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Diese Dissertation ist auf den Internetseiten der
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Abstract i

Abstract

The aim of this thesis is to explore Deep Learning and Quantum Computing ap-
proaches to reduce the challenging computing resource requirements of future High
Energy Physics detector simulations while maintaining the necessary accuracy. In
the forthcoming High Luminosity phase at the Large Hadron Collider at CERN, the
number of collisions is increasing drastically. The demand for detector simulations
to analyze the collision products is growing by the same scale. This causes an acute
shortage in computing resources in both hardware and efficient software. Therefore,
resource-optimizing simulation alternatives are needed, and novel technologies to be
explored.

In this thesis, Deep Learning Generative Adversarial Networks (GANs) are inves-
tigated as a first option to be deployed for a future representative high-granularity
calorimeter. Novel neural network architectures are developed and reduced precision
computing techniques applied to optimize the GAN models. The results are realistic
and accurate models that are about five orders of magnitude faster than the current
Monte Carlo simulation.

The second study of this thesis addresses the novel and rapidly evolving field of Quan-
tum Computing for a simplified calorimeter. The initial attempt employs a model
available in the IBM software suite that has been successfully adapted and modified.
It runs in a hybrid GAN mode employing a quantum generator and a conventional
discriminator. However, this model learned only average distributions and suffers
from fluctuations. Therefore, a new fully quantum model was designed to produce
individual images. The in this thesis developed Quantum Angle Generator achieves
extremely precise results. Due to its noise robustness and lightweight training, it is
successfully executed on current noisy quantum devices with a limited number of
qubits. The superior expressive power of quantum circuits compared to classical neu-
ral networks, combined with a potential exponential scaling, makes Quantum Com-
puting a promising future computing approach. This thesis has pioneered and con-
ducted studies which confirm that this potential has a realistic chance to materialize.



ii Zusammenfassung

Zusammenfassung

Das Ziel dieser Dissertation ist die Erforschung von Deep Learning und Quan-
tum Computing Ansätzen, um die Hardwareanforderungen von zukünftigen
Hochenergiephysik-Detektorsimulationen zu reduzieren. In der bevorstehenden
High Luminosity Phase des Large Hadron Colliders am CERN wird die Anzahl an
Partikelkollisionen drastisch ansteigen. Im gleichen Maße wächst die Nachfrage nach
Detektorsimulationen zur Analyse der entstehenden Kollisionsprodukte. Dies führt
sowohl zu einem akuten Mangel an Rechenressourcen in Hardware als auch zu einem
Mangel an effizienter Software. Daher müssen ressourcenschonende Simulationsalter-
nativen entwickelt und neue Technologien erforscht werden.

Der erste in dieser Arbeit untersuchte Ansatz sind Deep Learning Generative Adver-
sarial Networks (GANs). Diese werden für ein zukünftiges repräsentatives Kalorime-
ter mit hoher Granularität entwickelt. Zur Optimierung der GAN-Modelle wer-
den neuartige neuronale Netzwerksarchitekturen entwickelt und Zahlenformate mit
niedrigeren numerischen Präzessionen angewandt. Das Ergebnis, realistische Mod-
elle mit hoher Genauigkeit, welche mehr als fünf Größenordnungen schneller sind als
die aktuell verwendete Monte-Carlo-Simulation.

Der zweite Ansatz dieser Dissertation befasst sich mit dem neuartigen und sich schnell
entwickelnden Gebiet des Quantum Computings für ein vereinfachtes Kalorime-
ter. Der erste Versuch verwendet ein von IBM zur Verfügung gestelltes Modell,
welches erfolgreich angepasst und modifiziert wurde. Es handelt sich um ein hy-
brides Modell mit einem Quantengenerator und einem konventionellen Diskrimina-
tor. Dieses Modell erzeugt allerdings nur gemittelte Verteilungen und leidet unter
zufälligen Schwankungen. Daher wurde ein neues Vollquantenmodell entwickelt,
das Einzelbilder erzeugt. Das in dieser Arbeit entwickelte Modell des Quantum An-
gle Generators erlaubt das Erzielen von äußerst präzisen Ergebnissen. Aufgrund
seiner Robustheit gegen Fehler und seines leichten Trainings kann es erfolgreich auf
aktuellen fehleranfälligen Quantencomputern mit nur einer begrenzten Anzahl an
Qubits ausgeführt werden. Die überlegene Repräsentationsfähigkeit von Quanten-
schaltkreisen im Vergleich zu klassischen neuronalen Netzen, kombiniert mit einer
möglichen exponentiellen Skalierung, macht Quantum Computing zu einem vielver-
sprechenden zukünftigen Computing-Ansatz. Diese Arbeit hat wegweisende Studien
durchgeführt, die bestätigen, dass die Ansätze in dieser Dissertation eine realistische
Chance haben, sich zu verwirklichen.



One of the first reconstructed proton-proton collisions inside the Compact Muon
Solenoid (CMS) detector at the Large Hadron Collider (LHC) restart for Run 3 on the
5th of July 2022 at CERN. On that day, a new world record for stable particle collisions
at the highest energy of 13.6 TeV was set. The author of this thesis was contributing
to the CMS experiment as a Detector Control Shifter and a Data Quality Monitoring
Shifter, and was awarded the CMS Shifter of the Year 2022.
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Chapter 1

Introduction

High Energy Physics (HEP) also called particle physics, studies the building blocks of
matter, the elementary particles and their interactions via fundamental forces, which
are summarized in the Standard Model (SM) according to current knowledge [1]. De-
spite the success of the SM, it is incomplete and missing explanations for some physics
phenomena, for example dark matter [2]. Today, HEP research explores particle prop-
erties of the SM to a better and better precision, but also searches for physics beyond
the SM by employing complex experiments [3]. In these experiments, particles are
accelerated almost to the speed of light in enormous accelerators and then controlled
collided. The largest existing accelerator is the Large Hadron Collider (LHC) at CERN
[4]. The particles produced by the collisions can be detected by experiments such as
the Compact Muon Solenoid (CMS) [5] detector at the LHC [6].

The evaluation of detector measurements relies on computer-aided simulations to de-
termine, for example, efficiencies, acceptances and purites [7]. Detector simulations
calculate the effects of particles traversing through the detector and interacting with
the material or decaying [8]. These simulations allow theoretically modeling the de-
tector response as a function of the incident particles and are a key component of
particle physics research today. Currently, Monte Carlo based methods are employed
to simulate the stochastic behavior of particles [9]. However, they are very computing
resource demanding. To reduce the hardware requirements for future experiments,
fast simulation approaches are being developed to accelerate the simulation process
while maintaining a satisfying level of accuracy [7].

The LHC beams setup will be upgraded to reach a higher luminosity in 2029 [10]. A
higher luminosity will lead to much higher collision rates, which will allow to observe
extremely rare processes and to reduce the statistical uncertainties of rare collisions,
and thus compare the predictions of the SM with a greatly improved experimental
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precision. However, higher collision rates are accompanied by a greater need for sim-
ulated events. Recent estimations expect that the computational demand increases in
the order of a hundred times during the high luminosity phase [11]. With this, the
expected improvement in hardware as well as the financial means to purchase addi-
tional hardware cannot be sustained [11]. Therefore, an intense research is ongoing
in searching for alternative, faster simulation approaches to replace the conventional
Monte Carlo simulations currently in use.

Artificial intelligence represents one of the most popular new computing techniques
in many research areas due to the increasing amount of available data, better com-
puting resources, and an improving efficiency of the underlying software algorithms
[12]. The Deep Learning (DL) sub-field is changing the way complex data is pro-
cessed on a large-scale with computers. Through the use of deep neural networks,
it is possible to achieve accuracies similar to the level of humans in complex tasks
[13]. Currently, Generative Adversarial Networks (GANs) [14] represent a successful
approach to solve unsupervised generative tasks. A significant portion of this thesis
addresses the optimization of a DL GAN approach for calorimeter simulations to gen-
erate precise particle shower images. The GAN model is evaluated and compared to
the current Monte Carlo simulations by measuring the speed-up and providing a de-
tailed assessment of the physics accuracy. Multiple physics metrics will allow a deeper
physics understanding of both the training process and the generated shower images.

One state-of-the-art research topic explores the quantization of neural network param-
eters into lower precision formats [15]. Quantization can offer the benefits of shorter
computing times and lower hardware memory occupation, albeit at the cost of poten-
tially compromising the accuracy. In this thesis, complex generative models are quan-
tized to a lower precision, in contrast to simpler classification models in other previous
studies. The quantization is performed by employing the brand new accuracy-driven
Intel Neural Compressor framework [16]. The astonishing 3.0x speed-up of the Neu-
ral Compressor model on the latest Intel CPU compared to the initial not quantized
model is assessed. Further, a nearly similar level of accuracy is maintained due to
the accuracy driven quantization. For comparison, a model quantized using the not
accuracy driven TensorFlow Light framework [17] suffers from decreasing accuracy.

A new realm of improvements is opened up by the novel and rapidly evolving tech-
nology of quantum computing. Quantum algorithms possess potential advantage
over classical algorithms in terms of reducing the computational complexity, reach-
ing a higher accuracy, calculating faster and more energy-efficient, or even solve tasks
that cannot be solved classically at all [18]. Developments in quantum computing are
currently showing tremendous progress and popularity. The HEP community expects
quantum computing to have a significant impact on physics research [19]. This PhD
work is a part of the CERN Quantum Technology Initiative [20], which was estab-
lished to navigate and coordinate quantum technology research in HEP. In addition to
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the expected increase in speed, there is another potential advantage of quantum com-
puting specifically for HEP applications because the employed HEP simulation data
sets originate from quantum mechanical effects [21]. This might induce advantages
since quantum computing employs quantum mechanics processes, likewise.

Quantum Machine Learning (QML) represents a rapidly evolving field that follows
the track of classical Machine Learning (ML) on quantum devices. QML turns out
to be one of the most promising applications on Noisy Intermediate-Scale Quantum
(NISQ) devices [22]. The reason behind this lies in the fact that QML is anticipated,
and to a certain extent already demonstrated, to exhibit noise resistance within a spe-
cific range of noise levels, a characteristic highly relevant to present NISQ devices.
To meaningfully apply quantum algorithms today, primarily hybrid approaches are
tested where a part of the computations are performed on a quantum computer and
another part on a classical computer. In this research, initially hybrid quantum Gener-
ative Adversarial Networks (qGANs) are studied, which exhibit a potential exponen-
tial speed-up compared to classical GAN models [23]. The robustness of the hybrid
qGAN model is thoroughly assessed through an extensive noise study. First, a 1D and
then an extended 2D model is employed.

The current quantum generative models are associated with limitations. For example,
the previous introduced hybrid qGAN merely generates probability distributions and
cannot produce absolute energy values. Further, qGAN training is complex and com-
puting resource inefficient. Other quantum models often do not scale well in terms of
number of qubits or gates required to run on NISQ devices. To overcome these ob-
stacles, the development of an enhanced quantum generative model was undertaken.
The Quantum Angle Generator (QAG) employs angle encoding to correctly generate
shower images. Due to the training by objective functions, the training converges fast
and stable. The generated individual images are extremely precise, as proven by sev-
eral in-detail physics accuracy metrics. On top of that, the QAG model is suitable to
run on current NISQ devices due to its noise resistance and fast training. Therefore,
training and inference are successfully executed on real quantum devices. Multiple
quantum circuit architectures are tested and evaluated in a circuit study.

As a proof of concept, the QAG model is transformed into a full qGAN, where the
quantum generator is trained versus a quantum discriminator. This represents one of
the first successfully trained full quantum GAN models. The training by a discrim-
inator could be advantageous for larger problem sizes on future improved quantum
devices compared to training with objective functions. Furthermore, the full qGAN
model is used to perform a comparison of the representational power of quantum
circuits to classical neural networks.
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1.1 Thesis Objectives

The aim of this thesis is to alleviate future physics computing by developing and test-
ing alternative high-performance computing techniques and validate them with de-
ploying physics metrics. This thesis consists of two parts: classical computing to over-
come near-term limitation, and quantum computing for possible future improvements
in computing.

The key objectives of the classical computing part of this thesis are:

• Developing an alternative DL approach to the current Monte Carlo calorimeter
simulations as a proof of concept. Compare multiple state-of-the-art techniques
and find the best suited model for this PhD work.

• Improving the first model to reach the best possible accuracy, while maintaining
a considerably shorter simulation time.

• Develop and employ multiple validation metrics for a detailed physics accuracy
evaluation and measure the speed-up of the models on CPU and GPU.

• Optimize the model with state-of-the-art techniques for minimal hardware re-
source consumption, like memory occupancy, and run time.

The second topic of this thesis presents first approaches of employing quantum com-
puting for calorimeter simulations. The objectives are:

• Start with a proof of concept. Modify and adapt a first quantum model able to
generate averaged simplified calorimeter shower images.

• Improve this model regarding training time and accuracy and investigate its
limitations.

• Perform studies investigating the robustness of the algorithm against noise with
simulations as well as for real quantum computing hardware systems.

• Develop a novel full quantum model which overcomes the limitations of the
initial model. The novel model should deliver useful results on current NISQ
devices because it should demonstrate robustness against noise while maintain-
ing a high accuracy.

• Compare quantum versus classical approaches and explore potential advan-
tages and disadvantages.
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1.2 Structure of the Content

The content of this thesis is systematically divided into the following chapters:

• Chapter 1 (this chapter): Introduction. The topic of this thesis is introduced. The
research motivations and objectives are explained.

• Chapter 2: High Energy Physics Experiments. The current physics knowledge and
the techniques of searching for new physics are provided. Furthermore, the use
case of calorimeter detector simulations is introduced and the computing hard-
ware limitations of future detector simulations, which motivate the search and
development of alternative more computing resource efficient simulation ap-
proaches. Moreover, the employed training data set is presented and explained.

• Chapter 3: Deep Learning for Future High Energy Physics Simulations. A brief intro-
duction into modern DL and existing generative models. Furthermore, neural
networks and the utilized layers are introduced.

• Chapter 4: 3D Generative Adversarial Network Models. The GAN approach includ-
ing advanced GAN variations are introduced in detail and how the GAN model
is adopted for the calorimeter use case. Initial neural network architectures are
explained, as well as difficulties and solutions to overcome some frequently con-
fronted GAN training problems.

• Chapter 5: Transition from Convolutional 3D to faster 2D Networks. Completely
novel neural network architectures are developed, which solve 3D image tasks
with only 2D operations. The gain in computational speed-up, reduction of
memory occupancy and physics accuracy are evaluated and discussed.

• Chapter 6: Reduced Precision Strategies. The process of quantizing the number
format of the trained neural network parameters to a reduced precision is ex-
plained. The possible benefits of reduced precision computing are explained,
and the accomplished 3x speed-up of the quantized model is evaluated.

• Chapter 7: Quantum Computing. Introduction to quantum computing, the sec-
ond key topic of this thesis. Additionally, information on possible advantages
of quantum computing over classical computing and the limitations of current
NISQ devices are provided.

• Chapter 8: Hybrid Quantum - Classical Generative Adversarial Network Model. Pre-
sentation of a first hybrid quantum-classical 1D qGAN model for generating
calorimeter shower images as a proof of concept. The model is assessed for
quantum hardware noise, and the initial 1D eight pixels model is enlarged to a
2D model with 64 pixels.
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• Chapter 9: Quantum Angle Generator. The QAG, a novel quantum model, is de-
veloped and introduced. It overcomes the limitations of the previously opti-
mized 1D qGAN model. Furthermore, it achieves a very good physics accuracy
and is capable to run on current NISQ devices. Therefore, a quantum hard-
ware training is executed and evaluated, demonstrating robustness against noise
while maintaining good physics accuracy.

• Chapter 10: Full Quantum Generative Adversarial Networks. The QAG model is
converted into a full qGAN model as a proof of concept of full quantum adver-
sarial training. Furthermore, the representational power of quantum circuits is
compared to classical neural networks.

• Chapter 11: Summary, Future Work and Conclusion. The content and achievements
of this thesis is summarized. Ideas and improvements for future research are
presented, and a conclusion is drawn.
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Chapter 2

High Energy Physics Experiments

High Energy Physics (HEP), also called particle physics, studies the building blocks of
matter, the elementary particles and the forces of nature. The current theory of HEP
is summarized in the Standard Model (SM) of particle physics [1], which successfully
describes the structure of matter and the fundamental forces. It classifies the known
elementary particles and describes their properties. The theoretical model is tested
in various experiments and verified today to a high precision [24]. The SM contains
fermions, which are elementary point-like particles, and gauge bosons, which repre-
sent the fundamental interactions between fermions, but also between bosons them-
selves. Fermions and bosons differ in their spin, fermions remain half-integer spin (12 ,
3
2 , 5

2 , ...), and follow the Fermi-Dirac statistics, whereas bosons have integer spins (0,
1, 2, ...) and follow the Bose-Einstein statistics [25].

The group of fermions can be further divided into leptons and quarks. Leptons in-
teract with the electroweak force, which represents a unification between the electro-
magnetic and the weak force. The quarks interact additionally with the strong force
mediated by the gluons with eight different color charges. The quarks and leptons
are grouped into three generations. They are ordered from lower masses in the first
generation to higher masses in the third generation [26]. More massive particles re-
quire higher energies to produce them. The higher the necessary energy, the longer
it took to develop and build the accelerator technology to discover them. The parti-
cle generations are further motivated by a similar weak isospin T3 component within
one generation. The weak isospin represents a quantum number related to the weak
interaction [27]. The leptons in each generation contain a negative charged particle
(charge−1e) and a particle with zero charge called the neutrino. The particle charge is
consistently related to the elementary charge e. The charged leptons are named elec-
tron, muon and tau. Their respective neutrinos are electron-neutrino, muon-neutrino
and tau-neutrino. The quarks are divided into up-type quarks with charge +2

3e and
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Figure 2.1: The fundamental particles of the Standard Model.

down-type quarks with charge −1
3e. The up-type quarks are named up, charm and

top. The down-type quarks are down, strange and bottom. In figure 2.1 an overview
of the fermions of the SM is presented. Each fermion particle in the SM includes its
corresponding antiparticle. The antiparticle exhibits identical properties to its corre-
sponding particle, except it has the opposite charge. Therefore, all additive conserved
quantum numbers are changed in sign [27]. Because of the natural decay of more
massive particles to lighter ones, the most often occurring particles in our universe
represent first-generation particles. All first-generation particles are stable [27, 28].

