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Abstract

Quantum computing and generative |Artificial Intelligence (Al)| are two bur-
geoning fields that hold the promise of fundamentally revolutionizing the com-
putational and data science landscapes. While quantum computing is renowned
for enabling faster and more efficient calculations through the principles of su-
perposition and entanglement, generative AI models, particularly
[Adversarial Networks (GANs)| are at the forefront of creating novel data and
information, paving the way for unprecedented advancements in various do-
mains.

The synthesis of these two fields can potentially spearhead a paradigm shift
in the realm of generative Al, fostering the development of quantum-inspired
generative models that meld the computational prowess of quantum computing
with the data generation capabilities of AI. This thesis delineates the current
state-of-the-art in both fields and explores their burgeoning intersection, with
a keen focus on the infusion of quantum principles in enhancing generative Al
models.

A critical aspect of this exploration is an in-depth study into the application
of in the field of chemical catalysis, a domain where the generation of new
data can significantly accelerate the discovery and optimization of catalysts.
In particular, this work investigates the potential of using to generate
novel chemical catalysis processes, emphasizing the creation and optimization
of binary catalysts. By leveraging the capabilities of quantum
computing, these models can potentially facilitate the discovery of more efficient
and effective catalytic processes, opening new opportunities for research and
development in the field.

The overall aim of this thesis is to unravel the potential advantages and chal-
lenges of integrating quantum computing in generative Al, and to pave a road
map for future directions in this exciting interdisciplinary domain. Through
a meticulous analysis of specific generative [Al] models, this work endeavors to
decipher how quantum principles can augment their capabilities, thereby de-
lineating a promising trajectory for the future of quantum-enhanced generative
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Chapter 1

Introduction

The journey of catalysis, deeply entrenched in the annals of human history,
serves as a testament to human ingenuity and the relentless pursuit of advance-
ment. From its humble origins in ancient civilizations to its modern applications
in various industries, catalysis has been a linchpin in fostering human develop-
ment and technological progress.

In the nascent stages of civilization, catalysis found its initial applications in
the production of fermented products such as beer and bread. These processes
relied on the catalytic properties of yeast to facilitate the fermentation process,
thereby transforming raw materials into consumable products [3]. This marked
the inception of humanity’s relationship with catalysis, a bond that would only
strengthen and diversify over the centuries.

As societies progressed, so did the complexity and sophistication of catalytic
processes. The industrial revolution marked a significant milestone in the evolu-
tion of catalysis. During this period, catalysis became a vital tool in the chemi-
cal industry, facilitating the synthesis of a myriad of chemical products, ranging
from dyes to explosives, thereby revolutionizing the manufacturing landscape.

In the 20th century, the Haber-Bosch process emerged as a groundbreaking
development in the field of catalysis. This process, which facilitated the mass
production of ammonia, a critical component in fertilizers, fundamentally al-
tered the agricultural landscape. By enabling large-scale ammonia production,
the Haber-Bosch process played a pivotal role in boosting agricultural produc-
tivity, thereby contributing to the green revolution, also known as the Third
Agricultural Revolution [4].

However, the monumental achievements of the Haber-Bosch process come
with significant environmental repercussions. The process is characterized by
a high energy consumption, necessitating large quantities of fossil fuels. Con-
sequently, this has led to substantial carbon dioxide emissions, contributing to

A CATALYSIS TIMELINE

10,000 - 4,000 BC 1897 1913 1925 1950 1960'S

Catalysts used for Discover of nickel Invention of Haber-  Invention of Fischer- Invention of Ziegler-  Invention of exhaust
fermented beer, catalyst, which led Bosch process for Tropsch process for ~ Natta gas catalyst system
wine, and bread to lower-emitting modern fertilizer liquid fuels polymerization, for automobiles
fuels production whichleadtomore  now the most
reliable and common catalytic
affordable reactor in the world
packaging and
tighter-weight
vehicles

Figure 1.1: Catalysis Through the Ages: A Timeline of Advancements.



1.1. MOTIVATION 2

about 1% of global COs emissions. This environmental footprint underscores
the urgent need for more sustainable and energy-efficient catalytic processes.

In the contemporary era, catalysis continues to find widespread applications
across various industries, including the pharmaceutical, petrochemical, and en-
vironmental sectors. The development of catalysts that facilitate environmen-
tally friendly processes, such as green catalysis, represents a promising avenue
for mitigating the environmental impact of industrial activities.

Looking ahead, the field of catalysis stands at a critical juncture. As the
global community grapples with the pressing challenges of climate change and
environmental degradation, the role of catalysis in fostering sustainable devel-
opment has never been more critical. Through the integration of innovative
technologies such as artificial intelligence and quantum computing, the field of
catalysis holds the promise of spearheading a new era of sustainable and en-
vironmentally friendly processes, thereby playing a central role in shaping a
greener and more sustainable future.

1.1 Motivation

In the dynamic and ever-evolving landscape of modern technology, the urgency
to cultivate sustainable and energy-efficient catalytic processes has escalated
significantly, propelled by the escalating concerns of climate change. Within
this intricate framework, Generative [Al]stands as a shining pillar of innovation,
emanating rays of promise across a wide array of domains, from fostering the
flourishing arenas of artistic creation to leading revolutionary strides in scientific
research. The anticipated seamless integration of generative AI with catalysis
processes signifies a promising horizon, abundant with prospects for pioneering
developments and discoveries in the field.

As we initiate this research journey, we are poised to explore previously un-
tapped domains, intertwining the spheres of quantum computing and generative
AT within catalysis processes. Quantum computing, renowned for its extraor-
dinary computational capabilities, holds the promise of being a revolutionary
entity, equipped to significantly diminish the computational barriers tradition-
ally encountered in the scrutiny of catalytic processes. In the existing scenario,
the utilization of adsorption energy of a molecular structure on a surface serves
as a pivotal metric to delineate catalyst activity and facilitate catalyst design.
This modeling paradigm encompasses the prediction of energy and forces across
diverse configurations of adsorbate molecules at designated interfaces, with a
core objective of enhancing the simulation efficacy for both inorganic and or-
ganic interfaces in catalysis. The primary computational challenges stem from
the intensive [Density Functional Theory (DFT)| calculations necessitated to as-
certain a structure’s forces and energy, critical in predicting adsorption energies
of minute molecules on potential catalysts. Traditional approaches, grounded
deeply in the tenets of [DFT} require an immense allocation of computational
resources, to the order of 72,000 central processing unit (CPU)-years for an in-
tricate analysis of configurations associated with a duo of catalyst and adsorbent
structures[5].

Generative [Al] distinguished by its capacity to generate novel data patterns
and structures, unveils fresh perspectives in the realm of catalysis. Leveraging
the potential of Generative[Al]enables researchers to conceptualize new catalysts
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and refine existing processes, steering the field towards more sustainable and eco-
friendly catalytic procedures. The amalgamation of Generative Al and quantum
computing is set to instigate a fundamental shift in the field, nurturing an
environment of innovation and sustainability.

1.2 Objective of the Thesis

Central to this research initiative is a fervent dedication to advancing the nu-
anced understanding of quantum mechanics and generative Al, intertwined with
a critical exploration of computational chemistry. In a world fervently seeking
solutions to mitigate the environmental ramifications of industrial activities, this
research seeks to contribute and promote green and sustainable advancements,
particularly in the domain of catalysis.

At the heart of this exploration lies the complex process of modeling the
energy and forces of atomic systems, a fundamental challenge in the field of
computational chemistry. Researchers in this field leverage quantum mechanical
simulation tools, such as[DFT] to predict adsorption energies of small molecules
on potential catalysts - a critical determinant in assessing the efficacy of a cat-
alyst. grounded in the principles of quantum mechanics, facilitates the
simulation of atomic movements within specified scenarios, iteratively modifying
the positions of atoms within the system until a state of minimum energy con-
figuration, or relaxation, is achieved. This intricate process involves a detailed
analysis of structures comprising both a surface and an adsorbate.

As we embark on this academic voyage, we aim to transcend the limitations
of current methodologies, fostering a symbiotic relationship between generative
AT and quantum mechanics to pioneer a wave of sustainable catalytic processes.
By utilizing the potent capabilities of generative Al in tandem with the com-
putational strength of quantum mechanics, this research aspires to catalyze a
paradigm shift in the field, steering the scientific community towards a trajec-
tory that embodies sustainability and energy efficiency. This aligns with the
broader vision of paving the path towards the realization of a greener and more
sustainable future.



Chapter 2

Fundamentals of Catalysis and
Computational Chemistry

Catalysis, a cornerstone in the realm of chemical processes, serves as an in-
strumental tool in steering reactions to proceed at enhanced rates and often,
more selectively. A catalyst is defined as a substance introduced to a reaction
to amplify the reaction rate without getting consumed in the process. It accom-
plishes this by either lowering the transition state energy, which in turn reduces
the activation energy, or altering the mechanism of the reaction, consequently
modifying the nature and energy of the transition state. This section offers a
panoramic view of catalysis, shedding light on the various types of catalysts and
illustrating their profound impact through the lens of the Carbonic Anhydrase
reaction, a fundamental biological reaction. Additionally, It delves into the
catalysis chemical databases and provides a brief explanation of DFT (Density
Functional Theory) and its significance in the field of catalysis.

2.1 Roles and Mechanisms of Catalysts

Catalysts operate on a molecular scale, modifying the progression of chemical
reactions by reducing activation energy or altering the reaction mechanism. Key
functionalities in catalysis encompass lowering the activation energy, modifying
the reaction mechanism, providing a reactant regeneration cycle, and enabling
reactions to reach equilibrium faster. Here’s a deeper look into these function-
alities:

1. Lowering Activation Energy: Activation energy is the minimum amount
of energy required to initiate a chemical reaction. Catalysts lower this
energy barrier, providing an alternative pathway with a lower activation
energy. This is achieved by forming transient intermediate complexes with
reactants, which require less energy to go on to form products. Mathe-
matically, this can be represented as:

Eactivation, without catalyst > Eactivation, with catalyst

Consequently, the reaction rate increases as a larger proportion of molecules
possess the necessary energy to undergo the reaction.

2. Altering Reaction Mechanism: Apart from lowering activation energy,
catalysts can alter the reaction mechanism, introducing new reaction path-
ways that might be more favorable than the uncatalyzed pathway. This
might involve changing the sequence of elementary steps in the reaction, or
even introducing new intermediates, thus changing the nature and energy
of the transition state. This manipulation of the reaction mechanism can
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sometimes lead to completely different products than would be produced
in the uncatalyzed reaction.

3. Reactant Regeneration Cycle: In many reactions, catalysts undergo
a cycle where they team up with reactants to form intermediates and then
are regenerated at the end of the reaction cycle, a concept fundamentally
applied in heterogeneous catalysis. This cycle ensures that the catalyst
is available to catalyze subsequent reactions, thus not being consumed in
the overall reaction process. For example, in the Haber process, nitrogen
(N2) and hydrogen (H2) gases adhere to the surface of an iron catalyst, fa-
cilitating the synthesis of ammonia (N Hs), as represented by the reaction
[4]:

Na(g) + 3Hz(g) — 2N Hs(g)

4. Equilibrium Acceleration Effect: While catalysts do not alter the
thermodynamics of a reaction, they enable reactions to reach equilibrium
faster by speeding up both the forward and reverse reactions equally, which
can be critical in industrial processes where time is a significant factor.

Through these mechanisms, catalysts play an indispensable role in a vast
array of chemical processes, fostering efficiency and sustainability. Moreover,
catalysts play a pivotal role in environmental protection by facilitating reac-
tions that help in reducing pollution. For instance, in automobile exhaust sys-
tems, catalytic converters facilitate reactions that convert harmful gases like
carbon monoxide (CO) and nitrogen oxides (NO,) to less harmful substances
like carbon dioxide (CO3) and nitrogen gas (Na).

Catalysts manifest in various forms, each serving distinct roles in biochemical
and chemical reactions. Here, we introduced the three primary types:

1. Enzymes: These biological catalysts are proteins that significantly speed
up the rate of virtually all of the chemical reactions that take place within
cells. They provide an environment within which reactions can take place
more rapidly.

2. Acid-Base Catalysts: These catalysts function through the donation or
acceptance of protons to expedite a reaction. In acid catalysis, a hydrogen
ion (H™T) acts as the catalyst, whereas in base catalysis, an hydroxide ion
(OH™) takes up this role. In acid catalysis, the catalyst is usually a H*
ion, represented in reactions as:

HA - Ht+ A-

This type of reaction shows the dissociation of the molecule HA into a
hydrogen ion (H") and its corresponding anion (A7).

3. Heterogeneous or Surface Catalysts: In contrast to homogeneous cat-
alysts, which are uniformly distributed in the same phase as the reactants,
heterogeneous catalysts are situated in a different phase, enabling them
to operate at phase interfaces. Heterogeneous catalysts find extensive ap-
plications in various industrial processes. In base catalysis, the catalyst is
an hydroxide ion (OH ), showcased in reactions as:

B+ HO— BHY+OH™
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activation
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Figure 2.1: Enzyme Action Unveiled: Carbonic Anhydrase Catalyzes Carbon
Dioxide Conversion (Source: Image from Wikimedia Commons, CC BY-SA 3.0)

A classic case of enzymatic catalysis in action is witnessed in the Carbonic
Anhydrase reaction[6]. The chemical equation representing this reaction is as
follows:

COy + Hy0 = HyCO3 — HY + HCO3

This enzyme is renowned as one of the fastest known enzymes, orchestrating
between 10* and 10° reactions per second. This rate is extraordinarily higher
compared to the uncatalyzed reaction, which proceeds at a rate of approximately
0.2 reactions per second, translating to a phenomenal 10° to 107 increase in rate.

