of their functional performance. Although
the present dataset limits the reliable prediction of strongly local transport quantities,
the framework itself remains extensible and adaptable. Future developments should
therefore focus on the generation of higher-resolution, multi-scale datasets and on
simulation strategies that expose the models to physically consistent fine-scale in-
formation during supervised training, thereby enabling improved treatment of local

transport effects and more reliable super-resolution capabilities.

Type | Target mean std min max | median 25% 75%
Jp 0.4271 | 0.0850 | 0.3421 | 0.5122 | 0.4271 | 0.3846 | 0.4696
Q_nfree_and_ntrap 0.0225 | 0.0085 | 0.0140 | 0.0311 | 0.0225 | 0.0183 | 0.0268
Ec 0.0297 | 0.0227 | 0.0070 | 0.0524 | 0.0297 | 0.0184 | 0.0411

Spatial | mu_n 0.0205 | 0.0154 | 0.0051 | 0.0358 | 0.0205 | 0.0128 | 0.0281
mu_p 0.0157 | 0.0018 | 0.0139 | 0.0175 | 0.0157 | 0.0148 | 0.0166

R_srh_nfree_to_ptrap | 0.0466 | 0.0102 | 0.0364 | 0.0568 | 0.0466 | 0.0415 | 0.0517
R_srh_pfree_to_ntrap | 0.0647 | 0.0254 | 0.0393 | 0.0901 | 0.0647 | 0.0520 | 0.0774

Ip 0.1769 | 0.1456 | 0.0313 | 0.3225 | 0.1769 | 0.1041 | 0.2497
Q_nfree_and_ntrap 0.0310 | 0.0290 | 0.0020 | 0.0599 | 0.0310 | 0.0165 | 0.0454
Ec 0.1170 | 0.1009 | 0.0161 | 0.2180 | 0.1170 | 0.0666 | 0.1675
Scalar | mu_n 0.3137 | 0.1712 | 0.1425 | 0.4848 | 0.3137 | 0.2281 | 0.3993
mu_p 0.2814 | 0.1635 | 0.1179 | 0.4449 | 0.2814 | 0.1997 | 0.3632

R_srh_nfree_to_ptrap | 0.0201 | 0.0084 | 0.0116 | 0.0285 | 0.0201 | 0.0158 | 0.0243
R_srh_pfree_to_ntrap | 0.0143 | 0.0123 | 0.0020 | 0.0266 | 0.0143 | 0.0081 | 0.0204

Table 5.3 Combined Spatial and Scalar errors statistics

5.6 Introduction to the selection of promising mor-

phology spaces

As discussed in greater depth at the end of Chapter 6, the objective here is to con-
clude the workflow in a similar manner. The aim is to generate candidate BHJ
morphologies by organising and classifying the morphology space, identifying the
most informative descriptors, and determining which regions are suitable for guided
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generation. This enables a structured exploration of possible donor acceptor combi-
nations. At this stage, the analysis remains limited to computational morphologies
without considering production constraints or the actual physical feasibility of the

structures.

A central descriptor in this characterisation is the tortuosity of the transport
pathways. Tortuosity quantifies how strongly the routes available to charge carriers
deviate from a direct path aligned with the electric field direction and is defined as

follows:
Tg = —> (5.10)

where Ly is the length of a given shortest path on the voxel graph and L is the direct

film thickness along the transport axis.

In this work, each morphology is represented as a three dimensional arrangement
of voxels associated with a conductive phase. Voxels that share a face are treated as
connected, forming a discrete network that captures the actual percolation geometry.
Starting from all voxels located on the injection interface, we identify the shortest
available routes to the collecting interface throughout the conductive phase. This
procedure produces a distribution of shortest path lengths for each morphology. Each
path length is normalised by the film thickness in order to obtain the corresponding
geometric tortuosity. From this distribution, we extract a set of statistical descriptors
such as minimum tortuosity, median tortuosity, mean value, variance, higher order
central moments, skewness and kurtosis. These descriptors provide a compact and
expressive representation of the connectivity structure of each morphology.

The choice of tortuosity as a primary descriptor is supported by previous kinetic
Monte Carlo studies [114]. These works show that an increase in tortuosity reduces
the magnitude of the charge carrier mobility and weakens its dependence on the
applied electric field. More convoluted pathways force carriers to move laterally
within the domain rather than directly along the direction of the driving field. This
increases the effective travel distance and lowers the net drift velocity. The strength of
this effect depends on the level of energetic disorder, which indicates that tortuosity
can become a dominant factor controlling the behaviour of BHJ devices. This
physical relevance motivates the use of tortuosity based descriptors for the analysis
of existing morphologies and for conditioning generative models that target specific

transport characteristics.
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Fig. 5.11 Tortuosity extracted from a random sample in the dataset. The starting points
are shown in green, the goal points in yellow, while the two extracted tortuosity paths are
highlighted as the median path (blue) and the shortest path (red). The small grey dots
represent the acceptor sites within the intermediate layer.

The statistical descriptors obtained from the tortuosity distribution are then used
to cluster the morphology space. Each morphology is coloured according to its
Fill Factor, which allows us to identify regions that appear more promising for the
generation of new candidates. This combination of connectivity based descriptors and

device level performance indicators provides a more informed exploration strategy.

The surrogate drift diffusion model introduced in this chapter plays a key role in
this workflow. It allows rapid prediction of device quantities without dependence on
the specific computational grid. This accelerates the evaluation of candidate mor-
phologies and supports the identification of regions of interest within the morphology
design space.
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Cluster interpretation and limitations of the current feature space. The cluster-
wise analysis reported in Fig. 5.6 provides a structured organisation of the morphol-
ogy space based on tortuosity-related and connectivity-driven descriptors, jointly
analysed with device-level performance indicators such as the Fill Factor. Although
this representation enables the identification of regions associated with a higher
prevalence of high-performance samples, it is important to note that no sharp separa-
tion between clusters is observed with respect to the Fill Factor when projected onto
the reduced PCA space.

In particular, samples exhibiting low, intermediate, and high Fill Factor values
coexist within the same clusters, indicating that the descriptors employed in the
present analysis capture only part of the variability underlying device performance.
This observation suggests that, at the current spatial resolution, the selected feature
set is not sufficient to fully disentangle the structural factors governing charge ex-
traction efficiency. Rather than indicating a failure of the clustering procedure itself,
this behaviour reflects an intrinsic limitation of the dataset and of the morpholog-

ical resolution at which the features are computed. BHIJ transport processes are
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Fig. 5.12 Cluster-wise projection of morphology and tortuosity descriptors in the two-
dimensional PCA space. Each panel highlights a single cluster, while samples belonging to
other clusters are shown in grey. Points within the active cluster are coloured according to
discretised Fill Factor ranges, normalised by cluster size. The annotations report the cluster
population and the relative distribution of low-, medium-, and high-Fill-Factor samples.

known to be strongly influenced by local effects, including interfacial connectivity,
nanoscale bottlenecks, and short-range percolation pathways. When morphologies
are represented on relatively coarse voxel grids, such local phenomena are effec-

tively averaged out, leading to descriptors that primarily encode global connectivity



5.6 Introduction to the selection of promising morphology spaces 101

trends while neglecting fine-scale transport-limiting features. As a consequence, the
resulting clusters remain partially mixed with respect to the Fill Factor, even when

physically motivated descriptors such as tortuosity are employed.

This result is consistent with the limitations discussed in Chapter 6, where it
was shown that insufficient spatial resolution can hinder the ability of data-driven
models to capture strongly localised physical mechanisms. In the present mesoscale
setting, improving the discriminative power of the feature space therefore requires
the generation of higher-resolution morphologies and corresponding ground-truth
simulations, capable of resolving local transport pathways and interfacial effects

more accurately.

Despite these limitations, the clustering framework remains valuable as an or-
ganisational and exploratory tool. It enables the identification of regions of the
morphology space that are statistically enriched in higher Fill Factor samples and
provides a principled basis for conditioning generative models. When combined with
surrogate drift—diffusion solvers and future high-resolution datasets, this approach is
expected to support more targeted and physically informed generation of candidate

morphologies for organic photovoltaic devices.



Chapter 6

Atomistic Graphene Data to
Generative Models: An Al
Framework for Structure-Property
Correlations

6.1 Introduction

In this chapter, which represents the final application examined in our multiscale
study, we descend to the atomistic scale. Building on the automation pipeline
introduced in the previous chapters, we examine how atomistic modelling, high-
throughput simulation and data-driven methods can be integrated into the same

unified workflow used elsewhere in this thesis.

The chapter opens with a concise discussion of graphene and the significance
of its nanoscale properties for future smart-city technologies. We then present
in detail the generation of a physically accurate dataset that captures a range of
atomistic properties of graphene flakes. The workflow begins from the flake topology
(commonly encoded in an XYZ file) and proceeds through automated calculation
of structural and transport properties that depend both on global topology and on
local defects. In parallel, a digital twin of a scanning tunnelling microscope (STM)
is employed to produce synthetic STM images of the flakes, enriching the dataset

with observable signals that mirror experimental acquisition.
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Finally, we describe how the resulting dataset is coupled to an Explainable Al
module to quantify how defect types and spatial distributions influence transport
behaviour. This combined pipeline: atomistic simulation, synthetic experimental
imagery, and explainable machine learning enables data-driven interpretation of
nanoscale phenomena and opens a route towards generative design of nanoscale de-
vices whose effects propagate to higher scales. Throughout, we emphasise the chap-
ter’s link to data integration: the same principles that enable a unified, replaceable
workflow at larger scales are applied here to ensure reproducibility, interoperability
and scalability of atomistic-level tools within the broader multiscale framework.

6.2 Graphene as an enabling material for the city of

the future

Among emerging materials for sustainable urban technologies, graphene stands
out for its multifunctional potential in energy storage, sensing, and communication
infrastructures. Its unique combination of electronic, mechanical, and thermal prop-
erties provides a foundational platform for the development of smart city components
that are both efficient and resilient [115-117].

A primary domain in which graphene demonstrates a particularly transformative
impact is energy storage and management [118]. Graphene-based supercapacitors
fundamentally redefine the energy storage-delivery paradigm by combining ultrafast
charge—discharge dynamics with exceptional cyclic stability, often exceeding tens
of thousands of operational cycles, significantly outperforming traditional battery
systems. Such properties are particularly advantageous in urban-scale energy infras-
tructures, where rapid energy buffering is required for applications such as electric
public transport, renewable energy integration, and demand peak mitigation. Act-
ing as dynamic energy buffers, graphene supercapacitors effectively store surplus
energy generated by intermittent renewable sources and release it on demand, thus
contributing to grid stability and supporting the transition towards climate-neutral

urban environments [119].

Beyond these macroscopic functionalities, the link between graphene’s atomic-
scale structure and its macroscopic electronic behaviour is becoming increasingly

central in research. Advanced Al-assisted multiscale modelling frameworks now
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allow the correlation of structural, electronic, and transport properties across scales.
At the microscopic level, first-principles simulations of electron transport, defect dy-
namics, and surface chemistry guide the design of high-quality graphene with tunable
electrical characteristics. These atomistic descriptors govern the emergent macro-
scopic performance of devices, determining parameters such as charge mobility,
energy density, and conductive stability.

Within this context, the presence and configuration of defects including vacancies,
dopants, and grain boundaries play a decisive role in modulating charge transport
and overall device efficiency. Understanding and quantifying how these structural
irregularities influence electronic and transport properties remains a key challenge in

the rational design of graphene-based technologies.

To address this, we developed a comprehensive computational dataset of graphene
nanostructures, explicitly designed to capture the interplay between morphology,
electronic structure, and transport properties. This dataset enables the systematic
investigation of how local atomic-scale perturbations translate into measurable
variations in current flow, energy levels, and related electronic observables. By
integrating data-driven modelling and machine learning techniques, the aim is to
uncover predictive correlations that can inform the synthesis of defect-engineered
graphene with optimised transport behaviour for next-generation smart materials and

devices.

6.3 Automated dataset creation workflows

6.3.1 First steps into dataset generation

As anticipated in Section 6.1, the opening phase of this work focused on building
a comprehensive dataset of nanographene samples that combines atomistic proper-
ties with synthetic scanning tunnelling microscope (STM) images. All electronic-
structure and transport calculations were performed at the DFTB level, using as
a starting point a publicly available repository of roughly 500 000 nanographene
flakes [120]. The raw collection provides XYZ coordinate files and a limited set of
DFT-computed properties (VASP) [121] for flakes containing between approximately
206 and 447 atoms.
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Because the aromatic pattern and local periodicity of graphene strongly affect
electronic and transport behaviour [122, 123], the raw structures required careful
cleaning and normalisation before high-throughput processing. Figure 6.1 sum-
marizes the full pipeline used to transform the repository into the final dataset. In
practice, the preprocessing consisted of a sequence of targeted operations. First, we
randomly sampled 50k structures from the repository and applied a topological filter:
only flakes whose atom positions matched at least 78% of those of the corresponding
pristine (defect-free) flake were retained (the post-selection distribution is reported in
Figure 6.1b). This initial cut reduces extreme outliers and preserves a representative
variety of defected configurations.

Second, to avoid spurious edge effects, flakes with defects lying close to the
boundary were translated so that the defect regions were positioned near the centre
of the flake. Each structure was then rigidly aligned to a common reference frame by
translating the atom with minimum x and y coordinates to the origin (0,0).
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Fig. 6.1 a) Scheme of the workflow for the generation of the HDF5 dataset; b) Distribution
and corresponding kernel density estimates (KDE) of the number of atoms in the reference
dataset with respect to the complete starting dataset; c) Example of a procedure for the
pre-processing of the original DG structures.
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Finally, where the original geometry did not guarantee the local periodicity
required to preserve graphene’s aromaticity, we restored the pattern by adding two
rows of carbon atoms in an armchair arrangement at the flake extremities; this
modification preserves the local periodic boundary conditions that strongly influence
band structure and transport properties. After preprocessing, the pipeline computed
DFTB-level electronic and transport observables and produced synthetic STM images
through a digital twin of an STM. The resulting dataset is organised hierarchically and
conforms to FAIR principles, with the explicit aim of accelerating the development
of predictive models and multiscale screening workflows. In particular, generative
modelling techniques such as variational autoencoders (VAEs) can be integrated
with the pipeline to explore novel defect configurations and, when combined into
ensembles, to efficiently sample the space of plausible nanostructures for downstream
design and optimisation tasks [124].