The interactions between particles of the SM are described by forces based on quan-
tum field theory [29]. Four fundamental forces of the SM are known, as indicated
in figure 2.2. Each force is described by an underlying theory mediated by a boson.
The electroweak and the strong force are successfully described by the SM, however,
the SM lacks a description for gravity. Gravity is properly understood in large scale
physics, but because of its relatively weak strength compared to the other forces, it
is not yet measured on particle physics level and is usually neglected in the SM and
HEP analysis [30]. The electromagnetic interaction is mediated by photons as force
carriers, the weak interaction by two charged W± bosons and neutral Z bosons and
the strong force is mediated by eight gluons. The fundamental forces are described in
gauge invariant quantum field theory with the symmetry groups U(1) (hypercharge),
SU(2) (weak isospin) and SU(3) (color) [29]. After many years of research, the SM was
further supported by a missing puzzle piece with the discovery of the Higgs boson re-
sponsible for the masses of the particles [31]. The Higgs boson was already suggested
back in 1960, but merely found in 2012 with an accelerator with a sufficient energy
and luminosity. It was detected at the LHC at Conseil Européen pour la Recherche
Nucléaire (CERN) in Geneva [31]. The Higgs represents an electric neutral particle
with integer spin zero and counts, therefore, to the group of bosons.
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Figure 2.2: The fundamental forces of the Standard Model and the corresponding
mediating bosons.

Today, particle physics is driven by achieving precision measurements and trying to
discover new physics phenomena to answer fundamental questions left open by the
SM [2]. Not all particle physics parameters are predicted by the SM. Some funda-
mental parameters are observed by measurement, for example the Higgs boson mass.
To provide unambiguous predictions, HEP research is focusing on measuring the pa-
rameters of the SM to a better and better precision [3]. High precision measurements
require enormous amounts of recorded experimental data of particle collisions, which
are then analyzed with high performant statistical and artificial intelligence methods
[2].

Another goal of highest priority is to observe a breakdown of the SM to gain insights
into physics not yet included in the SM [32]. Complex particle accelerators reaching
the highest particle energies and intensities are built to test the SM and to search for
physics beyond the SM to explain the multiple open questions which are not resolved
by the SM. The major open physics questions are:

• Dark matter and dark energy: Dark matter represents a kind of matter which is
not visible to us but measurable and, therefore, one of the most puzzling myster-
ies of our time. In cosmology, the movement and the speed of galaxies can solely
be explained with the help of matter which we cannot see. Because of this, it is
entitled dark matter. The existence of dark matter is not yet proven, but it is
assumed, that only 1

6 -th of the universe matter is visible [33]. Thus, dark matter
searches represent a key area of interest.

• Matter-antimatter asymmetry: It is assumed that at the Big Bang the equivalent
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amount of matter and antimatter was created due to conservation laws. Over the
following evolution, parts of matter and antimatter annihilated back into energy.
But today, only matter can be discovered in the universe. This provides a strong
hint of a present matter-antimatter asymmetry in our universe. It is attempted to
be measured by CP (charge-parity) violation in fundamental particle processes,
for example in neutrino oscillations [34, 35].

• A unified theory: In particle physics, a model is searched which can combine
the electromagnetic, the weak and the strong forces into a single unified force.
There are at present several unification approaches suggested which need to be
tested and optimized, for example Supersymmetry [36]. However, until now,
there has been no evidence that a unified theory exists. On the other side, in
the past, it was already possible to confirm with experiments the combination
of the electromagnetic interaction and the weak interaction into the electroweak
interaction [27].

• Gravity: As already mentioned, the graviton represents the hypothetical force
mediator of the gravitational force. Although gravity is defined by general rel-
ativity and has a huge impact in our every-days life, it has not been possible
to measure it in particle physics as a fundamental force. Mathematical theory
expects the graviton to be a massless spin two boson [37].

In particle physics, nuclear physics and astrophysics, typically the ”natural units” are
employed as a system of units [38, 39]. To prevent large or small numbers, physics
constants are set to one (~ = c = ε0 = 1). The energy is typically expressed in the
unit electron volt (eV), which corresponds to the energy a particle gains by travelling
through a potential of one volt. The typical order of energies in HEP experiments is
109 eV = GeV (giga-electron volt). Due to conventions, the mass, momentum and en-
ergy of particles are expressed in GeV, and time and distance are expressed in 1/GeV
[40]. Furthermore, the electric charge of particles is represented by a multiple or a
fraction of the elementary charge e [38]. The natural units are equally employed in
this thesis.

The structure of the following content of this chapter is: Initially, the relevance of
particle physics accelerators is introduced. Subsequently, the detector principle and
especially calorimeter simulations are explained. Next, the importance of computing
in HEP is demonstrated. Particularly, the current operated simulation approach is
introduced and motivations for replacing it with faster methods. This is followed by
the visualization and discussion of the calorimeter shower images, which correspond
to the training data of the latter introduced models in this thesis.
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2.1 Accelerator Physics at the Large Hadron Collider

In this section, the relevance and the operating principle of particle physics acceler-
ators are described based on the LHC as a representative. Some inspiration of the
presented content is derived from Ref. [24]. The LHC is the world’s largest parti-
cle accelerator built across the border of Switzerland and France, close to the city of
Geneva. The LHC belongs to the group of circular circumference accelerators because
it is constructed in a ring architecture. Its circumference is 26.7 km. Because of this
tremendous circumference and the advanced operated technology, the LHC can cur-
rently accelerate particles to energies up to Ebeam = 6.8 TeV, higher than every other
particle collider at present. The accelerated particles are controlled collided in particle
physics detectors, often denoted as experiments. The particles produced in the inter-
actions are then accurately measured for further precise analysis. The LHC represents
a proton-proton collider where bunches of protons are accelerated close to the speed of
light in two counter-rotating beams in separate beam pipes. Particles of the two beams
are controlled collided in head-on collisions in one of the four larger experiments of
the LHC: ATLAS, ALICE, CMS and LHCb, respectively. This head-on collision tech-
nique enables the highest total collision energy, because it adds the energies of the two
counter-rotating particle beams, which results in

√
s = 2 · Ebeam = 13.6 TeV collisions.

This record energy was only recently set in July 2022 and represents the current world
record for the highest man-made energy collisions. The center-of-mass energy

√
s of

the collision is a characteristic number of the power of an accelerator.

The CERN accelerator complex is schematically provided in figure 2.3. It can be noted
that the protons go through smaller accelerators for pre-acceleration before they are
injected into the LHC. Pre-acceleration is required because radio-frequency cavities
(RF cavities), which accelerate the beam with electromagnetic fields, effectively oper-
ate and accelerate particles merely in certain frequency ranges. Therefore, the beam-
lines (including bending magnets and RF cavities) of each accelerator are optimized
for specific energy ranges.

In the following, the pre-acceleration process of the CERN accelerator complex from
figure 2.3 is explained. The pre-acceleration chain of the LHC starts with hydrogen
gas stored in a gas bottle. First, one electron is added to the hydrogen atoms, resulting
in negatively charged hydrogen ions (H−) [42]. The hydrogen ions are accelerated
to higher energies by the Linear Accelerator 4 (LINAC4). LINAC4 replaced LINAC2
just recently in 2020 and is a key element for increasing the luminosity of the LHC in
the following decade. The luminosity represents a characteristic of a particle acceler-
ator indicating the number of interactions that can be produced and is in more detail
described later in this thesis. After the pre-acceleration in the LINAC4 up to around
150 MeV, the negative hydrogen ions are sent into the Proton Synchrotron Booster
(BOOSTER). In the BOOSTER, the hydrogen ions are stripped off their two electrons
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Figure 2.3: The CERN accelerator complex, including the LHC and its pre-acceleration
chain. Among others, the four large LHC experiments ATLAS, ALICE, CMS and
LHCb are illustrated. The figure is taken from Ref. [41].

and only protons leave. The BOOSTER was added in 1972 to the pre-acceleration chain
and allows the following accelerator to accept 100 times more protons. The protons in
the BOOSTER are accelerated to 2 GeV and then injected into the Proton Synchrotron
(PS). The PS was built in 1959 with a 628 meters circumference and accelerates the
protons to approximately 26 GeV. Subsequently, the extracted protons are further in-
jected into the next larger accelerator, the Super Proton Synchrotron (SPS). The SPS
was built in 1972 and has a 7 km circumference. In the SPS, the protons are accelerated
to 450 GeV and injected into the LHC. The injection to the LHC is performed with the
two beam transfer pipes TI2 and TI8 in different clock directions, as shown in figure
2.3. In the LHC, the protons are accelerated to energies up to 6.8 TeV in two counter
rotating beam pipes and then controlled collided [43].
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In the LHC, not only protons can be accelerated and collided. Also, composite parti-
cles, such as heavy ions, are successfully accelerated and collided. Some examples are
Pb+Pb, Xe-Xe and p+Pb collisions at multiple energy levels to study specific particle
properties and quark-gluon plasma configurations [44]. For accelerating the ions, a
different pre-acceleration chain is chosen. The ions are initiated in LINAC3 and then
accumulated and further accelerated in the Low Energy Ion Ring (LEIR) and only
then sent to PS, SPS followed by the LHC, as visualized in figure 2.3. Furthermore, the
CERN accelerator complex consists of multiple other experiments and smaller accel-
erators for specific types of research. In the following, the major four experiments at
the LHC are briefly described.

The largest and most famous two LHC experiments are ATLAS and CMS. In HEP lan-
guage, experiments refer to large detectors in which the particles are collided, and the
results measured similar as in laboratory experiments. ATLAS and CMS are multipur-
pose detectors, which have a broad range of physics goals, from studying the SM up to
physics beyond the SM [45]. One of the primary goals was to detect the Higgs boson.
This was successfully completed in both, the ATLAS and CMS detector, in 2012. For
CERN and the physics community, it was decided that two independently designed
detectors are vital for cross-checking novel discoveries. The other two major experi-
ments at the LHC represent ALICE and LHCb, designed to focus on specific physics
aspects. ALICE examines the collisions of heavy ions at ultra-relativistic energies at
the highest energy densities. LHCb focuses on investigating differences between mat-
ter and antimatter with the help of the bottom quark (in this context, the bottom quark
is often denoted as beauty quark). All four experiments are positioned at the LHC ring
in large underground caverns.

Instead of single particles, in the LHC bunches with more than 1011 particles are ac-
celerated to increase the probability of collisions when two bunches ”hit” each other.
Only a minor fraction of the particles of the bunches collide when the two counter
rotating bunches hit each other, because of tiny collision probabilities. However, the
not colliding leftover particles are not lost. They are recuperated in the LHC and are
prepared for new collisions.

The pipes which guide the beam around the accelerators are operated at an ultrahigh
vacuum to prevent unwanted collisions with air particles. The bending of the beam
is performed with the help of superconducting magnets. To maintain the supercon-
ductivity of the magnets, ultra-low temperatures below −271 °C close to the absolute
zero point are required. The cooling is provided by a complex liquid helium system.
The full LHC beam-line consists of 1232 dipole magnets to bend the beam around in a
circle, each with a 15-meters length. Additionally, 392 quadrupole magnets with a five
to seven meters length keep the beam focused. The whole LHC is built in a tunnel in
50 to 150 meters depth below the ground surface [46].
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Figure 2.4: The LHC Run plan (July 2022). After Run 3, the LHC will be upgraded to
the High Luminosity LHC, starting its operation from 2029 on-wards [47].

The LHC data taking time is split into several phases, denoted as Runs. The individual
Runs are separated by long shutdowns (LS) in which the accelerator and the detectors
are upgraded to superior technology. The LHC Run plan from CERN is provided in
figure 2.4. Currently, Run 3 is ongoing, which is supposed to end in 2025. Then, the in-
stallations of the LS3 start. The High-Luminosity LHC (HL-LHC) in Run 4 is planned
to start collecting data from 2029 onwards. The luminosity is a significant indicator of
the performance of an accelerator on the technical side and is a measure for the fre-
quency of interactions. The luminosity L depends exclusively on the properties of the
accelerator and can be determined by the equation from Ref. [48]:

L =
N1N2NB

4πσ1σ2
f . (2.1)

N1 and N2 represent the numbers of particles in each of the two colliding bunches,
NB the numbers of bunches within one LHC fill, σ1 and σ2 the cross-sections of each
bunch and f the frequency of colliding bunches per second. Equation 2.1 is idealized
and lacks correction factors. For example, in reality the two beams are colliding under
a narrow angle in order to separate the two beams afterwards to re-use them. A higher
luminosity aims for more collisions per time-slice and, therefore, for a superb perfor-
mance leading to potential physics discoveries. With the HL-LHC, it is expected to
produce at least five times as many Higgs bosons compared to the LHC Run 2 in 2017
[49]. Among other advancements, some key innovations in accelerator technology in-
cluded in the HL-LHC are new cutting-edge twelve Tesla superconducting magnets
and more compact superconducting cavities for beam steering along the beam pipe
[49].

At the LHC, primarily protons are accelerated, which are complex composite parti-
cles consisting of quarks and gluons. More specific, protons consists of three valence
quarks — two up-quarks and one down-quark – and a so-called ”sea” of gluons and
quarks. Because of the compound particles, in reality, the sub-particles of the protons
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are collided by deep inelastic scattering processes, in which the initial proton is de-
stroyed [50]. Proton accelerators have the advantage that – due to the high particle
mass compared to elementary particles, for example electrons – they emit a consider-
ably lower synchrotron radiation. Synchrotron radiation is the physics phenomenon
in which accelerated (and de-accelerated) charged particles emit electromagnetic ra-
diation [51]. At bending, synchrotron radiation is emitted tangential to the direction
of motion and the radiation amount depends on the magnitude of the acceleration. In
linear accelerators, the particles experience only an acceleration in the direction of the
beam axis, leading to negligible synchrotron radiation. In circular accelerators, how-
ever, the particles are deflected additionally transverse to the direction of motion by
the bending magnets in order to guide them around the ring. This transverse accelera-
tion is significantly large, and consequently the emitted synchrotron radiation is large
compared to linear accelerators. The mathematical equation from Ref. [51] which de-
scribes the synchrotron radiation ∆E perpendicular to the direction of particle motion
is:

∆E =
e2

3ε0(m0c2)4
E4

ρ
. (2.2)

In the equation, e describes the elementary charge of the accelerated particle, ε0 the
dielectric constant, m0 the mass of the accelerated particle, c the velocity of light, E
the electric field and ρ the radius of the circular trajectory. The mass m0 of the accel-
erated particle is present with the fourth power inside the denominator. For lighter
particles, such as electrons (mass me), the synchrotron radiation becomes extremely
large, whereas for heavier particles, as protons (mass mp), the synchrotron radiation
decreases strongly by an estimated factor of (

mp

me
)4 ≈ 1013. This allows accelerating

protons to high energies in ring accelerators with a smaller circumference because
they lose less energy by synchrotron radiation. More details about synchrotron ra-
diation from the theoretical side is provided in Ref. [51] and from the practical side
applied to particle accelerators in Ref. [52].

2.2 The Principles of Particle Physics Detectors

The goal of HEP experiments is to accurately measure the final state of the particles
produced in the collisions, what requires special designed detectors. There is not one
single detector principle which can measure all the physics properties of interest [53].
Therefore, detectors are built by multiple sub-detectors in the onion principle cylin-
drical around the beam pipe. Each sub-detector is designed to measure particular
aspects or properties of the collision particles. Thus, HEP detectors are dominantly
multipurpose detectors. The most important measured properties are positions, mo-
menta, energies, angles, timing and charges of the individual particles.
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Figure 2.5: The CMS detector concept from Ref. [5]. The CMS detector consists of
multiple sub-detector systems, illustrated in the figure.

The Compact Muon Solenoid Detector

The principle of detectors is described based on the Compact Muon Solenoid (CMS)
detector [45]. As already introduced before, the CMS detector constitutes one of the
four main LHC experiments built as a multipurpose device. As demonstrated in fig-
ure 2.5, the CMS detector represents a gigantic construction with a diameter of 14.6
meters, a length of 21.6 meters and an absolute weight of more than 12.5k tonnes. The
detectors are so large because they have to stop tremendously energetic particles cre-
ated by the beam particles in the extremely powerful accelerators. Principally, the size
of the detectors scales with the collision energy in the accelerator. The CMS detector
aims at similar measurement goals as the ATLAS detector, however, it operates other
technology and a different magnetic system for its measurements. The CMS apparatus
consists of several layers of sub-detectors. Each designed to measure certain types of
particles and properties [5]. In the following, the CMS sub-detectors, including their
working principles and purposes, are explained from the inside close to the beam pipe
to the outside.
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Tracking System

The CMS tracking system comprises vertex and strip tracking detectors. The inner-
most detectors are the vertex detectors (named PIXEL). They consist of silicon layers
with more than 124 million pixels and maintain an extremely precise resolution. Each
pixel has approximately the size of two hairs’ width (≈ 100µm) [5]. Charged particles
which pass through a sensor produce free electron-hole pairs from the silicon atoms.
These electrons generate small electric signals which are amplified and measured to
derive the particle trajectories in a 3D picture [5].

The principal purpose of the vertex detectors is to separate different particle collisions
by reconstructing the primary vertex of the single interaction events. Because in the
accelerator, when bunches of particles are colliding, regularly multiple particle inter-
actions occur at the same time. At each collision at the LHC, around 1 000 particles
traverse the detector from more than 20 overlapping proton-proton collisions [54]. For
finding the original collision point, the tracks in the vertex detector are extrapolated
backward. Additionally, vertex detectors are responsible for reliably distinguishing
between primary vertices and possible secondary vertices from short-lived particles,
as for example employed for b-jet tagging [24]. This requires that vertex detectors are
built as close as possible around the beam pipe with the maximum realizable spatial
resolution. In addition, the CMS tracking system technology is optimized for a very
fast response, as well as a high identification reliability [45].

The vertex system measures around 600 million particles per square centimeter per
second [5]. If the entire tracker would be built by vertex pixel modules, the number
of readout channels would become enormous. To keep this number reasonable, the
vertex detector is followed by a detector with a more limited granularity, the strip
tracking detector (STRIPS). It operates similar to the vertex detector and is employed
to measure the tracks and the momenta of particles, to reconstruct the trajectories of
charged particles in the outer region. The charged particles ionize the silicon material
by creating an electron-hole pair, which gives a small detector signal enabling to lo-
cate the particles. By involving a strong homogeneous magnetic field with a known
strengthB, it is possible to convert the position readouts of the particles into their mo-
menta. In the magnetic field, the particle paths are bent by the radius R. This curved
trajectory can be precisely measured by the multiple layers of the tracking detectors.
The direction of the bending of a particle path is given by positive or negative charge.
The bending radius R is determined by the magnitude of the momenta of the parti-
cles, because particles with lower momentum bend more than particles with larger
momentum. The transverse momenta pT – the momentum component transverse to
the magnetic field – can be calculated by the equation:

pT = 0.3BR , (2.3)

as explained for example in Ref. [55]. With tracking detectors, the particle type can
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be deducted by analyzing its charge, bending radius and direction of motion in the
magnetic field. With the track measurements, additionally the origin of the particle
can be determined.

Calorimeter Detectors

The next sub-detectors are the calorimeters, which measure the energy of particles at
collider experiments. With the help of particle energy measurements inside calorime-
ters, the spatial location of the energy deposition can be measured, and in some cases,
the direction of the incoming particle. In addition, specialized calorimeters can pro-
vide the timing of the traversing particles. These quantities are helpful to reconstruct
the mass of the particles. Calorimeters are destructive devices. Primary particles enter
the calorimeter and deposit their energies by generating secondary particles by inter-
acting with the detector material [56]. The secondary particles, in turn, create other
particles by the same mechanism, resulting in a particle shower. In the following, this
procedure is analyzed in more detail.