Furthermore, the oxidation reaction fostered by this enzyme is thermody-
namically favored at 25 degrees Celsius, enhancing its significance in physiolog-
ical contexts, underscoring its profound importance in supporting life.

Catalysts wield a substantial influence on a plethora of domains, including
environmental protection and industrial sectors. In industrial settings, catalysts
are pivotal in facilitating reactions at interfaces in heterogeneous catalysis, re-
quiring a deep comprehension of molecular interactions and adsorption energies
on potential catalyst surfaces. The utilization of catalysts in these domains is
guided by the overarching goal to augment the efficiency of inorganic and or-
ganic interfaces simulated for use in catalysis, offering a promising avenue for
advancements in this field.

2.2 Exploration of Chemical Databases

In the field of computational chemistry, especially in catalysis research, var-
ious chemical databases are utilized to gather extensive data about different
molecular structures and their properties. These databases serve as a valuable
resource for researchers aiming to identify promising catalysts through com-
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putational analyses. Below, we delineate several renowned chemical databases
integral in the domain of catalysis.

2.2.1 The QM9 Chemical Database

The [Quantum Machines 9 (QM9)| dataset[7], a significant subset of the GDB-17
chemical database, plays a pivotal role in the domain of computational chem-
istry, particularly emphasizing its utility in drug design. This dataset encom-
passes a repository of 134k stable small organic molecules, each characterized
by a composition of no more than nine non-hydrogen atoms which primarily
include Carbon, Nitrogen, Oxygen, and Fluorine. These molecules were cho-
sen from a larger collection within the GDB-17 database, which includes an
astounding 166 billion organic molecules.

The dataset offers detailed descriptors, including but not limited to geomet-
ric structures, vibrational frequencies, and electronic properties calculated us-
ing [DFT} Furthermore, the dataset provides a plethora of quantum mechanical
molecular calculations. These calculations provide a comprehensive understand-
ing of the molecules, paving the way for their potential application in various
fields including catalysis.

2.2.2 The GDB-17 Chemical Database

The GDB-17 database stands as a monumental repository in the domain of com-
putational chemistry, housing a staggering collection of approximately 166.4
billion molecules [8]. This extensive database encompasses molecules consti-
tuted of up to 17 atoms, incorporating elements such as Carbon (C), Nitrogen
(N), Oxygen (O), Sulphur (S), and various halogens. A significant feature of
this database is its coverage of a size range that encompasses many drugs and
substances typically utilized as lead compounds in various applications.

Delving deeper into the technical intricacies of the database, the GDB-17
database is generated based on a systematic and rule-based enumeration ap-
proach. From a mathematical standpoint, the database can be perceived as a
multidimensional graph, where each molecule occupies a unique position defined
by its inherent properties and structural attributes. This mathematical model
makes it easier to apply computational algorithms and software for studying
and handling data. However, dealing with the enormous size of GDB-17 is a
formidable task, and it currently limits its use in advanced virtual screening
methods. In such cases, selecting a random subset from the GDB-17 database,
which contains a range from hundreds of thousands to several million molecular
structures, can produce statistically significant results that are representative
enough to serve as a proxy for the complete database.

GDB-17 is commonly used as a base for generating specialized datasets, such
as the dataset. These subsets are created through a detailed curation
process aimed at including molecules relevant to specific research areas, such
as drug development. The hierarchical structure of GDB-17 allows for more
targeted research efforts, providing scientists with the opportunity to focus on
subsets of molecules for specialized studies.

In summary, the GDB-17 database is widely utilized in computational chem-
istry for its extensive collection of molecular structures and associated property
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Figure 2.2: Open Catalyst 2020 (OC20) Dataset (Source: [I])

data. It serves as a resource for researchers across various scientific disciplines,
aiding in computational studies and data-driven research.

2.2.3 The Open Catalyst Dataset

The [Open Catalyst Project (OCP)|[d], a pivotal resource in the domain of com-
putational catalysis, has been meticulously developed to foster innovation and
advancements in the field. This dataset combines two prominent datasets: OC20
[10] and OC22 [2], which serve as rich reservoirs of data pivotal for catalytic
research.

The OC20 dataset laid the groundwork for the subsequent development of
the OC22 dataset. This dataset houses a wealth of information pertaining to
surface and adsorbate structures, providing researchers with a robust platform
to explore and analyze catalytic processes at a granular level. It embodies a
systematic compilation of data derived from [DFT]calculations, offering insights
into the energetic and atomic properties of various structures.

Progressing further, the OC22 dataset builds upon the foundation laid by the
0OC20 dataset. The OC22 dataset, compared to its predecessor, includes train-
ing data from oxides. Oxides are critical for the development of oxygen reaction
catalysts. To address this, OC22 includes 62,331 relaxations (~9,854,504
single point calculations) across a range of oxide materials, coverages, and ad-
sorbates in its dataset.

These datasets altogether contain 1.3 million molecular relaxations with re-
sults from over 260 million [DFT] calculations. The data housed in both datasets
can be utilized to develop predictive models, facilitating the simulation and
analysis of catalytic processes with enhanced efficiency and accuracy. Further-
more, this dataset - and particularly the Open Catalyst Project (OCP) - aims to
develop new [Machine Learning (ML )| methods and models to accelerate the cat-
alyst simulation process for renewable energy technologies, opening avenues for
the creation of [ATl models with the capability to make highly precise predictions
regarding catalytic behaviors and their resulting outcomes.

The dataset includes code for training and evaluating models designed for
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Figure 2.3: Overview of the OC22 Dataset Contents and Impact Areas, Em-
phasizing the Oxygen Generation Process in Water (Source: [2])

tasks where arbitrary chemical structures serve as input, enabling the prediction
of energies, forces, and positions. It can serve as a foundational framework for
research projects in this domain.

In conclusion, the Open Catalyst Project is used in the field of computational
catalysis, offering detailed data for various research applications. Among its
objectives is the aim to develop new machine learning methods and models
that can expedite catalyst simulation in renewable energy technologies. The
OCP’s datasets are part of the available resources that researchers use for studies
related to improving the efficiency and sustainability of catalytic processes.

2.3 Density Functional Theory (DFT)

In this section, the focus will be on introducing Density Functional Theory
(DFT), a computational quantum mechanical modeling method used for ana-
lyzing the electronic structure of atoms, molecules, and materials. The funda-
mental principles behind [DFT] will be explained, along with a discussion of its
challenges and synergies with[AT] By the end of this section, readers should have
a comprehensive understanding of how operates as a valuable tool in both
theoretical and practical contexts

2.3.1 DFT: Fundamentals

[DFT]is a computational technique extensively utilized in physics and chemistry
to investigate the electronic properties of many-body systems, especially atoms,
molecules, and condensed phases, with applications extending to the study of
catalysts. The foundation of lies in the Hohenberg-Kohn theorem [I1],
which establishes that the ground state properties of a many-electron system
are uniquely determined by the electron density distribution. In simpler terms,
it states that if you know the electron density, then you can determine all other
ground state properties of the system, such as its energy. This theorem pro-
vides the theoretical justification for using electron density as the basic variable
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in calculations, as opposed to wave functions in traditional quantum me-
chanics.

The total energy functional in terms of the electron density - which is directly
related to the Density Functional Theory (DFT) - can be represented as:

Elp(M)] = Tlp(M)] + Vee[p()] + Vear[p(7)] + Vae[p(7)]
where:
e E[p(7)] is the total energy

e T[p(7)] is the kinetic energy functional

e V..[p(7)] is the electron-electron interaction energy

Vext[p(7)] is the external potential energy

Vaelp(7)] is the exchange-correlation energy

p(7) is the electron density at position 7

The total energy functional (E[p(7)]) is closely related to the Kohn-Sham
equations, which are a central component of Kohn-Sham Density Functional
Theory (KS-DFT). In practice, the Kohn-Sham equations are solved iteratively
to find the electronic properties, where each electron is described by a wave
function ;(7) satisfying the equation:

=57 Vi ()] 07) = i)

with the effective potential given by:

o
Vart?) = Veua) + [ a7 2704127

=7

The goal in [DFT] simulations is to find the ground state electron density
p(7) that minimizes the energy functional, providing a pathway to investigate
the properties of the system, including the adsorption energies of molecules on
potential catalysts, which is crucial for catalyst design and optimization.

While DFT] stands as a powerful tool, it is accompanied by substantial com-
putational demands. The process of relaxation, a pivotal component in [DFT]
analysis, necessitates hundreds of hours of computation on multicore machines,
representing a significant computational bottleneck [5]. The initial structure
definition, preceding a relaxation run, further adds to the complexity and com-
putational demands of this method.

To further illustrate, the computational bottlenecks primarily revolve around
the calculations involving the determination of a structure’s forces and energy,
vital in predicting adsorption energies on potential catalysts. These calculations,
grounded in [DFT] require extensive computational resources, highlighting a
significant challenge in the broader implementation of this method.
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2.3.2 Relaxation Phenomena in Catalytic Processes

In the framework of catalysis processes, relaxation represents a critical phase,
delineating the trajectory of atomic interactions towards a state of minimum
energy. This phenomenon is rooted in the adjustments of atoms’ nuclear posi-
tions, which are typically initiated with an approximate estimation. The essence
of relaxation lies in the refinement of these initial estimates through a series of
computational iterations, thereby honing the precision of energy calculations
involved in catalysis processes.

During the process of relaxation, the molecular reaction undergoes a se-
ries of transformations, evolving towards a configuration where the energy of
the adsorbate, interacting with the catalyst, reaches its minimum. This pro-
cess is facilitated through the application of [DFT} a potent tool that enables
an in-depth analysis of the energy landscapes associated with different atomic
configurations. The iterative nature of [DFT| analyses, which involves the con-
tinuous adjustment of atomic positions, fosters a dynamic environment where
the interactions between atoms are continually evolving, gradually converging
towards a state of equilibrium, or the lowest energy configuration.

Mathematically, the process can be described using a series of equations that
encapsulate the dynamics of atomic interactions. The energy of the system,
represented as a function of the positions of the atoms, forms the cornerstone of
these analyses. Through the application of optimization algorithms, the system
evolves, minimizing this energy function iteratively until a state of minimum
energy is attained. This state represents a point in the configuration space
where the forces acting on each atom balance out, fostering a state of stability
and equilibrium.

Moreover, the relaxation process holds significant implications in the context
of catalysis, influencing the efficacy and performance of catalysts. The precise
determination of atomic positions serves as a vital parameter in assessing the
interaction energies, thereby offering insights into the potential effectiveness of
different catalysts. Consequently, relaxation forms a critical component in the
design and analysis of catalysis processes, steering the trajectory of research and
innovation in this domain towards new frontiers.
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2.3.3 Establishing the Initial Structures in DFT Calcula-
tions

Before embarking on the relaxation process, it is pivotal to define an initial
structure, a fundamental step that lays the groundwork for subsequent com-
putational analyses in catalysis processes. As shown in Figure [2:4] the initial
structure delineates the preliminary configuration of atoms within the system,
serving as a starting point for the relaxation process. This configuration is often
based on theoretical constructs or derived from experimental data, providing a
tangible framework to initiate the complex computational processes involved in
catalysis.

The definition of an initial structure is a meticulous process, requiring a
profound understanding of the chemical and physical properties of the elements
involved. Often, this involves a comprehensive analysis of molecular geometries,
electronic structures, and potential energy surfaces. The objective is to establish
a configuration that is not only theoretically sound but also aligns with empirical
observations, thereby fostering a harmonious integration of theory and practice.

From a mathematical standpoint, the initial structure can be represented
using a series of parameters that encapsulate the positional coordinates of
atoms within the system. Among these, Cartesian coordinates provide the most
straightforward representation. Defined within a three-dimensional space, these
parameters offer a detailed representation of the atomic structure, facilitating a
comprehensive analysis of the system’s properties. Moreover, this mathematical
representation serves as a foundation for the application of analyses, en-
abling the detailed exploration of the energy landscapes associated with different
atomic configurations.

Furthermore, the definition of an initial structure often involves the integra-
tion of quantum mechanics principles, offering a deeper insight into the atomic
and subatomic interactions governing the system. Through the application of
quantum mechanical simulation tools, researchers can delve into the intricate
dynamics of atomic interactions, fostering a rich and detailed understanding of
the processes underlying catalysis.

2.3.4 Overcoming Challenges in DFT

Although [DFT] is highly accurate, it is frequently criticized for its computa-
tional expense, especially when applied to large molecular systems or materials
with complex structures. This section explores the primary computational bot-
tlenecks in DF'T calculations and discusses potential solutions to address these
challenges.

The primary challenges associated with DFT include the following:

e Computational Expense

At the core of DFT’s computational expense lies the intricate calculations
required to predict the adsorption energies of small molecules on potential
catalysts. As part of this computational burden are the following:

— Initial Structure Determination
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Before initiating any calculations, a precise initial structure must be
defined. This is often challenging due to the complex nature of many
materials and molecules. Any inaccuracies at this stage can lead to
erroneous results in subsequent calculations.