As illustrated in the workflow shown in Fig.6.1, once the XYZ files have been
preprocessed, the procedure branches into two distinct paths. The first path con-
cerns the calculation of the electronic properties, while the second encompasses the

transport calculations, ultimately leading to the generation of the STM images.

The workflow has been designed to operate fully automatically, providing a
streamlined and user-friendly interface through a dedicated Python software package.
It offers flexibility in execution: users can choose to run simulations in a distributed
computing environment orchestrated by SLURM, or entirely on a local machine,
depending on available resources. Every aspect of the process is configurable, with
a series of configuration files enabling straightforward adjustment of parameters,
thus allowing the workflow to be easily adapted to different computational setups or

specific research needs.

6.3.2 Electronic properties calculation

All electronic properties were computed using the DFTB+ simulation package [125].
Before performing the actual calculations, we carried out a geometry optimisation
step to ensure stable configurations. In particular, this procedure aimed to minimise
the geometry by adjusting the atomic positions and removing the so-called spurious
forces acting on the structures [126]. All optimisations were performed using a fixed

simulation cell, whose dimensions were determined from a pristine graphene flake of
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the same size as the defective ones. To encode both the optimised atomic positions
and the information on the simulation cell, we adopted the POSCAR format [121]

for representing the material.

From the initial dataset, only flakes without edge defects and for which the
geometry optimisation successfully converged were retained. The optimisation
was performed with a Fermi temperature (7r) of 1000K and a maximum of 200
optimisation steps. Once this stage was completed, we proceeded to calculate the
electronic properties. Specifically, we employed a Self-Consistent Charge (SCC)
calculation at the DFTB level. The SCC approach iteratively updates the charge
distribution until convergence is reached, thereby ensuring a consistent electrostatic
potential across the system (more detailed explanation can be found in the work of
Frauenheim et al. [127]). The properties were computed on the optimised structures
only. For these simulations, we set a maximum of 200 SCC iterations, enabled
collinear spin polarisation, and again used a 7r of 1000K. Collinear spin polarisation
assumes that all spin moments are aligned along a single axis, allowing for spin-
dependent effects to be included in the calculation while avoiding the additional

complexity of non-collinear treatments.

For each optimised graphene flake, the following electronic properties were
extracted:
* Electron Affinity (EA): energy required to add an electron to the system[128].

* Ionization Potential (/P): energy needed to remove an electron from the
system[128].

* Total Energy (E;,): derived from the DFTB calculations based on the opti-
mized geometry[128].

¢ Formation Energy (Ey,,): derived from the DFTB calculations based on
the optimized geometry.

* Band Gap (Eg,)): calculated as the difference between the ionization potential
(IP) and the electron affinity (EA)[129].

e Fermi Energy (Ey): determined from the electronic structure calculations on

the optimized geometry.
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The procedure involved performing three consecutive simulations by adjusting the
Charge parameter, which specifies the total charge of the system in units of the
electron charge. The first simulation was carried out with Charge = 0, providing the
total energy E;,; and the Fermi energy Ey. From these results, the formation energy
E form could be derived using the total energy of the system along with the energies

of individual carbon atoms.

Next, the electron affinity (EA) was determined by introducing an extra electron
into the system. This was achieved by setting Charge = —1, and the resulting total

energy (E;,—1) was used in the calculation:

EA = Etot - Etotfl (61)

Similarly, the ionisation potential (/P) was obtained by removing an electron
from the system, i.e., by performing a simulation with Charge = +1. The total
energy from this calculation (E;,- 1) allowed the evaluation of /P as follows:

IP = Etol—H —Eio (62)

Finally, the electronic band gap was calculated as the difference between the

ionisation potential and the electron affinity:

Egp =1P—EA (6.3)

6.3.3 STM Virtual Replica

The workflow for generating STM images is divided into two preparatory phases.
The first phase involves setting up and performing the transport simulations, while
the second focuses on constructing a digital twin to replicate the scanning tunnelling
microscope. The procedure progresses step by step, allowing the transport properties

to be accurately evaluated before proceeding to the generation of STM images.

Initially, defective graphene flakes are prepared and electrodes are attached at
both ends to model the source and drain contacts. Each electrode comprises three
rows of carbon atoms arranged in an armchair configuration, positioned according to

defect-free graphene optimised at the same theoretical level (see Fig. 6.2a). Electrode
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geometries are generated using the setupgeom utility of DFTB+, which replicates

and translates atomic coordinates as required.

The atomic coordinates of the flakes are converted from XYZ to the DFTB+ GEN
format. For each configuration, an input file is created specifying the source and
drain regions and defining cutoff distances for Slater—Koster overlap and non-SCC
interactions [130]. In particular, the SKMaxDistance parameter is set to 5.0 A, and a
translational offset of 4.91 A along the transport direction ensures proper alignment
of electrode atoms at the contact interfaces. Using the setupgeom utility, a processed
GEN file is produced, representing the complete system including electrodes, along
with a transport input file that defines the partitioning of atoms between the central

region and the leads.

The combined system is then re-optimised, keeping the electrode atoms fixed,
and convergence checks are performed to ensure stability. Subsequently, the Fermi
levels of the source and drain contacts are calculated using the ContactHamiltonian
functionality of DFTB+, applying a 0 K Fermi temperature and the DivideAndCon-
quer solver. These values are then used in transport simulations, where the potential
difference between the contacts is applied, and the TransportOnly solver computes

the transmission properties.

The energy range for evaluating the transmission function and local density of
states (LDOS) is defined, along with the sampling step and projection regions. Each
atom in the device is treated as a separate projection region, the energy window is
set to £0.5 V around the average Fermi level, and 100 energy points are sampled per

atom.

Transport currents are extracted for each configuration, together with LDOS data
for all atoms. As expected, the current decreases with increasing defect density in the
flakes (see Fig. S1 in the Supporting Information). LDOS files provide information
on the spatial distribution of electronic states, with columns representing energy and
density of states, and the number of rows determined by the ratio between the energy
range and sampling interval. Once the transport properties are fully characterised,
the workflow moves to the second phase, in which a digital twin is constructed
to simulate the operation of the scanning tunneling microscope and generate the

corresponding STM images.
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6.3.4 Electron Transport Simulation

Electron transport simulations were conducted within the framework of the Non-
Equilibrium Green’s Function (NEGF) formalism [130], as implemented in DFTB+
[125]. To model transport through the defective graphene (DG) structures, electrodes
were attached to both ends of each sample, representing the source and drain contacts.
Each electrode was constructed from three rows of carbon atoms arranged in the
armchair configuration, with atomic positions corresponding to those in defect-free
graphene optimised at the same level of theory (see Fig. 6.2a).
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Fig. 6.2 a) Scheme of the process used to generate models for transport calculations, attaching
source (red) and drain (blue) electrodes to DG samples; b) Example STM image of a DG
flake, plotted with the hot colormap; c) Structure of the HDF5 file used to store the datasets.
Data groups are represented in green, while the datasets, along with their respective attributes,
are represented in red.

The electrode geometry was generated using the setupgeom utility of DFTB+,
which allows replication and translation of atomic coordinates to extend the electrode

regions. The atomic structures of the devices were first converted from XYZ format
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into the GEN format required by DFTB+. For each device, an input file was prepared
that defined the source and drain regions and specified the interaction parameters
for the calculations. In particular, the maximum distance for Slater—Koster overlaps
and non-self-consistent-charge interactions was set to 5.0 A, while a translational
offset of 4.91 A along the transport direction (x-axis) was applied to ensure proper
alignment of the electrode atoms at the interface with the DG sample.

For each sample, the setupgeom utility was employed to generate a processed
file in GEN format, which contained the full configuration of the device, including
the electrodes. In addition, an input file for the transport calculations was created,
specifying the partitioning of atoms within the system into the device region, the
source, and the drain. Subsequently, the Fermi levels for both the source and drain
contacts were determined. To this end, calculations were performed using the
ContactHamiltonian functionality of DFTB+, assigning the contact identifier to the
drain and source, respectively, to obtain the corresponding Fermi level values. A
Fermi temperature of 0K was applied, and the Divide-and-Conquer solver was used

for these computations.
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Fig. 6.3 Scatter plot of the computed transport current as a function of the percentage of
missing atoms in each graphene flake
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Transport simulations were then carried out using the previously computed
Fermi level values, together with the potential difference applied between source
and drain. The TransportOnly option was employed to activate the appropriate
solver for the transport calculations. The TunnelingAndDos section of the input file
defined the energy range over which both the transmission function and the Local
Density of States (LDOS) were evaluated (EnergyRange), the energy sampling step
(EnergyStep), and the regions onto which the LDOS was projected (Region). In this
study, a separate region was defined for each atom in the device, with the energy
range set to 0.5V relative to the average Fermi level between source and drain, and
the energy step chosen to sample 100 values per atomic site. The computed transport
current values were collected for each simulation, along with data files for each
atom in the flake. As expected, the calculated current decreased with the increasing
fraction of missing atoms in the flake (see 6.3). Each data file contains the LDOS for
the corresponding atomic site, providing information about the spatial distribution of
electronic states. The structure of the LDOS file consists of two columns: the first
column represents the energy, while the second column corresponds to the density
of states. The number of rows is determined by the ratio between the defined energy

range and the energy step.

6.3.5 STM images calculation

The workflow for computing Scanning Tunnelling Microscopy (STM) images
through the construction of a digital twin of the microscope is based on the Ter-
soff-Hamann theory [131]. The first step involves calculating the Local Density of
States (LDOS) for each atom of the flake. The output for a given flake therefore
consists of one file per atom, where each file contains as many rows as the chosen
energy step size within the selected range, and two columns: the first representing
the energy values and the second the corresponding density of states for that specific

atom at that energy.

The STM model implemented in this work is the constant—height mode. Once
this configuration is fixed, the tunnelling current / can be calculated as the definite
integral of the LDOS p(E) over the relevant energy window. In our case, the
integration limits were chosen as £V}, around the Fermi energy, where V,, denotes
the applied bias voltage. Formally:
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Emax
= / p(E)dE (6.4)
Emin

with Enj, and En,x determined by the sign of the applied bias: for positive bias,
Epin = EFr and En,x = EF + V), and conversely for negative bias. The integral was
discretised and evaluated numerically using the trapezoidal rule.

The STM image corresponding to each sample was then generated by superim-
posing the contributions from all atoms. A 256 x 256 grid was defined at a fixed
height z;, above the surface (as shown in Fig. 6.2b). For each grid point (x;,y;), the
STM signal was computed as a superposition of exponentially decaying contributions
from all atoms, where the decay factor depends on the Euclidean distance between

the observation point (x;,y;,z,) and the atomic coordinates:

N
img(i, j) = — Y Lo exp[—7[rij —ral2] , (6.5)
a=1

where r;; = (x;,y},z5) is the position of the grid point, r, = (x4,Y4,24) denotes
the coordinates of the a-th atom, 7 is the decay constant, and I, the tunnelling

contribution associated with that atom.

All the images in the dataset were obtained using a bias voltage V;, = 0.5V,
a decay constant T = 5, and a scan height z;, = 1A, with the integration window
chosen as +0.5V. In Fig. 6.2b), an interesting effect can be observed: regions of

high electronic density tend to localise in the immediate vicinity of defects.

A further remarkable feature, which deserves deeper investigation, occurs when
multiple defects are present in the same flake. In such cases, the high—density regions
concentrate preferentially around only one of the two defects. Within the scope of this
work, the possible correlation between the type of defect and the localisation of the
density was not explored in detail, nor was the physical mechanism underlying this
behaviour clarified. Another consideration concerns the nature of the high—density
values themselves. This effect could also be related to the initial choice of the total
magnetic moment, which was set to zero in all calculations. The presence of lattice
defects or vacancies breaks the symmetry of the flake, potentially inducing localised

magnetic moments.

From a computational perspective, to accelerate the image generation process,

we employed the numba library [132] and applied just-in-time compilation to the
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nested triple for-loop responsible for constructing the STM images. Furthermore,
to make the simulated STM images more realistic, a standard post-processing step,
typical also of real STM instruments, was applied to enhance the visual contrast of
high—intensity regions. Specifically, once the STM image was computed according to
Eq. 6.5, the results were rescaled to the range [0, 1]. Subsequently, a contrast-limited
adaptive histogram equalisation (CLAHE) [133] was applied with a kernel size
K =16 x 16 and a clip limit € = 0.01. Finally, a gamma correction with y = 1.5 was
performed by raising the image to the power of 1/7, further refining the brightness
distribution.

6.3.6 Data encoding and FAIR workflow

Taking inspiration from the QM7-X dataset [134], which has become a benchmark
for molecular property prediction from structural information, we organised the data
generated through the previously described workflow into a collection of HDFS files.
Each HDFS5 file contains a total of 10,000 entries, with each entry corresponding to a
defective graphene sample. The information is stored hierarchically, including all
calculated properties together with metadata that facilitate data retrieval and reuse

across different workflows, as illustrated in Figure 6.2 c.

The HDFS structure, with its key-based organisation, enables us to encode the
atomic number, atomic coordinates, and the full set of computed structural and
electronic properties, as summarised in Table 6.1. A further advantage of this storage
format is its ability to accommodate data of heterogeneous dimensionality. For
instance, the number of atomic coordinates associated with a given entry is not
fixed but depends on the number and size of defects in the flake. Accordingly, the
corresponding dataset has as many rows as atoms in the structure, while the three
columns represent the Cartesian coordinates (x,y,z). To ensure full data traceability,
each flake is assigned a Universally Unique Identifier (UUID). For the storage of

STM images, compressed image formats were employed.

The dataset thus constructed has been deposited on the Zenodo platform [124],
in line with the FAIR principles introduced in Chapter 3.1. By adopting these
principles, we aim to guarantee transparency in scientific research and to maximise
the reusability of the data in diverse contexts. Particular emphasis was placed on

the integration of metadata, as summarised in Table 6.2. These root-level metadata
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provide essential information on dataset provenance, content, and traceability of
the most recent modifications, as well as the conditions of access under which the

dataset can be utilised.