Calorimeters are typically categorized into electromagnetic calorimeters (ECAL) and
hadronic calorimeters (HCAL) [57]. ECALs are designed to measure the energies of
electrons, positrons and photons. The underlying electromagnetic interactions in the
detector volume are primarily Bremsstrahlung for electrons and pair production for
photons. Pair production occurs when a photon with more than 1.022 MeV (twice the
electron mass, 2 · 511 keV) passes near a nucleus of an atom in matter. The strong field
from the nucleus induces the photon γ decay into an electron-positron pair:

γ → e− + e+. (2.4)

The electron e− is negatively charged and the positron e+, its anti-particle, is positively
charged. The produced electron and positron conserve the energy and momentum of
the photon. However, the interacting nucleus may experience some recoil [58]. The
probability of the pair production processes increases with increasing photon energies
and with higher atomic numbers of the interacting nucleus present in the calorimeter.
The Feynman diagram of the pair production process is provided in figure 2.6 on the
left. Feynman diagrams are in particle physics utilized to visualize the interaction of
particles.

Bremsstrahlung occurs when an electric charged particle becomes accelerated or de-
celerated in the longitudinal direction (similar to synchrotron radiation created by ac-
celeration or deceleration in the perpendicular direction of motion). In calorimeters,
Bremsstrahlung naturally appears when an electron is slowed-down in matter, and
the electron reduces its energy by emitting a photon, as illustrated in the Feynman
diagram of figure 2.6 on the right. It can be noted, both Feynman diagrams, pair
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Figure 2.6: Feynman diagram of pair production (left) and Bremsstrahlung processes
(right) with a nucleus.

production and Bremsstrahlung, emit two particles while merely one enters the pro-
cess. This causes the multiplication of particles in the shower process. The lost energy
E of an incoming particle due to Bremsstrahlung depends on the path x it traverses
through the material and can be determined by:

E(x) = E0 exp(
−x
L

), (2.5)

where L is a mass-weighted characteristic radiation length. The characteristic length
L depends on the massM of the incoming particle, as well as on the absorber material
properties in which the particle is stopped. It can be calculated by the equation of Ref.
[27]:

L ∝ M2A

ρZ2
. (2.6)

The absorber material properties are the atomic massA, the material density ρ and the
atomic number Z [27]. Equation 2.6 explains why tracking detectors are built prefer-
ably with as less material as possible and with materials with low Z to reduce the
number of reactions before the ECAL detector to not distort the energy measurement
inside the calorimeter. Eventually, the secondary particles energies decrease below
the critical energy, and they participate in ionization and excitation processes instead
of generating more particles in the shower process [57]. Hence, the particle shower
comes to an end. The critical energy Ec is defined as the energy at which the energy
loss dE per length dx of Bremsstrahlung is equal to the energy loss of ionization

dE(Bremsstrahlung)

dx
=

dE(Ionization)

dx
. (2.7)

For example, in copper the critical energy of electrons is aroundEc ≈ 20 MeV, whereas
for heavier muons, the critical energy is at a few hundred GeV [27].
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Figure 2.7: On the left: schematic shower process inside an electromagnetic calorime-
ter. On the right: a more complex simulated shower example as it would be investi-
gated inside a real calorimeter volume. Both images are taken from Ref. [26].

The shower creation mechanism inside an electromagnetic calorimeter detector is
demonstrated in figure 2.7. It includes both processes, Bremsstrahlung and pair pro-
duction, and generates many particles from one initial particle, named primary parti-
cle. While the shower evolves, the energy of the particles gradually decreases and is
absorbed and measured by the calorimeter sensors.

There exist two principal building types of calorimeters. The first type are homo-
geneous calorimeters, which consist merely of one material and the second type are
sampling calorimeters, which consist of two alternating material layers. The CMS
electromagnetic calorimeter represents a homogeneous calorimeter which uses almost
80 000 lead-tungsten (PbWO4) crystals to detect the scintillation light [59, 60]. The
lead-tungsten characteristics of a high density and short radiation length make it the
ideal material for a fine granularity and compact calorimeter.

The energy of the particle showers can be measured in the form of charge or light
proportional to the energy of the particle. The photon energy is transferred into light
by scintillators [5]. Scintillation represents the process when passing particles excite
the electrons of the detector material to higher orbits. These excited electrons fall then
back and release photons of a specific energy. The emitted photons are subsequently
converted into an electrical signal by employing special designed photodetectors for
the high magnetic field. As photodetectors, avalanche photodiodes (APDs) are op-
erated in the barrel and vacuum phototriodes (VPTs) in the endcaps [59]. The barrel
represents the detector component around the beam pipe, whereas the endcaps are
placed perpendicular to the beam pipe at both ends of the barrel. The two calorimeter
endcaps measure particles with a trajectory close to the beam pipe [45]. The goal is to
catch all particles to obtain precise energy measurements of the collisions.

Among others, the precise energy resolution required of the CMS ECAL is based on
the driving criteria to detect the decay channel of the Higgs boson to two photons [45],
as visualized in figure 2.8 on the left. The energy resolution of the ECAL is determined
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Figure 2.8: Feynman diagram of the decay of a Higgs boson into two photons (left)
and into four leptons (right).

by the function from Ref. [45]:( σ
E

)2
=
( a√

E

)2
+
( b
E

)2
+ c2 . (2.8)

The term (a) represents the stochastic term, (b) the noise term and (c) the constant
term. The stochastic term includes sampling fluctuations, representing event by event
fluctuations in the lateral shower containment [45]. The stochastic term contributing
to the energy resolution increases for lower energies E of the primary particles. On
the contrary, the higher the energy of the particles, the better the measured energy
precision. The noise term comprises the electric noise in the readout chain, as well as
pile-up noise. Pile-up noise is referred to measured energy components from other
primary particles. In practice, it is challenging to distinguish the collision of interest
from other simultaneous happening collisions. The noise term decreases for higher
energetic particles. Lastly, the constant term does not depend on the energy and covers
among others: detector aging, radiation damage, temperature effects and calibration
errors [57]. Typical values for the CMS detector in the first Run were a = 2.8%, b = 12%
and c = 0.3% [24].

HCAL detectors are utilized for measuring the energies of hadrons with producing
hadronic particle showers. In HCAL detectors, the particles are stopped by strong in-
teractions, regardless of their electric charge. Particles which interact with the strong
force consist of quarks and gluons, which mainly transverse the ECAL detector. Rep-
resentatives are neutrons, protons, pions, kaons and many more. One major role of
HCAL represents the measurement of hadron jets and its contribution to the determi-
nation of missing traverse energy of non-interacting particles. A hadron jet represents
a cone consisting of many hadrons produced by the hadronization of quarks or gluons
in the collision [61]. For obtaining the missing energy, it is crucial to measure the full
energy of all particles produced in the collision. A more comprehensive description
of determining the missing energy is provided later in this thesis. In fact, the total
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energy reconstruction of hadrons is a combination of HCAL and ECAL, because some
particles already experience their first interaction with the material of the ECAL.

The CMS HCAL calorimeter represents a sampling calorimeter, which enables a more
compact building type compared to homogeneous calorimeters [45]. This compact-
ness is of essential meaning for the CMS detector, therefore, it is part of the CMS
experiment name (Compact Muon Solenoid). The two alternating layers are: (1) ab-
sorber layers with highly dense material for fast interaction of the particles with cas-
cade evolution and (2) sensor layers, in which the passing particles are detected [57].
The material utilized for the absorber layers in the HCAL is composited of 70% copper
and 30% zinc and the active sensor layers are made from 3.7 mm thick plastic scintil-
lators [45].

The ECAL and the HCAL at CMS are located within the solenoid magnet and must,
therefore, consist of non-magnetic materials to prevent deforming the magnetic field.
To deliver sufficiently good data quality, the calorimeters have to be built in a high
granularity to measure with a high resolution. These aspects are crucial to separate
pile-up energy clusters or particle showers of various primary particles. Due to the
measurement, if the particles are stopped in the ECAL or HCAL, an additional hint
about the particle type is provided.

Solenoid Magnet

The electronic and the hadronic calorimeters are followed by the cylindrical super-
conducting solenoid magnet, which is one of the key features of the CMS detector. A
solenoid represents a specific type of magnet. Due to a tightly wounded coil around
a helix, it establishes an almost uniform magnetic field inside the magnet. The CMS
solenoid creates an enormous maximal 4 T (Tesla) magnetic field, which is around
100 000 times as strong the magnetic field of the earth. Because of this immense mag-
netic field, the term solenoid is contained in the CMS name (Compact Muon Solenoid)
[45]. The magnet has a diameter of 6 m and a 12.5 m length. The magnetic field is con-
fined by two steel endcaps at both ends of the barrel magnet. The purpose of the
intense magnetic field is to achieve a significant particle bending for receiving the de-
sired momentum resolution within the tracking detector [45].

Muon Detectors

The muon system represents the outermost part of the detector around the solenoid
magnet. Muons are able to traverse through meters of dense material without any in-
teraction and, therefore, their detectors are positioned at the outer position with thick
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material layers to provide a clear muon identification. The reason why muons are not
stopped in the ECAL is that their mass is ≈ 200 times higher than the mass of elec-
trons. With equation 2.5 and equation 2.6, the energy loss depends 1/M2 on the mass
M of the particle. This results in a roughly 40 000 times lower energy loss of a muon
than an electron due to Bremsstrahlung in matter. Therefore, for muons, the energy
loss due to ionization dominates completely. The CMS muon system contains four dif-
ferent detection systems, the drift tubes (DT), the cathode strip chambers (CSC), the
resistive plate chambers (RPC) and the gas electron multipliers (GEM) [45], which are
not further discussed here. The muon momentum can be calculated by fitting a curve
into the hits of the measurements of the single layers created by the muon track inside
the muon system.

The muon detection is of fundamental importance to CMS and, therefore, implied by
the middle name of the experiment (Compact Muon Solenoid) [45]. One key reason
for the significant importance of the muon system for CMS represents the measure-
ment of the Higgs boson decay channel into two Z bosons, which in turn decay into
four leptons, as indicated with the Feynman diagram in figure 2.8 on the right. In Ref.
[45] it is stated, in addition to the relative ease in detecting muons, the most appropri-
ate mass resolution for the Higgs search can be achieved if all four leptons are muons.
Therefore, the precise muon system supports the Higgs research.

Neutrinos

Other known particles which go through all detector layers are neutrinos. Because of
their low interaction rate with matter, they are not detectable at all. Nevertheless, if
a physics model predicts the existence of a neutrino in the process, the approximate
direction and energy can be indirectly determined by the measurement of the missing
energy with the balance of the energies due to energy conservation, if except for neu-
trino energies all particle energies of a collision are measured. Sufficient precision can
only be achieved by employing accurate detector simulations to determine important
correction quantities like efficiencies or acceptances. These detector simulations are
introduced in the subsequent section.

In figure 2.9, the CMS detector is visualized from a cross-sectional view, including all
sub-detectors. Additionally, the trajectories of some characteristic particles through
the detector are illustrated, and in which detector component they can be typically
measured.
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Figure 2.9: Summary of all the physics sub-detector components of CMS in a cross-
sectional view, including exemplary particle trajectories. The figure is taken from Ref.
[62].

2.3 The Importance of Computing in High Energy Physics

The challenge of HEP research is not only to develop and build the technology for
accelerators and experiments. It is additionally about capturing and analyzing the
tremendous amount of data measured by the detectors. Furthermore, accurate simu-
lations of interactions of elementary particles in HEP detectors are fundamental for re-
producing and interpreting the experimental results and reconstructing particle flows
by associating which deposition belongs to which particle [45]. However, identifying
the characteristic signatures of the particles remains an enormously complex process,
which exclusively can be performed with the help of computers and smart algorithms.
The importance of computing for evaluating detector responses has grown over time,
because of the increased detector sizes, granularities and precision requirements [7].

Multiple types of simulations exist for the various stages [8]. In general, the detectors
require the greatest portion of simulations and are, therefore, in more detail assessed.
Simulations are essential to design, develop and build extremely sophisticated detec-
tors and then to evaluate the experimental results by comparing them to theoretical
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models [63]. In addition, there exist event generators, Monte Carlo detector simula-
tions, simulations for particle energy depositions, the corresponding signal generation
and simulations for the assessment of radiation effects [8].

With the collected data of all the particle sub-detectors, the entire collision can be eval-
uated. The ultimate goal of LHC detector measurements is to reconstruct the four-
vector, or more specifically the four-momentum

p =
(E
c
, px, py, pz

)
(2.9)

of each particle. The speed of light c is by convention set to c = 1,E represents the rela-
tivistic energy of the particle and p its momentum with the three spacious components
p = (px, py, pz). With knowing the four-momentum, the mass of the corresponding
particle can be determined. The mass represents a characteristic value of each par-
ticle, which allows identifying the particle type. With the four-momentum and the
mass, the energy of the particle can be calculated. With all this information, it is pos-
sible to link different particles by the physics laws of the SM together and to develop
hypotheses about the interactions from which the measured sub-particles might orig-
inate. Ideally, the total detected energy is equal to the center-of-mass energy of the
colliding beams. However, in practice, frequently not all particles participating in a
collision are identified. Certain particles remain difficult to detect (for example neu-
trinos which pass through all layers of the detectors because they interact barely with
matter) and a few particles ”slip through.” In theory, this information is demanded to
analyze the particle interactions and to understand the physics behavior. In practice,
detector simulations help to overcome this obstacle and allow the reconstruction of
the whole decay chains, even containing a few ”slipped through” particles.

This mathematical reconstruction work of the aforementioned processes is extremely
complicated. Furthermore, particle collisions happen at high frequencies, and usu-
ally multiple collisions take place simultaneously (pile-up). Obtaining a considerable
number of collisions is fundamental for the statistical evaluation of the physics prob-
abilities, which frequently require more than millions of collisions [7]. Today, it is
impossible to perform these calculations by hand. Therefore, this work is taken over
by detector simulations, carried out by large computing clusters. This makes com-
puting a fundamental ingredient of HEP research and highlights the acute need for
detector simulations to gain new physics results. Without computing and detector
simulations, it would not be possible to analyze the immense amount of measured
data and achieve the necessary precision to extract new insights into physics laws or
even make discoveries at sufficient low uncertainties.
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Figure 2.10: The Worldwide LHC Computing Grid layers, denoted as ”tiers.” Each
tier provides a specific set of services [65].

2.3.1 Worldwide Large Hadron Collider Computing Grid

The Worldwide LHC Computing Grid (WLCG) represents the world’s largest comput-
ing infrastructure available for HEP [64]. It provides computing resources to store, dis-
tribute and analyze the data generated by the LHC experiments among CERN mem-
ber states all around the world. THE WLCG is coordinated by CERN and managed
between the experiments (ALICE, ATLAS, CMS and LHCb). However, only around
20% of the computing capacity is located directly at CERN. The rest is distributed to
170 computing centers, distributed globally between 42 countries. In total, the WLCG
comprises more than one million computer cores with more than two exabyte of stor-
age capacity [65].

The WLCG is constructed by four layers denoted as ”tiers”; tier 0 to 3. Each tier is re-
sponsible for a specific set of services [65]. Tier 0 represents the data center located at
CERN, through which all the recorded data passes. Tier 1 consists of thirteen large and
constantly available computer centers for data safekeeping. Tier 2 consists of scientific
research institutes that store and analyze the data. Tier 3 represents independent in-
stitutes or scientists with no formal engagement to WLCG. The WLCG is summarized
in figure 2.10. More comprehensive information about the WLCG is provided in Ref.
[66]. The creation of the WLCG at the time of its invention, the largest computing
infrastructure worldwide, underlines the importance of computing in HEP and the
highly innovative developments to satisfy the needs with novel technology and new
approaches.
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Figure 2.11: The generated amount of data from the LHC compared to other big data
fields in 2018 as a bubble plot. The figure is published in Ref. [67].

2.3.2 Future High Energy Physics Computing Constraints

Taking as many unique data by measuring the final states of the particles produced
in the LHC collisions as precise as possible by the experiments by employing a vast
amount of accurate simulations for data correction, is the indispensable ingredient to
accomplish the primary goal of novel physics results and insights. In Ref. [67], the
generated amount of data from the LHC is studied and compared to other big data
producers. The results are summarized as a bubble plot in figure 2.11. The LHC in
Run 2 is by far the largest data producer indicated by the largest bubble in the top
right corner with about 40k exabytes (EB) of raw data generated in 2018. Over one
billion collisions per second were produced in Run 2, what corresponds to approx-
imately one petabyte of generated data per second [46]. Nevertheless, with current
computing systems it is unfeasible to record these enormous amounts of data and,
furthermore, not all the produced information is required. Therefore, the raw data
is filtered to collect only the most significant events, according to predefined metrics.
The hardware and software triggers take over the filtering of the recorded data and
shrink the amount of stored data down to about one petabyte (PB) per day [67, 68],
what is indicated in figure 2.11 as ”LHC real.” As a future outlook, Ref. [67] predicts
that the amount of generated data by the HL-LHC increases approximately by a factor
of four, as indicated in figure 2.11.

For comparison, the largest big data producers, according to the study in Ref. [67],
are Amazon, Netflix and e-mail exchange. Further, in figure 2.11, the data transfer of
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the WLCG is listed, which is merely three times below the global email exchange. The
WLCG transfer is larger than the global YouTube video stream, the Dropbox uploads
and the photos shared on Facebook and Instagram together. It should be noted that
the bubbles in figure 2.11 for the services of the private companies are only approxi-
mations, because the official values are not published. A similar study about big data
sources was already carried out in 2013 in Ref. [69]. The results from the study in 2013
agree with the one in 2018. Both the generated data by the LHC and the generated
data by other big data producers were constantly growing between 2013 and 2018.

The message of this comparison is that computing represents a crucial key compo-
nent of HEP experiments. The enormous amount of data, together with the high data
transfer rates of the WLCG, clearly demonstrate that HEP research operates at the
frontier in the field of data processing and high performance computing. In addition,
the fact that HEP is taking over a leading role in pushing the boundaries of comput-
ing is proven by the invention of the World Wide Web at CERN to enable extremely
efficient sharing of experimental data [70].

Data collection represents not the only exclusive computational demanding task at
HEP experiments. The comparison of experimental results to a vast number of ac-
curate simulations is a complex process, which produces an equally intense demand
for computational hardware resources. Simulations require at present more than half
of the WLCG hardware resources [47]. In figure 2.11, the amount of simulated data
is illustrated. The simulations are denoted as ”Monte Carlo” because detector simu-
lations rely today mainly on Monte Carlo-based methods. In Run 2, the amount of
simulated data was comparable to the YouTube video stream. In the future HL-LHC
phase, the amount of simulated data is expected to rise by a factor of five, indicated
by the ”HL-LHC Monte Carlo” bubble. The reason for this will be presented in the
following.