— Relaxation Process

The relaxation process is another key contributor to computational
expense. It involves iterative adjustment of atomic positions until
the system reaches its minimum energy state or ground state. The
complexity of the optimization algorithms used and the high dimen-
sionality of the problem space add to the computational cost.

e Convergence Issues

[DFT] calculations often face convergence issues, especially in systems with
a large number of atoms or strong correlation effects. The SCF (Self-
Consistent Field) iterations sometimes fail to converge, requiring the care-
ful selection of mixing parameters and algorithms.

e Scaling with System Size

The computational cost of [DFT] calculations scales steeply with system
size, typically as O(NN?3), where N is the number of electrons. This makes
it difficult to study large systems or perform long time-scale simulations.

The high computational costs and challenges outlined above have driven the
exploration of alternative approaches to accelerate DFT calculations. A pivotal
development in this regard has been the integration of [ATl with DFT.

2.3.5 Al Integration with DFT

The integration of[Allwith Density Functional Theory (DFT) signifies a method-
ological shift in computational chemistry. Utilizing the computational efficiency
of machine learning algorithms, particularly neural networks, allows for a more
expedient execution of [DFT] simulations, traditionally known for their compu-
tational intensity and prolonged runtimes.

Neural networks trained on the OC20 and OC22 datasets optimize their in-
ternal parameters via backpropagation algorithms. This results in reduced pre-
dictive error and models that approximate DFT-calculated molecular properties
with high fidelity. These machine learning models undergo iterative optimiza-
tion using gradient descent algorithms, fine-tuning their predictive capabilities
and thereby offering a computationally efficient alternative to traditional [DFT]
calculations.

The computational advantages of integrating Al into [DFT] simulations are
significant. [DFT] calculations often require extensive computational resources
due to the complexity of solving differential equations and integral transforma-
tions. The application of machine learning algorithms in this context provides
a cost-effective and time-efficient alternative. This efficiency facilitates faster
identification and analysis of potential catalysts, accelerating the rate of re-
search and discovery in computational chemistry.
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In summary, the synergy between Al algorithms and methodologies
offers a streamlined approach to molecular simulations. This integration has the
potential to accelerate research across various scientific domains by providing a
less resource-intensive yet accurate method for predicting molecular properties.

2.3.6 Conclusion

In conclusion, the landscape of catalysis research is on the brink of a signifi-
cant transformation, propelled by the integration of cutting-edge advancements
in quantum mechanics, artificial intelligence, and computational chemistry. As
we have explored in this background section, the role of catalysts in enhancing
the rate of chemical reactions is pivotal, with numerous applications spanning
various domains including biochemical reactions, acid-base catalysis, and het-
erogeneous catalysis.

The development and utilization of comprehensive chemical datasets like
and GDB-17 have facilitated a deeper understanding of the molecular
properties and behaviors that govern catalytic processes. Furthermore, the in-
troduction of the Open Catalyst Datasets have marked a significant milestone
in the field, offering a rich repository of data that can aid in the development
of novel catalysis technologies.

The integration of [AT with [DFT] simulations represents a promising avenue
for accelerating the pace of research in this domain. By leveraging the computa-
tional prowess of [Al] it has become possible to significantly reduce the time and
resources required to conduct [DFT]| simulations, thereby facilitating the rapid
discovery and analysis of new catalytic processes.

As we move forward, it becomes increasingly important to delve deeper
into the intricate dynamics of catalytic processes, exploring new methodologies
and approaches that can foster innovation and drive progress in the field. The
integration of generative [Alland quantum computing with traditional catalysis
research holds immense potential, promising to usher in a new era of scientific
discovery and innovation. Further details on this topic will be explored in the
following chapters.



Chapter 3

Generative Al: Foundations
and Trends

Generative [A]] stands as a pioneering field within the domain of artificial in-
telligence, offering a radical approach to data generation and analysis. An-
chored in complex mathematical theories, it facilitates the development of algo-
rithms capable of synthesizing data akin to the ones they have been trained on.
This section endeavors to present an in-depth exploration of the mathematical
foundations, recent breakthroughs, and prospective developments in the swiftly
evolving sphere of generative [A1] It aims to shed light on its core methodologies
and applications across diverse scientific realms, including physics and engineer-
ing.

3.1 Introduction to Generative Al

Generative[Allencompasses algorithms within the unsupervised and semi-supervised
machine learning paradigms, which empower computers to generate novel data
resembling the contents of a given dataset using existing resources such as text,
image, audio and video files, or even coding scripts.

To grasp the concept underlying generative [All more fully, it is vital to de-
lineate it from discriminative modeling. Discriminative models are primarily
employed in classifying pre-existing data entities, for instance, categorize images
of particles like electrons, muons, and neutrinos into their respective groups, a
task predominantly found in supervised machine learning endeavors. On the
contrary, generative models strive to comprehend the inherent structure of a
dataset to fabricate analogous instances, like generating a realistic representa-
tion of subatomic particles such as electrons or neutrinos, a task mainly associ-
ated with unsupervised and semi-supervised machine learning initiatives.

Therefore, while discriminative algorithms concentrate on distinguishing spe-
cific cases by learning a decision boundary, generative algorithms aspire to de-
cipher the intrinsic attributes of the data, facilitating its reproduction from the
ground up. This distinction can be perceived as:

e Discriminative models ascertain the boundaries separating various classes.

e Generative models scrutinize the distribution patterns within individual
classes.

Thus, as illustrated in Figure discriminative algorithms are essentially
concerned with correlating features to labels. In contrast, generative algorithms
undertake a reverse approach. Rather than predicting a label based on certain
features, they seek to forecast features predicated on a given label.

This brings us to the fascinating realm of generative [All Generative [Al] an
extension of generative models, plays a pivotal role in artificial intelligence by

15
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Figure 3.1: Generative and Discriminative Models - A visual representation
showcasing the distinct approaches of generative and discriminative models.

harnessing the power of creativity in data generation. While generative models
aim to understand and replicate data patterns, generative Al takes a step further
in the field of machine learning. It excels at producing entirely new and realistic
data instances that align with the underlying data distribution.

The expanded capacity of generative [Al] offers versatile utility, ranging from
simulating subatomic particle interactions in high-energy physics to crafting
lifelike images in computer vision. These generative [A]] models have played
pivotal roles in reshaping diverse domains, providing innovative solutions to
intricate challenges.

In the context of catalysis and drug discovery - a central topic of this thesis
- these models have proven instrumental by accelerating research and devel-
opment through the prediction of molecular properties and the generation of
novel molecular structures. Similarly, in the realm of quantum mechanics, gen-
erative [A]l models are pioneering a deeper understanding and manipulation of
quantum states, potentially revolutionizing quantum computing and catalyzing
advancements in various scientific domains.

3.2 Detailed Overview of Generative AI Models

This section provides a deep dive into the mathematical frameworks and archi-
tectures that constitute the backbone of generative [AT] unraveling the intricate
methodologies and principles that govern these models and offering an insight
into their functioning and potential applications.

3.2.1 Generative Adversarial Networks (GANs)

Introduced by Ian Goodfellow and his team in 2014[12], have emerged
as a pivotal tool in the field of generative [Al Operating on the principles of
game theory, involve the simultaneous training of two neural networks, a
generator, and a discriminator, in a min-max game setting, fostering a dynamic
environment of competition and cooperation.
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Figure 3.2: GAN Architecture: This image illustrates a Generative Adversarial
Network (GAN) setup with a generator, a discriminator, and examples of gen-
erated (fake) and real images.

3.2.1.1 Architecture and Components

The GAN architecture is founded on a zero-sum game framework, involving two
key components: the generator (G) and the discriminator (D). As illustrated
in Figure [3:2] the generator aims to generate data that mimics the real data
distribution, while the discriminator strives to distinguish between real and
generated data. This adversarial process is mathematically encapsulated in the
following min-max objective function:

minmax V(D, G) = Py (o) 108 D(@)] + Ferp (5 log(1 = D(G(2))] (3.1)
The different elements of this function can be disseminated as follows:

e minmax: These operations represent the minimization and maximiza-
D

tion processes, respectively. Within a GAN, the generator strives to min-
imize this objective function (mén), while the discriminator endeavors to

maximize it (mgx).

e V(D,G): This function encapsulates the core objective of the GAN,
quantifying how effectively the generator (G) produces data resembling
real data and how adeptly the discriminator (D) discriminates between
real and generated data.

o E, yuia(z)log D(z)] : This component corresponds to the expected value
computed over real data samples (z) drawn from the genuine data distri-
bution (pgatq)- It assesses the logarithm of the discriminator’s ability to
correctly identify real data as genuine, essentially measuring the discrim-
inator’s skill in recognizing authentic data.

o E. . (»)llog(l1 — D(G(2)))] : This element represents the expected value
calculated over random noise vectors (z) generated from a prior distribu-
tion (p,). It computes the logarithm of the discriminator’s probability of
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erroneously classifying generated data as real. In essence, it quantifies the
discriminator’s proficiency in detecting fake data.

This objective function forms the core of the adversarial training process,
with the generator seeking to minimize it, while the discriminator aims to max-
imize it. This iterative process continues until a Nash equilibrium is reached
[13], where neither player can improve their score by changing their strategy.

The training dynamics involve a careful balance between the two networks,
ensuring that neither network overpowers the other, which could result in mode
collapse, where the generator generates limited varieties of samples.

3.2.1.2 Advancements and Innovations

Since its inception, the GAN framework has witnessed a series of innovations and
advancements, fostering a rich ecosystem of diverse architectures and method-
ologies. Conditional[GANg|[14], for instance, incorporate additional information
to guide the data generation process, allowing for more controlled and targeted
data generation.

Cycle-GANs [T5] represent another significant advancement, enabling trans-
lations between different data domains without the requirement of paired ex-
amples. This has opened new avenues for image-to-image translation, style
transfer, and data augmentation.

Notable advancements also include the development of Wasserstein GANs
(WGANS) [16]. Unlike traditional GANs, which use the Jensen-Shannon diver-
gence to measure the dissimilarity between data distributions, WGANs utilize
the Wasserstein distance (also known as the Earth Mover’s distance). This
change in distance metric offers several advantages, including a more stable
training process.

Furthermore, researchers have developed various loss functions and training
methodologies to stabilize the training process and enhance the performance of
including techniques like gradient penalty [17] and spectral normalization
[18].

Recent trends also indicate a growing interest in integrating quantum prin-
ciples into GAN architectures, potentially paving the way for the next wave of
innovations in the field of generative AI. This thesis aligns with these trends,
focusing on the application of quantum principles in catalysis, contributing to
the ongoing exploration of this convergence.

3.2.2 Autoencoders and Variational Autoencoders

Autoencoders[I9] and their variant, [Variational Autoencoders (VAEs)| [20], are
neural networks designed to reconstruct their input data through a process
of compression and decompression. The architecture - shown in Figure [3.3] -
comprises two components: an encoder function f(z) and a decoder function
g(z), where z is the input data and z is the encoded latent representation. The
mathematical objective of an autoencoder is to minimize the reconstruction
error, typically represented as a loss function L(x, g(f(x))).

In other words, the encoder’s task is to acquire the skill of compressing
the input data into an encoded representation, while the decoder is trained to
reconstruct the original data from this encoded representation, aiming for the
highest fidelity to the original input.
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Figure 3.3: Autoencoder Architecture: This image provides a visual represen-
tation of an autoencoder, a neural network architecture used for unsupervised
learning and dimensionality reduction. Autoencoders aim to encode and decode
data, capturing essential features in the process.

[VAEg extend the autoencoder framework by introducing a probabilistic layer
that models the uncertainty inherent in the data generation process. The loss
function in [VAEs] which combines a reconstruction loss with a regularization
term based on the [Kullback-Leibler (KL )| divergence, can be represented as:

L(z) = —E.nq(zl0[log p(x|2)] + KL(g(z|2) Ip(2)) (3-2)

In this equation, the first term, —FE,_q(.|2)[logp(x|2)], assesses how effec-
tively the VAE can reconstruct the input data x from different latent represen-
tations z sampled from the approximate posterior distribution ¢(z|x). In simpler
terms, it measures how well the VAE can recreate the original data from various
possible internal representations. The second term, KL(q(z|z)||p(z)), quantifies
the difference between the approximate distribution of these representations
learned by the VAE and a predefined prior distribution p(z). This encourages
the VAE to shape its latent space according to the chosen distribution, typically
a standard normal distribution, ensuring a well-behaved and continuous latent
space. During training, the VAE seeks to minimize this loss function, improving
its ability to generate data resembling the original input while maintaining a
structured latent space.

3.2.2.1 Applications and Developments

Autoencoders have found extensive applications in numerous domains such as
dimensionality reduction, anomaly detection, and image denoising. Their ability
to learn compact representations makes them invaluable tools in data compres-
sion and generation tasks.

with their probabilistic foundations, have further broadened the scope
of applications, enabling the generation of new data samples that are statistically
similar to the training data. They are extensively used in image generation, drug
discovery, and other domains where generating new data samples is essential.

In recent years, the field has witnessed the development of several advanced
VAE architectures, including conditional [21], which allow for targeted
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data generation by conditioning on additional information, and hierarchical
[22], which introduce a multi-layered latent space to capture more com-
plex data distributions.

Other notable advancements worth mentioning include hierarchical VAEs [23],
which introduce a multilayered latent space to capture more complex data distri-
butions, and the Beta-VAE [24], which offers a more balanced trade-off between
reconstruction accuracy and latent space regularization.

3.2.3 Flow-based Generative Models

Noise =

Input Data = Flow f(x) Tnverse f~!(x)

Figure 3.4: Flow-Based Architecture: Image illustrating a flow-based neural
network, known for its capacity to model complex data distributions in appli-
cations like generative modeling and density estimation.”