Symbol Property Unit Dimension | Type HDFS5 keys
ng Number of atoms - 1 S OptGeom/NumAtoms
Atomic numbers - na S OptGeom/AtomicNumbers
R Coordinates A 3xny S.G OptGeom/Coordinates
Inertia tensor amu- A 3x3 S,G OptGeom/InertiaTensor
Eior Total energy eV 1 M,G TotalEnergy
Eform Formation energy eV 1 M,G FormationEnergy
Er Fermi energy eV 1 M,G FermiEnergy
EA Electron affinity ev 1 M,G EA
IP Tonization potential ev 1 M,G 1P
Egup Band gap eV 1 M,G BandGap
STM STM image - 3 %256 x 256 S ImageSTM
ng Number of atoms with electrodes - 1 S OptGeomElectrods/NumAtoms
Ze Atomic numbers with electrodes - ng S OptGeomElectrods/AtomicNumbers
R, Coordinates with electrodes A 3xng S,.G OptGeomElectrods/Coordinates
1, Inertia tensor with electrodes amu - AZ 3x3 S,G OptGeomElectrods/InertiaTensor
Cc Transport current UA 1 M,R TransportCurrent

Table 6.1 Properties included in the HDF5 dataset. Each property is denoted by a symbol,
which includes its units and dimensions (74 is the number of atoms in the DG sample; ng
is the number of atoms in the sample including the electrodes), and can be located within
the HDFS files using the corresponding HDFS keys. Properties are categorized into distinct
types: structural (S), molecular (M), atom-in-a-molecule (A), ground-state (G), and response
(R).

The Digital Object Identifier (DOI) was assigned by Zenodo, thereby provid-
ing a persistent and citable reference that guarantees long-term accessibility and
enhances findability. To further improve usability, a uniform naming convention was
adopted across datasets and groups (e.g., AtomicNumbers, Coordinates, OptGeomn,
TransportCurrent), enabling straightforward navigation and efficient retrieval of

specific information within the hierarchical structure.

Accessibility is supported through the choice of the HDFS5 format, a widely
adopted open standard designed for handling large-scale numerical data and compat-

ible with numerous scientific software packages and programming environments.

With respect to interoperability, the structured representation of properties within
the HDFS files (e.g., atomic numbers, coordinates, energies) ensures that the dataset
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can be readily used with other tools adhering to common community conventions.
The use of attributes attached to datasets and groups provides machine-readable
metadata, which simplifies automated parsing and interpretation across different
computational frameworks. This interoperability is particularly advantageous in
the context of materials informatics, where data stored in HDF5 can be exported to
alternative formats (e.g., JSON, SQL-based repositories) and seamlessly integrated
into high-throughput pipelines for screening, property prediction, or inverse design
[135]. Furthermore, adopting recognised metadata schemas strengthens compatibility
with community-driven infrastructures such as the NOMAD Repository [33] and the
Materials Project [136], thus reinforcing discoverability and reuse. Reusability is
ensured by detailed documentation accompanying the dataset, including descriptions
of the computational workflows, data acquisition protocols, and the structure of the
stored information. The dataset is released under the Creative Commons Attribution
4.0 International Licence (CC-BY-4.0), which permits redistribution, modification,
and reuse provided that proper attribution is given. Versioning, together with the
inclusion of attributes such as created and last_updated, provides traceability of

modifications, ensuring the resource remains reliable and current.

Reproducibility is supported by the explicit reporting of the data generation
procedures described in the earlier sections, complemented by worked examples of
geometry optimisation and property calculations (see Code Availability section). In
addition, the dataset was evaluated using the F-UJI tool [137], which systematically
assesses compliance with FAIR principles by analysing metadata quality and acces-
sibility features. The assessment confirmed an advanced level of FAIRness, with a
score of 92%, thereby validating the robustness of the metadata and the openness of
the dataset.



6.3 Automated dataset creation workflows

Metadata Field Description
authors List of authors who contributed to the dataset.
contact Contact email addresses for inquiries and support.
created Date when the dataset was created.
description General description of the dataset contents and scope.
doi Digital Object Identifier (DOI) for the dataset.
format File format used (e.g., HDF5).
funding Information about funding sources and grants supporting the work.

generated_by

Software/tool used to generate the dataset.

keywords

Keywords summarizing the dataset’s main topics and domains.

language

Language used in the metadata and documentation (e.g., English).

last_updated

Date of the most recent update to the dataset.

license

License under which the dataset is released (e.g., CC-BY-4.0).

mime_type

MIME type of the dataset file.

related_identifiers

References to related works or datasets via persistent identifiers.

title Full title describing the dataset.
url Public URL to access the dataset landing page.
version Version number of the dataset release.
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Table 6.2 Root-level metadata attributes contained in the dataset file, with their descriptions.

6.3.7 Data Validation

The entire dataset was validated to ensure the correctness of the calculated data.
The dataset is deterministic and the results are reproducible. Global statistics for all

properties were computed and are summarised in Table 6.3.

To validate the simulated properties, a subset of 1,000 structures was randomly

extracted from the dataset, including their corresponding optimized geometries and
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Properties Mean | STD | Max | Min | Median | Skewness | Kurtosis
Number of atoms 459.78 | 2591 | 511 412 457 0.29 1.98
Total energy per atom (eV) -47.21 | 0.06 | -46.99 | -47.34 | -47.21 0.04 2.68
Formation energy per atom (eV) | -9.16 | 0.06 | -8.94 | -9.28 -9.16 0.04 2.68
Fermi energy (eV) -5.00 | 0.11 | -4.68 | -5.36 -5.01 0.47 3.06
EA (eV) 494 | 0.13 | 5.35 442 4.96 -0.99 5.35
IP (eV) 5.09 | 0.10 | 545 4.81 5.09 -0.09 2.50
Band Gap (eV) 0.14 | 0.05 | 0.52 0.08 0.13 4.61 30.95
Current (UA) 4.17 | 2.30 | 10.54 | 0.05 4.14 0.33 2.49

Table 6.3 Dataset properties analysis in terms of Mean, STD, Max, Min, Median, 3rd Moment
(Skewness) and 4th Moment (Kurtosis).

electrodes. This subset was subjected to new simulations using alternative Slater-
Koster parameters and a more stringent convergence criterion. Specifically, key
electronic properties (EA, IP, E;, Egqp, and E¢) were recalculated employing the
scc — cp2k [138] Slater-Koster parameters, with the SccTolerance reduced from the
default value of 1 x 1073 to 1 x 1019, Additional transport current simulations were

performed for each structure within the subset using the same scc — cp2k parameters.
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Fig. 6.4 Map of the Mulliken charges for a selected DG sample computed with the a) SCC
and b) non-SCC approximations.

The resulting distributions of the validation subset were compared against those
of the full dataset (see Image 6.4). The comparison revealed largely consistent
distributions across all properties, with the exception of the total energy per atom,
which was observed to be slightly elevated on average within the validation subset.

To further assess the reliability of the transport calculations, a single structure was

randomly selected from the dataset to inspect Mulliken charge distributions under
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both non-SCC and fully self-consistent SCC transport conditions, including spin
polarization. The analysis showed that the charge distribution over the graphene flake
and electrodes remained essentially unchanged, providing additional confirmation of

the methodological robustness (see Image 6.5).
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Fig. 6.5 Map of the Mulliken charges for a selected DG sample computed with the a) SCC
and b) non-SCC approximations.
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6.4 Defect—property correlations with XGBoost

6.4.1 General Overview

Using the dataset workflow previously described, the next step involved employing
the electronic properties computed with the workflows presented in Sections 6.3.2
and 6.3.4. A new computational workflow was then introduced, integrating these
electronic properties with an image-based and object-detection pipeline. This in-
tegrated approach enables the prediction of the electronic properties of graphene
flakes starting solely from information that can also be accessed at the macroscale
or derived from experimental microscopy images. The workflow isolates individ-
ual defects and extracts both geometric and frequency-domain features, allowing
the derivation of morphological descriptors that characterise the defects and their

influence on the overall structure.

All the extracted descriptors were then used to train a boosting-based tree model
(XGBoost), which successfully revealed correlations between nanoscale morphology
and the electronic properties of graphene. In particular, throughout this part of the
work, Explainable Al (XAI) techniques were employed to highlight the relative
importance of the morphological defect features within the graphene flake, and to
correlate and interpret these features with respect to the prediction of the current-
related target.
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Fig. 6.6 Scheme of the prediction workflow applied to predict electronic and transport
properties of DG samples from morphological features of defects.
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6.4.2 The Process of Image Generation

As illustrated in Figure 6.6, two distinct workflows are involved in this study. The
first, already described in Sections 6.3.2 and 6.3.4, is used to compute the elec-
tronic properties that serve as labels for model training and evaluation. The second
workflow starts from the optimised geometries and generates graphical represen-
tations of the graphene flakes. From these images, structural defects are detected
and morphological features are extracted. The rationale behind this approach is to
convert the XYZ structural data into low-resolution images that capture the overall
morphology and bonding network of the flakes. This enables a comprehensive yet
computationally efficient representation of the system, allowing the processing of a

large number of samples within a short computational time.

Algorithm 2 Generate Graphene Flake Images

Input: XYZ structural files, magnifier factor M
Read all XYZ files and compute Xp,x and Yax

Compute res = round (M X (5 + max (| Xmax/, |Ymax\)))

Create an empty 2D image of size res X res
Guess bonds using Chemfiles and XYZ coordinates
for each bond i do

Xbondl < nint(x’stm XM )

Ybondl nint(y;tart X M)

Xbond2 < nint(xénd XM )

Ybond2 nint(yénd X M)

Define line segment [(Xbond1, Ybond1); (Xbond2; Ybond2)]
Set the colour of the line based on atom types

Draw the line on the image
: end for
: Output: 2D image representing the graphene flake
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The image generation process is summarised in Algorithm 2. As illustrated, the
first step consists of reading the XYZ files and computing Xn,x and Ypax, which
correspond to the maximum coordinates of the flake. Next, a magnifier factor (M) is

defined, and the resolution is then calculated as a function of M, X ax, and Yiax:

res = f(M:XmaXaYmax)
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After computing the resolution, a two-dimensional array of size res X res is

created. Subsequently, for each XYZ file, a bond guessing procedure is performed

[139], which produces a list of tuples indicating which pairs of atoms are bonded

to each other. At this stage, the coordinates of all atom pairs forming the chemical

bonds are obtained. These coordinates are subsequently converted into pixel positions

within the image by scaling them with the magnifier factor M and rounding to the

a line segment is drawn connecting the

nearest integer (nint). For each bond,

involved. In the present study, since the structures under investigation consist

corresponding pixel coordinates, with the line colour encoding the types of atoms
exclusively of carbon atoms, all bonds are represented using a uniform colour; red

has been chosen for this purpose.

Fig. 6.7 Proposed image-based representation for defected graphene flakes
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The resulting PNG images often contain substantial regions of empty space,
particularly around smaller graphene flakes, which do not contribute meaningful
structural information. To address this, a cropping procedure is applied to remove
these extraneous areas, thereby reducing the overall image dimensions for small
structures and improving the efficiency of dataset storage and subsequent processing.
An example of the generated representation for a defected graphene sample is
provided in Figure 6.7, illustrating both the bond network and the overall morphology
captured by the workflow. In the present study, a magnifier factor of M = 6 was
selected. Given maximum coordinates of approximately Xpnax ~ 39.5 and YVipax >~
34.3, this choice results in images with a resolution of approximately 240 x 240

pixels after the cropping procedure has been applied.

6.4.3 Defect extraction process

To establish a reliable correlation between the defects within graphene structures and
their corresponding electronic and transport properties, the first necessary step—after
generating the simulated images as described in Section 6.4.2 is the identification
of structural defects. This task was approached using an object detection algorithm,
specifically YOLOV10 [64], applied directly to the generated images.

For training the detection model, a manually labelled dataset was constructed
using the Label Studio software [140]. Approximately 300 images were randomly
sampled from the entire pool of generated images and annotated with bounding boxes
around the observable defect regions. Once the labelling process was completed, all

annotations were exported in TXT format, following the YOLO-compatible schema.

To increase dataset variability and stabilise the training process, several data
augmentation techniques were applied to the original labelled images. These included
180° rotation, horizontal, vertical, and diagonal flipping (with respect to both axes),
colour channel swapping, and negative inversion. For each spatial transformation,
the associated label coordinates were correspondingly transformed to preserve the
consistency and alignment of the bounding boxes within the augmented images.
All augmentation operations were implemented using the OpenCV library [141],
resulting in the generation of six augmented variants per original image, thereby

expanding the dataset size by a factor of six.
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Finally, the augmented dataset was split into training, validation, and testing

subsets, with 70% of the images used for training, while the remaining 30% was

equally divided between validation and testing. This balanced partition ensured

adequate coverage of the defect typologies during both model optimisation and

performance assessment.
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Fig. 6.8 Training and validation metrics for the YOLO model. The plots show the evolution
of box loss (a), classification loss (b), and distribution focal loss (DFL) during training and
validation (c), alongside the mAP50-mAP50-95 (d), precision (e), and recall (f) metrics.
The consistent decline in losses and the increase in performance metrics indicate successful
convergence of the model and robust detection performance.
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Once the image generation and dataset preparation stages were completed, the
next step involved training the detection model. The training was carried out using
the original YOLOV10 implementation provided by Ultralytics, with 300 epochs, a
batch size of 32, an image size of 256 pixels, and six workers for data loading. Early
stopping was applied with a patience of 25 epochs, and the model was trained from
scratch without using pretrained weights. All the training metrics are represented in
the image 6.8.

6.4.4 Feature extraction

Once the YOLO model had been trained to identify defects within the graphene im-
ages, individual crops corresponding to each detected defect were extracted to enable
quantitative feature computation. Within these cropped regions, the carbon—carbon
bonds were enhanced and the RGB images were converted into binary masks, with a
white background and black bonds, to facilitate subsequent feature extraction and

analysis.

The extracted features were categorised into four primary groups: Texture Fea-
tures, Shape Features, Edge Features, and Frequency Features. Since texture, shape,
and edge features are defined only for single-channel images, each defect crop was
first converted to grayscale and then subjected to histogram equalization using the
OpenCV library [141]. These features served as the input for machine learning models
aimed at predicting electronic and transport properties of the graphene flakes. A

detailed description of the extracted features is provided in the following sections.