The estimated luminosity and integrated luminosity of the LHC during its operational
lifetime are displayed in figure 2.4 at the bottom. Integrated luminosity is the integral,
or the sum, of the delivered luminosity over time and corresponds to the total collected
data size. It can be noted that the luminosity (denoted as nominal Lumi) increases
strongly in the HL-LHC phase, from Run 4 on-wards. This is directly correlated with
an increasing amount of required detector simulations.

In the roadmap for HEP computing in Ref. [47] in 2020, predictions about the esti-
mated CPU time and the required disk space are provided. The predictions utilize
the current computing models for the HL-LHC phase and are summarized in figure
2.12. The Monte Carlo simulations (labeled as HL-LHC MC) are predicted to take a
significant fraction of the CPU time (more than one-third). Furthermore, the plots in
figure 2.12 clearly indicate that the expectations for CPU time and disc space increase
drastically in 2026 compared to the previous years. The year 2026 corresponds in the
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Figure 2.12: Estimated CPU time (left) and disk space (right) for CMS in the HL-LHC
phase with employing the current computing models. The figure is taken from Ref.
[47] and comprises the status of 2020.

plots when the HL-LHC was supposed to launch at the time the study was carried
out. As indicated before, the HL-LHC start is shifted forward to 2029, but the message
of the plot remains the same.

The authors of Ref. [71] assessed in 2021 the predicted CPU requirements for CMS as
a representative for LHC HEP experiments. Figure 2.13 provides the in 2022 updated
version from Ref. [72] for the years 2021 to 2038. Two different software development
scenarios and the sustained budget model are provided. The sustained budget model
is visualized for a 10% to 20% increase of computational hardware per year to rep-
resent the predicted available hardware resources. The first baseline scenario, with
no research and development improvements in simulation software, shoots up after
2029, when the HL-LHC is expected to start. The second scenario incorporates prob-
able research advances. Only with an annual hardware increase of 20% the second
scenario lies within the available hardware band. This underlines the significance of
improved computational models for the HL-LHC phase. For simulations, no research
means that the simulations are carried out with the current Monte Carlo methods. For
the second scenario, faster simulation approaches probably replace the Monte Carlo
methods. Similar results were assessed in a survey for the ATLAS experiment in Ref.
[11].

Furthermore, in the HL-LHC phase, an increased simulation precision will be re-
quired. The precision of Higgs measurements will be dominated by theory errors
within the simulation models [73]. To overcome this, theoretical events generated at
the next-to-leading-order (NLO) must be applied more and more extensively. How-
ever, the NLO events considerably increase the simulation time and require an ad-
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Figure 2.13: Projected CPU requirements of CMS between 2021 and 2038 based on
an assessment in 2022. The gray band represents the projected hardware resource
capacity. The blue lines correspond to the two considered scenarios. The figure is
taken from Ref. [72].

ditional amount of computing resources. In the far future, the simulation precision
is predicted to become increasingly important and even next-to-next-to-leading-order
(NNLO) corrections have to be taken into account [74]. On top of a higher collision
rate, due to the higher luminosity, future experiments will require more accurate de-
tectors, which even further increase the geometry and simulation complexity. For ex-
ample, calorimeter detectors will be built with a higher granularity with more sensors,
what leads to a higher data collection rate and a more excessive demand of simulation
time for collision reconstructions [7]. Therefore, researching for better and faster com-
puting algorithms remains a crucial task to minimize the required hardware resources
as much as possible.

To conclude, the LHC experiments produce an enormous amount of data comparable
to renowned private companies. For future LHC runs, the increasing number of col-
lisions leads to more produced data, which has to be processed. Because of this, the
number of to be simulated detector events will increase. Additionally, the simulation
complexity rises, resulting in longer simulation times and higher hardware resource
requirements. Taking all these factors into account, future simulations of the LHC,
especially in the high luminosity phase, are expected to require much more hardware
resources, assuming current software and analysis techniques. This exceeds the ex-



2.3 The Importance of Computing in High Energy Physics 31

pected computing resources, even with taking the computing hardware technological
developments into account [49].

2.3.3 Current Monte Carlo Simulation Methods

Detector simulations rely today on Monte Carlo-based methods and are employing
the Geant4 (GEometry ANd Tracking version 4) toolkit [9]. Geant4 simulates the pas-
sage of particles through matter and is applied in a number of research projects around
the world, including electromagnetic calorimeter simulations, which are studied in
this thesis. At the LHC, Geant4-based simulations are currently determined as one
key factor in delivering physics results with an outstanding quality and are among
others applied in ATLAS, CMS and LHCb [7]. Simulations in HEP are designed to
generate identical events to those from the actual experiment. Geant4 does not only
propagate particles through a geometric representation of a detector. Additionally, it
contains a comprehensive library of physics models to simulate interactions of parti-
cles with matter and modelling the passage of particles by applying physical laws and
interaction cross-sections [7].

In the past and still today, many simulation approaches do employ Monte Carlo simu-
lation methods to estimate the signals left from the final state particles produced in the
beam collisions [12]. Equally, Geant4 utilizes in a considerable fraction Monte Carlo
simulation methods [9]. In Monte Carlo simulations, samples are drawn from a prob-
ability distribution to provide approximations to sums and integrals difficult to solve
classically. For example, some integrals require an exponential number of terms to be
exactly determined, but they maintain no exact simplifications [12]. These kinds of
problems can be solved more easily by employing Monte Carlo simulation methods.

Monte Carlo algorithms are based on the law of large numbers and do not deliver
exact results. Therefore, the responses contain some calculation errors, which can be
reduced by calculating more samples. For an increasing number of independent and
identical distributed samples n, the result ŝn converges to the expected value s:

lim
n→∞

ŝn = s. (2.10)

One remarkable example of Monte Carlo simulation methods is given by the approx-
imation of the circle number π. It is represented by the areaA of a circle to the square
of the radius r:

π =
A

r2
. (2.11)

For determining π with Monte Carlo simulations, random numbers are sampled
within the interval of x, y ∈ [-1, 1]. For visualization, a red square is drawn in fig-
ure 2.14 containing the random samples. Next, a blue circle with radius one is plotted.
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Figure 2.14: Determination of π with Monte Carlo methods.

It is measured how many random samples are placed within the circle (green data
points) and how many are outside the circle (blue data points). By computing the ra-
tio between the green points inside the circle and the blue points outside the circle,
π/4 can be determined. Based on the rule for large numbers, the variance of the result
for estimating π decreases for an increasing number of samples. It applies: the larger
the number of samples, the more accurate π can be determined.

For more complex calculations, the Monte Carlo simulations require a tremendous
amount of computing resources for accomplishing precise results, as they are required
for HEP experiments. Because of the aforementioned computing constraints for future
HEP experiments, intense research is ongoing for seeking alternative software solu-
tions than the standard Monte Carlo approach to combat the increasing demand of
computing resources [75–78]. In parallel, work is done on parallelizing calculations
of Geant4, multi-threading, improved instruction pipe-lining, data locality and vec-
torization of single instructions with multiple data for accelerating the current Monte
Carlo simulations [7]. However, Monte Carlo simulations do not scale, and paral-
lelization remains difficult and, to some extent, impossible. Thus, maximal a speed-
up of a factor of five can be expected [7]. This represents a noticeable improvement,
but it is insufficient for facing future simulation demands. Therefore, Monte Carlo
simulations do not meet the requirements for the higher amount of simulated data in
the future HL-LHC phase [12]. To keep-up with the increasing simulation complexity
and number of simulated events, in the future, the experiments need to rely more and
more on fast and novel simulation methods.
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2.3.4 Alternative Fast Simulation Approaches

The detailed simulation of particle reactions with Geant4 to a high accuracy is called
the ”full simulation” approach. In the full Geant4 simulations, the passage of particles
through the detector proceeds in multiple stages. At first, the initial interaction is
simulated by event generators. Next, the secondary particles are tracked through the
detector. Lastly, the simulation includes the moment when the particle hits a detector
sensor, and the information is read out by a signal [7]. However, modeling all physical
interactions of each particle remains computing resource expensive and can take for
LHC detector simulations on modern computers up to a few minutes [7].

Because of their dense material and the highly granular geometry, calorimeters are
among the detectors that are computationally most demanding and require the most
substantial fraction of simulation time [47]. In the calorimeter shower process, an
enormous number of secondary particles is involved. For each of them, all the under-
lying physics interactions with the detector material are precisely computed. Accord-
ing to their probability, this leads to lengthy simulations. Because of the sequential
creation of the secondary particles, the response of the previous interaction is required
to determine the following one. Therefore, parallelization remains difficult. In order
to master the future computing challenge of calorimeter simulations, as a first step,
this research will focus on alternative and faster approaches for replacing the current
calorimeter Monte Carlo simulations. This offers the potential to accomplish a signifi-
cant reduction in required hardware resources.

Fast simulation methods are implemented to reduce the simulation time, while aiming
at maintaining the accuracy for defined key components. In Ref. [79], different current
fast calorimeter shower simulation approaches are introduced, depending on the en-
ergy range of the incident particle and the required level of accuracy. One elementary
example represents the parametrization method for frozen shower images. The idea is
that for the longitudinal and radial distributions, it is sufficient to describe the spatial
energy distribution of electromagnetic showers inside the calorimeter. However, this
oversimplified approach reduces the accuracy for most physics applications. A gen-
eral difficulty in searching for alternative simulation approaches is the difficult com-
promise of sacrificing some level of accuracy in order to gain computational speed.

Today, physicists are working on Machine Learning and Deep Learning (DL) tech-
niques for replacing distinct parts of the current Monte Carlo Geant4 simulations.
Several prototypes based on DL models have demonstrated immense potential. They
achieve a significant speed-up, while maintaining almost a similar level of accuracy
compared to traditional Monte Carlo simulations [63, 80–83]. The first alternative sim-
ulation approach studied and further developed in this thesis is building on DL meth-
ods. Therefore, the following chapter is dedicated to a detailed introduction to DL
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models and how they can be employed for HEP simulations.

2.4 3D Calorimeter Shower Images

This section describes the data set employed throughout the entire thesis. The data set
contains electromagnetic calorimeter shower images with electrons as primary parti-
cles. It is generated by Geant4 simulations for a future representative high granularity
calorimeter for the Compact Linear Collider (CLIC) [84]. The original full size data set
contains three-dimensional electron shower images with 51x51x25 pixels (x-, y- and
z-axes) and is published in Ref. [85]. For generative tasks, a reduced image size of
25x25x25 pixels is employed, which is equally published in Ref. [85]. The reduced
data set used in this thesis consists of 200 000 images and is publicly available at Ref.
[86]. The primary particle energies Ep are uniform distributed within the range of
10-510 GeV. The distribution of the primary particle energies is demonstrated in figure
2.15.

Figure 2.15: The uniform distribution of the primary particle energies Ep within the
10-510 GeV range plotted as a histogram with 50 bins for 200 000 images.

The calorimeter consists of 25 layers in depth, which makes it convenient to choose the
image dimension 25 on the image z-axis. The z-axis is parallel to the incident primary
particle. The other two image dimensions are chosen in order to contain almost the
full shower development around the shower barycenter and are set to 25, likewise.
Figure 2.16 visualizes a three-dimensional example shower image, where the particle
enters the calorimeter with a momentum perpendicular to the x-y-plane at position
x = 13, y = 13 and z = 0. The shower is evolving in the z-direction, the longitudinal
direction, or the depth of the calorimeter. A cutout of the central layer (y = 13) of the
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Figure 2.16: A 3D example shower image created by a primary particle with the en-
ergyEp = 500 GeV. For visual reasons, an arbitrary chosen 4 ·10-4 GeV energy thresh-
old is applied to suppress low energy pixels.

same shower is illustrated in figure 2.17. Multiple scattering of electrons and positrons
apart from the shower axes equally create a lateral shower development. Another
contribution to the shower lateral spread represent Bremsstrahlung-photons emitted
by electrons and positrons. The transverse shower spread can be quantified by the
Moliere radius [57]. The two shower images demonstrate how typically only a fraction
of below 20% of the calorimeter cells show some energy deposition. Moreover, the
energy range of the single pixels can span over more than six orders of magnitude,
from 10-6 GeV to 1 GeV.

It is worth noticing, there is no timing information present in the shower images: only
static images of the energy deposits are employed. Additionally, there are no pile-up
effects from other particle showers included. Each image contains the shower ex-
clusively created by one primary particle. Further, all primary particles are entering
the calorimeter perpendicular without any incident angle. Due to the limited size of
calorimeter detectors, the full particle shower may not be contained in the calorimeter,
what leads to a shower leakage [87]. This can undoubtedly be perceived in figure 2.18
in the z-axis shower shape. At the end of the shower, in the last calorimeter cell (pixel
24), the energy deposition does not drop to zero. Therefore, some energy component
of the particle shower leaves the calorimeter undetected, what influences the detector
energy resolution. These effects occupy a more critical role in the longitudinal shower
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Figure 2.17: (left): A simplified representation of the three-dimensional image. (right):
An example shower development at y = 13 for an Ep = 500 GeV event.

direction (along z-axis) compared to the lateral shower direction (along x- and y-axis).

It remains challenging to visualize and compare three-dimensional shower images to
each other. It is more straightforward to exploit two-dimensional projections along
the different canonical axes – x, y and z respectively – to visualize the characteristics
of the showers. These plots are called shower shape plots and are visualized in fig-
ure 2.18. Figure 2.18 demonstrates that the shower shapes behave similar in x- and
y-dimension. The physics of the shower is rotationally invariant with respect to the
shower axis, and the CLIC calorimeter is isotropic in x and y. In the x- and y-axis
histograms, most of the energy is deposited within the middle pixels 10-14. The z-axis
plot along the longitudinal axis maintains a different shape. The primary particle en-
ters from the left and the released energy is increasing until it reaches the shower peak
and then decreases steadily. At the shower peak, the highest number of secondary
particles exists simultaneously. The plots in figure 2.18 represent the shower shapes
for different primary particle energies Ep within an energy range of ± 3 GeV. In the
z-axis shower shape plot, the standard deviations of the corresponding energy curves
are provided as colored bands around the mean. Even for specific primary particle
energies, the shower profile sightly varies and does not consistently create exactly the
same shower profile.

In figure 2.19, the same shower shapes are plotted on a logarithmic energy scale on the
y-axis. The plots with the logarithmic scale have the advantage that the low energy
pixels at the tails of the shower distributions can be investigated in more detail. The
shower shape plots remain one of the key metrics to accurately evaluate the results of
the different simulation methods. In this thesis, they will be employed multiple times
to evaluate and compare the generated images to the current Geant4 simulation. Both
the linear and logarithmic scale are utilized. Because the x- and y-axis shower shapes
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Figure 2.18: Example shower shape plots along the x-, y- and z-axis for different
primary particle energies. The colored band in the z-axis plot indicates one standard
deviation.

Figure 2.19: Example shower shape plots in a logarithmic scale.
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Figure 2.20: The polynomial and linear fit between the primary particle energy Ep
and the measured energy sum Esum within the detector of the operated calorimeter
training data. The error bars at the polynomial fit visualize the Esum deviation of the
training data within± 5 GeV bins on the primary particle energy Ep. The linear fit is
plotted as reference.

behave similarly, the x-axis plot is in the following neglected and only the y- and
z-axis shower shapes are provided.

The calorimeter shower images are a function of the energy Ep of the incoming elec-
tron. In addition, the energy sum over all calorimeter cells, Esum, is used. The model
that will be described later is conditioned on these two variables. For a sampling
calorimeter – such as the CLIC ECAL – and before any calibration, Esum is typically
smaller than Ep. The relation between Esum and Ep depends on the type, geometry
and material of the calorimeter. For the data operated in this thesis, it is empirically
approximated by the polynomial function:

Esum = 0.0018 ·
( Ep

500

)5
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( Ep
500

)4
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500

)3
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( Ep
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)
.

(2.12)

The parameters of the polynomial function were found by fitting the training data.
The polynomial function is plotted in figure 2.20. At higher primary particle energies
Ep, the values Ep and Esum visually diverge. The measured energy Esum lies below
the linear fit. The primary contribution to this is most probably the result of the shower
leakage effect. Because, the larger the primary particle energy, the longer the shower
development and, therefore, a larger fraction of energy leaves the calorimeter. As the
calorimeter size is limited, the energy absorption is at some point cut off and not all
energy is measured.
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Chapter 3

Deep Learning for Future High
Energy Physics Simulations

Deep Learning (DL) is a well-established computing technique that is already success-
fully employed in simulations in almost every industry and research branch [88]. Due
to their success, DL techniques are today often among the first choices to improve and
accelerate simulations. In this thesis, DL is applied and tested to accelerate HEP detec-
tor simulations. Calorimeter simulations are the most computing resource intensive
part of the detector simulations. Therefore, more and more computing resource effi-
cient generative DL models are studied and developed to generate calorimeter shower
images and to replace the current Monte Carlo calorimeter simulations.

This chapter comprises the principles behind DL. Additionally, the concept of gen-
erative models is explained, and existing models are listed. Next, the mathematical
principle of convolutional layers and their successful operation in neural networks is
provided. Lastly, some supplementary required neural network layers used in this
thesis are introduced.

3.1 Introduction to Deep Learning

DL constitutes a specific area of the general topic of Artificial Intelligence (AI). AI sum-
marizes all simulation approaches which employ algorithms to mimic the intelligence
of humans and can make decisions on their own. AI represents a growing field, which
already has an extensive impact on our ordinary life. Some striking examples are:
digital voice assistants, chat bots, music and Google search recommendations, image
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object detections and the first autonomous driving cars.

In general, the term intelligence and AI are not strictly defined. Classical AI comprises
primarily conventional hard-coded algorithms [89]. Naive classical AI algorithms can
already start with the employment of if-conditions: if the input value is larger than
zero, classify to class α, if it is lower or equal to zero, classify to class β. After pro-
gramming this condition, no human is involved to assist the computer in making the
decision. Consequently, this can be taken as an AI example. Furthermore, beyond
classical AI, the area of AI contains more sophisticated algorithms introduced in the
following.

Machine Learning (ML) stands for a subgroup of AI, which focuses on self-learning
algorithms. ML algorithms have the ability to acquire knowledge by extracting mean-
ingful patterns or information from raw data [88]. It enables computers to address
many real-world problems, which remain difficult or even unsolvable by hard-coding
algorithms [89]. In ML, the programmer does not provide exact codes of what the
algorithm should do in which case. Instead, it focuses on creating an environment
and conditions in which an algorithm can train itself to perform a task. ML training is
based on training data and statistical models. Some ML examples represent K-means,
K-Nearest Neighbor, Naive Bayes classifier, Decision Tree, Random Forest, Expecta-
tion–Maximization and Support Vector Machines [90].

Figure 3.1 illustrates the trend of the Google search index for the entire world over
the past years. It can be observed, approximately in 2016, the public interest in ML
overtook the interest in standard AI algorithms. Today, ML is twice as often searched
than AI. This indicates that ML became more and more important during the past
decade.