Flow-based generative models are a distinct category within the realm of gen-
erative modeling. Unlike popular approaches such as GANs and [VAES these
models are constructed through a series of invertible transformations. What
sets them apart is their explicit learning and modeling of the probability den-
sity function of real data using normalizing flows. Normalizing flows, a potent
statistical tool for density estimation, underpin the core principle of these mod-
els. They consist of a sequence of reversible transformations that map a simple
initial distribution, often a Gaussian distribution, to a complex target distribu-
tion. This mapping is represented mathematically as:

det (65;?) ’ (3.3)

Here, logpx (x) represents the log-likelihood of data x in the data space.
logpz(f(z)) represents the log-likelihood of the transformed data f(x) in the

latent space. The last term, log ’det (?ﬁ)) ), quantifies the volume change in

logpx (x) =logpz(f(z)) + log

the data space during the transformation. The determinant of the Jacobian
matrix, ag;(ﬁ), plays a critical role in this likelihood computation.

This mathematical framework offers several advantages, including the capac-
ity for exact likelihood computation, enabling precise assessment of the model’s
ability to generate data akin to real-world observations. Moreover, it facilitates
the direct optimization of the data log-likelihood, meaning it can fine-tune their

parameters to enhance their performance in generating data that aligns with
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real observations. This direct optimization is advantageous for model training
and performance improvement.

Furthermore, an essential component in this process is the determinant of the
Jacobian matrix, which quantifies the volume change in the data space during
transformations, playing a pivotal role in likelihood estimation and ensuring the
fidelity of generated data to the underlying distribution.

3.2.3.1 Advancements and Challenges

Flow-based models have undergone numerous advancements, including the in-
troduction of various types of flows such as Planar Flows, Radial Flows [25], and
Glow [26], which offer different approaches to modeling complex distributions.
These models have found applications in a variety of domains, including image
synthesis, where they can generate high-quality, realistic images.

Despite their potential, these models face certain challenges, including high
computational costs and difficulties in modeling discrete data. The necessity to
compute determinants of high-dimensional Jacobians often results in increased
computational complexity. Moreover, these models sometimes struggle to cap-
ture intricate details in data, particularly when modeling complex, multi-modal
distributions.

Future research in this domain is directed towards addressing these chal-
lenges, potentially leveraging advancements in computational hardware and the
integration of quantum principles to enhance modeling capabilities and compu-
tational efficiency.

3.2.4 Diffusion Models

Diffusion models, grounded in stochastic processes, represent a unique approach
to generative modeling. They model data generation as a diffusion process
characterized by the progressive addition of noise over a series of time steps.

Data-to-Noise

A

N x5 a3 e

Input data = Noise

Noise-to-Data

Figure 3.5: Diffusion Model Architecture: This image illustrates a diffusion
model, a probabilistic generative model used in deep learning. Diffusion models
are designed to capture complex data distributions for tasks like image genera-
tion and denoising.
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Diffusion models are based on a stochastic differential equation that governs
the diffusion process. The data undergoes a series of transformations, modeled
as:

Xy =X, + Vdt- & (3.4)

Here, X; denotes the data at time ¢, dt is a time step, and &; is a noise
term. This framework enables the generation of new data samples through a
reverse process, where noise is progressively removed, guiding the data from a
noisy state back to a clean, coherent state. This reverse process is governed by
a denoising objective, which seeks to learn a score function that is consistent
with the data distribution.

3.2.4.1 Applications and Recent Developments

Diffusion models have found applications in various fields, including image syn-
thesis and natural language processing. The ability to model data generation
as a diffusion process allows for the creation of complex, high-dimensional data
samples.

Recent developments in the field have introduced techniques like denoising
score matching and contrastive divergence, which offer novel perspectives in
training these models. Furthermore, the field has witnessed the development
of variational principles [27] and contrastive objectives, which enhance the ca-
pabilities of diffusion models, allowing for more nuanced approaches to data
generation.

Future research in this area is poised to explore the integration of diffusion
models with other generative modeling approaches, fostering the development
of hybrid models with enhanced capabilities in data generation and analysis.

3.3 Conclusion

This chapter has provided an overview of the foundational concepts and contem-
porary trends within the field of generative [Al] emphasizing the mathematical
principles that underpin various generative models. The discussion has traced
the evolution of GAN architectures and underscored the significant advance-
ments and innovations that define the current landscape of generative [AT Addi-
tionally, it has provided descriptions of diffusion models, and flow-based
models, shedding light on their key principles and contributions. The genera-
tive [Al] ecosystem encompasses numerous other models, including transformers,
which play a significant role but are not covered in detail within this section.

As we look to the future, the integration of quantum mechanics principles
into generative [AT models emerges as an enticing frontier for research and in-
novation. This convergence holds the potential to usher in a new era of com-
putational capabilities, potentially catalyzing groundbreaking advancements in
fields such as physics, engineering, and beyond.

In the next chapter, we will delve into Quantum and explore how
they harness the power of quantum computing to further expand the horizons
of generative [All This exploration will focus on the current GAN architectures
developed for generative chemistry, providing an in-depth understanding of their
applications in molecular design.



Chapter 4

GANs and Quantum Tech-
nologies for Generative Chem-
istry

4.1 Current AI Technologies for Chemistry

In the rapidly evolving domain of chemistry, the quest for efficient catalyst
screening has witnessed a significant shift towards the adoption of [A] technolo-
gies, particularly |Graph Neural Networks (GNNs)| to predict strain effects on
adsorption energy. These networks stand as a robust solution to the inher-
ently high-dimensional search space associated with identifying desirable strain
patterns, a process known to be complex and challenging.

have emerged as a potent tool in predicting the catalyst’s adsorption
energy response under proposed surface strain patterns with remarkable pre-
cision. Omne of the foremost approaches in this endeavor is the application of
[Crystal Graph Convolutional Neural Networks (CGCNN)| [28]. These networks
have exhibited a remarkable accuracy rate, successfully predicting the adsorp-
tion energy response for approximately 85% of strains in unseen test data. This
success rate signifies a considerable advantage, particularly in identifying the
energy barriers associated with small-molecule adsorption energies, a critical
parameter in the field of surface chemistry.

Aside from other notable architectures such as SchNet [29] and
DimeNet++ [30] have also made substantial strides in this field. These archi-
tectures, deeply rooted in graph theory, have demonstrated substantial success
in various tasks, including classification and regression. Consequently, they have
become a cornerstone in the current trend of employing graph architectures for
chemistry applications.

In addressing the challenges and facilitating the prediction of adsorption en-
ergies for catalyst discovery and optimization, many of these implementations
have leveraged the datasets released by the m [9). These datasets, compris-
ing more than 1.2 million DFT-relaxed catalyst-adsorbate structures, serves as
a vital resource in this domain. The extensive data available through the [DCP)
aids in the nuanced understanding and prediction of adsorption energies, play-
ing a pivotal role in the advancement of catalyst discovery and optimization
processes. For a comprehensive understanding of the [OCP] readers are referred
to Chapter of this thesis, which offers a detailed insight into the project
and its significance in the field.

23
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4.2 Current GAN Implementations for (Gener-
ative Chemistry and its Enhancement with
Quantum

have proven to be a powerful tool in the field of generative chemistry,
fostering innovations and advancements at an accelerated pace. The synergy
between and quantum mechanics is beginning to unfold, showcasing po-
tential avenues to further enhance the capabilities of these networks. In this
section, we delve deeper into the current state of the art, offering a comprehen-
sive analysis of the most important implementations in the field of generative
chemistry.

4.2.1 MolGAN: An Implicit Generative Model for Small
Mbolecular Graphs

In the domain of generative chemistry, the MolGAN model emerges as a viable
alternative to traditional techniques. Distinct from conventional methods that
utilize string-based (SMILES) representations for molecules, MolGAN adopts
a graph-based framework for depicting molecular structures, as extensively de-
tailed in [31]. This innovation enables a more streamlined and efficient explo-
ration of the intricate domain of chemical synthesis. It is worth noting that
MOolGAN does not incorporate quantum mechanics in its model.

Generator Molecular Graph Discriminator

Reward Network

Figure 4.1: MolGAN Architecture: A vector is generated from a prior distribu-
tion and fed into the Generator, which then produces a graph-based represen-
tation of a molecule. The Discriminator evaluates the origin of the molecular
graph, determining whether it is generated by the model or sourced from an
existing dataset. Meanwhile, the Reward Network estimates the chemical prop-
erties of the generated molecule using external software, providing a reward
metric for the system.
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4.2.1.1 Data Representation in MolGAN

A critical aspect of MolGAN is the representation of molecular data. Unlike
many other generative models that use string-based (SMILES) representations,
MolGAN operates directly on graph-structured data. This representation is
more native to the molecular structure, encapsulating the relationships between
atoms (nodes) and bonds (edges) more naturally and effectively. This approach
facilitates the direct generation of molecular graphs, bypassing the need to de-
code SMILES strings, thereby enhancing the efficiency and accuracy of the
generative process.

1. Generator: The generator creates new molecular graphs from a random
noise vector, utilizing a |Graph Convolutional Network (GCN)|to sequen-
tially generate nodes and edges, forming a molecular graph.

2. Discriminator: This network assesses the authenticity of the molecular
graphs produced by the generator, distinguishing genuine graphs from the
dataset from those generated, utilizing a [GCN] to process the graph data
and adjudicate their authenticity.

3. Reward Network: A vital component of the MolGAN architecture,
the reward network evaluates the generated molecules based on prede-
termined criteria, such as specific chemical properties. The feedback from
this network computes the reward for the reinforcement learning objec-
tive, guiding the generator to produce molecules aligning with the desired
properties.

The training process combines adversarial training with reinforcement learn-
ing. The generator aims to deceive the discriminator while maximizing the
reward obtained from the reward network. This dual objective function amal-
gamates the adversarial loss from the discriminator and the reward from the
reward network, fostering a more focused and efficient generation process.

The adversarial loss is computed using the binary cross-entropy loss function,
while the reward is gauged as the expected reward over the generated molecules,
encouraging the generation of molecules with higher rewards.

As described in [31], MolGAN undergoes empirical evaluation using the QM9
chemical database, which is notable for its comprehensive collection of small
organic molecules. The data garnered from this evaluation affirm MolGAN’s
ability to generate molecules with specified properties, suggesting its potential
utility as a specialized tool in the field of generative chemistry.

4.2.2 QGAN-HG: Enhancing MolGAN with a Quantum
Hybrid Generator

The paper titled ’Quantum Generative Models for Small Molecule Drug Discov-
ery, referenced in [32], introduces a novel approach in the area of drug discovery
through the use of a new quantum generative model, [Quantum Generative Ad-|
[versarial Network with a Hybrid Generator (QGAN-HG)| This model aims to
navigate the chemical space more efficiently using fewer qubits compared to clas-
sical The traditional drug discovery pipeline often involves lengthy and
costly procedures, taking an estimated 5 to 10 years and requiring significant
financial investment.
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The model is described as a quantum-enhanced generative ap-
proach designed to explore a chemical space that could theoretically contain
up to 10% structures. According to the paper, the model has the potential to
identify drug candidates more efficiently, which could have implications for the
speed and cost of drug discovery.

Generator Molecular Graph Discriminator

Noise N(0,1)

Parameterized Quantum Circuit

Reward Network

Figure 4.2: QGAN_HG Architecture: MolGAN-based GAN architecture with
a parameterized quantum circuit in the generator. It features two stages: a
quantum circuit that measures expectation values and a classical discriminator
that classifies real vs. synthetic molecules from the QM9 dataset.

4.2.2.1 Architecture and Data Representation

The model fundamentally builds upon the MolGAN framework, in-
corporating significant advancements. At its core is a parameterized quantum
circuit integrated within the generator. This hybrid quantum generator is capa-
ble of supporting a varied number of qubits and quantum circuit layers, working
alongside a classical discriminator, which remains identical to the one used in
MolGAN.

Remarkably, even with a retention of only 14.93% of the parameters, the
can learn molecular distributions as efficiently as its classical coun-
terparts. This efficiency underscores a quantum advantage in the generative
process, promising a richer representation of molecules through a more efficient
exploration of the exponentially large chemical space.

The data representation in this model is graph-structured, akin to MolGAN,
providing a more direct and native representation of the molecular structures
compared to the SMILES strings. This method facilitates a more accurate and
direct generation of molecular graphs.

The model faces a significant challenge in terms of the quantum computing
resources required. To generate QM9-like small molecules, a full quantum GAN
would necessitate over 90 qubits, a capacity not supported by currently available
commercial quantum computers. Despite this, the model demon-
strates remarkable efficiency, even with a substantial reduction in the number
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of retained parameters.

4.2.2.2 Training Datasets and Cost Function

The[QGAN-HG] utilizes the QM9 database for training, a well-recognized repos-
itory of small organic molecules. However, it is worth noting that reconstructing
synthetic molecules similar to those in the QM9 dataset requires over 90 qubits,
given the 5 distinct bond and atom types contained within the dataset. This
is a significant hurdle given the current limitations of commercially available
quantum computers.

As for the cost function, it employs the Wasserstein lost function or Earth-
Mover’s (EM) distance, which is commonly used in GAN architectures, the
precise details should be find from [32].

4.2.3 Enhancing MolGAN with a Hybrid Generator and
Discriminator

The paper ”Exploring the Advantages of Quantum Generative Adversarial Net-
works in Generative Chemistry”, detailed in [33], represents another significant
stride in the field of drug discovery. Building on the[QGAN-HG|model, it further
extends the architecture to enhance the quantum advantage in small molecule
drug discovery. Importantly, MolGAN serves as the base model for all imple-
mentations detailed in this implementation design, showcasing its pivotal role
in the evolution of quantum generative models.