To obtain a comprehensive representation of each full flake image, the features
extracted from individual defect crops were aggregated whenever a flake contained
more than one defect. Aggregation was performed using either summation or
weighted averaging, depending on the type of feature, to ensure that the contributions
of multiple defects were accurately reflected in the overall characterization of the
flake. Specifically, the area and perimeter of all detected defects were summed to
obtain the total defect area and total defect perimeter for the flake. For the remaining
geometric features, weighted averages were computed, where each defect’s contribu-
tion was scaled by its area, so that larger defects had a proportionally greater impact

on the aggregated values. This approach preserves the relative significance of each
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defect, resulting in a balanced and representative description of the defect properties

for flakes containing multiple defects.

The described feature extraction and aggregation pipeline was applied consis-
tently across all images in the dataset, generating a set of descriptors that form
the basis for the subsequent machine learning analysis of electronic and transport
properties.

Texture Features

To characterise the texture of defect regions, the Gray-Level Co-occurrence Matrix
(GLCM) was employed. This statistical method captures the spatial dependencies
between pixel intensity pairs in an image, providing quantitative measures of textural
patterns [142]. The implementation from the scikit-image library [143] was used,
with analysis focused on four principal features: contrast, homogeneity, energy, and

correlation.

Contrast reflects the degree of local intensity variation within the grayscale
image by examining differences between neighbouring pixels. It is calculated from
the GLCM for a given spatial offset, with higher values indicating more pronounced

intensity changes, useful for highlighting sharp transitions or high-frequency regions.

Homogeneity describes the uniformity of the intensity distribution across the
image. Computed from the GLCM, higher homogeneity values correspond to
smoother and more consistent textures, making it an effective descriptor for regions

with minimal intensity fluctuations.

Energy, also known as the angular second moment, quantifies the uniformity of
texture by summing the squared GLCM elements. Elevated energy values indicate
highly ordered or repetitive patterns, aiding the identification of structured and

periodic regions.

Correlation measures the degree of linear dependence between neighbouring
pixel intensities. Derived from the GLCM, higher correlation values signal a strong
relationship between adjacent intensities, capturing predictable and structured varia-

tions within the texture.
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Shape Features

The extraction of shape features aimed to quantify the morphological properties of
each defect region, capturing information about size, geometry, and spatial distribu-
tion. The principal features considered included area, perimeter, circularity, solidity,

compactness, Feret diameter, and eccentricity [142].

Area corresponds to the total number of pixels contained within the defect

boundary, providing a direct measure of the defect’s spatial extent.

Perimeter represents the total length of the boundary surrounding the defect.
This metric reflects the complexity and contour characteristics of the defect region.

Circularity assesses how closely the defect shape approximates a perfect circle,

and is computed as:

47w - Area

Circularity = (6.6)

Perimeter?
A circularity value of 1 indicates a perfect circle, whereas lower values denote

deviations, such as elongation or irregularities.

Solidity is defined as the ratio of the defect area to the area of its convex hull—the

smallest convex shape enclosing the defect:

Area

Solidity = (6.7)

Convex Hull Area

Values range from O to 1, with 1 representing a fully solid shape and lower values

indicating concavities or structural irregularities.

Compactness quantifies the roundness or density of the defect, calculated as:

Perimeter”
Compactness = Tenmeter. (6.8)
Area

Lower values correspond to more compact, circular shapes, while higher values
suggest elongated or irregular contours.

Feret diameter, also known as the maximum caliper distance, measures the
longest distance between any two points on the defect, providing an indication of its

overall scale and orientation.
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Eccentricity captures the elongation of the defect and is defined as:

M A
Eccentricity = \/ 1— (%) (6.9)
X

Eccentricity values span from O for a perfect circle to 1 for a line, with higher values
indicating greater elongation of the defect shape.

Edge Features

Edge features describe the structural characteristics and spatial distribution of edges
within each defect crop, providing quantitative measures of boundary complexity
and texture. In this work, the primary edge descriptors extracted were number of
edges and edge density, both computed using the Canny edge detection algorithm
[142] as implemented in the OpenCV library [141].

Number of edges quantifies the total count of pixels identified as edges within
the defect crop. Unlike the perimeter, which measures the continuous boundary
length, this metric captures all detected edge pixels, including small structural details
and discontinuities along the defect boundary. Higher values correspond to more

intricate or irregular defect shapes.

Edge density is defined as the proportion of edge pixels relative to the total
number of pixels in the defect crop:

Number of Edge Pixels
Total Pixels in Crop

Edge Density = (6.10)
This feature provides a normalized measure of edge concentration, where higher
values indicate densely packed or highly complex boundary structures, reflecting

fine-scale textural patterns of the defect.

Frequency features

To capture the frequency domain characteristics of graphene flakes, both the Fourier
Transform (FT) and the Haar Wavelet Transform (WT) were applied to the complete

flake images [144—-146]. These transforms provide complementary information to the
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geometric and texture-based features, allowing for a more comprehensive analysis
of defect patterns [142] .

The FT is employed to analyse the overall frequency content of the image,
revealing dominant frequencies and the distribution of spectral energy. Although FT
is effective in highlighting global patterns, it lacks spatial localization, which can be
addressed using WT. The Haar wavelet provides a multi-resolution decomposition
of the image, preserving both spatial and frequency information and enabling the
detection of local features at multiple scales and orientations. This combination of FT

and WT ensures both global and local aspects of the image structure are quantified.

Frequency features were extracted using the NumPy [147] and PyWavelets [148]
Python libraries. The 2D FT of the input image transforms spatial variations into
the frequency domain. The magnitude spectrum is computed and centered on low-

frequency components as:
M(u,v) =log (|F (u,v)| +€) (6.11)

where F(u,v) represents the Fourier coefficient at frequency (u,v), and € is a small
constant to prevent numerical instabilities. From this spectrum, statistical features
were derived, including mean, maximum, minimum, median, and standard devia-

tion of M (u,v). The total spectral energy was calculated as:
E=Y |F(uv)]? (6.12)
u,v
and the spectral complexity was quantified by entropy:

H:—mem&@mww) (6.13)

where P(f;) denotes the normalized histogram of the magnitude spectrum. Addi-
tionally, the spectrum was divided into low- and high-frequency regions, and their

respective energies were used to define the frequency contrast:
C= Ehigh — Elow (6.14)

with Epigh and Ejoy corresponding to the total energy in the high- and low-frequency
quadrants, respectively.
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Wavelet-based features were extracted from both the first (H1, V1, D1) and
second (A2, H2, V2, D2) decomposition levels, capturing multi-scale information.
Key metrics included wavelet energy, representing the total coefficient energy at each
scale and orientation; wavelet standard deviation, measuring coefficient variability;
and wavelet entropy, quantifying the complexity and local randomness of the
coefficients. Together, these FT and WT features provide a detailed characterization
of the frequency-domain properties of graphene flakes, complementing the previously

computed geometric and texture descriptors.
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Fig. 6.9 Magnitude spectra of a graphene flake containing a single defect translated across
different spatial positions. Each column corresponds to a specific translation (e.g., left, right,
up, down), while the lower row shows the difference with respect to a reference configuration.
The colour map highlights variations induced by defect translation, demonstrating that
Fourier features are sensitive to symmetry breaking induced by defect translation, thereby
indirectly encoding positional information.
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In order to characterise the effect of defects positions on the spectral properties
of graphene flakes, we analyse the Fourier-space representation of the flake images.
For a flake containing a single defect, we systematically translate the defect across
different spatial positions, both along the horizontal (left-right) and vertical (up-
down) directions. The magnitude of the two-dimensional Fourier transform is then
computed for each translated configuration, providing a set of spectral features that

are invariant to overall image intensity but sensitive to the defect position.

Figure 6.9 illustrates the resulting spectral differences: each subplot shows the
magnitude spectrum of the flake for a given defect position, while the corresponding
difference map with respect to a reference configuration highlights the variations
induced by the translation. As can be seen, even a single-atom shift breaks the
symmetry of the Fourier spectrum, producing measurable changes in the spectral
features. This confirms that the Fourier representation captures spatially localised
variations, and that the extracted spectral features are representative of the defect’s
position within the flake.

These observations justify the use of Fourier-based features for subsequent
comparative analysis among flakes with similar single-atom defects: by encoding
positional information into the spectral domain, these features allow for an effective
quantification of defect-induced variations, which can be leveraged in clustering or
dimensionality reduction approaches to reveal structural patterns across the dataset.

6.4.5 Model Training

Using the extracted features, we trained the XGBoost algorithm to predict the sim-
ulated target properties, employing the implementation available in the XGBoost
Python package [149]. A consistent set of hyperparameters was applied across all
target properties to ensure comparability and maintain uniformity within the predic-
tive framework. The optimal hyperparameters, reported in Table 6.4, were identified
using the Optuna framework [150]. The range of hyperparameters explored during
the optimization process was empirically defined and is provided in Appendix A.2,
Table B.1.

For hyperparameter tuning, we employed the Tree-structured Parzen Estima-
tor (TPE) sampler [151, 152], a Bayesian optimisation method. TPE models the

objective function by constructing two probability distributions: one representing
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Parameters Value

n_estimators 770

learning_rate 0.05121

max_depth 15

gamma 0.00001

min_child_weight | 6.37548

colsample_bytree | 0.65017

max_leavs 148

subsample 0.91375

reg_alpha 0.52680

reg_lambda 1.93097
Table 6.4 XGBoost parameters optimized using the Optuna framework [150].

hyperparameter configurations deemed promising (i.e., those yielding superior ob-
jective values) and the other representing the remaining configurations. Optimisation
is then performed by maximising the ratio between these distributions, thereby dy-
namically balancing exploration of the parameter space with exploitation of regions

known to be promising.

The optimization process was guided by a custom objective function, defined as:
Z(x) =min [0- MSE,q + (1 — ) - (1 —R*) + B - O] (6.15)

where:

_ MSEval - MSEtrain

0
M SEtrain

(6.16)

In this formulation, the first component, scaled by the parameter «, regulates
the model’s fitting performance by simultaneously minimising the validation mean
squared error (MSE, ;) and maximising the coefficient of determination (R?). The
second component, denoted as O, serves to mitigate overfitting by penalising cases
where MSE,; is substantially higher than the training mean squared error (M SE; i),
indicating limited generalisation. The weighting parameters o and 3 were set to 0.5
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and 0.4, respectively, providing a balanced compromise between fitting accuracy and

overfitting control.

To assess the robustness of the model and its generalisation capability, a five-fold
cross-validation strategy was employed [153]. In this procedure, the full dataset
is partitioned into five subsets of approximately equal size; each fold, in turn, is
used as the validation set while the remaining four folds serve as the training set.
This approach provides more reliable estimates of performance metrics by reducing
dependence on individual validation samples and mitigating variance effects due to
dataset composition [154, 155]. The error and correlation measures computed for
each fold are subsequently aggregated, yielding an overall assessment of the model’s
predictive capacity and enabling effective comparison of different hyperparameter
settings or architectural configurations. The choice of five folds represents a balance
between statistical reliability and computational cost, ensuring a robust evaluation

without excessively increasing training time.

The final performance metric, incorporated both within the objective function
and the overfitting term, was determined as the mean validation score across all cross-
validation folds. To facilitate the hyperparameter optimisation procedure, tuning
was conducted solely for a single target property, the transport current, due to its
primary significance in assessing the applicability of DG flakes in device contexts.
The optimised hyperparameters were subsequently applied to all remaining target
properties, under the assumption that the model would generalise effectively across

diverse prediction tasks.

Following hyperparameter selection, the dataset was divided into a training set
(80%) and a test set (20%). Input features were standardised using the RobustScaler
from the scikit-learn Python library [143], which relies on statistics that are
insensitive to outliers. The model was then trained on all target variables using
the optimised hyperparameters. Learning curves, showing the relationship between
boosting rounds and L2 error for both the training and test sets, are provided in the
Fig. 6.10.
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Fig. 6.10 The plots show the boosting rounds compared to RMSE errors for the train set and
test set using XGBoost for Fermi level (a), ionization potential (b), electron affinity (c), band
gap (d), energy per atom (e), and current (f).

All hyperparameter tuning and training were performed on a workstation equipped
with an AMD Ryzen 7 5800X CPU and an Nvidia RTX 3070 Ti GPU, ensuring
efficient computation and reproducibility of results.
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6.4.6 Results Discussion

As a first step, we analyse the performance of our defect detection algorithm intro-
duced in Section 6.4.3. The evaluation is supported quantitatively by Figure 6.11 and
complemented with a more direct visual inspection through the cropped examples
shown in Figure 6.12. The confusion matrix (Fig. 6.11a) indicates that the model
correctly identifies the vast majority of defects, with only a few misclassifications,
reflecting a high overall detection accuracy.
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Fig. 6.11 Performance evaluation of the YOLOv10 model for defect detection in graphene
structures. (a) Confusion matrix showing true positives, false positives, and false negatives
for defect classification. (b) Precision curve illustrating the model’s precision across varying
confidence thresholds. (c) Recall curve demonstrating the model’s ability to capture the
majority of actual defects. (d) F1-score curve highlighting the balance between precision
and recall, with the model achieving high reliability and accuracy in defect detection.
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The precision curve (Fig. 6.11b) demonstrates that the model maintains a high
level of precision across varying confidence thresholds, approaching unity for predic-
tions made with higher confidence. This suggests that predictions of defect presence
are highly reliable. Similarly, the recall curve (Fig. 6.11c) shows that the model
successfully detects the majority of actual defects, maintaining consistently high
recall values across different confidence levels. The Fl-score curve (Fig. 6.11d),
which balances precision and recall, reaches a maximum of approximately 0.97,

indicating that the model achieves an optimal trade-off between precision and recall.
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Defect 0.93

Fig. 6.12 Defects detected in 4 different nanographene samples by the trained YOLOv10
model, along with their respective confidence values.

Overall, these results demonstrate the robustness and reliability of the YOLOv10
object detector in identifying defects within DG images. Representative examples
of defects detected by the trained YOLOv10 model in nanographene flakes are
presented in Fig. 6.12.



Atomistic Graphene Data to Generative Models: An Al Framework for
138 Structure—Property Correlations

Building on these findings, the next step is to investigate in greater detail the
prediction of material properties using our boosting algorithm. To this end, the
trained XGBoost model, described in Section 6.4.5, was employed to predict all target
properties previously calculated via DFTB simulations. The model’s performance

was evaluated using the MSE, MAE, and R? metrics, as summarised in Table 6.5.

Target MSE | MAE R?