Figure 3.1: Number of Google searches of AI and ML during the last years [91]. The
y-axis is scaled, 100 corresponds to the maximum number of searches.

When it comes to complex and computationally demanding problems, DL represents
the first choice [92]. DL itself is a subgroup of ML, as indicated in figure 3.2. DL algo-
rithms are similar to ML methods trained on data. The difference is that DL models
employ deep neural network architectures to hierarchically learn correlations present
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Figure 3.2: Illustration of the hierarchy of the computer science fields Artificial Intelli-
gence, Machine Learning and Deep Learning.

in the training data. Neural networks attempt to mimic the functionality of the hu-
man brain [93]. In fact, some principal constituents of neural networks have even been
copied from brain research. Neural networks are denoted to be ”deep”, when multi-
ple hidden layers are operated. Additionally, the larger the amount of available data
and, the more complex the data, the larger the benefit for DL techniques compared to
ML [88].

DL is an old and long known technique with a rich history [94]. However, it became
only in the last years more and more popular and applied in practice. The primary
reasons for the rise of interest in DL during the past years are the technology im-
provements (e.g. parallel processing on Graphical Processing Units (GPUs)) and the
increasing sizes of available data sets for training the DL models. The hardware to
carry out the computations became faster, which allows the execution of the learn-
ing processes within short time periods. Short calculation times are fundamental for
effectively optimizing the algorithms. This leads to a chain reaction: better technol-
ogy supported by the change of digitalization allows recording and storing more data
with a higher efficiency on larger hard drives. To achieve higher accuracies, the neu-
ral network models have grown in size and complexity in the past years [95]. This
is only possible by improvements of the computer infrastructure – both software and
hardware – for DL approaches [12].

The performance of DL algorithms depends strongly on the amount and quality of the
available training data [12]. Therefore, DL is part of the computer-science field of ”big
data.” The fundamental constituents behind DL simulations are deep neural networks
applied to learn correlations between features within the training data. Features rep-
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Figure 3.3: Comparison of the achieved accuracy between Deep Learning and Ma-
chine Learning algorithms [96]. For a sufficient amount of data, Deep Learning out-
performs traditional Machine Learning.

resent the sole pieces of information present in the data. The ability of a network to
forecast unseen data, i.e. data not included in the training set, is denoted as general-
ization. An associated phenomenon is overfitting: on a second, independent test data
set, the performance typically is lower than on the training data, and this performance
gap often increases during training. In contrast, traditional ML models can success-
fully operate with small data sets. However, for more available and more complex
data, DL models outperform such ML models. Summarized, for few available data
with limited complexity, conventional ML is the better choice. For high dimensional
data sets with many features, DL performs better. This is indicated by figure 3.3. As
the utilized calorimeter simulations in this thesis represent highly complex use cases
with a large amount of available training data, DL models are employed.

Applications related to images and visual data, belong to the category of computer vi-
sion [90]. Computer vision tasks are effortless for humans but challenging for comput-
ers and even impossible to solve with explicit hard-coded algorithms. By employing
trainable models, DL resolves this issue.

In the DL training, the parameters of the model are optimized by minimizing a cost
function to a local or global minimum. Within the forward path, the parameters are
stored to be available for the parameter optimization in backpropagation. During
backpropagation, all the parameter gradients are calculated while going through the
model in the backward direction. With gradient descent, the parameters of the neural
networks are updated in the direction of the steepest descent of the loss function [97].
The learning rate adjusts the size of the optimization steps. The learning rate has to be
chosen carefully, a too large learning rate overshoots the minimum, while a too small
learning rate results in a slow learning process. Furthermore, too low learning rates
can cause the algorithm to get stuck in a local minimum in the gradient landscape
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instead of the desired global minimum. This parameter updating process is repeated
multiple times until training convergence is reached. The model is said to have con-
verged, if further training does not cause a loss or accuracy improvement.

ML tasks are divided into supervised and unsupervised learning. Supervised learning
is aimed at learning the relations between data samples and their labels, e.g. created
by humans. On the other side, unsupervised learning focuses on bringing patterns
or structures of unlabeled data samples to the surface. Therefore, it supports humans
in understanding and interpreting data. Unsupervised learning techniques sample
from high-dimensional probability distributions present in the training data, which
are often not obvious to humans [12]. Generative models represent one class of unsu-
pervised learning techniques [98]. They are employed in this thesis and are introduced
in the following.

3.2 Generative Models: An Overview

Generative models learn the probabilistic distribution of a given data set to generate
new data points close to the existing data distribution [99]. They belong to the class
of unsupervised learning, because the models discover and learn patterns present in
the training data. Generative models demonstrate remarkable results in computer
vision tasks, natural language processing and robotics [98]. For image generation,
many smart and innovative approaches have been suggested. The most established
and successful ones represent Variational Autoencoders (VAEs), Normalizing flows
and Generative Adversarial Networks (GANs) [100]. Each of them is in the following
briefly introduced, including their primary advantages and disadvantages. Recently,
diffusion models [101, 102] appear to be very competitive and are added to the list of
generative models. However, they are not covered in this thesis. There exists more
types of generative models, for example Gaussian Mixture Models, Hidden Markov
Models, Restricted Boltzmann Machines, Deep Belief Networks and Deep Boltzmann
Machines [99]. They all maintain advantages and disadvantages, which make them
suitable for specific use cases. A good summary including theoretic details is for ex-
ample provided in the book in Ref. [12] or in Ref. [103].

Normalizing Flows
Normalizing Flows are generative models employing the so-called change of variables
formula [103]. With the change of variables formula, one distribution p(x) is replaced
by another distribution π:

p(x) = π(z)

∣∣∣∣det
(
∂f(z)

∂z

)∣∣∣∣−1

, (3.1)
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Figure 3.4: An example of a bijection. Points of the blue set are transferred to points
of the purple set and vice versa. The figure is taken from Ref. [103].

where z = f−1(x), and f is an invertible function (bijection) [103]. The bijection
f maps points x of the function p to other points z of the function π, as for example
visualized in figure 3.4. It must be obeyed that the function f can be inverted to obtain
the original points. The second term

∣∣det
(∂f(z)
∂z

)∣∣−1 is responsible for normalizing the
distribution π(z) as a form of regularization [103]. And det represents the matrix
determinant.

In principle, most complex distributions can be converted into a simpler one. For
this, in Normalizing Flows, multiple invertible transformationsK can be sequentially
applied [103]:

p(x) = π(z0)
K∑
i=1

∣∣∣∣det
(
∂fi(zi−1)

∂zi−1

)∣∣∣∣−1

. (3.2)

In figure 3.5, an example transformation of a Gaussian distribution into a multi-modal
distribution is visualized. The logarithmic probability can be obtained by:

ln p(x) = lnπ(z0)
K∑
i=1

ln
∣∣∣∣det

(
∂fi(zi−1)

∂zi−1

)∣∣∣∣−1

, (3.3)

where ln denotes the natural logarithm. In practice, neural networks are used to model
the invertible transformations. For multiple sequences of transformations, multiple
neural network layersK are employed.

Generating images with the trained Normalizing Flow model, frequently starts by
sampling z from a Gaussian distribution (the ”latent” space), which is manipulated
sequentially by the neural network layers into the desired distribution π(z) (pixel
space), from left to right in figure 3.5.
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Figure 3.5: Transformation of a Gaussian distribution into a multi modal distribution
by multiple invertible transformations fi. The figure is taken from Ref. [103].

There are some constraints related to Normalizing Flows. All layers must be invert-
ible, which is not the case for all neural network architectures [103]. Further, to cal-

culate the determinants of large matrices, e.g. in the second term
∣∣∣∣det

(
∂fi(zi−1)

∂zi−1

)∣∣∣∣−1

of equation 3.3, is non-trivial and computationally demanding [104]. Therefore, ad-
ditionally to invertible neural network architectures, the networks must be chosen
to simply calculate the second term. This constraints the choice of layers [103, 104].
Advantages of the Normalizing Flows approach are that the model can generate pre-
cise images and that the training is stable [104]. More detailed information about the
theory of Normalizing Flows is provided in Ref. [103] and about current enhanced
Normalizing Flow models in Ref [105]. Some exemplary enhancements of the Nor-
malizing Flow model are Spline Flows [106] or GLOW models [107].

Variational Autoencoders
First, the principle of Autoencoders (AEs) is introduced, which is then extended to
Variational AEs (VAEs). AEs consist of an encoder E and a decoder D, typically con-
structed by neural networks. The encoder compresses the dimensionality of the input
data x down to a latent space z, while still accumulating the significant information of
the input data distribution. This is achieved by extracting features from x and creat-
ing new features z, which are in general more compressed. The decoder reconstructs
the data close to the initial distribution [108]. The idea behind AEs is to learn the
lower-dimensional representation of the training data, denoted as the latent variables,
assuming that these have generated the actual training data. The true latent variables
cannot be directly observed, but are inferred through a mathematical model, repre-
sented by neural networks. The latent variables preserve all the relevant information
(features) about the output (image), which needs to be generated [109].

To train the AE, x is encoded into z. The latent space z represents a function of e(x),
where e denotes the operation of the encoder network. Then z is decoded back into
x̂, which is a function of the decoder network d: x̂ = d(z). This process is visualized
in figure 3.6. Ideally, when the model is trained: x̂ = x. Therefore, to train the
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Figure 3.6: The principle of the encoding-decoding process of an Autoencoder. The
figure is taken from Ref. [108].

autoencoder, the distance between x̂ and xmust be minimized by the loss l:

l = ||x− x̂||2 = ||x− d(z)||2 = ||x− d(e(x))||2 . (3.4)

At this stage, the autoencoder can encode and decode the content. However, it is
strongly overfitting and cannot yet generate new content with sampling from the la-
tent space, because the latent space of single points is extremely irregular [110]. The
representation of a regular and an irregular latent space is visualized in figure 3.7.
Regularization leads to overlapping latent space distributions, enhancing the quality
of decoding outputs. This overlap helps to prevent undefined regions in the latent
space, ensuring the model consistently produces meaningful results [110]. Therefore,
the training and sampling of VAEs require some regularization methods.

Figure 3.7: The representation of a regular (left) versus an irregular latent space (right).
The figure is taken from Ref. [110].

For achieving regularization, instead of sampling from single points z in the latent
space, the VAE samples from a distribution. With applying variational inference, the
VAE searches for the best approximation to reconstruct the parametric distribution
[103]. Frequent applied representations of the latent space are Gaussian distributions
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[103], similar as in Normalizing Flows. The regularization should force the encoded
normal distribution N(µx, σx) with the mean µx and the standard deviation σx to
be as close as possible to the Gaussian normal distribution N(0, 1). This is achieved
by adding the Kullback-Leibler divergence (KL) [111] to the equation 3.4, calculated
between the Gaussian normal distribution and the returned latent distribution. The
modified training loss equation is:

l = ||x− d(z)||2 + KL[N(µx, σx), N(0, 1)] . (3.5)

The closer the two distributions in terms of µ and σ, the smaller the regularization
term. The benefit of the encoding of a distribution is that the latent space is better
organized allowing the generation of more meaningful results, where close points in
the latent space are decoded into similar results. The principle of VAEs is visualized in
figure 3.8. The more mathematical and probabilistic details are for example provided
in Ref. [103] or Ref. [112].

Figure 3.8: The principle of a Variational Autoencoder. The figure is taken from Ref.
[108].

VAEs have the advantage that they learn both, the generative and the inference model.
However, generated images from VAEs suffer from blurriness and look for humans
generally less realistic compared to for example GAN images. A comprehensive sur-
vey between VAEs and GANs, including their advantages and disadvantages, is pro-
vided in Ref. [82].

Generative Adversarial Networks
GANs show an impressive performance in many applications. For example, GANs
allow the realistic generation of images, music and art [99]. For this reason they repre-
sent, in general, the first choice for generative tasks [113]. Underlined by the statement
of Yann LeCun in 2014, the research director of AI at Facebook [114]: ”Generative Ad-
versarial Networks is the most interesting idea in the last 10 years in Machine Learn-
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ing.” In physics, GANs are investigated for replacing some parts of the traditional
Monte Carlo detector simulations. It is already demonstrated that GANs achieve sim-
ilar levels of accuracy as Monte Carlo simulations for specific applications, while con-
siderably decreasing the simulation time by orders of magnitude, as demonstrated for
example in the references [77, 78, 115–117] and many more. Because of the success of
GANs in previous physics and non-physics researches, they are in this thesis further
studied and evaluated and in detail introduced in chapter 4.

3.3 Convolutional Layers: 2D and 3D Operations

For image tasks, convolutional neural networks (CNNs) [118] often yield better re-
sults. These networks primarily use convolutional layers as trainable layers, which
operate with much fewer parameters compared to fully connected layers [12]. To un-
derline this, Ref [119] provides an example to calculate the hidden representationH of
two-dimensional images X , where [X]i,j and [H]i,j denote the pixel location (i, j).
The fully connected layer is represented by the weight tensor W and the biases U .
The operation of the fully connected layer can be expressed as:

[H]i,j = [U]i,j +
∑
k

∑
l

[W]i,j,k,l[X]k,l

= [U]i,j +
∑
a

∑
b

[V]i,j,a,b[X]i+a,j+b .
(3.6)

In the equation, the subscripts k and l are set to k = i + a and l = j + b, where
a and b cover the entire image with positive and negative offsets. To remove k and l
from the equations, [W ]i,j,i+a,j+b is set to [V ]i,j,a,b. With equation 3.6, operating a
single fully connected layer for a one-megapixel image (dimension 1 000x1 000) would
require 1012 trainable parameters [119]. This number is unfeasible, and the utilization
of multiple layers to increase the network depth would make the number even larger.
To combat this issue, for DL image tasks, the more efficient CNNs are operated. This
section explains the mathematical principle of convolutional layers and describes the
differences between convolutional 2D (Conv2D) and Convolutional (Conv3D) layers.
This introduction is essential to understand and recognize the key features of the neu-
ral network architectures developed for the following studies.

3.3.1 Convolutional 2D Layers

Figure 3.9 illustrates the operation principle of a Conv2D layer. The image is repre-
sented by a 2D input matrix on which a 2D convolutional kernel or filter is applied. As
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Figure 3.9: Schematically explanation of the working principle of a Conv2D layer
[120]. The 2D input matrix is convoluted with a 2D filter to calculate the 2D output
matrix. The matrix entries are randomly chosen. The picture is taken from Ref. [120].

displayed, this computation leads to a 2D output volume. The convolution operation
can be imagined as laying the filter above a section of the input matrix and calculating
the sum of the pixel-wise multiplications of the elements from the input matrix and
the filter matrix, which lie on top of each other. For clarification, an example calcu-
lation is provided in figure 3.9. The convolution operation results in one destination
pixel in the output matrix. To calculate the other elements of the output matrix, the
filter is pixel-wise shifted over the whole input image.

In DL, the parameters of the convolutional kernel matrix are learned from data. These
kernel parameters are at the beginning of the neural network training randomly ini-
tialized and during the training optimized. To increase the power of the convolutional
layer, not only one filter is applied to the input matrix. Preferably, multiple filters are
applied, which result in multiple 2D output matrices. These 2D output matrices can
then be stacked to a 3D matrix. Therefore, the output of Conv2D layers with multi-
ple filters N are 3D matrices, where the third dimension is denoted as the channel
dimension, as visually demonstrated in figure 3.10. Each channel contains one feature
trained by a separate filter. The output of all channels is denoted as the feature map.
The filter size determines the size of the learned features: the larger the filters, the
more neighboring pixels are considered, which allow learning larger features in pixel
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Figure 3.10: A Conv2D layer example with multiple filters: a 2D image is convoluted
by N filters, resulting in a 3D output volume with the channel dimension N in the
third axis.

Figure 3.11: Demonstration of the 2D convolutional process of an input image with
three dimensions to a 2D output image. The picture is taken from Ref. [119].

size [121].

The input matrix for further Conv2D layers can then be the generated three-
dimensional volume with N channels. Multiple sequential convolutional layers are
operated to construct a convolutional neural network. Therefore, the input images
to a Conv2D layer are in general 3D volumes. However, it is important to note that
the third dimension always represents a channel dimension. The distinct channels
provide no correlations between each other, compared to an actual 3D image. When
the input image to a Conv2D layer contains multiple layers in the third dimension a,
the kernel requires equally multiple layers b, as visualized in figure 3.11. Each kernel
layer bi is convoluted with one specific input layer ai of the input image. At the end,
the results of all convolutions are pixel-wise summed-up to obtain a one-dimensional
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Figure 3.12: A 2D convolution of a 3D input image into a 2D output image with mul-
tiple channels. The picture is taken from Ref. [119].

output.

To detect multiple features present in the input image, additional kernels are included.
For a 3D input image with a layers in the third dimension, to detect c features, a · c
kernels are required. The process is demonstrated in figure 3.12. The input image
contains three layers in the third dimension (a = 3), and two features are detected
(c = 2), thus two output channels are generated. Therefore, two sets of three kernels
each are required, what results in a · c = 3 · 2 = 6 kernels. The first set in light blue
causes the first output channel, and the second set in blue the second one.

Figure 3.13: An example of Same padding to maintain the same output dimension as
the input dimension. For a 3x3 filter dimension, the input dimension can be preserved
by padding one layer of zeros around the input matrix.

In general, the output matrix of the convolution has a more narrow width and height
than the input matrix, if a filter size larger than 1x1 is chosen. It is common to extend
the input size virtually by adding border rows/column around the input image. If the
boarder is filled with zeros, this is called ”zero padding” (ZeroPadding). In libraries
like TensorFlow [122] and PyTorch [123], this is denoted as ”Same” padding, since it
preserves the dimensionality of the output. An example of Same padding is presented
in figure 3.13. Another established convolution setting is the ”Valid” approach, where
no padding is applied, and it may happen that columns or rows are dropped to ac-
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commodate the discrete filter. Therefore, in Valid padding, the output dimensions can
be more compact than the input dimensions.

3.3.2 Convolutional 3D Layers

The in the previous subsection introduced Conv2D layers are able to learn image cor-
relations within two image dimensions, while utilizing a third channel dimension. In
the following, this concept is extended to learn image correlations within three di-
mensions by employing Conv3D layers. An example of a Conv3D layer applied to a
3D input image is illustrated in figure 3.14. It can be recognized that the input image
(denoted as source) and the filter of the Conv3D operation require three dimensions
to calculate a particular value of the output matrix. The principle is the same as for
Conv2D layers: the filter is pixel-wise shifted over the whole input matrix to calcu-
late the output by the convolution operation. However, this time, the filter is shifted
in three dimensions instead of only two dimensions as for the Conv2D layer. If a
Conv3D layer with multiple filters is applied, then the output matrix is four dimen-
sional, where the fourth dimension represents the channel dimension.

Figure 3.14: An example operation of a Conv3D layer applied to a 3D matrix. The
picture is taken from [124].
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The 3D filter matrices allow the Conv3D layers to learn correlations between neigh-
boring pixels within all three spatial image dimensions. On the contrary, as explained
previously, Conv2D layers are merely capable of learning the correlations within a
plane of two image dimensions when applied to a 3D image. Therefore, traditionally,
Conv3D layers are applied to 3D images and Conv2D layers to 2D images.