Generator Molecular Graph Discriminator
77 ;

N
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Parameterized Quantum Circuit

Reward Network

Figure 4.3: Hybrid quantum-classical GAN architecture for small molecule dis-
covery, featuring a quantum noise generator and variational quantum circuits
(VQCs) for the generator and discriminator.
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4.2.3.1 Technical Aspects and Architectural Innovations

This implementation integrates a|Variational Quantum Circuit (VQC)|into both
the generator and the discriminator, supplemented with a quantum noise gen-
erator, thereby amplifying the quantum advantage in the generative process.
The extended architecture manifests in several forms, each building upon the
foundational MolGAN model:

1. MolGAN with as the Noise Generator (QuMolGAN): In
this variant, a variational quantum circuit functions as a noise genera-
tor, enhancing the exploration efficiency within the chemical space and
fostering a richer representation of molecules.

2. MolGAN with Quantum Generator (MolGAN-QC): Here, a quan-
tum circuit is integrated within the generator, leveraging the quantum
advantage to facilitate a more nuanced exploration of the chemical space.

3. MolGAN with Quantum Discriminator (MolGAN-CQ): This im-
plementation incorporates a variational quantum circuit in the discrimi-
nator, augmenting its capability to discern the authenticity of generated
molecular structures with heightened accuracy.

Notably, this extended architecture omits the reward network, a character-
istic feature of the original MolGAN model, marking a shift in the approach
towards generating molecules with desired properties.

4.2.4 Heterogeneous GAN Catalyst Design Implementa-
tion

The paper ”Heterogeneous Catalyst Design by Generative Adversarial Network
and First-Principles Based Microkinetics”, detailed in [34], introduces a distinc-
tive approach in the realm of catalyst design, utilizing GANs but not quantum
methods. Notably, this research deviates from previous implementations as it is
not based on the MolGAN model, offering a fresh perspective in the application
of in the field of generative chemistry.

4.2.4.1 Technical Aspects and Architectural Innovations

In this study, a|Conditional Generative Adversarial Network (CGAN)|is imple-
mented to facilitate the generation of new alloy surfaces that are primed for am-
monia catalysis. This innovative approach leverages reaction rate—also known
as [Turnover Frequency (TOF)|—values and atomic compositions, which guide
the generation process. Here, the is conditioned upon these parameters,
creating potential catalyst designs which are adept at fostering more efficient
ammonia synthesis reactions, a process commonly known as the Haber-Bosch
process [4].
The architecture of the encapsulates two primary entities:

1. Generator: This component is tasked with crafting new catalyst designs,
guided by the input conditions of [TOF] values and atomic compositions.
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2. Discriminator: This segment of the network evaluates the catalyst de-
signs generated, distinguishing between authentic and generated data points,
thereby steering the generator towards the creation of more realistic and
viable catalyst designs.

4.2.4.2 Results Presented in the Paper

The paper discusses the successful generation of new alloy surfaces using a Con-
ditional Generative Adversarial Network , which employs first-principles
based microkinetic models. Unlike previous models that integrated quantum
methods, this research solely utilizes [CGAN] for creating surfaces optimized for
ammonia catalysis. The approach shows promise in advancing the field of cat-
alyst design.

The research underscores the efficacy of utilizing [CGAN]in creating catalyst
designs that are not only viable but also potentially more efficient in facilitating
the Haber-Bosch process for ammonia synthesis. This stands as a testament to
the potential of implementing [GANgin a manner divergent from the established
MolGAN-based methodologies, paving the way for more innovative approaches
in the field of generative chemistry.

4.3 Challenges and Future Perspectives

The state-of-the-art in Quantum highlights a range of challenges and
avenues for future exploration. A key issue centers around the static nature of
parameterized quantum circuits. For instance, in current models like [32] and
[33], theta parameters are set initially but remain static through subsequent
iterations. This limitation effectively demotes the quantum circuit to a simple
noise generator post-initialization, thereby missing the opportunity for a syn-
ergistic relationship between classical and quantum computations. The static
nature of these parameters hampers the optimization process and restricts the
search for new and energetically favorable molecular configurations.

Scalability remains another significant challenge. While the theoretical capa-
bilities of quantum mechanics could revolutionize generative chemistry, existing
quantum hardware fall short of scaling up to handle complex molecular struc-
tures in real-world scenarios. This is a critical issue, especially considering that
the computational demands for simulating larger molecules grow exponentially,
thus setting back the broader industrial application of Quantum

In terms of integrating quantum mechanics with AI, the process is far from
straightforward. Quantum computations, characterized by intrinsic phenomena
such as superposition and entanglement, necessitate a distinct computational
framework that diverges from classical paradigms. This incongruity presents
significant hurdles for seamless integration between these disparate technologies
and complicates the development of algorithms capable of harnessing the unique
strengths of each domain.

In the following section, we will introduce a new Quantum GAN model de-
signed to address these challenges currently faced by state-of-the-art
This model aims to offer solutions that could make quantum-enhanced genera-
tive chemistry more scalable, compatible, and dynamically optimized.



Chapter 5

Implementing a Quantum GAN
for Cu-based Binary Alloy Cat-
alyst Generation

In recent years, the catalysis community has witnessed a substantial surge in
research initiatives centered around copper (Cu)-based binary alloy catalysts.
This heightened interest is primarily driven by the groundbreaking discover-
ies that pinpoint the exceptional efficacy of these catalysts in carbon dioxide
reduction processes. The fusion of machine learning methodologies with em-
pirical experiments has further propelled these discoveries, paving the way for
novel and efficient solutions in the field of catalysis.

Building on this momentum, the research conducted in this thesis seeks to
utilize the transformative capabilities of Quantum to facilitate the cre-
ation of Cu-based binary alloy catalysts. The objective is to create a symbiotic
relationship between classical and quantum computing paradigms to craft a so-
phisticated model capable of generating new binary Copper alloy catalysts with
optimal properties.

In this venture, we utilize a rich dataset extracted from the [9], which
encapsulates a diverse range of binary copper alloy catalysts denoted as Cu, M7,
where M represents an alloying element, in conjunction with 27 different ad-
sorbates, laying a robust foundation for our strain investigation. The Quantum
GAN model, implemented through PyTorch [35] and PennyLane [36], operates
in a hybrid fashion, amalgamating classical architecture with quantum compo-
nents, thereby unveiling new horizons in catalyst generation.

The upcoming sections outline the intricate structure of our implementa-
tion [37], detailing both the classical architecture without quantum components
and the quantum architecture that includes a quantum noise generator and a pa-
rameterized quantum circuit, and the patch architecture which utilizes quantum
GAN methods to construct the final result through the aggregation of several
sub-generators.

Furthermore, we delve into the quantum noise generator and the parame-
terized quantum circuit, elucidating their roles in the generation process. Addi-
tionally, we discuss the optimization strategies employed, focusing on the cost
function and the evaluation metrics that guide the fine-tuning of the model.

5.1 Structure of the Implementation

The Quantum GAN implementation in this work [37], which combines the power
of PyTorch and PennyLane, strides into this domain with the goal of stream-
lining the creation of novel Cu-based binary alloy catalysts. By harnessing the
capabilities of quantum computing, it elevates the performance of generative
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adversarial networks, opening doors to more precise and efficient catalyst gen-
eration.

In this context, PyTorch serves as a versatile deep learning framework that
provides the essential tools for neural network design and training. On the
other hand, PennyLane stands as a quantum machine learning library, enabling
seamless integration of quantum computing elements into our implementation.

Our implementation offers three distinct architectural options, each config-
urable to cater to specific needs.

e Classic Architecture: Our classic architecture forms the foundational
layer of the Quantum GAN model. It is based on the MolGAN architec-
ture [3I] but does not incorporate a reward network. This architecture
operates entirely within the classical computing domain and serves as the
foundation upon which quantum components are integrated. It ensures
seamless integration of classical and quantum computing principles.

e Quantum Architecture: The quantum architecture incorporates a quan-
tum noise generator and a parameterized quantum circuit specifically
within the generator component of the model. These elements are compat-
ible with both IBM hardware devices and simulators, aiming to improve
the model’s ability to generate complex Cu-based binary alloy catalysts.

e Quantum Patch Architecture: The patch architecture employs a tech-
nique where the final output is constructed by concatenating multiple
smaller patches, called sub-generators, which are all identical and of the
same size.

This original patch technique was first introduced in reference [38]. They
presented a quantum patch GAN mechanism to make efficient use of lim-
ited qubits for generating hand-written digit images. More recently, this
technique has found its way into the realm of generative chemistry, where
several Quantum GAN models have adopted it [33] 32].

One of the standout advantages of the patched technique is its inherent
efficiency. It requires fewer quantum resources and permits the execution
of multiple sub-circuits sequentially. Furthermore, this technique facili-
tates more efficient simulation of each circuit, dramatically expediting the
learning process. These advantages are of paramount importance, espe-
cially when dealing with hardware constraints, such as a limited number
of available qubits.

Recognizing its manifold advantages, we have chosen to integrate this
technique into our own implementation. In our implementation, the set of
sub-generators replicates the parameterized quantum circuits described in
Figure[5.5] These sub-generators may either scale down, scale up, or main-
tain the number of qubits compared to the circuits depicted in Figure[5.5
The model accommodates configurations with 1, 2, or 4 sub-generators
(also called patches), all with the goal of maximizing the precision and
accuracy of catalyst structure generation.
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Figure [5.1] provides an illustrative example of the patch method. The fig-
ure showcases the utilization of two parameterized Quantum Circuits with
2 qubits each, which serve as sub-generators. Each of these sub-generators
is responsible for generating a partial segment of the catalysis reaction.
After completion, the generated segments are seamlessly concatenated to-
gether, providing a comprehensive representation of the reaction.

Initialization Layer Parameterized Layer

T

Figure 5.1: Patch Method: It employs multiple Parameterized Quantum Cir-
cuits as sub-generators. Each sub-generator produces a partial segment of the
final catalyst reaction.

Our Quantum GAN model distinguishes itself through extensive configura-
bility, enabling users to fine-tune various parameters to meet specific require-
ments. These options encompass training configurations, activation function
parameters, dropout rates, and quantum circuit settings. Notably, quantum
circuit configurations include the choice of 1, 2, or 4 patches, providing users
with flexibility to control the level of complexity and detail in the generated
catalysts. For a comprehensive list and detailed descriptions, please refer to
Appendix [A]in this thesis.

To facilitate this configurability, our implementation allows users to specify
and customize these parameters. This level of flexibility ensures that our Quan-
tum GAN implementation serves as a versatile and adaptable tool for Cu-based
binary alloy catalyst generation, empowering researchers to achieve their desired
outcomes.

The subsequent portions of this section delve into the architectural intri-
cacies and the constituent components that form the bedrock of our Quantum
GAN model, shedding light on how these components collaborate to achieve our
catalyst generation objectives.

5.2 Catalyst Reaction Representation

One of the most significant challenges encountered in this project was deter-
mining the most suitable representation for the catalyst reaction within the
model. The choice of representation is instrumental as it serves a dual purpose:
it provides a structured way to encode the complexities of the catalytic pro-
cess, and it significantly influences the model’s proficiency in generating new
catalytic reactions. This is a particular point of concern because, unlike other
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chemical processes that have several well-established methods of representation,
there is a noticeable absence of a standardized, universally-accepted method for
portraying catalytic reactions.

In an effort to fill this gap, we embarked on an exhaustive survey of ex-
isting techniques and methodologies used in the state-of-the-art representa-
tion of molecules [31], B2]. Among these, two approaches stood out for their
widespread acceptance and utility in the domain of Generative Adversarial Net-
works (GANs): SMILES (Simplified Molecular Input Line Entry System) and
graph-based representations.

e SMILES: The Simplified Molecular Input Line Entry System, or SMILES,
is a text-based, string representation method that efficiently encodes the
structural and bonding information of a wide array of chemical species.
One of its most compelling features is its human-readable format, coupled
with its compactness, which has led to its extensive adoption in various
chemical domains.

e Graph-based Representation: The graph-based representation offers a
visually and structurally organized method for portraying molecular con-
figurations. In this approach, atoms within the molecule are represented as
nodes, each tagged with an integer that corresponds to their atomic num-
ber. The chemical bonds connecting these atoms are illustrated as edges
in the graph and are further detailed in a bond matrix, which categorizes
the bonds into types such as single or double. This tailored representation
is particularly advantageous for machine learning algorithms like Graph
Neural Networks (GNNs), which are designed to natively interpret and
analyze graph-based data structures.

Figure provides an illustration of these representation techniques using
a formaldehyde molecule (CH20) as an example, depicted both in graph-based
and SMILES notation forms. In the graph-based representation, atom types for
Carbon (C) and Oxygen (O) are encoded with their respective atomic numbers
6 and 8, as found in the periodic table. Bond types, such as single and double
bonds, are denoted by the integers 1 and 2, respectively, within the bond matrix.

5.2.1 Our Approach to Catalytic Reaction Representation

Since our primary focus was to represent catalytic reactions, we embarked on
designing a novel approach representation that could effectively encapsulate
a catalytic reaction in a simplified manner. Our approach draws inspiration
from the graph-based representations commonly employed for molecules. In our
custom-designed representation, we identify three essential components that,
in our view, constitute the fundamental elements of a catalytic reaction: the
composition of the alloy catalyst, the adsorbent molecule involved, and the
quantifiable energy associated with the reaction.