Fermi Level [eV] 0.0005 | 0.0146 | 0.9540

Ionization Potential [eV] | 0.0007 | 0.0164 | 0.9269

Electron Affinity [eV] 0.0008 | 0.0171 | 0.9479

Band Gap [eV] 0.0001 | 0.0079 | 0.9427

Energy per atom [eV] | 2.7e-05 | 0.0032 | 0.9922

Current [UA] 0.2506 | 0.2462 | 0.9509

Table 6.5 Performance metrics for the XGBoost model across different target properties.

The results indicate consistently strong performance across all target properties.
High R? values demonstrate that the model effectively captures the variability in
the data, while the low MSE and MAE values indicate precise predictions with
minimal error. The model performs particularly well on targets with a narrower
numerical range, such as energy per atom, band gap, and Fermi level, achieving high
accuracy. For targets with broader numerical ranges, the model shows its robustness,

maintaining good predictive accuracy.

The fits for all target properties are illustrated in Fig. 6.13, whereas the dis-
tributions of the residual errors are presented in Appendix B.1, Fig. B.1. For the
majority of targets, the data points in the fit plots closely follow the identity line,
indicating strong predictive accuracy and minimal variance in the errors. The residual
histograms along the axes are narrow and centered, further confirming the model’s
consistency and reliability. In the case of the transport current, which exhibits a
wider numerical range and greater intrinsic variability, the dispersion around the

identity line is slightly larger.
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Fig. 6.13 Scatter plots show the correlation between the predicted and true values in the
test set using XGBoost for electron affinity (a), ionization potential (b), band gap (c), Fermi
level (d), energy per atom (e), and current (f). The lines (orange) represent the ideal y = x
correlation. Marginal histograms display the distribution of predicted and true values for
each property, indicating the performance of the predictive model across different datasets.



Atomistic Graphene Data to Generative Models: An Al Framework for

140

Structure—Property Correlations

Nevertheless, the general alignment remains clear, demonstrating that the model

retains good predictive performance even for this more challenging target.
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Fig. 6.14 SHAP value summary for the current target

Additionally, to complete our analysis, we trained a set of Explainable Al (XAI)
models using SHAP values [74] as the reference framework. SHAP (SHapley Addi-
tive exPlanations) values provide a unified approach to interpret model predictions
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by quantifying the individual contribution of each input feature to the final output.
They are derived from cooperative game theory, where each feature is treated as a
“player” contributing to the prediction, allowing for a consistent and mathematically
grounded explanation of feature importance across all samples. The main objective
of employing SHAP values in this work is to identify which features contribute most
significantly to the prediction of the electronic and transport properties. As discussed
in Section 6.4.4, we extracted a set of macroscopic descriptors directly related to
the defects, along with frequency-domain features designed to capture the relative
spatial position of the defect within the flake.

Key insights arise from this interpretability analysis (see Figure 6.14. The defect
area exhibits a negative contribution to the predicted current, with larger defects
corresponding to reduced electron mobility. This observation is consistent with
the physical understanding that extensive defects disrupt the graphene lattice and
hinder charge transport. In contrast, frequency-related features, such as maximum
frequency and Fourier energy, show a positive correlation with current, indicating that
higher-frequency and higher-energy spectral components enhance charge transport

by promoting the formation of conductive edge states and percolation pathways.

Similarly, morphological descriptors such as the number of edges and the Feret
diameter contribute negatively to the current prediction, suggesting that elongated or
irregular defect geometries tend to obstruct carrier flow. Conversely, wavelet-based
features, including wavelet energy (A2) and wavelet entropy (H1), exert a positive
influence, possibly reflecting the role of localised vibrational modes induced by

defects in facilitating electronic conduction.

Moreover, while the defect perimeter is associated with a negative SHAP con-
tribution implying that larger perimeters increase scattering and reduce current, the
circularity of the defect has a positive effect, confirming that more regular and

compact defect shapes are favourable for charge transport.

Comprehensive SHAP analyses for the remaining target properties predicted by
the XGBoost model are provided in Appendix B.1, Figures from B.2 to B.6.

6.4.7 Model Comparison with LightGBM

To validate the results and provide a quantitative comparison of the predictions, the

final step involved benchmarking the performance of our model against another
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widely used state-of-the-art algorithm, namely LightGBM [156]. The LightGBM
model was provided with the same input parameters obtained through Optuna during
the tuning of the XGBoost model, ensuring a fair comparison with all other settings
held constant. As shown in Table 6.6, the performance scores are generally very close,
and can be considered comparable. However, across most targets, XGBoost typically
demonstrates a noticeably better ability to adapt to the test data. All performance
metrics obtained for this model are reported in the Supporting Information, in
Appendix B.1, Figure B.7, Figure B.8 and Figure B.9

Target MSE | MAE R?

Fermi Level [eV] 0.0006 | 0.0157 | 0.9499

Ionization Potential [eV] | 0.0008 | 0.0178 | 0.9185

Electron Affinity [eV] | 0.0008 | 0.0185 | 0.9436

Band Gap [eV] 0.0001 | 0.0086 | 0.9363

Energy per atom [eV] | 2.8e-05 | 0.0033 | 0.9920

Current [UA] 0.2573 | 0.2518 | 0.9496

Table 6.6 Performance metrics for selected targets using the LightGBM model.

A complementary and more in-depth analysis can be conducted by examining
both SHAP values and feature importance. This is particularly evident when training
the XAI model on the predictions from LightGBM, as illustrated in Appendix B.1,
Figures B.10 and B.11.

LightGBM displays a wider distribution of feature importance across multiple
predictors, whereas XGBoost tends to concentrate its influence on a smaller subset of
highly significant features. Specifically, XGBoost assigns predominant importance to
properties such as band gap and energy per atom, while also emphasising geometric
descriptors, including defect area and perimeter. For targets such as electron affinity,
Fermi level, ionization potential, and transport current, XGBoost places greater
weight on frequency-derived features that capture global information from the entire

flake image.
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In contrast, LightGBM exhibits a more dispersed pattern of feature importance,
which, although potentially offering a richer perspective on the feature space, can
make direct physical interpretation more challenging. Despite these methodological
differences, SHAP values for both models remain broadly consistent, as illustrated
in Appendix B.1, Figures B.12-B.17, confirming that both approaches provide
comparable levels of explainability.

Furthermore, examining the permutation feature importance [157] for the trans-
port current provides additional insight into how each feature contributes to the
predictive performance of the models. This method evaluates the decrease in model
accuracy that occurs when the values of a specific feature are randomly shuffled,
effectively breaking its relationship with the target variable. A larger drop in accuracy

indicates that the feature plays a more critical role in the prediction process.
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Fig. 6.15 Comparison of the top 10 features based on permutation importance. XGBoost
results are shown in blue, while LightGBM results are shown in orange.

The bar chart in Figure 6.15 presents a comparison of the permutation feature
importance for the top 10 features in predicting the transport current, as derived
from XGBoost and LightGBM models. The values on the x-axis indicate the
magnitude of the impact that each feature has on the model’s predictive performance.
Notably, max frequency emerges as the most influential feature in both models,
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demonstrating a dominant effect on current predictions. Other features such as
perimeter, number of edges, and wavelet energy A2 show moderate importance,
with some differences between XGBoost and LightGBM reflecting the distinct
ways the models weight input variables. The comparison highlights that while both
models identify largely overlapping key predictors, XGBoost tends to concentrate
importance on fewer features, whereas LightGBM distributes importance more
evenly across several inputs. This analysis provides insight into the structural and
frequency-related characteristics of the data that most strongly influence transport
current. A comprehensive, side-by-side evaluation of predictive performance and
feature-level behaviour for XGBoost and LightGBM is reported in Appendix B.1,
Table B.2.

6.5 From uncontrolled to conditional generation

6.5.1 Motivation

As discussed throughout this chapter, the optimal properties of graphene strongly
depend on both the type of defect and its location within the flake. In this section,
we explore the configuration space in which graphene exhibits electrical properties
of interest, with the specific aim of guiding the generation of new graphene flakes
exhibiting such properties. The workflow involves two Variational Autoencoders
(VAESs). In the first VAE, defects are sampled starting from pristine graphene, with
only noise provided as input to the latent space. This approach does not allow
direct control over the defect sampling space but is particularly useful for dataset

augmentation.

In the second step, we aim to condition the generation process. Specifically, the
features extracted in Section 6.4.4 were projected into 2D, creating distinct feature
spaces. Within each space, we computed the mean current, and then conditioned
the latent space sampling on regions exhibiting the most desirable properties. This
approach is novel and has not yet been fully explored, and it will be further discussed

in future work.

By doing so, we pave the way for a conditional generation strategy that can be

applied both for targeted dataset augmentation focusing on regions with data scarcity
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and for generating new samples with specific characteristics of interest to materials

science.

6.5.2 Workflow

The dataset used in this work is the same as that employed throughout this chapter.
From this dataset, a total of 8,750 samples were randomly selected. In this phase,
starting from the XYZ files, images were generated using an approach very similar
to that described in Section 6.3.1. The main difference is that, in this case, bonds
were not visualised; instead, the atomic structure was treated as a two-dimensional
point cloud, representing only the spatial coordinates of the flake with white points

(see Image 6.16).

Fig. 6.16 Samples of graphene with defects image used in the training of VAEs
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The decision to use atomic positions rather than the full image including bonds
was based on the fact that, for an architecture such as a variational autoencoder, it
is simpler to reconstruct the individual atomic positions in order to generate valid

structures.

6.5.3 First Case: Model architecture and Training

In the initial, non-conditioned training approach, the architecture adopted was the
Enhanced Encoder, originally proposed by Ditria et al. [158]. This model introduces
a modular design inspired by Residual Networks (ResNets), where the inclusion
of skip connections serves both to stabilise training and to enhance reconstruction
accuracy. Such residual pathways allow the network to preserve spatial coherence
and mitigate gradient degradation, ensuring that low-level structural information
is not lost as the representation becomes progressively abstract. This property is
particularly beneficial in physical systems where fine-scale spatial patterns exert a

significant influence on global behaviour.

Structurally, the encoder begins with an initial convolutional layer that projects
the input into a high-dimensional feature space, followed by a sequence of Residual
Downsampling (ResDown) blocks that gradually reduce spatial resolution while
increasing representational depth. Each ResDown block integrates convolutional
transformations, normalisation, and residual connections, enabling efficient feature
propagation across layers. The encoder concludes with two convolutional heads
that parameterise the latent distribution, yielding the mean and variance required for

stochastic sampling.

The decoder mirrors this organisation through a series of Residual Upsampling
(ResUp) blocks, which progressively restore the spatial dimensions of the feature
maps while decreasing their depth. The final convolutional layer reconstructs the
output, preserving the spatial and statistical characteristics of the original input.
This hierarchical structure facilitates multiscale representation learning, allowing the
model to capture both local spatial details and global contextual dependencies. Over-
all, the Enhanced Encoder—Decoder configuration provides a robust and expressive
backbone for unsupervised feature learning, well-suited to scenarios where spatial

fidelity and information preservation are critical.
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Fig. 6.17 Workflow for the generation of synthetic datasets containing graphene nanoflakes
with small distributed defect

The loss function employed for training the Enhanced Encoder—Decoder archi-
tecture was designed as a composite, integrating multiple complementary terms to
guide the network toward accurate and perceptually faithful reconstructions. The
first component is the reconstruction loss, which itself combines two distinct con-
tributions. The primary term is the Structural Similarity Index Measure (SSIM),
originally introduced in [159], which evaluates similarity between the ground truth
and reconstructed images at a structural level rather than through a purely pixel-wise
comparison. SSIM effectively captures perceptual fidelity by emphasising the preser-
vation of local luminance, contrast, and structural patterns. To complement this, a
traditional pixel-wise L; loss was included to penalise absolute deviations at the

pixel level. The combined reconstruction loss can therefore be expressed as:
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Lyeconstruction = 0.85 X Lgsipr +0.15 X Ly (6.17)

The second term is the Kullback—Leibler (KL) divergence, denoted as Lgy, a
standard component in variational autoencoder-based models with stochastic latent
spaces [160, 161]. This term regularises the latent distribution, encouraging it to
approximate a prior (typically a standard Gaussian), which in turn facilitates smooth

and continuous latent representations suitable for generative sampling.

To further enforce the capture of global image characteristics, a Fourier-domain
loss, Lrourier, Was introduced. This term computes the difference between the
frequency spectra of the original and reconstructed images, obtained via Fourier
transform. By doing so, Lr,,rier complements SSIM by explicitly constraining the
network to preserve frequency-domain content, such as texture and periodic patterns,

which might not be fully captured through spatial-domain measures alone.

Finally, a perceptual loss based on a pretrained deep network was incorporated to
ensure that high-level semantic features were accurately reconstructed. In particular,
the VGG19 network [162] was used to extract feature representations from both the
original and reconstructed images. At each layer, the feature maps corresponding to
the original and generated images were compared by computing the squared differ-
ence, which was then averaged across spatial dimensions. The mean feature loss from
all layers was aggregated to form the perceptual 10ss, Lpercepruar> and subsequently

normalised by the total number of layers to ensure balanced contribution.

The total loss for the autoencoder is therefore a weighted combination of all
these terms:

Ltotal = Lyeconstruction + LxL + Lperceptual + Lrourier (6.18)

This composite formulation ensures that the network simultaneously preserves
fine-grained pixel information, structural coherence, high-level perceptual features,
and global frequency characteristics, providing a robust training signal for learning

expressive and physically meaningful latent representations.

The training procedure was conducted following standard practices and continued
for a total of 800 epochs. The Adam optimizer was employed, while a ReduceLROn-

Plateau scheduler dynamically adjusted the learning rate, reducing it by a factor of
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0.1 if the validation loss did not improve for 50 consecutive epochs. In addition, an
early stopping mechanism was implemented, which saved the model achieving the

lowest validation loss and terminated training after 80 epochs without improvement.

For numerical evaluations, the dataset was split into 70% for training, 15% for
validation, and 15% for testing. To facilitate effective learning of the VAE, the
dataloader was configured to invert the binary masks of the images (corresponding to
the samples illustrated in Fig. 6.16), ensuring that the images consistently presented
a white background with the atoms depicted in black. The resulting training and
validation loss curves (Fig. 6.18) indicate that the model generalises well to unseen
data, with no substantial evidence of overfitting.
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Fig. 6.18 Train and validation loss for the proposed architecture

Generation step During this generation phase, the encoder was retained rather
than discarded. As illustrated in the lower part of Fig. 6.17, a perfect graphene image
is fed into the encoding branch. To generate defective structures, the latent space is

then perturbed, producing new atomic configurations with defects. This perturbation
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is implemented by injecting scaled random noise during the reparameterization step,

as expressed by:

2= Zmean + 20 - €+ 0.75 - Zypise

7o = exp (log(zvar) -0.5)
with e~ N(0,1)
Znoise ™ N(O, 1)

The resulting latent vector z is then passed to the decoder of the VAE to generate

the corresponding image.