3.4 Supplementary Neural Network Layers

Additionally to convolutional layers, the neural network architectures introduced in
the following also contain so-called LeakyReLU [125], BatchNorm [126] and Dropout
layers [127]. These special layers are introduced in the following.

Activation functions introduce non-linearity into the network [128]. Non-linearity is
required by neural network architectures to allow learning complex patterns from the
data. Without non-linearity, summing-up the yields of multiple linear layers results
only in another linear function. The used LeakyReLU activation function differs from
the standard Rectifier Linear Unit (ReLU) activation function [129] by a small slope
a for negative input parameters t. The chosen slope a corresponds to a so-called
hyperparameter of the neural network. In DL, hyperparameters are parameters which
are defined at the beginning of the training and are not changed during the training.
The slope a is by default set to a = 0.3, as visualized in figure 3.15.

Figure 3.15: Shown are: on the left, the sigmoid activation function; in the middle,
the standard ReLU activation function; and on the right, the LeakyReLU activation
function with a small slope a = 0.3 for negative input values t.

Batch normalization (BatchNorm) layers re-centralize and re-scale the data to execute
the computations of the parameters of the previous convolutional layer in a more lim-
ited range. BatchNorm layers possess significant importance in DL. In particular, they
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stabilize the training process and support deep neural network architectures to con-
verge [126].

The last special layers are Dropout layers, which represent a method of regularization
for neural networks [127]. They reduce the possibility of overfitting by turning off –
denoted as ”dropout” – some nodes from the previous convolutional layer by setting
their output to zero. It should be noted that turned off nodes change randomly in each
forward iteration of the neural network.
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Chapter 4

3D Generative Adversarial Network
Models

The types of GAN models applied in this research are the Deep Convolutional Neural
Network GANs [109]. As the name implies, these neural networks consist primarily of
convolutional layers. Deep indicates that the network consists of many hidden layers
and therefore belongs to the category of DL. Since the images for which the models
are trained are three-dimensional, an initial approach is chosen which utilizes Conv3D
layers – or 3D operations – to represent the images. Conv3D layers are currently the
first choice for processing 3D volumes in DL. The accuracy and the computing time for
GAN simulations depend primarily on the neural network architectures. This chapter
employs the Conv3D neural network architectures as a proof of concept for generating
calorimeter shower images.

The content of this chapter is structured as follows. First, the generative adversar-
ial network approach operated in this thesis is explained in detail. Subsequently, a
description of the neural network training for the specific calorimeter use case and
connected arising difficulties are discussed. Next, possible variations of generative
adversarial networks are explored. Following this, initial Conv3D GAN architectures
and the training loss functions are introduced. Furthermore, a ”baseline” model from
another study in Ref. [130] is presented, to which the results of this thesis are com-
pared. Lastly, the so-called Wasserstein GAN (WGAN) [131] variation applied to the
calorimeter training data is discussed.
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4.1 Generative Adversarial Networks in Detail

GANs were first introduced by Ian Goodfellow in 2014 [14] and represent today a
state-of-the-art technique for image generation. The principle is that two models, a
generator and a discriminator (figure 4.1), carry out an adversarial training based on
game theory. As already mentioned, in general, generative models belong to the cat-
egory of unsupervised learning. However, the two competing models are re-framing
the training and transforming it into a supervised learning task [132], where each
model is supervised and evaluated by the other one.

Figure 4.1: The GAN principle with the two models, generator and discriminator.

The generator network G generates fake images x from a random latent variable z.
G tries to fool the discriminator network D by providing fake images labeled as true
images (images from the training data set). Contrarily, the discriminator aims to dif-
ferentiate between the true and fake images. The training goes in alternating turns. In
the first turn, the generator improves its strategy to make the generated images closer
to the ones from the training data. In the next turn, the discriminator improves its
model to correctly distinguish between the generated and the training data. Subse-
quently, the generator is trained again, etc. The training is successful, when the fake
images show an identical distribution compared to the true images. Therefore, the dis-
criminator is no longer able to distinguish between true and fake images. This causes
a classification prediction y of 50% for each class.

The two models, generator and discriminator, are typically deep neural networks, si-
multaneously trained by the objective function:

min
G

max
D

V (G,D) = Ex˜pdata(x)[logD(x)] + Ez˜pz(z)[log(1−D(G(z))]. (4.1)

Put differently, the generator and discriminator play a two player min-max game. The
generator attempts to minimize the objective function in order to make the generated
images more similar to the training data until they are indistinguishable. On the other
hand, the discriminator maximizes the objective function to distinguish between the



4.1 Generative Adversarial Networks in Detail 57

generated data and the training data [14]. The GAN principle including its two models
is visualized in figure 4.1.

The training of the models aims to achieve the so-called Nash equilibrium [133]. Nash
equilibrium means that the models converged to a stable solution where they cannot
be further improved and, therefore, the generated images possess a comparable qual-
ity as the training images [134]. In fact, in Ref. [135], it is theoretically proven that
not all GAN models maintain a Nash equilibrium, depending primarily on the model
architectures, the hyperparameters and the training data. Therefore, in reality, the
training process is only aimed at converging as close to the Nash equilibrium as pos-
sible. In practice, it represents a non-trivial task to obtain satisfactory results in GAN
training, as demonstrated later in this thesis. In Ref. [14], the theoretical proof is given
that GANs can learn all data distributions if the networks are good enough (a reason-
able number of trainable parameters and a compatible neural network architecture),
if sufficient training data is provided and the training time is high enough.

To provide an example of the astonishing results of GAN models: a well-known use
case of GANs is the image generation of human faces. The GAN model learns to create
unknown synthetic faces from random noise. Figure 4.2 shows some example images
generated by a GAN model from Ref. [136]. The generated images look incredibly
realistic and accomplish an excellent resolution, which makes it unexpectedly chal-
lenging for humans to distinguish the generated images from real ones. Today, vari-
ous modifications of GANs are being tested to generate more realistic images with a
larger numbers of pixels.

Figure 4.2: Random samples of human faces generated by a GAN model in Ref. [136].

For training the GAN models, the calorimeter shower images from section 2.4 are
employed as training data. The 200 000 available shower images are divided into 90%
training data (180 000 images) and 10% validation data (20 000 images). The training
data set is used for learning the parameters of the model throughout the training. The
validation data represents an unseen data set for the neural network during training
to measure the accuracy and avoid overfitting. When the model is overfitted, it will
precisely represent the training data but performs worse on the validation data [137].
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4.2 Generative Adversarial Network Training

GAN training is under no circumstances a trivial task. If the training converges at all,
it is not simple to achieve the desired quality of the generated images. Finding con-
vergence in GAN training for complex and high-dimensional data sets remains not
straightforward. The two neural networks, generator and discriminator, have to be
chosen in a correct size and ratio so that none is overpowering the other. The two
networks are trained in an alternating way, each generator step follows one discrimi-
nator step. For the generator training, the discriminator parameters are kept constant.
This is often denoted as freezing the network. For the discriminator training, the gen-
erator parameters are kept constant. The most applied DL use case are classification
networks, which are – depending on their size and use case – difficult to train. The
discriminator of the GAN model corresponds to a classification network. The compos-
ite GAN consists, of an additional generator network, making the training even more
difficult. At the beginning of the training, the parameters are randomly initiated and,
therefore, the generator outputs are random images. Setting up an environment that
both models converge and the generator outputs realistic images remains a delicate
task.

To achieve training convergence, the generator needs to improve during training. This
results in a decrease of the discriminator performance, because the better the genera-
tor, the more difficult it is for the discriminator to distinguish between real and fake
images. The generator achieves its best results when the discriminator outputs a 50%
accuracy, where it cannot tell the difference between true and fake images. Therefore,
the discriminator feedback gets less meaningful over time when the generator perfor-
mance improves. When the discriminator cannot distinguish between real and fake
data anymore, it outputs a random feedback [138].

4.2.1 Common Occurring Training Failure Modes

This section first examines some of the frequently arising GAN problems, which may
cause the training to fail. This helps to better understand the possible solutions pro-
vided subsequently. Most of these problems still remain an active area of research. In
particular the so-called: mode collapse, vanishing gradients, non-comparable models
and non-convergence are investigated [139, 140].

Mode Collapse
Mode collapse appears when the generator falls into a state where it produces realistic
images only for one image mode. For example, in the generation of handwritten digits,
the generator produces only reasonable digits for the number five, but not for the
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others. It is possible that these generated images look good enough to be able to trick
the discriminator. Because the discriminator only evaluates if the provided images
look reasonable and does not check if the evaluated images are always similar. In
mode collapse, the generator becomes stuck in a local minimum while searching for
the global minimum. Therefore, it fails to represent the complex data distribution with
a high image variety as demanded.

Vanishing Gradients
Vanishing gradients appear when during the training process the discriminator is
trained to perfection. In this case, the discriminator correctly distinguishes between
true and fake images. Therefore, its True/Fake loss becomes close to zero because
there is nothing to optimize. This phenomenon leads to low or even no gradient up-
dates during the learning iterations. Differently said, to vanishing gradients. This
aspect introduces a dilemma in GAN training: if the discriminator behaves badly, the
generator does not receive accurate feedback because the loss function does not rep-
resent the reality. On the other side, if the discriminator performs great, the gradients
of the loss function vanish to zero and the learning process becomes extremely slow
[141]. It represents a delicate matter to design the power of the two GAN models to
overcome the vanishing gradient obstacle.

Unstable Training Process
A major GAN problem is when it fails to converge at all, because the two simultane-
ously trained models lead to an unstable training process [142]. The GAN training
goal is to obtain the Nash equilibrium in which both models perform perfectly. How-
ever, in the adversarial training of the two competing models, the improvement of
one model leads to a deterioration of the other model. In some cases, this leads to con-
tinuing oscillations where one model outperforms the other, and after a few epochs
this changes to the opposite [142]. A training epoch is the iteration over all training
samples.

No comparable Models
The last discussed failure mode of GANs is that they lack a good objective function
which examines how well the trained model performs. The loss values represent a
relative measurement of the discriminator compared to the generator. If the generator
outperforms the discriminator, then already after a few iterations the discriminator
cannot distinguish anymore between the generated and fake images. This leads to
a 50% classification probability what is previously defined as optimal, although the
generated images do not follow the training distribution. Therefore, the discriminator
loss presents no absolute information about the accuracy of the generator. This lack
of a general accuracy metric makes it especially difficult to compare the results of
multiple trained models to each other. Additionally, it does not provide precise details
when to stop the training.
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4.2.2 Techniques for Improved Training

In the following, some known techniques for improving the training performance are
introduced. They are employed in this work for enhancing the quality of the generated
images and to overcome some of the aforementioned obstacles.

Label Smoothing
In the GAN training, the discriminator determines the True/Fake loss by calculating
if the input data represents a true or a fake image and comparing the result to its
label. Typically, the label is 1 for true images from the training data set and 0 for fake
images generated by the generator. In label smoothing, the 0 and 1 labels are replaced
by the smoother values 0.1 and 0.9 [143]. Label smoothing can be regarded as a
regularization method. It avoids that the model becomes overly confident on specific
features in its prediction and, therefore, avoids over-fitting. By empirical tests, it is
found that one-sided label smoothing performs best for our GAN model. In one-sided
label smoothing is 0 kept as 0 and only the positive labels are smoothed from 1 to 0.9.

Label Flipping
Another technique employed in GAN training is label flipping. Hereby, the labels
of some data points are with a low random probability switched from 0 to 1, or the
other way around from 1 to 0. This random noise within the labels prevents the dis-
criminator to be trained perfect, especially within the first epochs where the generator
performs bad. Hence, it helps to avoid vanishing gradients, since the discriminator
loss cannot completely fall to zero and, therefore, the training process does not stop.
In our GAN training, 5% of the labels are randomly flipped.

Mini-Batches
One general known DL approach to reduce mode collapse of a GAN model is to train
the models with mini-batches. The number of samples for one training and optimiza-
tion step is denoted as the mini-batch size (often in short only batch size). The concept
is that the gradients are calculated on multiple generated images during training, in-
stead of calculating the gradients with one image in isolation. Updating the gradients
based on the outputs of multiple images increases the variance of the gradients. This
can help to reduce mode collapse during training. A mathematical proof is provided
in Ref. [144]. Additionally, training with mini-batches creates a more robust training
convergence and makes the training computationally more efficient due to possible
parallelization.
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4.3 Variations of Generative Adversarial Networks

As previously explained, bringing GAN training to convergence remains a complex
task with many possible failure modes. In general, training the two GAN models is
computationally demanding and time-consuming. Furthermore, the sensitive hyper-
parameter selection process requires training the models multiple times to test various
configurations. All these reasons motivate the development of variations of the GAN
training process to overcome some of the before mentioned issues.

One frequently applied variation represents the Progressive GAN approach [145]. The
idea behind this is to grow the generator and discriminator networks progressively. In
the first training iterations, low resolution images are created with only a few pixels,
which are then made more and more detailed with an increasing number of pixels.
This results in a more stable training and allows to efficiently train the model for even
larger image sizes [145]. However, also the Progressive GAN implementation is non-
trivial. In a parallel work with collaborators from Intel, the Progressive GAN imple-
mentation failed for our use case. Potential problems are the extremely sparse shower
images combined with the enormous pixel energy range.

A second GAN variation are the Wasserstein GANs (WGANs). The WGAN approach
is intended to resolve the difficulties of instabilities, mode collapse and avoid van-
ishing gradients in the training and aims at faster convergence [146]. The WGAN
approach is in the scope of this thesis tested and, therefore, described in more detail in
the following. WGANs introduce an alternative measure of the distance between two
probability distributions, which is called Earth Mover distance or Wasserstein distance
W . The Earth Mover distance is defined by:

W (P1, P2) = inf
γ∈Π(P1,P2)

(E(x,y)∼γ[‖x− y‖]), (4.2)

where P1 and P2 represent two probability distributions for the true and fake data and
Π(P1, P2) corresponds to all joint distributions γ(x, y) [131]. In the initial WGAN
paper from Ref. [131], some exemplary distributions are provided which converge
under the Earth Mover distance but do not converge for other distance measures.

Because the initial suggested WGAN approach fails in some cases to converge, Ref.
[146] proposes to apply a gradient penalty to the discriminator to ensure smooth train-
ing. In the context of WGANs, the discriminator network is renamed in critic that
scores the realness of an image. Gradient penalty limits the L2 norm of the gradient of
the critic to at most 1 everywhere with respect to its input to stabilize training [146].
The L2 norm is calculated by applying the square root of the sum of the squared vec-
tors. The objective function for the WGAN loss from Ref. [146] is described as follows:
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(4.3)

There exist further extensions to the standard GAN approach. The first represent con-
ditional GANs (cGANs). In cGANs additional input parameters are provided to the
neural network to generate specific images or images from a distinct class. In our use
case, the GAN is conditioned by the input energy of the primary particle to gener-
ate shower images of the required particle energy levels. The second employed GAN
extensions are Auxiliary Classifier GANs (AC-GANs). They implement additional
losses to the True/Fake loss to improve the model convergence, which we also make
use of, as described later.

4.4 3D Convolutional Architectures

In general, in machine learning two types of neural network architectures exist, gen-
erative and discriminative models. Discriminative models predict the labels of a data
sample based on its initial distribution and are, therefore, applied in classification or
regression tasks. Generative models aim to learn the probability distribution from
a data set to generate new samples similar to the training distribution. The GAN
approach contains both architecture types. This section provides a baseline 3DGAN
model. Furthermore, the generator and discriminator neural network architectures
of the in this research developed Conv3D GAN model and their key features are ex-
plained. The application and evaluation of these models are provided in the following
chapter.

4.4.1 Baseline 3DGAN Model

The models developed in this research are compared to a baseline GAN model defined
in Ref. [78] for the same calorimeter simulation task and trained on the same data set.
The model is denoted as 3DGAN and introduced below. It is available on GitHub in
Ref. [130]. Its generator architecture is displayed in figure 4.3. The generator neu-
ral network consists of a simple forward architecture. Forward architecture denotes
that the information of each layer flows only to the subsequent one. The architecture
employs Conv3D layers for learning image correlations.
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Figure 4.3: The baseline 3DGAN generator neural network architecture from Ref. [78].

In discriminative neural networks, the information flow from the beginning to the
end of the network typically becomes reduced by compressing the information into
a lower dimension. For generative models, it is the opposite. A more compact rep-
resentation is upsampled through the network propagation to the final image size.
In our specific case, the output of the generator represents a 3D image with the di-
mension 25x25x25 pixels, the same dimension as the training images. The input into
the generator is random noise. It is implemented as a latent vector consisting of 200
random numbers drawn from a uniform distribution of the interval [0, 1]. Random
noise input is required to enable the GAN model to generate a broad variety of data
samples following the target distribution. If there were no noise input, the generator
would produce at each forward step exactly the same output. This is not appropriate
for calorimeter data, which is subject to statistical fluctuations. The generator must
also be able to generate different 3D calorimeter images according to the energy of the
incoming particle. Therefore, the generator is conditioned on the particle energy Ep.
Here, a special form of conditioning is chosen. The 200 dimensional latent vector is
multiplied by Ep, representing the only dependency of the generated images. After
placing a fully connected layer connecting each input node to each output node (de-
noted as Dense layer), the input is reshaped to a tensor with the dimensions 8x7x7x8.
This volume is the starting point for the upsampling process in the following layers.

Conv3D layers are embedded to learn the correlations and features within the images
and correctly reproducing them. For upsampling in image size, Upsampling layers
are included which simply multiply the input dimension by copying the input values
multiple times and do not involve any trainable parameters. Further, ZeroPadding
layers are operated to adopt the volume sizes. LeakyReLU layers are applied after
the standard convolutional layers, as indicated by the green bars in figure 4.4. Some
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LeakyReLU functions are followed by a BatchNorm layer (brown bar) to stabilize the
training. At the end of the neural network architecture, one standard ReLU layer (red
bar) is placed to cut-off potential negative output values and set them to zero. For the
GAN use case in this thesis, the output values of each pixel correspond to energies.
Negative measured energies are in calorimeters non-physical and have to be avoided.
After the GAN training is completed, the generated images from the generator should
follow the same distribution as the training images. Visually, the generated images
should look similar to the shower images from the training data set.

It can be noted that the 3DGAN model consists of merely four convolutional layers
containing trainable parameters. Furthermore, most of the parameters of the model
are concentrated in the first Dense layer (630k of 753k parameters ≈ 84%). How-
ever, as already explained before, for image processing, convolutional layers typically
tend to maintain a higher representational power while operating smaller numbers of
parameters [147]. Therefore, generally convolutional layers are the preferred layers
in image processing. A better usage of the trainable parameters would be operating
more convolutional layers and spreading the trainable parameters over the entire neu-
ral network depth. Based on the aforementioned aspects, an improved neural network
is introduced in the following subsection.