We use separate arrays to encapsulate the information of each component
involved in the catalytic reaction. For the alloy catalyst and the adsorbent
molecule, each element in the respective array corresponds to an individual
atom, which is identified by its atomic number as specified in the periodic table.
As a deliberate design choice, we have chosen to omit the inclusion of bond
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Molecule Structure Graph Representation SMILES Notation
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Figure 5.2: Representation of the Formaldehyde Molecule: This figure illus-
trates the formaldehyde molecule through three different formats: a 2D struc-
tural model, a graph-based representation, and SMILES notation. In the graph
representation, atom types for Carbon (C) and Oxygen (O) are encoded with
their atomic numbers 6 and 8, respectively, as per the periodic table. Bond
types are denoted by integers in the bond matrix: 1 for single bonds and 2 for
double bonds. The SMILES notation provides a text-based shorthand for the
molecular structure.

types between atoms, considering this information to be less pivotal during the
initial phases of exploring new catalytic reactions.

On the other hand, the energy aspect of the catalytic reaction is represented
by a single-element array. This element is coded with a value between 0 and 3,
each representing a distinct energy range for the catalytic reaction, quantified
in electronvolts (eV).

In summary, our novel representation framework consists of three distinct
arrays:

e The Binary Copper Alloy Surface Array: This array conveys in-
formation about the composition of the alloy. Given that the alloy under
consideration is binary, this array comprises elements for only two types of
atoms: Copper, represented by its atomic number 29, and another element
from the periodic table.

e The Adsorbent Array: This array provides a representation of the ad-
sorbent actively participating in the catalytic process. It includes elements
that correspond to the adsorbent molecule, with each element representing
the atomic number of a specific atom in the molecule.

e The Energy Array: This single-element array serves as a categorical
representation of the reaction’s energy dynamics, with four categories:
— Category 0: Energy level less than -2 eV.
— Category 1: Energy level between -2 eV and 0 eV.
— Category 2: Energy level ranging from 0 eV to 2 eV.
— Category 3: Energy level greater than 2 eV.
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Each of these categorical representations corresponds to a specific range of
energy levels, measured in electronvolts (eV). This approach provides de-
tailed insights into the energy dynamics involved in the reactions, thereby
facilitating a detailed analysis of the catalytic processes within the model.
These categorical representations are crucial in characterizing various as-
pects of the catalyst reaction and contribute to a deeper understanding of
the overall catalytic process.

5.3 Components of the Architecture

In this section, we will provide an overview of the various components that
constitute our architecture. These components include the discriminator, gen-
erator, cost function used in both generator and discriminator, and the database
used for training the network, are illustrated in the overview Figure [5.3
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Figure 5.3: GAN Framework for Copper-Based Binary Alloy Catalysis: In-
corporating a Parameterized Quantum Circuit in the Generator Network and
Utilizing a Quantum Noise Generator.

5.3.1 Generator

The generator is a crucial component of our implementation, designed to create
three distinct outputs that are vital in the simulation of Cu-based binary alloy
catalysis reactions. These outputs are the Binary Copper Alloy Surface
array, the Adsorbent array, and the Energy array, described previously.

Each of these outputs is generated through a separate, yet structurally sim-
ilar network embedded within the generator component. These networks are
characterized by the following layer structure:
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1. Linear Layer: Responsible for linear transformations of the input data,
this layer acts as the entry point of the network, channeling the input
data (either random data for the classical mode or quantum data for
the quantum mode) through a series of transformations to facilitate the
recognition of complex patterns at subsequent layers.

2. Batch Normalization Layer: Following the linear layer, this layer nor-
malizes the batch of inputs, ensuring a consistent and stable distribution
of data, a fundamental prerequisite for the smooth and efficient training
process.

3. LeakyReLU Activation Function: Post-normalization, the inputs pass
through the LeakyReLU activation function, a function that allows a
small, positive gradient when the input is negative, promoting a more
efficient training process by accommodating a broader spectrum of input
values.

4. Quantum Layer: Situated centrally within the network, this layer sig-
nifies the heart of our quantum integration. Unlike conventional architec-
tures where the quantum layer often resides at the beginning, integrating
it in the middle allows for a seamless blend of classical and quantum com-
putations, enhancing the network’s ability to generate more nuanced and
complex patterns. This layer is parameterized by the LeakyReLU’s output
and the number of patches, and is configured based on the quantum setup
defined for the implementation. In the following sections of this chapter,
we will delve deeper into the details of this layer.

5. Another Linear Layer and Sigmoid Activation Function: As the
data exits the quantum layer, it passes through another linear layer, which
is tailored to generate values specific to each output array (surface, adsor-
bent, or energy). Following this, a sigmoid activation function is applied
to constrain the output values within a range of 0 to 1, finalizing the data
for output.

This structural configuration of the network within the generator, especially
the central integration of the quantum layer, stands as a novel approach in the
domain of hybrid quantum-classical computations, promising more complex and
nuanced data generation capabilities.

5.3.2 Discriminator

The discriminator is another vital component of our implementation, function-
ing as a binary classifier that discerns the real data points from the fake ones
generated by the generator. Its role is pivotal in the training process, as it
guides the generator to produce more realistic data over time. The structure of
the discriminator’s neural network is as follows:

1. Linear Layer: Serving as the initial layer, it receives input data, which
includes the three arrays generated by the generator: surface, absorbent,
and energy. This layer performs linear transformations on the input data,
preparing it for subsequent processing.
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2. LeakyReLU Activation Function: After the linear layer, the data is
passed through a LeakyReLU activation function. This function, charac-
terized by a negative slope, allows a small gradient even when the input
is negative, promoting more nuanced learning during the training phase.

3. Dropout Layer: To prevent overfitting and promote a more generalized
model, a dropout layer is incorporated. It randomly sets a fraction of the
input units to 0 during training, which helps prevent overfitting.

4. Another Set of Linear, LeakyReLU Activation Function, and
Dropout Layer: Following the dropout layer, the network consists of
another set of Linear, LeakyReLU activation function, and dropout lay-
ers, enhancing the network’s ability to learn from the data by adding
complexity to the model.

5. Output Layer with Sigmoid Activation Function: The final layer is
an output layer with a single neuron, coupled with a sigmoid activation
function. This setup ensures that the output of the discriminator is a
probability score between 0 and 1, indicating the likelihood of the input
data being real.

This structure signifies a classical architecture, skilled at analyzing the data
generated by the generator and guiding the training process through its binary
classification. Its synergistic interaction with the generator lies at the heart of
the model, fostering an environment where the generator continually evolves to
produce more realistic data, guided by the feedback from the discriminator.

5.3.3 Quantum Components

The integration of quantum components into the architecture introduces a new
dimension of complexity and potential to the GAN model. These components,
leveraged through the PennyLane library, facilitate the exploration of quan-
tum phenomena to enhance the machine learning process. Here, we detail the
two significant quantum components incorporated in the implementation: the
Quantum Noise Generator and the Parameterized Quantum Circuit.

5.3.3.1 Quantum Noise Generator

The Quantum Noise Generator serves as a potent tool in the generation pro-
cess, specifically in the quantum mode. This generator employs a quantum
node, wherein a single qubit undergoes a rotation through an R, gate, followed
by a measurement in the Pauli-Z basis. The output of this process is a noise pro-
file, characterized by a uniform distribution ranging from —=n to w. This noise
profile acts as the input to the generator component, fostering a rich diversity
in the generated data, which is vital for the training process. An example of a
4-qubit circuit illustrating these concepts is shown in Figure

The method within the Quantum Noise Generator can be outlined as follows:
1. R, Rotation: The R, gate performs a rotation around the X-axis of the

Bloch sphere. The transformation it effects on a qubit state |¢) is given by the
unitary operator:
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n=(=mm) — R(n) A
n = (=m,m) — Re(n1) A
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Figure 5.4: Quantum Noise Generator: A 4-qubit quantum circuit with a uni-
form distribution input ranging from 7 and —.

cos (g) —isin (g)

—18in (g) cos (g)
Here, 6 is the rotation angle, which is chosen from a uniform distribution

input ranging from —7 to 7. This introduces a quantum noise element into the
system.

Ry (0) =

2. Pauli-Z Measurement: After the rotation, a measurement is taken in
the Pauli-Z basis. The Pauli-Z operator is represented as:

Oy =

0 -1

The expectation value of this measurement, given a state [¢), can be calcu-
lated as (1|o.|v), providing a scalar output that constitutes the quantum noise
profile.

The Quantum Noise Generator, by introducing an element of randomness
and leveraging quantum characteristics within the input data, aligns with the
fundamental probabilistic nature of quantum mechanics. This synergy sets the
stage for the generator to produce more nuanced and diverse outputs.

5.3.3.2 Parameterized Quantum Circuit

The [Parametrized Quantum Circuit (PQC)| depicted in Figure[5.F] is integrated
within the middle of the neural networks of the generator, a strategic placement
that is slightly unconventional in hybrid quantum-classical models. This place-
ment allows for a richer interplay between classical and quantum computations,
potentially harnessing the best of both realms.

The structure of the [PQC]is as follows:

1. Initialization Layer: The initialization layer is encoded into the quan-
tum state through sequences of R, and R, gates providing rotations along the
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Figure 5.5: Parameterized Quantum Circuit: The circuit comprises an initial-
ization layer with Ry and Rz gates, followed by a 4-qubit ansatz circuit with
parameterized gates (Ry and Rz). The parameters (6y) of the gates can be
learned through back-propagation. The measurement calculates the expected
value of each qubit.

y-axis and z-axis respectively. The choice of using R, and R, gates in the ini-
tialization layer allows for flexibility in preparing quantum states. By adjusting
the rotation angles (parameters) of these gates, a high degree of expressiveness
can be achieved. The unitary operators for these rotations are given by:

cos |5 —sin (5 —t
Ry(¢) - sin (2) cos ((;) 9 Rz(¢) 0 ei¢/2

Here, ¢ represents the data inputs, which are utilized as parameters in these
rotations, facilitating the encoding of classical data into quantum states.

2. Parameterized Layer: The parameterized layer evolves through a series
of quantum gates parameterized by weights.

Our architectural choice for the parameterized quantum layer, incorporating
R,, R;, and CNOT gates, is designed to serve specific functions within our
quantum algorithms. The initial R, gates play a pivotal role in generating
superpositions of quantum states, each with varying amplitudes. In contrast,
the Controlled-NOT (CNOT) gates serve as entangling elements, establishing
entanglement connections across all qubits within the circuit. Additionally, the
R, gates are responsible for precisely adjusting the phase of individual qubits,
a crucial factor that can significantly impact interference patterns.

To aid in reminding, the following matrix illustrates the representation of
the CNOT gate:

CNOT =

- o O O
o = O O

0
1
0
0

o o o =

The parameterized layers, which can be repeated N times, allow for the
learning of the parameters 6 through back-propagation

3. Expectation Values: The final stage involves measuring the expecta-
tion values of the Pauli-Z observables, given by (|0 |¢) for each qubit, which
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constitute the output of the PQC| These outputs, then integrated into the clas-
sical neural network, carry quantum correlations and properties, enhancing the
learning capabilities of the model.

Because the architecture also incorporates the patching method, it can utilize
multiple m (1, 2, or 4 in our implementation). Each sub-generator is tasked
with constructing a partial section of the input. The final output is obtained
by concatenating the outputs from all the patches. This adaptability to operate
with 1, 2, or 4 circuits adds flexibility to the model, enabling the extension of
the circuit when dealing with a limited number of qubits, effectively increasing
its versatility.

This integration of quantum components within the classical architecture
of the GAN not only enhances its computational capabilities but also opens
up new avenues for exploring quantum phenomena in the domain of machine
learning and catalysis generation.

5.3.4 Loss Function

In the training process of Quantum the loss function plays a pivotal role
in optimizing the performance of both the generator and the discriminator.

The optimization strategy in the training process of [GANSs| resembles a two-
player minimax game. Here, the generator aspires to minimize its loss function
L, aiming to fool the discriminator, while the discriminator strives to minimize
Lp, focusing on correctly classifying real and fake data. This optimization
problem can be mathematically portrayed as:

minmax V(D, G) = Eyepuo)l08 D(r)] + a5 [lo8(1 — D(G(2)]

In this expression, E denotes the expectation, pqata(z) symbolizes the real
data distribution, and p,(z) depicts the noise distribution, encapsulating the
core optimization strategy in the Quantum training process. Here, we
delve into the intricacies of the loss functions utilized for both components, and
the optimization strategy employed.

5.3.4.1 Generator Loss Function

The generator loss function is an essential component in training the GAN,
tasked with measuring how well the generator can deceive the discriminator.
The process is detailed in the Python implementation of the code [37]. The loss
function operates through the following steps:

1. Fake Data Generation: The generator G creates fake data instances,
which are represented as G(z), where z is a noise vector. This noise can
either be classical random data or quantum data, depending on the mode
of operation. This step is depicted in the Python code as:

# Step 1: Generate fake data using the generator
fake_catalyst_data = G(z)
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Figure 5.6: Example of Generator Loss during GAN Training. Training over
5000 Epochs. The graph demonstrates that the generator loss rapidly stabilizes
to a value of 0.38 within the initial 200 epochs. This quick stabilization suggests
that the generator is effectively learning to generate data that closely mimics
the real data distribution, as indicated by the low and stable loss value.