Following the decoding, a post-processing step is applied to render the atomic
bonds in the generated image. In brief, the algorithm resumed in Alg. 3 first identifies
all atomic positions by locating black pixels. Candidate bonds are determined by
computing the Euclidean distance between atoms and retaining only those within
a specified minimum and maximum bond length, while resolving overlaps and
eliminating invalid points. Lines are then drawn between valid atomic pairs to

visualise the lattice, producing a fully connected graphene structure.

During the generation phase, there is a risk that some of the produced structures
may be deemed invalid. To automatically filter out such cases, a supervised classifi-
cation model was trained on a dataset of 2,000 manually labelled images, with labels
indicating whether a structure is valid or not. This model enables the automatic rejec-
tion of images that, after the bond-drawing procedure, exhibit unrealistic chemical or
physical configurations. Examples of both valid and invalid structures are shown in
Figure 6.19. A ResNetl8 [163] was adapted for this classification task by modifying
the first convolutional layer to accept grayscale inputs and replacing the original
multi-class output with a custom head: a fully connected layer, ReLLU activation,
dropout, and a final fully connected layer producing a single output. The model was
trained for 300 epochs with a batch size of 32 and a learning rate of 0.001.
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a)

Algorithm 3 Draw Atomic Bonds from Generated Graphene Image

1:

e e e e e
AN G R O ol

D A U S

Input: Grayscale image containing atomic positions, min_bond_length,
max_bond_length
Detect all black pixels and store their coordinates as atomic positions
Remove any invalid or overlapping positions based on local neighborhoods
for each pair of atomic positions (i, j) do
Compute Euclidean distance d between i and j
if min_bond_length < d < max_bond_length then
Add (i, j) to the list of candidate bonds
Update neighbor count for atoms 7 and j
end if
end for

: for each candidate bond (i, j) do

if both 7 and j have at least 2 neighbors then
Draw a line segment between i and j on the image
end if

: end for
: Remove any remaining isolated black pixels

: Output: Image with atomic bonds visualized

The resulting confusion matrix (Fig. 6.20b) indicates high test accuracy, with

few misclassifications. This demonstrates the model’s effectiveness in distinguishing
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valid from structurally broken DG nanoflakes, ensuring that the final dataset contains

chemically and physically plausible structures.
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Fig. 6.20 a) Learning curves showing training and validation loss over epochs; b) Confusion
matrix obtained from evaluating the trained binary classifier on the test set.

Generated dataset analysis

Building on the methodology described above, which leverages perturbations in
the latent space for image generation, a synthetic dataset was created. As outlined
throughout this thesis, this approach serves as a bridge between real and synthetic
data, providing a framework for the subsequent study of the physical and chemical
properties of the material. Specifically, the constructed dataset comprises 5,000
distinct graphene nanoflakes that passed the validation of the trained discriminator.
Each flake was then processed following the same workflow described in Section 6.4.
Initially, a comparison of the distributions of atom counts between the original and
synthetic datasets was performed. The results are shown in Fig. 6.21a. It is evident
that the synthetic dataset primarily occupies the right-hand portion of the plot. This
occurs because the synthetic nanoflakes predominantly feature small, distributed
defects, resulting in atom counts that are closer to those of defect-free flakes. In
contrast, the original dataset exhibits a broader distribution, reflecting a wider variety

of defect configurations and flake sizes.
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Fig. 6.21 Comparison between the original dataset (OD) and the synthetically generated
dataset (GD). (a) Distribution of atom counts. Frequency-domain analysis of the nanoflakes,
including (b) maximum frequency, (c) entropy, and (d) frequency contrast.

6.5.4 Second Case: Conditioning with specific features

The final stage of our trip in the atomic scale, which also represents the conclud-
ing phase of the doctoral project, constitutes a natural extension of the generative
methodology presented in Section 6.5.3. This development serves as an intermediate
approach, bridging established methods with potential future directions, having been
iteratively tested during the preparation of this work. In particular, this approach
aims to represent a step forward with respect to the generation of samples with
defects, as discussed in 6.5.3. Specifically, the goal is to move beyond the random
sampling performed by the autoencoder through a latent space conditioning strategy,
which will be presented in Section 6.5.5.

Before detailing the architectural modifications and the conditioning strategy

applied to the subsequent model, it is important to recall the underlying motivation,
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partially introduced in Section 6.5.1. When dealing with materials such as graphene,
it is essential to guide the generative process towards specific target regions of
interest. This guidance ensures that the generated structures meet desired structural

or functional properties.

In the present study, the conditioning was designed to generate graphene flakes
with well-defined structural characteristics, particularly focusing on properties such
as transport current. The current is of significant industrial relevance, as it informs
potential applications of graphene within finished products. This aspect also serves
as a unifying theme across the work, connecting atomistic-level modelling with
multiscale design: by understanding and controlling properties at the atomic scale, it
becomes possible to engineer macroscopic devices whose performance reflects the

complete modelling pipeline.

6.5.5 The Conditioning Workflow

In this section, we discuss the conditional case and present preliminary results
obtained from introducing conditioning during the generative phase. When referring
to a conditional model, we imply that the generative process is guided towards a
specific region of the latent space according to a chosen set of conditions. In practice,
this conditioning mechanism is applied both during training and inference, enabling
the model to learn structured relationships between input features and the generated
outputs.

In our specific implementation, the conditional training workflow was built upon
the same dataset of atomic configurations in xyz format, previously introduced in
Section 6.3.6. Following the data processing pipeline described in Section 6.4.4, we
extracted a set of descriptors characterising each flake. As discussed earlier, this
feature space is inherently high-dimensional (R**). To facilitate conditioning and
improve interpretability, dimensionality reduction techniques such as UMAP and
PCA [52] were employed to project the original feature space onto a two-dimensional

manifold.

As illustrated in Figure 6.22, the two-dimensional PCA representation is used as
the conditioning space for the generative model. A key question therefore concerns
how to identify the regions of the feature space in which new samples should be

generated.
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To address this point, Figure 6.22 highlights three distinct regions emerging
from the distribution of the training data. These regions arise from feature vectors
computed from the original dataset and subsequently grouped through a clustering
procedure. For each cluster, the mean value of the target quantity of interest, namely
the current, is evaluated, providing a physically meaningful partition of the feature
space.

The background density, visualised through kernel density estimation (KDE),
represents the distribution of training samples in the reduced space and thus indicates
which regions are most densely populated by real data. Cluster boundaries are
approximated via convex hulls, highlighting the geometric extent of each group in
the PCA plane.

The outermost cluster corresponds to the region characterised by the highest
mean current. In particular, the green—cyan cluster represents samples with an av-
erage current of approximately 6.5, the blue cluster corresponds to an intermediate
regime with an average current of approximately 3.5, and the violet cluster represents
the lowest-current regime with an average current of approximately 2.6. The KDE
contours further indicate that the high-current cluster occupies a region of compara-
tively lower training density, reflecting the limited availability of high-performance

samples in the original dataset.

The coloured markers denote synthetically generated samples, coloured accord-
ing to their predicted current values. Generation is explicitly conditioned on the
high-current cluster only, corresponding to the outer green—cyan region. Within this
region, predicted current values tend to be higher on the right-hand side of the PCA
space and gradually decrease towards the left. Importantly, the generated samples
remain consistent with the statistical and geometric properties of their parent cluster,
indicating that the conditional generative process explores high-performance regions

of the feature space without violating the learned data distribution.
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Fig. 6.22 Clusters of the training samples used in Section 6.4. Features are projected into a
two-dimensional PCA space, with kernel density estimation (KDE) indicating the density of
training samples. Cluster boundaries are approximated via convex hulls. Coloured points
denote synthetically generated samples, conditioned on the high-current cluster and coloured
according to their predicted current values.

The visible regions are the result of applying a Convex Hull algorithm separately
to each cluster. Having determined the average current associated with each cluster,
it was therefore possible to identify which regions were more promising for the
generation of new samples. In particular, the green region, located on the far right,
corresponds to the cluster exhibiting the highest average current, while overlapping
areas between the red and green regions, as well as between the green and blue
ones, appear to be less promising for sample generation, given the relatively low
mean current values characterising those overlapping clusters. Therefore, we define
Apromising as the region of the projected feature space in which it is promising to

generate new samples, as follows:

Rpromising = { (PCA1,PCA2) € R* |2 < PCA1 <5 A —2<PCA2<28}
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Diffusion Model The generative model employed in this work is a discrete
Bernoulli diffusion process [164] conditioned on a low-dimensional feature vector
extracted from the material representation (in this case, the two-dimensional PCA em-
bedding). The diffusion dynamics operate on binary lattice images xo € {0, 1}7/*W
representing atomistic structures. The model aims to learn the reverse-time genera-
tive distribution pg(xXo | X;,¢,), where ¢ € R? denotes the conditioning features and
t €40,...,T — 1} is the discrete diffusion timestep. The forward diffusion follows a
strictly discrete mechanism: at each timestep ¢, every pixel is either kept from the
original configuration or replaced by unbiased Bernoulli noise. This behaviour is
governed by a decaying probability & = [T;_, (1 — Bx), where the S follow a linear

schedule. For each pixel (i, j), the noising rule can be expressed as
x,(i’j) _ mt(i’j) x(()i’j) + (1 . mt(i’j)) u(i’j), (6.19)

where mt(i’j ) Bernoulli(@® ) determines whether the original signal is preserved
and u("/) ~ Bernoulli(1/2) represents pure random noise. This discrete formulation
differs from conventional Gaussian diffusion and is appropriate for binary atomistic

grids.

The conditioning mechanism plays a central role, as the generative trajectory
must depend on the position of a sample in the feature space. The raw conditioning
vector is first normalised,

¢=(c—u)oo, (6.20)

and then projected into a higher-dimensional embedding through an MLP,
€ = foond(€) € R®, (6.21)

ensuring that the model can represent non-linear dependencies on the conditioning.
In parallel, the diffusion timestep ¢ is encoded using a sinusoidal embedding with

log-spaced frequencies,
e; = (sin(wi1),...,sin(a@y,),cos(@ir), ... cos(wyt)), (6.22)

so that the network has a continuous representation of discrete diffusion steps. The
two embeddings are concatenated to form a single representation

z= e[ e], (6.23)
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used to modulate all blocks of the UNet [165] via FILM [166] transformations.

The UNet backbone incorporates this vector z at every resolution. Each convo-
lutional block predicts, through a small linear layer, a pair of channel-wise affine

modulation coefficients (7, 8),

17, B] = Wiim 2, (6.24)

which transform the intermediate activations h as
FiLM(h|z) =yoh+f (6.25)

This mechanism allows the conditioning information to influence both coarse and
fine spatial representations, making the generative process explicitly dependent on
the region of the UMAP space in which the sample lies.

During training, the model receives a noised input X; and learns to predict
logits for the clean configuration X through binary cross-entropy. Since the target
structures are expected to exhibit local atomic coordination, the loss is augmented
with a neighbour-consistency regulariser. Using the predicted Bernoulli probabilities
p =0 (£y), a four-neighbour convolution estimates the expected coordination number

at each pixel, and deviations from the graphene-like value of 3 are penalised:
Zioord = E[|coord(p) — 3| ©p] (6.26)
The total loss becomes

L = gBCE(e&XO) + )Lcoord ogfﬂcoord (627)
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Fig. 6.23 Different diffusion steps of the conditional generation process, illustrating the
reverse trajectory from the initial noise state to the final synthesised sample.

Generation proceeds by reversing the discrete chain. At each step the model
predicts a distribution for x(, samples a candidate reconstruction, and then re-applies
one step of the forward noising rule using ;. This iterative mechanism eventually
reaches t = 0, where the estimate of the clean structure is returned as the final sample.
The combination of Bernoulli diffusion, FiLM-based conditioning and structural
regularisation yields a controllable generative process able to produce atomistic

configurations that vary smoothly with their position in the learned feature space.

The reverse sampling procedure follows a fully discrete Markov chain that
reconstructs the clean configuration by progressively removing noise. Starting from
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pure Bernoulli noise x7 ~ Bernoulli(1/2), the model iteratively estimates the clean
image and reintroduces only the amount of noise consistent with an earlier diffusion
timestep. At a generic step ¢, the UNet receives the current noisy configuration x;,
together with the conditioning vector z and the timestep embedding, and outputs
logits £ (x;,2,t) that parametrise the Bernoulli distribution of the clean structure.
The model therefore defines

pg(x(()i’j) =1|x4,2,1) = G(fg’j)),

and a candidate reconstruction Xg is sampled pixelwise from this distribution. All

the steps described in this section are summarised schematically in Fig. 6.24.

From Figure 6.23 we observe the full sequence of the generation process, starting
from the initial timestep, where the input is dominated by noise, and progressing
through progressively cleaner intermediate states as the diffusion steps decrease. At
the final timestep, the network produces the defected graphene sample conditioned
on the PCA feature coordinates. The process of drawing bond and selection of valid

samples generated is the same presented in the section 6.5.3

6.6 Conclusion

This chapter has presented the complete atomistic-scale methodology developed in
this work, with a particular focus on graphene as a prototypical two-dimensional
material. The workflow has been designed to convert unstructured atomic information
into structured, analysable data and, ultimately, into predictive and generative models
capable of informing materials design.

The first part of the chapter established the foundations of this pipeline: auto-
mated preprocessing, consistent data structuring, and the integration of electronic,
transport, and synthetic STM simulations within a FAIR-compliant workflow. This
step is central to the entire chapter, as it formalises the transition from raw atomistic

configurations to a reproducible dataset suitable for downstream analysis.

The second part examined how macroscopic defect patterns and their spatial
arrangement within the flake influence electronic and transport behaviour. By ex-

tracting geometric and frequency-domain features from STM-like representations
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and employing gradient-boosting models, the chapter demonstrated that predictive
correlations can be established between defect morphology and key physical observ-
ables. This provides an interpretable route to understanding how deviations from

ideal crystallinity shape graphene’s functional properties.