The discriminator is only required to train the generator. As the best trained generator
from Ref. [78] is used in the following, no discriminator and no further training are
required. Therefore, the discriminator of the 3DGAN model is not visualized. How-
ever, it is provided in Ref. [78]. The 3DGAN model is in the following chapter utilized
as baseline for the physics results comparison to the newly developed models.

4.4.2 The Conv3D Generator Architecture

The new developed more advanced Conv3D generator architecture is presented in
figure 4.4. Opposite to the 3DGAN model, Conv3D Transpose layers are placed
for upsampling the volume. Conv3D Transpose layers have trainable parameters
and perform an inverse convolution to increase the image size. The principle of
Conv3D Transpose layers is more complex and for example explained in Ref. [148].
However, it is not significant to understand the neural network architectures in this
thesis.

After each standard convolutional layer, a block of LeakyReLU, BatchNorm and
Dropout layers are applied, as indicated by the brown bars in figure 4.4. LeakyReLU
activation functions are applied to introduce non-linearity into the network. The
LeakyReLU function is followed by a BatchNorm layer to stabilize the training. Lastly,
a Dropout layer regularizes the training and reduces the possibility of overfitting.
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Figure 4.4: The Conv3D generator architecture.

A dropout rate of 20% is applied. This means that randomly 20% of the nodes are
turned off. Dropout is not only applied as a regularization technique during training,
also during interference it provides an additional source of randomness and helps to
avoid mode collapse [149]. Similarly as for the 3DGAN baseline model, at the end of
the neural network architecture, one standard ReLU layer is placed to cut-off potential
negative output values.

For comparison, the Conv3D model has nine convolutional layers and its parameters
are better distributed across the network. And, there are no dropout layers imple-
mented in the baseline 3DGAN model.

4.4.3 The Conv3D Discriminator Architecture

The corresponding Conv3D discriminator architecture is displayed in figure 4.5. The
inputs of the discriminator are either generated images (fake images) or images from
the training data set (true images). The discriminator outputs three values represent-
ing the loss values. During training, the parameters of the neural networks are op-
timized in order to minimize these three loss values. The losses are explained in the
following.

• The first loss term represents the typical GAN True/Fake probability LTF [14].
It predicts how likely it is that the input image represents a true image labeled
with 1, or contrary, how likely it is that the input image represents a fake image
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Figure 4.5: The Conv3D discriminator architecture.

labeled with 0. The True/Fake loss is calculated by the binary cross entropy
[150] after applying a sigmoid activation function (visualized in figure 3.15). The
equation of the binary cross entropy for the True/Fake loss LTF for N samples
is:

LTF =
1

N

N−1∑
i=0

−(li · log(pi) + (1− li) · log(1− pi). (4.4)

The parameter li corresponds to the label of the i-th sample, which is either 0 or
1, and pi corresponds to the probability output of the discriminator for the same
sample. The first term multiplied by li corresponds to the probability of class 1
and the second term with (1 − li) to the probability of class 0. During the dis-
criminator training, the True/Fake probability measures if the discriminator can
correctly distinguish between the true and fake images. If not, the parameters
of the discriminator are adapted accordingly. This is opposite in the generator
training, where the generated fake images are labeled as true images with label
1, to fool the discriminator. This configuration allows the generator network to
train its weights and generate images that are closer to the true images.

• The second loss term, the AUX loss (for AUXiliary) LAUX, gives the result of a
regression task operated to model the relation between the initial particle energy
Ep present in the image labels and the discriminator estimate EAUX from the
images employing a separate Dense layer. It is implemented as a Mean Absolute
Percentage Error (MAPE) [151]:

LAUX =
1

N

N−1∑
i=0

∣∣∣Epi − EAUXi

Epi

∣∣∣. (4.5)

This knowledge is then employed in training the generator to output images
containing the correct amount of energy. Further, during training, the AUX loss
value represents an additional measure of how good the training is.

• The third discriminator output comes from an additional layer, called lambda
layer, a custom created layer, calculating the sum over the pixels of the input
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image. This corresponds to the total energy Eλ contained in the discriminator
input image. The loss is denoted Lambda loss LEλ and evaluates if the energy
of the generated image Eλ agrees to the expectation from the label Esum. The
loss is calculated by the MAPE likewise:

LEλ =
1

N

N−1∑
i=0

∣∣∣Esumi − Eλi
Esumi

∣∣∣. (4.6)

As displayed in the discriminator architecture figure 4.5, LEλ does not depend
on the discriminator network, because it is directly computed from the input
image, and no parameterized discriminator layers are involved. Therefore, it
only influences the training of the generator network and not the discriminator
training.

In addition to the True/Fake loss, the two lossesLAUX andEλ are supporting the GAN
to converge faster with fewer oscillations during training, and to achieve better results.
Auxiliary losses are an established technique in training deep neural networks. Pri-
marily, they are powerful at the beginning of the training, where the network outputs
are purely random. Furthermore, auxiliary losses remain a reliable measure to evalu-
ate the GAN performance during training in more detail.

The total loss Ltotal of the discriminator is calculated by multiplying each of the three
losses with an individual scalar weightw as hyperparameter and summing them up:

Ltotal = wTF · LTF + wAUX · LAUX + wEλ · LEλ . (4.7)

The best loss weights wi were determined to be:

• wTF = 6.0

• wAUX = 0.2

• wEλ = 0.1

The discriminator network contains no Conv3D Transpose layers because in the dis-
criminator the volume size is not increased. On the contrary, the size of the volume
is shrunk down during the network by employing Valid padding. The 3D volume at
the end of the discriminator becomes then stacked to a 1D vector by a flattening oper-
ation, followed by one Dense layer. Last, two separated Dense layers are applied for
calculating the True/Fake loss and the AUX loss, respectively. As already indicated,
the Eλ loss is directly calculated by summing-up the pixel values of the input image.
The outputs of the discriminator network are then the three scalar loss values.
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4.5 Wasserstein Generative Adversarial Networks

The WGAN approach with the gradient penalty is applied to the Conv3D calorimeter
GAN model. The generator and the discriminator losses of the training, as well as the
gradient penalty, are displayed in figure 4.6. It can be seen that after the convergence
in epoch 41, the losses diverge again during the training in the following epochs. One
epoch comprises the training over the entire training data set. However, exactly this
divergence should be prevented by the WGAN approach. The loss at epoch 41 in the
plot is visually close to zero. However, regarding the total loss values on the y-axis,
they remain still orders of magnitude too high. Plus, the generated images perform
poorly (not visualized). Therefore, the WGAN model does not achieve satisfactory
results.

Figure 4.6: The generator and critic losses of the training (Train) and validation (Val)
data and the gradient penalty during the WGAN training. The WGAN losses are
determined by equation 4.2.

Although many modification and optimization attempts, the WGAN model could not
be trained to achieve good results. Maybe the problem lies in the utilized calorimeter
images, which are very sparse, or because of the large order of magnitude spanned
by the pixel entries. In multiple subsequent internal researches, the WGAN approach
was tested for the calorimeter use case, however, never successful. Therefore, the
WGAN approach is discarded in this thesis. Nevertheless, the gained knowledge
about WGANs might be beneficial at later stages for the quantum GAN researches.
Before coming to that, in the following chapters, it is focused on the standard GAN
approach.



69

Chapter 5

Transition from Convolutional 3D
to faster 2D Networks

State-of-the-art image applications in computer vision utilize Conv3D layers for rep-
resenting 3D volumes or images. Likewise, for three-dimensional calorimeter simula-
tions Conv3D layers were operated in earlier researches, as discussed in the previous
chapter. However, Conv3D layers have weaknesses. For example, they are computa-
tionally demanding and not (yet) implemented in some DL frameworks. Therefore,
neural network architectures with Conv2D layers should be employed to overcome
these problems. However, Conv2D layers are naturally unable to correctly process
3D images, as described in section 3.3. Within this thesis, smart architectures are de-
veloped to successfully handle 3D images by employing only 2D operations. This
represents a completely novel and innovative approach.

This chapter describes the research results of Conv2D neural network architectures,
with the goal of speeding-up the simulations and lowering the amount of memory
while maintaining the best possible physics accuracy. The chapter is structured as fol-
lows. It starts with a detailed motivation for transitioning from Conv3D to Conv2D
layers. This is followed by a brief literature assessment of associated approaches repre-
senting 3D images with only 2D operations. Next, the novel developed Conv2D archi-
tectures are introduced. Subsequently, the networks are evaluated for the calorimeter
GAN use case. Both the computational improvements and the physics accuracy of
the generated images are evaluated in training and inference. The physics validation
remains a crucial topic for alternative calorimeter simulations, and therefore, many
detailed physics metrics are provided. The chapter concludes with a discussion and
possible plans for improving the model in future work. Parts of the content of this
chapter, including the Conv2D architectures, as developed for the purpose of this the-
sis, are published as peer-reviewed papers in Ref. [152], Ref. [153] and Ref. [154].
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5.1 Motivation for Alternative 2D Architectures

While achieving an enhanced level of accuracy, Conv3D layers require significant
amounts of computational resources because of their 3D matrix operations. The sig-
nificant hardware resources demand is even more limiting for GAN models, where
two networks are simultaneously trained. Additionally, hardware limitations can
constrain the selection of the hyperparameters of the models. For example, Conv3D
layers in large CNNs require substantial amounts of memory. If the model memory
is too large for the operated hardware, the batch size has to be reduced. This can
negatively influence the training result. Additionally, to accommodate considerable
training times, higher learning rates must be chosen which can, likewise, decrease the
accuracy. Even more important, ultimately, the size and resolution of the generated
images is constrained [152]. In contrast, due to the missing third dimension, Conv2D
layers require significantly less computational effort.

As reported previously, Conv3D layers are in the DL frameworks often not as good
optimized as Conv2D layers in terms of internal calculations and hardware allocation.
The reason for this could be that Conv2D layers represent one of the most fundamental
layers applied in neural networks and are, therefore, among the first implemented
and best optimized ones. On the contrary, Conv3D layers are not yet as frequently
employed in applications and only implemented at later stages of DL frameworks
and possibly less optimized. This can cause longer simulation times and considerably
larger hardware resource requirements.

An initial internal analysis with a primitive Conv2D network architecture was carried
out in Ref. [155]. It demonstrated that Conv2D networks possess an enormous poten-
tial for speeding-up the simulation time by orders of magnitude compared to Conv3D
layers for the calorimeter GAN simulations. However, this speed-up came with the
negative effect of a strongly decreased physics accuracy. Nevertheless, the possible
immense speed-up motivated further research on smarter and more complex neural
network architectures which can maintain the accuracy while reducing the simulation
time.

Another motivation for Conv2D primitives comes from the practical side. As ex-
plained before, Conv2D layers are among the first components to be implemented
in any novel DL tool developed by the community. For example, in most reduced pre-
cision quantization tools, Conv2D layers are present, oppositely, Conv3D layers are
not. In a later chapter of this thesis, studies about quantizing the network parameters
to a lower precision format are performed to further speed-up simulation time and
reduce memory occupancy (chapter 6). At the time when the reduced precision study
was carried out, no quantization tool supported Conv3D nor Conv3D Transpose lay-
ers. However, the respective Conv2D layers are supported. Therefore, to be able to
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perform the reduced precision study, it is required to create a compatible network ar-
chitecture. Not only reduced precision computing frameworks lack Conv3D layers.
At earlier stages of this research, it was often tried to test new DL tools or frameworks
and to assess them. But the Conv3D layers were repeatedly not supported and made
these tests impossible.

5.2 Related Work: 2D Networks for 3D Images

The employment of Conv2D layers to combat three-dimensional image problems is
limited. In Ref. [156], 3D image classification is achieved by building three two-
dimensional slices along the three canonical axes. These three independent 2D image
slices are classified by a neural network. Ref. [157] expanded this method by stacking
a set of Conv2D layers along the x-, y- and z- axes, thus rebuilding a 3D image from
the initial set of 2D image slices. This approach resulted in memory efficient execution
and almost state-of-the-art accuracy with respect to Conv3D-based classification.

Within the field of HEP simulations, Ref. [158] proposed a network consisting of
Conv2D layers to generate the 3D volume of a calorimeter: a 3D 12x5x7 image is gen-
erated by stacking twelve 2D 15x7 images together. This model yields accurate physics
results and an impressive 6 660x speed-up with respect to standard Monte Carlo tech-
niques, running on an NVIDIA GTX 1080 card. The results of the in this thesis newly
developed models are compared to the architecture presented in Ref. [158].

5.3 Novel 2D Convolutional Neural Network Architectures

In this section, new Conv2D architectures for reducing the simulation times and mem-
ory occupation are introduced and explained. The transition to Conv2D layers, where
only two-dimensional operations are involved to generate 3D images, remains a chal-
lenging task. Creating adequate Conv2D architectures is extremely complex and dif-
ficult. The following description starts with the first naive approach and finishes with
three successful network architectures.

5.3.1 Naive Approach: Channel Dimension as 3rd Image Dimension

The first introduced neural network architecture is derived from the simplest possibil-
ity for operating Conv2D layers to obtain 3D images. It divides the three-dimensional
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image volume into 2D slices, where each slice is put in one channel of the Con2D layer.
More detailed, the calorimeter shower images have the three dimensions 25x25x25
and are cut into 25 two-dimensional images along the z-axis with the dimensions
25x25. As explained in section 3.3, Conv2D layers can only learn interactions between
the image pixels within one channel. That means, for the naive network, only correla-
tions within the two image dimensions x and y can be learned and the correlations be-
tween the image z dimension cannot. As expected, the physics accuracy of this model
is low, confirming the indication of the previous research in Ref. [155]. Increasing the
number of parameters, which means including many more layers and increasing the
kernel size, does not improve the accuracy significantly.

Therefore, more innovative and smarter concepts for the network architecture must
be invented to allow the network to learn the correlations within all three image di-
mensions. In the following subsections, three more or less extreme configurations for
neuronal networks with Conv2D layers are introduced, to determine the best option.
Essentially, all network architectures maintain some transposing operations in which
the 3D volume is rotated between the convolutional operations. The models differ for
example in the number of branches for the image generation. The first model employs
three branches, the second model 25 branches and the third only one single branch
and is considerably deeper than the other networks.

5.3.2 Generator 1: The Three Branches Architecture

The first successful Conv2D architecture for 3D image generation is named G1. It is
visualized in figure 5.1. The 200 dimensional latent input is mapped by a Dense layer
to a 125 component vector, which is reshaped to a 3D 5x5x5 volume. This volume is
copied three times and transposed such that each copy is oriented along a different
coordinate axis. This is illustrated in figure 5.1 with different colors (orange, blue and
green) for the planes of the 3D volume. Each of the branches is focused to learn the
image correlations between two dimensions, while operating the third dimension as
the channels.

Subsequently, in each branch, the volume is upsampled inside the convolutional block
by Conv2D Transpose layers and processed by some Conv2D layers. Upsampling
means that the volume is increased in size to attain at the end of the branches the
size of 25x25x25 pixels. Within each of the convolutional blocks of the three branches,
the correlations of the local x- and y-axis are learned, but not within the local z-axis.
At the end of the branches, the three volumes are transposed back into the initial
orientation and concatenated to a shape of 75x25x25 pixels. An additional Conv2D
layer is placed in order to obtain the desired image dimensions of 25x25x25 pixels. As
last layer, one ReLU layer cuts-off potential non-physically negative values.
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Figure 5.1: The G1 generator: three branches architecture. Each of the brown blocks in
the convolutional block comprises a LeakyReLU, a BatchNorm and a Dropout layer.

Later, in the model evaluation section 5.5, it will be proven that with the three-
branches and the concatenation, the G1 neural network architecture is able to suc-
cessfully generate 3D images with only 2D layers. Within each of the branches, the
correlations of two different spatial image dimensions are learned. Merging them
together allows the network to learn the correlations of all three spatial image di-
mensions. The convolutional block of each branch consists of nine convolutional lay-
ers (seven Conv2D layers and two Conv2D Transpose layers for upsampling). The
configurations of the Conv2D layers are provided in figure 5.1. Each Conv2D layer
is followed by a LeakyReLU, BatchNorm and Dropout layer, except the last Conv2D
layer after the concatenation.

The Three Branches Discriminator Architecture
The corresponding discriminator architecture utilizes the same three branches ap-
proach and is illustrated in figure 5.2. The core of the discriminator neural network ar-
chitecture looks similar to the G1 architecture, it maintains three branches with trans-
posing operations and convolutional blocks. The transposing within the three network
branches allows evaluating the image correlations along all three canonical axes. The
discriminator outputs are the same as in the Conv3D architecture from section 4.4.3.
The convolutional block of the discriminator consists of six Conv2D layers and no trans-
pose layers. The power of the discriminator, regarding the number of convolutional
layers and the number of parameters, is chosen to match the power of the genera-
tor, and therefore, it does not out- or under-perform the generator architecture during
training.

This three branches discriminator architecture is operated for the training of all three
Conv2D generator architectures developed in this section. The reason for this is that
in GAN training the generator and the discriminator network need to maintain the
appropriate ratio of representational power (defined by number of layers, number of
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Figure 5.2: The discriminator following the G1 architecture.

parameters, ...) in order to reach convergence during training. All newly created gen-
erator architectures are required to demonstrate the same or similar representational
power to make the architectures comparable. This can be achieved by optimizing the
generator architectures in training with the same discriminator architecture. Because
the generator and the discriminator are two separate networks, the network topology
of one does not influence the other one. That implies that although the G1 generator
shares the same three branches network approach as the discriminator, it has no ad-
vantage over the other – in the following introduced – generator networks. Later in
this thesis, it will be demonstrated that the G1 architecture achieves the best physics
accuracy and additionally the best speed-up and memory occupation of the newly
developed Conv2D network architectures. Therefore, the general discriminator archi-
tecture is chosen to follow the G1 architecture.

5.3.3 Generator 2: The 25 Branches Architecture

The second generator architecture (G2) follows the structure outlined in another re-
search project from Ref. [77], as described in section 5.2. The network architecture
is modified to generate images with the desired dimension for our use case, but the
principle remains the same. The G2 network consists of 25 branches, one for each of
the 25 layers along the z-axis. Each separate branch creates a two-dimensional image
with a 25x25 shape. Afterwards, the 25 2D images are stacked together to rebuild the
3D 25x25x25 volume. Finally, two other Conv2D layers are placed. The G2 generator
is presented in figure 5.3.

The G2 generator has the disadvantage that, like the naive approach, it enables little
interaction between the layers of the third image dimension. Furthermore, it consists
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Figure 5.3: The G2 generator: 25 branches architecture.

of 25 branches which contain a convolutional block with seven convolutional layers
each. That means, it consists of many convolutional layers (7 · 25 + 2, the +2 for
the second convolutional block). It should be highlighted that the convolutional lay-
ers within each of the 25 branches contain their own trainable parameters, which are
not ”shared” between the branches. The advantage of the G2 generator is that the
architecture is more straight forward and easier to implement, compared to the G1
architecture with the transposing operations. Moreover, in theory, the 25 branches can
theoretically be computed in parallel instead of sequential, which could promote some
computational advantage.