2. Post-processing: Following the generation of data, it undergoes post-
processing methods such as Gumbel softmax to refine the data instances
for discriminator evaluation. This is illustrated in the code as:

# Step 2: Post-process the generated data
processed_fake_data = postprocess(fake_catalyst_data,
< method='Gumbel softmax')

3. Discriminator Evaluation: The discriminator D evaluates the fake data
instances, providing scores D(G(z)) which quantify the perceived realism
of the fake data. This stage is implemented in the Python code as:

# Step 3: Evaluate the fake data using the discriminator
discriminator_scores = discriminator(processed_fake_data)

4. Loss Calculation: The loss is calculated as the Binary Cross Entropy
loss between the discriminator’s scores for the fake data and an array
of ones. The value of one typically represents the discriminator’s high
confidence that the input is real data. Mathematically, it is given by:

1 N
Lo = =5 3 log(D(G(=1))

Here, N is the batch size, and z; represents the noise vector for the i-th
data instance. This step is illustrated in the Python code as:

# Step 4: Calculate the loss

target_labels = torch.ones_like(discriminator_scores)
generator_loss = loss_function(discriminator_scores,
— target_labels)
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The generator endeavors to minimize this loss, enhancing its ability to de-
ceive the discriminator.

Figure [5.6| is an example showing how the generator loss values stabilize
rapidly within the first few hundred iterations over a training course of 5000
epochs. This rapid stabilization indicates the effectiveness of the generator’s
learning process in producing data that closely mimics the real data distribution.

5.3.4.2 Discriminator Loss Function

500 1k 1.5k 2k 2.5k 3k 3.5k 4k 4.5k Sk

Figure 5.7: Example of Discriminator Loss during GAN Training. The graph
illustrates the convergence of the discriminator loss to a value of 1 within the
first few hundred epochs, maintaining stability throughout the 5000-epoch run.
This rapid stabilization may indicate effective discrimination between real and
generated samples

The discriminator loss function aims to optimize the discriminator’s ability
to correctly classify real and fake data. The process is delineated through its
Python code implementation [37], involving the following steps:

1. Real Data Evaluation: The discriminator evaluates real data instances,
generating scores D(x), where x denotes real data instances. This is high-
lighted in the Python code snippet as:

# Step 1: Get the real data
real_catalyst_data = get_real_data()

2. Fake Data Generation and Evaluation: Similarly to the generator loss
function, fake data instances are generated and evaluated by the discrim-
inator, yielding scores D(G(z)). This is represented in the code snippet
as:

# Step 2: Generate and evaluate fake data
fake_catalyst_data = G(z)

3. Loss Calculation: The loss for the discriminator is determined as the
sum of the Binary Cross Entropy losses for both the real and fake data.
Mathematically, it is represented as:
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1
N

?

Lp=- (log(D(x4)) 4 log(1 — D(G(z:))))

N
=1

Here, N is the batch size, x; denotes the i-th real data instance, and z;
signifies the noise vector for the i-th fake data instance. This process is
implemented in the Python code as:

# Step 3: Calculate the loss

labels_for_real_data = torch.ones(batch_size, 1)
labels_for_fake_data = torch.zeros(batch_size, 1)
loss_for_real_data =

— loss_function(discriminator(real_catalyst_data),
< labels_for_real_data)

loss_for_fake_data =

— loss_function(discriminator(fake_catalyst_data),
<, labels_for_fake_data)

# Step 4: Combine and backpropagate the losses
discriminator_total_loss = loss_for_real_data +
— loss_for_fake_data

These losses are pivotal in adjusting the weights of the generative and dis-
criminative models.

Figure serves as an example illustrating how the discriminator loss be-
haves after training our implementation for 5000 epochs. The loss rapidly con-
verges to a value of 1 within the first few hundred epochs, indicating effective
discrimination between real and generated samples.

5.3.4.3 Selection of an Appropriate Loss Function

The exploration to identify the most appropriate cost function for our project
involved an in-depth assessment of various functions, with a focus on both their
performance and computational requirements. One of the initially considered
options was the [Wasserstein GAN with Gradient Penalty (WGAN-GP)| [16], a
variant of the standard GAN framework.

The Wasserstein GAN, often referred to as WGAN, is a type of Generative
Adversarial Network that introduces the Wasserstein distance (also known as
the Earth Mover’s Distance) as a new metric to measure the difference between
the distribution of real data and generated data. It offers certain advantages
over the traditional GAN, such as improved stability in training and a more
meaningful loss metric. [NGAN-GP] further enhances the stability of WGAN
by adding a gradient penalty term to the loss function, which helps prevent
mode collapse and encourages the generator to produce diverse and high-quality
samples.

However, despite its potential benefits, our experimentation with [[WGAN-]
[GP] revealed that it significantly prolonged the training process. This led us
to explore alternative cost functions that could provide a more time-efficient
training process without compromising the reliability of performance.
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5.3.5 Training Database

In the endeavor to implement the Quantum GAN for generating Cu-based bi-
nary alloy catalysts, the primary requirement was to find an extensive and re-
liable dataset that encapsulates the necessary characteristics of these catalysts.
Our implementation leverages the rich data repository provided by the Open
Catalyst Project (OCP) database [I], a massive storage encompassing over
100GB of data, which has been instrumental in fueling various research projects
in the catalysis community. This section sheds light on the data extraction and
preprocessing methodologies, emphasizing the significance of the chosen dataset
in the context of our project [37].

5.3.5.1 Open Catalyst Project Database

The Open Catalyst Project database is a comprehensive repository that harbors
a wealth of information pertaining to various catalysts and their properties. The
database is particularly noted for its substantial storage size, exceeding 100GB,
which facilitates the inclusion of a diverse range of data. This vast repository
has been crucial in sourcing the training data for our implementation, chiefly
because it houses the energy structures required to access the Density Functional
Theory (DFT) data.

For our project, we have particularly focused on the [[nitial Structure to|
[Relaxed Energy (IS2RE)| dataset available within the database [I]. This
dataset is pivotal as it encompasses the input initial structures alongside the
output relaxed structures and energies, stored meticulously as an LMDB file.
The primary constituents of this dataset include:

e y_init: Denotes the initial energy structure of the system, providing a
baseline representation of the catalysts before any reactions or processes.

e y relaxed: Represents the energy of the system once it has reached a
relaxed state, offering insights into the potential energy changes during
reactions.

e pos_relaxed: Furnishes the Cartesian coordinates (x, y, z) that depict
the relaxed positions of all atoms within the system, facilitating a detailed
analysis of the structural transformations.

5.3.5.2 Data Extraction and Preprocessing

Our data extraction process was precisely tailored to focus on binary Cu alloy
catalysts with adsorbates. This curated dataset was extracted from the OCP
collection and contains information regarding the adsorption energies of critical
small-molecule adsorbates on various Cu-binary alloy surfaces. The increased
interest within the catalysis community in Cu alloys, particularly after the dis-
covery of Cu-based catalysts performing exceptionally well in carbon dioxide
reduction, motivated this specific focus.

To streamline the preprocessing of data obtained from the OCP collection,
we developed a Python script, which is available in our implementation [37].
This script simplifies the extraction and organization of relevant data, ensuring
an efficient training process. As a result, we successfully collected data related
to 5400 binary Cu alloy catalysts, including their respective energy values. This
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extracted dataset formed the cornerstone of our model training, enhancing the
robustness and knowledge-driven aspects of our learning process.

Through this meticulous data extraction and preprocessing phase, we have
established a strong foundation for the effective implementation and optimiza-
tion of our Quantum GAN.

5.4 Generative Model Evaluation Methodology

In the evolving field of{GANS| [Frechet Inception Distance (FID)|has traditionally
been the benchmark metric for gauging the quality of generated outputs. Our
investigations, however, reveal that [FID] excels in the domain of image data but
is less effective when applied to molecular structures. To address this gap, we
have turned to the Euclidean distance metric, also known as the L2 norm, as
an alternative measure for evaluating the quality of the molecules we generate.
This metric undergoes careful normalization to temper the impact of outliers,
making it particularly apt for assessing complex chemical data structures.

It is crucial to distinguish between the roles of the loss function and per-
formance evaluation metrics in our model. The loss function serves as a key
component, zeroing in on the discrepancies between synthetic and real data.
It acts as a rigorous evaluator, guiding the model towards more faithful data
generation. In contrast, the Euclidean distance specializes in quantifying the
similarities between the generated and original datasets, with particular empha-
sis on attributes like absorbent, surface, and energy arrays.

In summary, the loss function governs the general trajectory of data gen-
eration, while the Euclidean distance provides a nuanced lens for evaluation,
especially pertinent for molecular structures. This multi-metric approach lays
down a comprehensive framework for assessing our model’s performance. It
signifies a departure from the widespread reliance on [FID]in existing a
metric that is better tailored for image-based applications.

5.5 GAN Hyperparameter Tuning

In hyperparameters are configurable settings that are not derived from
training data. Hyperparameters, which must be set prior to training, include
parameters such as the learning rate, dropout rate, and various architectural
elements. These hyperparameters play a critical role in influencing both the
training process and the final model performance. Incorrectly configured hy-
perparameters may result in suboptimal performance, overfitting, or extended
training durations. Therefore, hyperparameter tuning is a necessary step in
optimizing GANs for high performance.

For this optimization task, we utilized Optuna, a framework specifically
designed for efficient hyperparameter optimization. Optuna [39] automates the
selection of optimal hyperparameter combinations, aiming to improve model
accuracy and computational efficiency.

These hyperparameters were systematically adjusted and evaluated to op-
timize the GAN model’s performance, which was then assessed using the Eu-
clidean distance metric methodology.
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The optimization is an iterative procedure, testing different hyperparameter
combinations for effectiveness. This iterative approach serves to fine-tune the
model’s capabilities and helps prevent overfitting, contributing to a more stable
and effective model performance.

Additionally, the GAN’s hyperparameters in the model were initially fine-
tuned within the classic architecture and subsequently applied without modifi-
cation to the other architectures. Tailoring the GAN’s hyperparameters to each
specific architecture could potentially enhance the performance of each one. By
individually adjusting these hyperparameters for each architecture, optimized
outcomes can be achieved, elevating the overall performance across the diverse
architectures.



Chapter 6

Performance Evaluation of the
Quantum GAN Implementa-
tion

In the previous chapter, we outlined the details of our Quantum GAN imple-
mentation, which can be found in [37]. This chapter will focus solely on the
evaluation of that implementation. We have evaluated the three architectures
developed within the implementation: classic, quantum, and quantum patch.
These architectures are explained in greater detail in Section The rest of
the chapter will delve into these architectures and offer insights into our evalu-
ation criteria. We begin this chapter by detailing our experimental setup.

6.1 Experimental Setup

Our evaluation experiments were executed on Google Colab [40], a cloud-based
service developed by Google that provides an interactive environment for ma-
chine learning and data science projects. This platform offers the advantage
of running Python code within a Jupyter notebook interface, facilitating both
code execution and result visualization.

The virtual machine allocated for our experiments was a high-performance
computing resource, furnished with an NVIDIA A100 GPU that boasts 40GB of
VRAM (Video Random-Access Memory). In addition to the robust GPU, the
system was equipped with an Intel Xeon CPU and 83.5 GB of system RAM,
providing ample computational capability for our tasks. Storage was not a
constraint either, as the virtual machine came with a 166 GB hard drive to
store intermediate and final datasets, models, and other relevant files.

Due to the extensive waiting times associated with the IBM Quantum plat-
form [41], we decided not to use real IBM quantum machines during the training
stage of our experiments. Instead, we opted for a more efficient approach by
utilizing the backend simulator provided by IBM, specifically the ibmg_qgasm_-
simulator. This choice allowed us to expedite the experimentation process and
efficiently test our quantum algorithms, mitigating the delays typically encoun-
tered when accessing physical quantum hardware.

For the optimization of both the generator and discriminator networks in our
GAN, we employed the Adam optimizer. Adam, short for ” Adaptive Moment
Estimation”, is an optimization algorithm that computes adaptive learning rates
for each parameter. It combines the advantages of two other extensions of
stochastic gradient descent: AdaGrad and RMSProp. This makes it particularly
effective for problems with large data or many parameters, such as our GAN
model.

The learning rate for the generator network was set at 0.00014, while for

47
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the discriminator network, it was 5.62. The learning rate was programmed
to undergo a uniform decay after 19 epochs, helping to stabilize training as it
progressed. In our training regime, the discriminator was updated five times
for every single update of the generator, maintaining a 5:1 update ratio. This
strategy ensures that the discriminator is well-trained to distinguish real from
generated samples, thereby aiding the generator in producing more realistic
data.

With respect to the database, our training set comprised 5400 catalyst reac-
tions extracted from a larger dataset known as the OCP dataset [9]. The data
was selectively filtered to include only Cu-based binary catalyst alloys, aligning
with the specific training requirements of our GAN model.

6.2 Evaluation Results

Our evaluation is centered on the training phase, which is the most computa-
tionally demanding aspect of the entire process. To evaluate the performance
of our implementation, we use the FEuclidean distance metric. This metric is
calculated every 10 epochs to assess the similarity between the actual and the
generated catalyst distributions. The primary goal of our evaluation is to ex-
amine the ability of our implementation to generate high-quality new catalyst
reactions.

6.2.1 Classic Architecture

The Classic architecture serves as the foundational layer of our Quantum GAN
model and operates exclusively within the realm of classical computing. To
evaluate its performance, we varied the batch size (testing sizes of 8, 16, and
32) while maintaining a constant total of 5000 training epochs. We assessed the
quality of the newly generated catalysts by calculating the Euclidean distance
every 10 epochs. These results are displayed in Figure [6.1

Our findings indicate that a batch size of 8 samples yields the lowest Eu-
clidean distance. This is consistent with our expectation that smaller batch
sizes would generate catalysts more similar to the original data. Conversely, a
batch size of 32 resulted in the most divergent generated catalyst reactions.