The final section explored generative modelling. Two strategies were introduced.
The first relied on an unconditional autoencoder to sample new defected configu-
rations without explicit control. The second introduced conditioning, enabling the
model to generate structures within targeted regions of a reduced-dimensional feature
space. This conditioning mechanism was shown to align sample generation with
user-defined objectives, such as enhanced transport current or favourable energetic
stability. It illustrates that generative models, when coupled with feature-space
exploration, can be directed towards meaningful and physically relevant parts of the

configuration space.

Across these components, the chapter emphasises two broader points. The first
is methodological: effective materials-informatics pipelines require robust proce-
dures for data generation, integration, and transformation. Without this foundation,
predictive and generative phases become fragile, irreproducible, or difficult to scale.
The second is scientific: bridging defect-level topology with measurable proper-
ties expands the design space beyond ideal structures, bringing modelling closer to

experimentally realisable conditions.

Finally, the generative results highlight both opportunities and current limitations.
While the models can target desired regions of the feature manifold, future work
must address the physical validity of generated structures. In particular, assessing
and enforcing energetic stability remains an essential step for turning generative
exploration into actionable materials design. Extending conditioning mechanisms
and incorporating physics-guided constraints represent natural evolutions of this line
of research.

Taken together, the chapter shows how atomistic simulations, predictive mod-
elling, and controlled generative mechanisms can be integrated into a coherent and
automated workflow. This workflow not only supports the analysis of graphene at
the nanoscale but also contributes to the broader multiscale narrative of the thesis,
demonstrating how structured data and Al-driven tools can connect atomic-level

insights with higher-level design objectives.
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Fig. 6.24 Discrete Bernoulli diffusion framework for conditional binary structure generation.
The top panel illustrates the forward diffusion process, in which a clean binary sample xj is
progressively corrupted through discrete Bernoulli pixel replacement, producing increasingly
noisy states x; until pure Bernoulli noise xr is reached. The central panel depicts the training
phase: given a noised sample x;, a conditioning vector, and the corresponding timestep
embedding, a FiLM-conditioned U-Net predicts the logits of the clean binary image xg.
The model is optimised using a binary cross-entropy reconstruction loss combined with a
lattice regularisation term enforcing local structural consistency. The bottom panel shows the
reverse (generative) process. Starting from random Bernoulli noise xr, the U-Net iteratively
predicts logits for the clean image, which are explicitly sampled via a Bernoulli distribution
to obtain a candidate clean estimate Xy. This estimate is then stochastically re-corrupted
according to the forward diffusion rule to produce x;_, ensuring consistency with the discrete

diffusion dynamics. The procedure is repeated for t = 7" — 1, yielding the final generated
binary sample at t = 0.



Chapter 7

Conclusions and Perspectives

7.1 Contributions, limitations and scope

As outlined in the introductory chapter (see Section 1.3), this thesis evolved from an
initially application-oriented framing towards a broader methodological investigation
of automation and data-driven integration for complex physical systems. While
the original motivation was grounded in applied contexts such as transportation,
logistics and smart urban infrastructures, the research progressively shifted towards
a more fundamental question: how complex, heterogeneous systems characterised
by multiple interacting scales can be modelled, explored and reasoned about in a
principled and reproducible manner.

The case studies developed throughout this work, although rooted in materials
science and device-level modelling, were therefore not selected for their domain
specificity, but for their ability to expose structural challenges that are common to a
wide class of multiscale problems. Atomistic graphene simulations and mesoscale
organic photovoltaic devices represent two conceptually distinct physical domains,
governed by different physical laws and numerical solvers. Yet, both exhibit high-
dimensional configuration spaces, expensive simulation pipelines and strong sensitiv-
ity to structural variability. In this sense, they serve as controlled but representative
testbeds for addressing the research questions posed in Chapter 1.

The first research question concerned the representation of heterogeneous phys-
ical simulations within a unified, data-driven framework. The results presented in

this thesis demonstrate that such unification does not require explicit hierarchical
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coupling between physical models operating at different scales. Instead, a data-
centred perspective allows information to be transferred across domains through
shared representations, automated workflows and consistent data semantics. By
treating data as the primary coupling layer, the framework enables interoperability
across scales while preserving the specificity and integrity of the underlying physical
models. This represents a departure from classical multiscale paradigms based on
direct parameter passing, and instead emphasises methodological coherence over

physical continuity.

A second central contribution of this work relates to the ability of machine learn-
ing models to capture the underlying physical operators governing complex material
and device behaviour. In particular, the use of surrogate models and neural operators
demonstrates that learning-based approaches can approximate high-dimensional
physical mappings with significant accuracy when the learning task is formulated
at the operator level. Rather than replacing physical modelling, machine learning
reshapes how physical knowledge is abstracted, reused and queried. Expensive
numerical solvers are not discarded, but encapsulated into reusable computational
objects that enable rapid exploration of parameter spaces and functional responses

that would otherwise be inaccessible.

The third research question addressed the role of automation and FAIR-compliant
data infrastructures in enabling reproducible and scalable multiscale modelling.
Throughout this thesis, automation is treated not as an auxiliary technical layer, but
as a foundational methodological requirement. Automated pipelines for simulation,
data generation and storage proved essential for ensuring consistency, traceability
and systematic coverage of large configuration spaces. FAIR principles provided
a concrete operational framework for maintaining transparency, interoperability
and long-term usability of the datasets produced. Without such infrastructure, the
integration of data-driven models across scales would remain fragile, difficult to
validate and hard to extend.

At the same time, the thesis explicitly confronts the limitations of data-driven
approaches, particularly with respect to physical interpretability. The analyses
conducted show that interpretability is not an intrinsic property of a given model
architecture, but an emergent property of the entire modelling pipeline, including
data representation, feature construction and validation strategy. While explainable
Al techniques can partially mitigate the opacity of highly expressive models, the
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results clearly indicate that no post-hoc analysis can compensate for insufficient
physical resolution or poorly structured data. This observation delineates an impor-
tant epistemic boundary: data-driven models remain fundamentally constrained by

the informational content of the data on which they are trained.

Within this broader methodological context, generative models assume a specific
and non-trivial role. They are not introduced as tools for unconstrained synthesis or as
substitutes for physical understanding, but as mechanisms for structured exploration
of high-dimensional design spaces. In both the atomistic graphene and mesoscale
photovoltaic case studies, generative models are employed to navigate configuration
spaces that are prohibitively large for exhaustive simulation. By operating on reduced,
physically informed representations and by conditioning on target properties, these
models enable the identification and population of regions of interest within the

design space rather than the optimisation of a single solution.

This generative capability represents a qualitative shift with respect to traditional
optimisation-based workflows. Rather than iteratively refining a limited set of can-
didate designs, the methodology supports guided exploration, where families of
structures or morphologies consistent with desired functional regimes can be pro-
posed and analysed. Crucially, the thesis emphasises that such exploration remains
meaningful only when generative outputs are continuously anchored to physical
descriptors, surrogate evaluation and post-hoc verification. From the perspective of
Key Enabling Technologies, generative models therefore act as exploration and de-
sign accelerators, extending the reach of simulation-driven research without severing
the link to physical validity.

The scope of this thesis is intentionally methodological. It does not aim to
deliver deployable technologies for smart-city applications, nor to optimise specific
urban services. Instead, it provides a framework for organising complexity across
scales, with explicit attention to reproducibility, traceability and scalability. The main
limitations arise from the dependence on simulation fidelity, the approximations
introduced by learning-based abstractions and the need for careful validation when

extending these methods beyond their training regimes.
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7.2 Future research directions

The results presented in this thesis naturally point towards future research direc-
tions that prioritise methodological integration over incremental increases in model
sophistication. A first area of development concerns uncertainty quantification.
As data-driven surrogates and generative models are increasingly used to inform
decision-making, systematic methods for propagating and communicating uncer-
tainty across scales become essential. This includes both epistemic uncertainty
arising from limited data coverage and aleatoric uncertainty associated with intrinsic

variability in physical systems.

A second important direction involves tighter coupling between data-driven
models and experimental or operational data. While this thesis focuses primarily on
simulation-based workflows, extending the framework to incorporate experimental
measurements would significantly enhance its relevance and robustness. Such
integration would require new strategies for data alignment, noise modelling and

validation across heterogeneous sources.

From a broader Key Enabling Technologies perspective, future work should
focus on the development of modular and interoperable digital ecosystems, in which
automated data generation, learning-based abstraction and domain-specific solvers
coexist within governed and auditable workflows. For smart-city contexts, this
suggests a shift away from monolithic digital twins towards composable modelling
infrastructures capable of supporting long-term planning, technology assessment and

resilience analysis under evolving constraints.

7.2.1 Generative and integrative perspectives across scales

Beyond the specific case studies presented in this thesis, the results support a broader
generative and integrative perspective on multiscale modelling and design. In par-
ticular, the combination of surrogate models(neural operators for device simulation,
and XGBoost for the atomistic) and conditional generative techniques enables the
construction of exploratory workflows that connect macroscopic functional require-
ments with device-level behaviour and atomistic structure. Within such a framework,
targets originating from higher-scale considerations, such as system-level perfor-

mance constraints, sensing requirements or smart-city objectives, can be propagated



7.2 Future research directions 167

downward through data-driven representations rather than through explicit physical

coupling.

This process is intrinsically integrative along two complementary dimensions.
Vertically, it enables information flow across scales, linking macroscopic objectives
to mesoscale device properties and, ultimately, to atomistic configurations consis-
tent with the desired functional regime. Horizontally, it integrates heterogeneous
data-driven methodologies, combining high-fidelity simulations, surrogate models,
explainable predictors and generative architectures within a single computational
workflow. Importantly, this integration does not aim to collapse physical complexity
into a single model, but to orchestrate multiple levels of abstraction in a coherent

and transparent manner.

It is essential to emphasise that the approach presented here should be regarded as
a proof of concept rather than a fully generalised solution. The generative capabilities
demonstrated in this work are fundamentally constrained by the resolution, diversity
and physical consistency of the available datasets, as well as by the assumptions
embedded in the surrogate models. Nevertheless, the results indicate that meaningful
structure—property relationships can be learned and exploited in a conditional setting,

providing a principled foundation for more advanced multiscale generative strategies.

Taken together, this thesis positions data-driven multiscale modelling as a foun-
dational methodology rather than a collection of isolated tools. When applied with
critical awareness, it enables physically informed exploration of complex systems
and provides a robust interface between atomistic materials, device-level behaviour
and system-scale requirements. Artificial intelligence, within this framework, does
not act as an oracle for inverse design, but as an enabling layer for guided exploration
and informed decision-making, grounded in the structure, semantics and limitations

of the underlying data.
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Appendix A

General Background Appendix

A.1 Solve the Chan-Hilliard with Spectral Methods

For the solution of the phase separation equation, we relied on spatial resolution
methods that allow solving a partial differential equation (PDE) by employing the
Fourier transform and subsequently its inverse to obtain the results described above.
Specifically, we transformed the spatial domain problem into the frequency domain,
where differential operators become algebraic multipliers, greatly simplifying the
numerical computation.

aC 2
o =MV, (A1)

where ¢(X,1) is the concentration field, M is the mobility coefficient, and p is the

chemical potential defined as the variational derivative of the free energy functional

_O0F ,
== kVie+ f'(c). (A.2)

Here, x is a positive constant related to the interfacial energy, and (f(c) is a

double-well potential representing the bulk free energy density, typically

fle) =ac*(1—c)?,

with a > 0 controlling the height of the energy barrier.
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Substituting Eq. (A.2) into Eq. (A.1), we obtain a fourth-order nonlinear PDE:

% =MV?* (—kVic+f'(c)) = —MkVic+MVf'(c). (A.3)

To efficiently solve Eq. (A.3) in a periodic cubic domain of size L, we employ
the Fourier spectral method. The concentration field c(x,¢) is expanded in Fourier
modes:

c(x,1) = Z@(k,t)eik"‘,
k

where k = (ky, ky, k;) are the discrete wave vectors given by

_17 j:x7yaZ7

geeey

e}
)
| =2

N
2

and N is the number of grid points per dimension.

The Laplacian operator in Fourier space acts as multiplication by — |k[2:

V2e(x,t) +— —|k|*é(k,1),

with

K> =k +k +K2.

Similarly, the biharmonic operator V4 = (V?)? corresponds to multiplication by
[k[*.

We discretise time using a semi-implicit scheme with time step Az. Denoting by

¢" the concentration at time #, = nAt, the update rule in Fourier space is

én—l—l _on e
= —Mx|k[*e" T —Mk|*f (), (A4)

—

where the nonlinear term f’(c") is treated explicitly.

an+1

Rearranging Eq. (A.4) to solve for ¢, we get
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An+1 6n_AtM|k’2f//(—C?)
C =

A5
T+ AMKK (A-5)

This represents the update step performed in the Fourier domain to compute the
concentration at timestep n+ 1. The final step to obtain the concentration in the

physical domain is to calculate the inverse Fourier transform.

Cn+1 :gg—l[énﬁ-l]‘ (A6)

The solution is computed using mixed precision arithmetic, where calculations are
performed primarily in half precision to improve computational efficiency, while key
operations such as the nonlinear term evaluation and Fourier transforms are carried

out in single precision to maintain numerical stability.
For clarity, see the complete algorithm 4.

All the parameters used in the simulation are summarised in the table A.1

Table A.1 Simulation parameters used for the Cahn-Hilliard equation

Parameter Description Value
N Number of grid points per dimension 256

L Domain size 100.0
Ax Grid spacing % =0.390
M Mobility coefficient 3.0

K Interfacial energy coefficient 2.5

a Bulk free energy parameter (double-well) 3.0

At Time step size 0.01

steps Number of time steps 5000
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Algorithm 4 Spectral solver for the Cahn-Hilliard equation

1: Initialise concentration field ¢(x,0) with small random perturbations around
mean
2: for each time stepn =0,1,..., Nyeps — 1 do

3:  Compute nonlinear term in physical space:

fl()=a-2"(c"—1)(2" - 1)

4:  Compute forward Fourier transforms:

&"=7", fen)=F[f(")]

5. Update Fourier coefficients using semi-implicit scheme:

o —

it _ &= AT ()
1+ArMx|k*

6:  Compute inverse Fourier transform to obtain ¢+

Cn—H _ ﬁs—l [6n+1]

7. Apply clipping to maintain physical bounds:
"1« min(max(c"™1,0),1)

8: end for

A.2 Tucker Decomposition

The Tucker decomposition is a higher-order generalisation of the singular value de-
composition (SVD) for tensors, providing both dimensionality reduction and insight

into the multilinear structure of multiway data. Given a tensor 2~ € RIxhx Xy
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the Tucker decomposition factorises it into a core tensor ¥ € REI>R2>XXRv apd 3
set of factor matrices {U™}V_  with U™ e Rl"*Rx_ such that

n=1°
%z%xlU(l)><2U(2)~-><NU(N), (A7)

where X, denotes the mode-n tensor-matrix product defined by

Iy
(2 50U i i = Y, Lt iy UL, (A.8)
ih=1

which contracts the n-th mode of .2~ with U™,

The standard computational method for Tucker decomposition is the Higher-
Order Singular Value Decomposition (HOSVD) [167], which proceeds by computing
the mode-n unfolding X ) € R HewhnihurIN) of 9 performing an SVD on each
unfolding,

Xy =UWzW v (A.9)

retaining the first R, columns of U () corresponding to the largest singular values,

and finally computing the core tensor as
G =2 x1 (U 5, )Ty U, (A.10)
so that the approximation
X ~4x UV ... xyuW) (A.11)
holds. For a third-order tensor 2~ € RI>*2X5  thig reduces to
X ~4x,uV ><2U(2)><3U(3), (A.12)

with @ € RR1*R2xRs gng (") ¢ RI*Rnand the reconstruction error is measured by

the Frobenius norm
Error = |2 =9 s, UW .. xy UM | . (A.13)

The Tucker decomposition possesses several important properties: the factor matrices
U™ can be chosen orthogonal, (U (”))TU ) — 1 , ensuring that the core tensor

preserves multilinear singular values; the tuple (Ry,...,Ry) defines the multilinear
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rank of 2"; and when R,, < I, for some n, the decomposition achieves a compressed
representation suitable for storage and computational efficiency. Overall, the Tucker
decomposition offers a rigorous and flexible framework to analyse multiway data,
providing low-rank approximations while retaining the structural relationships across

tensor modes.

A.3 Density Functional Theory

Density Functional Theory (DFT) is a quantum mechanical framework for modelling
the electronic structure of many-body systems, particularly atoms, molecules, and
solids. In DFT, the ground-state properties of an interacting electron system are
expressed as functionals of the electron density p(r) rather than the many-electron
wavefunction.

The formal basis of DFT is provided by the Hohenberg—Kohn theorems [168],
which state that the ground-state electron density uniquely determines the external
potential vex(r), and hence all properties of the system, and that there exists a

universal functional F[p] such that the total energy can be written as

Elp] = Flp] + / P (1) vexe(r) dr, (A.14)

where F|[p] encompasses the kinetic energy of the electrons and their mutual

Coulomb interactions.

In practical applications, the Kohn—Sham formulation of DFT [169] is employed.
This approach replaces the interacting many-electron problem with an auxiliary
system of non-interacting electrons moving in an effective potential veg(r), such that
the electron density of the auxiliary system reproduces that of the interacting system.
The Kohn—Sham equations read

2
{—%Vz + veff(r)] vi(r) = gy;(r), (A.15)

with the effective potential defined as

Vert(r) = vex (r) + / |f(_r3 | dr’ + vye|p](r), (A.16)
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where vxc[p](r) is the exchange-correlation potential, accounting for all many-body

effects beyond the classical Hartree term.

The total electron density is obtained by summing over the occupied Kohn—Sham

orbitals:
NOCC

p(r) =) lwi(r)> (A.17)

The choice of exchange-correlation functional is central to the accuracy of DFT
calculations. Common approximations include the Local Density Approximation
(LDA) and the Generalised Gradient Approximation (GGA), each offering a trade-off

between computational cost and fidelity to experimental properties.

DFT provides the foundation for a wide range of computational methods in
electronic structure theory, including density-functional tight-binding (DFTB) ap-
proaches, ab initio molecular dynamics, and transport simulations using non-equilibrium

Green’s functions.

A.4 Density Functional Tight-Binding

Density Functional Tight-Binding (DFTB) is an approximate quantum mechanical
method derived from Density Functional Theory (DFT) [170, 125] It is designed
to reduce the computational cost of DFT calculations while retaining a reliable
description of electronic structure, making it suitable for large systems such as

nanostructures, biomolecules, and materials with defects.

The key idea of DFTB is to expand the total DFT energy around a reference
density, typically a superposition of neutral atomic densities, up to second order in

the density fluctuations. The total energy is then expressed as
Eprr = Eo + E1 + E2, (A.18)
where:

» Ey is the sum of the energies of the neutral atoms (reference energy),

» Ej is the electronic contribution obtained from a tight-binding Hamiltonian
built using Slater-Koster parametrizations of two-center integrals,
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» E, is a second-order correction accounting for charge redistribution through a

self-consistent treatment of charge fluctuations.

The electronic term E7 is computed by solving a simplified eigenvalue problem:

Y Hipc, =&Y Suvey, (A.19)
\

\%

where H E‘l? and Sy are the tight-binding Hamiltonian and overlap matrices between

atomic orbitals ¢t and v, and c’;, are the coefficients of the i-th molecular orbital.

The charge fluctuation term Ej is typically approximated using a Hubbard-like
interaction:

1
By =5 ) 1asAgaAgs, (A.20)
AB

where Agy and Agp are the charge deviations on atoms A and B, and Y4 is a distance-

dependent Coulomb interaction.

DFTB can also include corrections for dispersion interactions and spin polar-
ization. Its accuracy strongly depends on the parametrization of the Slater—Koster
integrals for the element pairs in the system, and it is widely used as a computation-
ally efficient alternative to full DFT for simulations of large-scale materials, electron

transport, and molecular dynamics.

A.5 1to Stochastic Differential Equations

A stochastic differential equation (SDE) in the sense of It provides a mathematical
framework for modelling the evolution of a system subject to both deterministic

dynamics and random fluctuations. An It6 SDE is written in the form
dx; = f(x;,t)dr + g(x,1) AW, (A.21)
where:

* X; is the state of the system at time #;
* f(x,1) is the drift term, describing deterministic evolution;

* g(x,1) is the diffusion coefficient, controlling the amplitude of the noise;
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* W, is a Wiener process (standard Brownian motion), satisfying

Wo =0, W, =Wy~ A(0,t—5), independent increments.

Equation (A.21) must be interpreted using the rules of It6 calculus. Unlike
classical calculus, increments of Brownian motion satisfy the quadratic variation
identity

(AW, =dr,  dW,dr=0,  (dr)?>=0,

which underpins the 1t6 integral

t
/0 g(xs,s) dW.

1t6’s Lemma

A central result in stochastic calculus is [t6’s lemma, the analogue of the chain rule
for stochastic processes. If x; satisfies (A.21) and @ (x,7) is a twice differentiable
function, then the differential of ¢ is

L) 20 19%¢

do(x;,1) = E(x,,t)dt—kg(x,,t)dxt—kEﬁ(xt,t)g(xl,t)zdt. (A.22)

The presence of the second-order term distinguishes Itd calculus from classical
differentiation and reflects the non-smooth nature of Brownian paths.

Relevance to Diffusion Models

In the context of diffusion-based generative modelling, the discrete forward corrup-
tion process used in DDPMs admits a continuous-time limit that is governed by an
Itd SDE of the form

dx, = f(t)x,dt + g(t) dW,.

Song and Ermon demonstrated that the corresponding reverse-time generative dy-

namics is described by the reverse SDE

dx, = [f(t)x — g(t)* Vi, logg,(x)] dt + g(t) AW,
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where V,, logq;(x;) is the score function of the marginal density. Neural networks
trained to approximate the score therefore enable sampling by numerical integration
of the reverse SDE, providing a continuous-time interpretation of denoising diffusion
models.

The Itd formulation thus plays a foundational role in establishing the theoretical
connection between discrete DDPMs, score-based generative models and probability-
flow ODE samplers.
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Appendix B

Supporting information Appendix

B.1 Atomistic Graphene Data to Generative Models:
An Al Framework for Structure Properties Cor-

relation

Additional table

Parameters Range

n_estimators [100, 1000]

learning_rate [0.001, 0.3] (log)

max_depth [3, 15]

gamma [0.00001, 5] (log)

min_child_weight [1, 20] (log)

colsample_bytree [0.5, 1] (log)

max_leaves [20, 150]
subsample [0.5, 1] (log)
reg_alpha [0.5, 10.0] (log)
reg_lambda [0.5, 10.0] (log)

Table B.1 Ranges of XGBoost parameters used in Optuna optimization.
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Target MSE | MAE R?
Fermi Level [%] 8.1161 | 6.4963 | -0.4285

Tonization Potential [%] | 10.2995 | 8.0458 | -0.9135

Electron Affinity [%] 7.6198 | 7.8669 | -0.4557

Band Gap [%] 9.9243 | 8.5206 | -0.6750

Energy per atom [%] 24111 | 5.2436 | -0.0202

Current [%] 2.6113 | 2.2004 | -0.1390

Table B.2 Percentage difference between the error metrics of XGBoost and LightGBM.
Positive values indicate that XGBoost yields lower error metrics (e.g., MSE and MAE)
compared to LightGBM, whereas negative values indicate that XGBoost achieves higher
values in metrics such as R, relative to Light GBM.
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Additional Figures
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Fig. B.1 Residual errors for the predictions of: a) electron affinity, b) ionization potential, c)
band gap, d) Fermi level, e) energy per atom, and f) current using the XGBoost model.
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Fig. B.2 SHAP value summary trained on XGBoost for the bandgap target
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Fig. B.3 SHAP value summary trained on XGBoost for the electron affinity target
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Fig. B.4 SHAP value summary trained on XGBoost for the energy per atom target
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Fig. B.5 SHAP value summary trained on XGBoost for the Fermi level target
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Fig. B.6 SHAP value summary trained on XGBoost for the Ionisation potential level target
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Fig. B.7 The plots show the boosting rounds compared to RMSE errors for the train set and
test set using LightGBM for Fermi level (a), ionization potential (b), electron affinity (c),
band gap (d), energy per atom (e), and current (f).
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Fig. B.8 Scatter plots show the correlation between the predicted and true values in the test
set using LightGBM for electron affinity (a), ionization potential (b), band gap (c), Fermi
level (d), energy per atom (e), and current (f). The lines (orange) represent the ideal y = x

correlation. Marginal histograms display the distribution of predicted and true values for
each property, indicating the performance of the predictive model across different datasets
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Fig. B.9 Residual errors for the predictions of: a) electron affinity, b) ionization potential, c)
band gap, d) Fermi level, e) energy per atom, and f) current using the LightGBM model.
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Fig. B.10 XGBoost feature importance visualised as a heatmap. Each column corresponds to
a different target property, while each row represents a distinct feature.
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Fig. B.11 LightGBM feature importance visualised as a heatmap. Each column corresponds
to a different target property, while each row represents a distinct feature.
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Fig. B.12 SHAP value summary trained on LightGBM for the electron affinity target
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Fig. B.13 SHAP value summary trained on LightGBM for the energy per atom target
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Fig. B.14 SHAP value summary trained on LightGBM for the Fermi level target
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Fig. B.15 SHAP value summary trained on LightGBM for the Ionisation potential level target
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Fig. B.16 SHAP value summary trained on LightGBM for the bandgap target
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Fig. B.17 SHAP value summary trained on LightGBM for the current target
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Training vs Validation Loss (Jp)

—— Train Loss
—— Val Loss

1751

150+

1.25 1

Loss

1.00

0.75 +

0.50 4

0.25 4

T T T T T
20 40 60 80 100 120 140
Epoch

o4

Fig. B.19 Training vs validation curve for the Jp Target

Training vs Validation Loss (mu_n)

—— Train Loss

1.4
—— Val Loss

1.2

1.0 1

0.8

Loss

0.6

0.4 1

0.2 4

0.0

T T T T T
100 150 200 250 300
Epoch

o
w
=]

Fig. B.20 Training vs validation curve for the u, Target



B.2 Learning the Device Physics of Organic Photovoltaics: Neural Operators,
Morphology Clustering and Generative Modelling

215

Loss

Loss

Training vs Validation Loss (mu_p)

1.4 1

1.2 1

1.0+

0.8 1

0.6 4

0.4 4

0.2 1

0.0

—— Train Loss

Val Loss

o4

T
100

Epoch

150

T
200

Training vs Validation Loss (Q_nfree_and_ntrap)

T
250

Fig. B.21 Training vs validation curve for the u, Target

1.6

1.4 1

1.2 1

1.0 4

0.8 1

0.6

0.4 4

0.2 1

0.0 1

—— Train Loss

Val Loss

o

T
100

T
150

Epoch

T
200

T
250

T
300

T
350

Fig. B.22 Training vs validation curve for the Q) free&nrap Target



216

Supporting information Appendix

Loss

Loss

e

Training vs Validation Loss (Q_nfree)

1.2 4

1.0 1

0.8 1

0.6 1

0.4

0.2

0.0

—— Train Loss
—— Val Loss

f

T T T T
100 200 300 400
Epoch

o4

Fig. B.23 Training vs validation curve for the Q, .. Target

Training vs Validation Loss (Q_ntrap)

1.6

1.4 1

1.2

1.0

0.8 1

0.6

0.4 4

0.2 4

0.0 4

—— Train Loss
—— Val Loss

u_;.i,l.....:i | P Pt Jon Bl A

T T T
100 200 300 400
Epoch

(=}

Fig. B.24 Training vs validation curve for the Q4 Target



B.2 Learning the Device Physics of Organic Photovoltaics: Neural Operators,
Morphology Clustering and Generative Modelling 217

Training vs Validation Loss (Q_pfree)

1.4 —— Train Loss
Val Loss

1.2

1.0 1

0.8

Loss

0.6

0.4 1

0.2 4

0.0 4

T T T T T T T T
o] 50 100 150 200 250 300 350 400
Epoch

Fig. B.25 Training vs validation curve for the Q) r/, Target

Training vs Validation Loss (Q_ptrap)

—— Train Loss
161 Val Loss

1.4 1

1.2

1.0 1

Loss

0.8 4

0.6

0.4 1

0.2 4

0.0 1

T T T T T
o 100 200 300 400 500
Epoch

Fig. B.26 Training vs validation curve for the Q) Target



218 Supporting information Appendix
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