It is also worth noting the stability of the generated samples throughout the
whole training process. The Euclidean distances did not vary significantly be-
tween 1000 and 5000 epochs, suggesting that the GAN model quickly stabilizes
after a few epochs.

6.2.2 Quantum Architecture

Our Quantum architecture integrates both a quantum noise generator and a
parameterized quantum circuit within the Generator component. Due to the
computational intensity of simulating quantum circuits, we limited the training
epochs to 1000 when running our experiments on Google Colab. Our evaluations
included parameterized quantum circuits with configurations of 8 and 16 qubits,
as well as a dual-layer 8-qubit circuit (denoted as L=2 in Figure . We
continued to use the Euclidean distance metric, calculated at intervals of every
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10 epochs, to assess the quality of the generated catalysts. For all evaluations,
the batch size was kept constant at 16.

The results, illustrated in Figure[6.2] reveal several noteworthy observations.
First, the Euclidean distance values were, on average, lower than those generated
by the Classic architecture. This suggests a closer resemblance between the
generated and real catalysts. However, this architecture also produced more
outlier values, resulting in peaks in the Euclidean distance data. We hypothesize
that the inherent randomness of quantum computing may contribute to these
outlier points.

Additionally, the choice between 8 and 16 qubits did not yield significant
differences in terms of the Euclidean distance. However, the computational time
for the 16-qubit configuration was noticeably longer, taking considerably more
time to complete the 1000-epoch training compared to the 8-qubit configuration.

6.2.3 Quantum Patch Architecture

The Patch architecture adopts a segmented approach, utilizing multiple smaller
quantum generators referred to as sub-generators. Designed to accommodate
1, 2, or 4 patches, our implementation was rigorously evaluated across all these
configurations. Each configuration consisted of 8 qubits and maintained a con-
sistent batch size of 16 for all experiments. The impact of these configurations
on the generative capabilities for new catalyst reactions was thoroughly assessed.

The evaluation results, presented in Figure [6.3] show a notable similarity
to those obtained for the quantum architecture. This is encouraging news,
as it suggests that the patch method is a viable option for quantum devices
with limited computational resources. In this setup, each device could house a
quantum generator responsible for processing a small subset of the code. The
outputs from these various sub-generators can then be concatenated to form a
unified result.

Furthermore, the simulation time for patched quantum circuits is signifi-
cantly reduced due to the smaller qubit count and early convergence. This
reduction in simulation time is particularly advantageous because it addresses
GAN training issues such as instability and vanishing gradients. Shortening the
neural network depth by using the patch method not only improves the effi-
ciency of the quantum generator but also contributes to the overall stability of
the training process. This combination of reduced computational requirements
and enhanced stability further underscores the potential of the patch method
as an effective strategy for quantum code generation on resource-constrained
quantum devices.

6.2.4 Key Takeaways

In this chapter, we concentrated on a thorough evaluation of the three pivotal
architectures within our Quantum GAN implementation: classic, quantum, and
patch. Each was evaluated according to specific configurations, and key met-
rics, specifically the Euclidean distance, were calculated at regular intervals to
ascertain their capabilities in generating new catalyst reactions.

The classic architecture, operating purely within the classical computing do-
main, demonstrated more stability throughout the training epochs compared to
the quantum and patch architectures. The introduction of quantum components
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into the quantum architecture led to generally lower Euclidean distance metrics,
suggesting a closer similarity to actual catalysts. However, this came at the ex-
pense of introducing more outlier values, likely due to the inherent randomness
of quantum computing. Interestingly, we found that increasing the number of
qubits from 8 to 16 did not yield significant performance improvements but did
require additional computational resources.

The patch architecture was primarily designed with a focus on scalability
and demonstrated performance metrics comparable with those of the quantum
architecture. This indicates its suitability for deployment on quantum devices
with limited resources, such as a restricted number of qubits. This architecture
could also enable parallel processing across multiple devices, providing a flexi-
ble and resource-efficient approach to the computational limitations of current
quantum hardware.

It is worth noting that the GAN model converged quite rapidly during the
training phase. Future work might explore strategies to slow down this conver-
gence to assess its impact on the diversity and quality of the generated sam-
ples. Tuning GANSs effectively remains a complex challenge, often requiring a
balanced approach to prevent the discriminator from becoming too effective,
thereby rendering it unable to offer useful gradients for the generator’s training.

Furthermore, it is also important to note that the hyperparameters of the
GAN were tuned in the classic architecture and used in the rest of the architec-
tures as is. Tuning the hyperparameters of the GAN for each architecture might
improve the performance of each architecture. Adjusting these hyperparameters
individually for each architecture could lead to optimized results and enhance
the overall performance of the different architectures.

In conclusion, our findings suggest that each architecture has its unique
advantages and challenges. While the classic architecture offers stability and
reliability, the quantum and patch architectures introduce new dimensions of
flexibility and efficiency, albeit at the cost of computational resources.
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Chapter 7

Final Conclusions

In the realm of chemical catalysis, the development of new methods is instru-
mental not only for advancing our understanding and optimization of various
chemical catalysis processes but also for overcoming the fundamental challenges
in computational chemistry, such as the complex process of modeling the energy
and forces in atomic systems.

This study seeks to explore the capabilities of Generative Adversarial Net-
works (GANs) as a tool for innovating in the field of chemical catalysis. A
special focus has been placed on the formulation and optimization of Copper
(Cu) binary catalysts. The research community has recently rekindled its inter-
est in Cu alloy catalysts, largely due to seminal works that demonstrated their
efficacy in reducing carbon dioxide levels. These pioneering discoveries were the
product of a harmonious blend of machine learning algorithms and hands-on
experimental research. Against this backdrop, our research aspires to push the
envelope by leveraging quantum computing and artificial intelligence technolo-
gies. Specifically, we developed a GAN model enriched with quantum layers to
pave the way for the next generation of catalysts.

7.1 Research Challenges and Limitations

While our research has significantly advanced our understanding of chemical
catalysis by integrating quantum technology and it is crucial to can-
didly address the challenges and limitations we encountered. These factors not
only contextualize our findings but also serve as indicators for future research
endeavors. In the subsequent paragraphs, we delve into the primary obstacles
we faced, specifically focusing on dataset limitations, approximation methods,
and the constraints inherent to our theoretical framework.

One of our primary obstacles was related to the dataset limitation. Owur
model was trained on a relatively modest dataset comprising approximately
5,400 catalyst reactions. This dataset size imposes constraints on the model’s
ability to generalize effectively, thereby limiting its potential to discover new
and diverse catalysis reactions.

Another key challenge lies in the approximation of the global minimum en-
ergy for adsorption. Our methodology incorporated multiple initial configu-
rations of the adsorbate on the catalyst surface, followed by local relaxation
processes. Although this approach serves as a useful approximation for identi-
fying a global minimum, it remains sensitive to several variables. These include
the initial sampling strategy and the size and composition of both the adsorbate
and the catalyst material, making the approach less than definitively accurate.

Our final limitation is primarily centered on the theoretical framework we
employed. Our computational models are rooted in Density Functional Theory
(DFT), which, while offering a reasonable balance between computational cost
and accuracy, has its own set of limitations. Specifically, our model does not
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consider real-world variables like temperature, solvents, and surface imperfec-
tions. Such omissions could lead to discrepancies when the model’s predictions
are compared with empirical results.

7.2 Future Research Directions

As we look toward the future, several avenues for research emerge that could
deepen our understanding of Quantum GAN models and perhaps provide so-
lutions to the challenges and limitations we have encountered. The integration
of quantum layers into generative [AT models is still an evolving field, and ques-
tions remain about the best ways to incorporate these quantum layers within
the architecture. For instance, the position of the quantum layer in the gener-
ator network of the GAN could significantly impact the model’s performance,
and early testing suggests that its location relative to other layers like Batch
Normalization or Linear layers could yield different outcomes. Additionally, the
advent of more powerful quantum computing platforms could offer the prospect
of fine-tuning the model’s hyperparameters more effectively, potentially leading
to a more reliable and accurate Quantum GAN model. Beyond the focus on
Cu-based catalysts, there is also an opportunity to extend the model to generate
other types of molecular structures and catalytic processes, further broadening
its range of applicability.

7.3 Personal Reflection

As we stand on the cusp of unprecedented technological advancement, quan-
tum technology is poised for exponential growth. As Richard Feynman aptly
stated, quantum mechanics adheres to the fundamental rules of nature, thus al-
lowing us to describe the world with unparalleled accuracy. We are at a pivotal
juncture in human history, where innovative technologies may be our last hope
to mitigate the impending environmental collapse due to rising carbon dioxide
levels. The need for immediate action is imperative, or else we face irreversible
consequences.

To echo the words of Albert Einstein, ”The most incomprehensible thing
about the universe is that it is comprehensible” [42]. This research journey
has been nothing short of magnificent, and it is my hope that the interplay of
quantum and [AT] technologies will help us better comprehend and, consequently,
preserve the universe we inhabit.
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Appendix A: Detailed Program Parameters

In this section, we provide detailed information about the program parameters
used in the Quantum GAN implementation for catalysis generation. The pa-
rameters listed below are essential for understanding the configuration of the
model and its training process.

Listing 1: Command Line Options for Quantum GAN

python main.py —h —quantum BOOL —patches {1,2,4}
—qubits INT —IBM BOOL —IBM _backend STR
—g_ReLU_negative_slope FLOAT FLOAT FLOAT
—d_ReLU_negative_slope FLOAT
—g_output_features_dim INT INT INT
—d_output_features_dim INT —dropout FLOAT
—post_method {softmax ,soft_gumbel ,hard_gumbel}
—batch_size INT —num_iters INT
—n_critic INT —num_iters_decay INT
—Ir_update_step INT —g_Ir FLOAT —d _Ir FLOAT
—betal FLOAT —beta2 FLOAT
—weight_decay FLOAT
—model_iters INT —model_save_step INT
—model_save_dir STR —store_logs BOOL
—log_dir STR —log_step INT
—data_dir STR
—result_dir STR —mode {train ,generation}

1. --quantum: This parameter determines whether to use the quantum GAN
with a hybrid generator. The default value is True, which signifies the use
of the hybrid quantum-classical generator.

2. —-patches: The --patches parameter specifies the number of quantum
circuit patches used in the model. It controls the complexity of the quan-
tum circuits employed during training. The default value is 1.

3. ——qubits: This parameter defines the number of qubits and the dimension
of domain labels.

4. —--IBM: When set to True, the —-IBM parameter enables the use of IBM
Quantum hardware devices for computation. It is set to False by default.
Please note that before using this option, IBM Quantum credentials should
be set up from https://quantum-computing.ibm.com/.

5. --IBM_backend: If --IBM is enabled, the —~—IBM_backend parameter speci-
fies the backend simulator to use in the IBM Quantum device. The default
choice is ibmg_qasm_simulator.

6. --g-output_features_dim: This parameter determines the number of
output features in a fully connected (linear) layer in the generator (G).
The format is [surface, absorvant, energy].
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10.

--d_output_features_dim: This parameter specifies the number of out-
put features in a fully connected (linear) layer in the discriminator (D).

--batch_size: This parameter sets the mini-batch size for training.

--num_iters: This parameter defines the total number of iterations (epochs)
for training both the discriminator and generator.

--n_critic: This parameter specifies the number of discriminator updates
per each generator update. It helps control the training dynamics.

Please note that this is not an exhaustive list of parameters, and additional
parameters are available for fine-tuning the model and training process. For
more comprehensive information and additional parameters, please refer to
the source code documentation or the program’s help message using python
main.py --h.

Appendix B: Explanation of the Training GAN
Implementation

The implementation outlines the training process for a Generative Adversarial
Network (GAN) specialized in generating [Cul binary catalysts structures. The
function comprises five primary segments:

1.

Preprocessing Input Data: The data for atomic absorbance, surface,
and energy are converted to PyTorch tensors and sent to the computing
device (GPU or CPU). These tensors are then one-hot encoded.

. Training the Discriminator: The discriminator is trained using both

real and generated data. Real data come from the dataset, and fake data
are generated by the generator based on random noise, which can be either
classical or quantum-based.

Training the Generator: After a certain number of iterations, the gen-
erator is trained to produce data that the discriminator will classify as
real.

Miscellaneous: This involves logging training information and saving
the model at specified intervals.

Computing the Euclidean Distance Score: This is a post-training
step where the Euclidean Distance between real and generated data is
computed for evaluating the quality of the generated molecular structures.

The pseudocode of the training implementation goes as follows:
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Algorithm 1 Training and Evaluating a GAN for Cu Binary Catalysts

1: Initialize loss function to Binary Cross-Entropy with Logits

2: for each training epoch do

3: Load and preprocess real data (absorbance, surface, energy)
4 Generate random noise (either classical or quantum)

5 Train the Discriminator:

6 Generate fake data using the Generator

7 Calculate loss for real and fake data

8 Update Discriminator parameters

9 if epoch mod N == 0 then

10: Train the Generator

11: Generate fake data using the Generator
12: Calculate loss by fooling the Discriminator
13: Update Generator parameters

14: end if

15: Log metrics and save model state

16: end for

17: After training, evaluate the quality of the generated binary catalysts
using the Euclidean Distance
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