5.3.4 Generator 3: The Single Branch Architecture

The third G3 generator architecture represents a considerably deeper network with-
out branches. It alternates Conv2D layers to transpositions along the three axes in
such a way that each axis is represented once in the channel dimension of the con-
volutional layer. In order to improve convergence in the training, it employs skip
connections across the layers, as illustrated in figure 5.4. Skip connections are proven
to help model convergence for extremely deep neural networks [159]. The advantage
of the G3 architecture is that there are no concatenations of various branches, which
means that the correlations to the neighbor pixels of all three spatial image dimensions
are learned within one branch. The disadvantage is given by its depth, for which the
training process requires a significant larger number of epochs before reaching con-
vergence. Furthermore, the deeper the network, the more difficult it is to accomplish
good accuracies in the training.

In the following, the three generator architectures are compared to each other and to
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Figure 5.4: The G3 generator: single branch architecture with three skip connections.

the baseline 3DGAN network. Table 5.1 summarizes the total number of parameters
for the generator architectures: the initial 3DGAN network has barely half the number
of parameters and an extremely limited number of convolutional layers, compared to
the newly developed Conv2D architectures. The new Conv3D model developed in
this thesis contains slightly more parameters than the baseline 3DGAN model, and
also more than double as many convolutional layers which perform superior to Dense
layers in image tasks, as described in section 3.3.

Table 5.1: Summary of the number of parameters and the number of convolutional
layers for each in this thesis used generator model.

Model Parameters Conv Layers

3DGAN (baseline) 752 981 4
Conv3D 965 169 9

Conv2D G1 (3-branches) 2 055 324 9 · 3 + 1 = 28
Conv2D G2 (25-branches) 2 131 000 7 · 25 + 2 = 177

Conv2D G3 (1-branch) 2 397 022 25

The Conv2D generator architectures contain all more than 2M parameters. The G3
generator consists of the lowest number of convolutional layers, directly followed by
the G1 architecture. The G2 generator uses many more convolutional layers than the
others. Although the Conv2D models include more parameters than the 3DGAN ar-
chitecture, they are expected to decrease the computation time because the Conv2D
layers require less computational resources compared to the Conv3D layers. In the
following sections, a comprehensive evaluation of the training and inference of the
models is provided.
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5.4 Training Evaluation

The evaluation of DL models can be split into two parts. The first part represents the
training from a random parameter initialization until a satisfying accuracy is reached.
The second part represents the application of the trained model for which it was de-
veloped, denoted as inference. Of those two, the inference process is more important
for the later application. Inference is repeated several times and a reasonable accuracy,
low inference computing times and low hardware resource consumption are impor-
tant. On the other side, the training is run once on large clusters without hardware
constraints. However, for the complicated GAN use case in this study, the training is
executed multiple times with different hyperparameters to test which configuration
performs best. Furthermore, in the development process of the Conv2D networks, the
training is repeated multiple times to find proper network architectures, where none
of the GAN models is outperforming the other. For the calorimeter simulation HEP
use case, the training performance is even more important than for other use cases.
Because in the future, it is planned to employ the GAN models to validate newly
developed high granularity calorimeter designs for the LHC upgrades or future col-
liders. For testing new calorimeter designs, it is crucial to enable reasonable training
times such that tests can be performed quickly, leading to a more rapid development
process of calorimeters. And in most cases, the more training trials can be carried out
in a short time, the larger the chance to find the best network architectures as well
as most suitable best calorimeter designs. Therefore, both the training and inference
remain crucial and must be studied precisely. Here it is started with evaluating the
training process.

DL training is a complex and tedious iterative process to achieve a satisfactory accu-
racy level. The DL training contains numerous parameters which have to be chosen
at the beginning of the training and influence the training process significantly. These
parameters are denoted as hyperparameters. Depending on the use case, there can be
numerous hyperparameters. Examples are the learning rate in the training and the
neural network architecture (design, type and number of layers, number of parame-
ters). Due to the considerable complexity of the models, it is impossible to theoretically
determine the perfect parameters before training. Therefore, the models and hyper-
parameters are generally optimized with multiple training runs (called trials) with the
trial and error method. For example, test a more significant number of parameters
in the neural network architecture and measure if the accuracy increases. Moreover,
most of the hyperparameters are related to each other. That means, if for example
the neural network size increases, also the learning rate must be adopted, resulting in
a change of other parameters. Therefore, an iterative parameter optimization, where
only one parameter is optimized at a time, is not appropriate. This makes DL training
to a complex task, where expertise and imagination of the correlations in the network
are necessary. Particularly, it is a delicate process when it comes to GAN training with
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two competing neural networks. For GANs, the first complex task is to find a config-
uration in which the training converges at all and the generator produces reasonable
results before starting with the fine-tuning.

It is common to use specialized tools to perform an automated hyperparameter search.
The simplest approach is a grid search where all parameters are scanned systemati-
cally with a predefined step size within given limits. When the number of parameters
becomes large, the simple grid search rapidly becomes too hardware costly, as it re-
quires many trials for finding good hyperparameters. Often a random search is more
effective in this case, but there also a variety of refined algorithms that try to adapt
to the problem [160]. A typical approach is to formulate the parameter search as a
Bayesian optimization [161] problem, but also evolutionary algorithms [162] are used.

Here, first a coarse grid search is used, which is then refined with a Bayesian algo-
rithm. For this, the open-source hyperparameter search tool Optuna [163] is used
which allows parallel multi-GPU training. The primary optimized hyperparameters
are the neural network architecture, learning rate, learning rate decay and the three
discriminator loss weights discussed in section 5.3. The learning rate lr for the indi-
vidual training epochs t is the initial learning rate lr0 multiplied by an exponential
decay with the learning rate decay constant lrdec:

lr(t) = lr0 · e−lrdec·t . (5.1)

For the highly statistical GAN training, which includes a lot of randomness, it is not
ensured that hyperparameters reach equally good results in each trial. Therefore, mul-
tiple repetitions are carried out with the same hyperparameter configuration.

The GAN model in this research is more stable and converges faster when differ-
ent learning rates for discriminator and generator network are utilized. As a rule of
thumb, it is observed that the ratio of the discriminator learning rate compared to the
generator learning rate should be roughly the same ratio as the number of trainable
parameters in the discriminator network #p

d compared to the number of parameters
in the generator network #p

g , what is for our GAN models approximately 1/3:

#p
d

#p
g
≈
lrd

lrg
≈

1

3
. (5.2)

The learning rate employed in the Optuna optimization represents the generator
learning rate lr = lrg. The corresponding discriminator learning rate lrd can be
calculated by lrd = 1/3 · lr. This reduces the number of hyperparameters and with
this the number of search trials, leading to a decrease of the hardware requirements in
training.

The best hyperparameters for each model are listed in the appendix A.1. In the follow-
ing, the training behavior of the three Conv2D networks is evaluated. All subsequent
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tests are executed in the Python version 3.6.8 and TensorFlow version 2.2.0.

5.4.1 Dying ReLU Problem in Training

All the introduced generator architectures consist primarily of LeakyReLU layers used
as activation functions within the networks. Only for the last layer at the end of the
generator network, one standard ReLU layer is operated. It cuts-off all negative values
and allows the generator to output only positive pixel values. Shower images can only
contain positive energy depositions, negative energy depositions are nonphysical and
must be avoided. In the following, it will be explained why the important ReLU layer
causes difficulties in the GAN training.

ReLU layers output the value zero for negative input values. This can cause problems
when many network outputs are negative, because then, most of the outputs of the
following ReLU layer are zero. This leads to inactive or ”dead” parts in the network
where a broad range of values remain zero. When many neurons output zero, the gra-
dient flow during backpropagation loses its meaning and the weights do not become
updated. This part of the network becomes then inactive and does not learn further.
Therefore, it is stuck unrecoverable, or ”dead.” In particular in deep neural networks
with many trainable parameters, this frequently leads to completely dying networks
[164].

This problem equally appears in the training of our GAN models. With tracking some
parameters of the generator neural network, it can be observed that during training
more and more parameters change to zero, until the comprehensive network ”dies”
after a few iterations. Often, the so-called dying ReLU problem can be solved by de-
creasing the learning rates, eliminating negative bias, applying different weight initial-
ization methods or testing different optimizers. All these techniques were extensively
examined for our model, without success. Therefore, the last chance to overcome the
dying ReLU problem is to replace the ReLU activation function with a more gentle
LeakyReLU activation function, which occupies a small negative slope for negative
input values instead of zero outputs, as demonstrated in figure 3.15. Because of this
small slope, the outputs of the LeakyReLU function cannot become zero and the dying
ReLU problem can be avoided. However, as explained before, the ReLU layer at the
end of the generator network is important for physics accuracy reasons.

A very elegant solution to overcome the dying ReLU problem is explained in the sub-
sequent. The network is trained for the first few epochs with only LeakyReLU acti-
vation functions. Later, when the model already learned some correlations, the last
LeakyReLU layer is replaced by a standard ReLU layer and the training continued
until convergence is reached. With this, it is possible to train the network successfully
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without encountering the dying ReLU problem. Due to trial and error, it revealed that
the ReLU function can already be implemented after two epochs of training. There-
fore, as from the third epoch onwards, the model contains the standard ReLU function
as a last layer. This approach is employed in the training of all architectures. A possi-
ble reason why our GAN use case struggles with the dying ReLU problem might lie
in the employed sparse image data.

5.4.2 The Training Loss Evolution

For evaluating the training, the new Conv2D models are compared with the Conv3D
model developed in this thesis. The 3DGAN model is only employed in the inference
evaluation in the next subsection because the best trained weights from Ref. [78] are
used. Therefore, no training is carried out with the 3DGAN model. In figure 5.5, the
total weighted training loss from equation 4.7 for the various models is visualized.
Weighted means that the individual losses are multiplied by its loss weights. The
losses are computed during the training with the validation data set.
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Figure 5.5: Total weighted training loss calculated with validation data as a function
of the number of epochs for the different models: Conv3D, G1, G2 and G3.

In figure 5.5, it can be noted that the G1 architecture converges fastest and reaches a
low and stable loss value already after around six epochs. The G2 takes a few more
epochs, Only around epoch 14 the training remains stable. The Conv3D model takes
approximately a similar number of epochs as the G2 architecture to converge in train-
ing. However, the loss of the G2 model remains worse than the G1 and Conv3D model.
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The training for all networks is run for at least 25 epochs. The G3 training is more un-
stable due to its deeper neural network. After very high loss values up to a loss value
of 35, it takes around 35 epochs until it converges to a stable loss (not shown). The
loss values of all models for the last epoch are provided in the appendix in table A.2.
The plot shows the results of the best trial and, therefore, no statistical errors are pro-
vided. The errors between multiple training trials would be potentially as large as the
fluctuations.

The losses of the various models can be analyzed in more detail by observing the
contributions of the single loss terms. The True/Fake losses for the various models
are provided in figure 5.6. They display a similar behavior as the total losses. The
G1 architecture converges fastest, followed by the Conv3D architecture and the G2
architecture, which perform well. Once more, the G3 architecture takes more epochs
to converge. The losses are plotted unweighted to be able to compare them.
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Figure 5.6: Unweighted True/Fake training losses as a function of the number of
epochs for the different models: Conv3D, G1, G2 and G3.

The AUX losses are provided in figure 5.7 and the Lambda losses in figure 5.8. With
respect to all loss plots, consistently the G1 architecture is converging fastest, followed
by the Conv3D and G2 architecture. The G3 architecture takes longest to converge. As
in the loss plots only the losses of the best trials are shown, no errors are provided.

Training Time
For calculating which of the models has the lowest training time, not only the number
of epochs, is of interest. Furthermore, the computing times per epoch must be taken
into account, which are provided in table 5.3. It can be noted that the G1 architecture
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Figure 5.7: Unweighted AUX training losses as a function of the number of epochs for
the different models: Conv3D, G1, G2 and G3.
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Figure 5.8: Unweighted Lambda training losses as a function of the number of epochs
for the different models: Conv3D, G1, G2 and G3.

performs best in terms of computing time, with merely 40 minutes for training one
epoch. This is a factor of 6.5x faster than the Conv3D model, which takes 258 minutes
for one epoch. The G2 and Conv3D model converge fast in terms of losses, but their
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training times per epoch remain the highest. The G2 model requires 71 minutes and
the Conv3D model 258 minutes. The G3 model requires the largest number of epochs
to converge, but its training time per epoch is with 47 minutes considerably low. With
a speed-up of up to a factor 6.5x, the new Conv2D architectures clearly outperforms
the Conv3D model in the training time per epoch. Since the best trained 3DGAN
model from Ref. [78] is used for the inference evaluation, no training was performed
for this model.

Table 5.2: Average training times per epoch over the full training for the various mod-
els on an Nvidia Tesla T4 GPU, and the corresponding speed-up compared to the
Conv3D architecture.

Model Training Time [min] Speed-Up

Conv3D 258± 5 1.0x
G1 3-branches 40± 1 6.5x
G2 25-branches 71± 2 3.6x
G3 1-branches 47± 1 5.5x

All in all, taking into account the training time per epoch and the required number
of epochs the models take to converge, the Conv2D G1 architecture clearly performs
best. Its training is the most stable, its losses converged fastest and, moreover, it has
the lowest training time per epoch. This confirms, from the training side, that a change
from Conv3D to Conv2D models comes with considerable computational benefits.
Furthermore, a more stable training reduces the number of training trials needed to
find the hyperparameters that achieve a model with reasonable accuracy.

5.5 Inference Evaluation

In the following, the performance during inference is evaluated. Inference is the pro-
cess of using a trained neural network for the specific task. In the case of the GAN
model studied here, inference means generating shower images at the given input
energies Ep. During inference, only the generator part of the model is used and the
discriminator network can be discarded. The goal is to use as few computational re-
sources as possible while maintaining the best accuracy of the generated showers. For
this purpose, multiple evaluation metrics are presented and discussed that allow to
quantify the performance of the model with respect to computational requirements
and the accuracy of the shower physics.
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5.5.1 Computational Evaluation

The baseline, to which the GAN models are compared is given by the detailed Geant4
simulation. The average time for generating one shower image with Geant4 was in
Ref. [165] (in 2018) determined to 17 s on an Intel Xeon processor. This value is re-
ferred to when the speed-ups for the GAN models are calculated. Further, the models
are compared to the 3DGAN baseline model introduced in section 4.4.1. The further
models under study are the three new developed Conv2D models (G1, G2 and G3)
and the Conv3D model developed in this thesis (section 4.4.2).

In practice, the computational throughput depends on the model architecture and the
hardware device on which it is executed. As hardware, an Nvidia Tesla T4 GPU is em-
ployed with TensorFlow version 2.2.0 and a batch size of 128. In order to measure the
inference time, an initial set of 20 warm-up batches are executed and then 100 infer-
ence steps, including 20 batches for each of the measurements. Warm-up batches are
employed to initialize and allocate the the GPU memory [166]. Table 5.3 summarizes
the inference results for the models. Also, the GPU utilization is provided, which is a
measure of GPU usage. Nvidia defines it as the ”percent of time over the past sample
period during which one or more kernels was executing on the GPU” [167].

Table 5.3: Summary of the number of parameters and the number of convolutional
layers (Conv) for each generator model. Additionally, the inference times of the mod-
els on GPU and their speed-ups versus the 3DGAN network are provided. The last
row presents the average GPU utilization during inference.

Model Parameters Conv Inference Time Speed-up Utilization

3DGAN 752k 4 7.00 s 1.00x 78.8 %
Conv3D 965k 9 16.86 s 0.41x 98.1 %

G1 (3-branches) 2 052k 28 4.91 s 1.29x 21.7 %
G2 (25-branches) 2 131k 177 17.48 s 0.40x 21.8 %
G3 (1-branches) 2 397k 25 6.21 s 1.13x 32.9 %

The values for the inference times in table 5.3 clearly demonstrate that the G1 (3
branches) architecture is the fastest with the lowest inference time. Therefore, it pro-
vides the highest speed-up (factor of 1.29x), despite it has more than twice as many
parameters as the 3DGAN and Conv3D model. Furthermore, the Conv2D G1 architec-
ture has a considerably lower GPU utilization compared to the 3DGAN model (factor
of 3.6x). The hardware utilization represents an essential aspect. With fully utilizing
the hardware, the inference time could be further decreased, as demonstrated later.

The G2 model exhibits an even higher inference time than the Conv3D model, po-
tentially caused by the larger number of convolutional layers. This is in contrast to
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what is expected. While designing the model, it was expected that because of the
large number of branches, a lot of operations can be calculated in parallel to accel-
erate the computations. Apparently, this is not the case since the GPU utilization of
21.8% is considerably low, similar to the value of the G1 model. The G3 model has
a marginally higher inference time than the Conv3D model and is 1.13x faster than
the 3DGAN model. Additionally, it has a considerably lower GPU utilization than the
3DGAN model, but a larger one than the G1 model. Summarizing the computational
results so far, similar as for training, the G1 architecture performs in all aspects best.
Therefore, the potential of the Conv2D G1 model is in the following further investi-
gated.

In a subsequent test, it is aimed to make full use of the GPU for the G1 model, in-
stead of only utilizing 21.7% , as provided in table 5.3. In order to increase the GPU
utilization, more data must be simulated in parallel. This can be done on GPU by
simply increasing the batch size when running the inference. The Conv2D G1 model
inference is run with different batch sizes, as illustrated in figure 5.9.

Figure 5.9: Comparison of the number of generated showers per second and the GPU
utilization for different batch sizes of the Conv2D G1 model on the Nvidia Tesla T4
GPU.

It can be observed, the GPU utilization and the number of generated showers per
second increase approximately linearly from a batch size of 64 upwards to 2 048. At
the batch size of 2 048 the GPU is almost completely utilized, and on average 9 347
showers per second are generated. When increasing the batch size further, the GPU
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gets oversubscribed and the number of generated showers per second drops down.
Therefore, the best inference results are achieved with a batch size of 2 048 where 9 347
showers are generated by an almost full GPU utilization of 98.5%. When this number
is compared to the 17 s for generating one shower with Geant4, the G1 model reaches
a tremendous 158 000x speed-up. The error bars at the showers per second measure-
ment points are small and indicate robust inference times.

The same inference test with different batch sizes is performed for the Conv3D model
developed in this thesis. The results are presented in figure 5.10. As it can be noted,
the Conv3D model utilizes the complete GPU already with a batch size of one. But
for rising batch sizes, the number of showers per second increases until it achieves a
maximum of 1 379 showers per second with a batch size of 1 024. With larger batch
sizes, the number of showers per second decreases. When comparing the generated
showers per second of the best Conv3D configuration to the best configuration of the
Conv2D G1 model, the Conv2D G1 model is 9 347/1 379 = 6.78x faster in inference.
However, equally, the Conv3D model reaches a significant speed-up of 23 239x with
the fastest configuration compared to Geant4. The reason why the GPU is already
fully utilized for a batch size of one is unknown. Presumably, this is connected to the
reason that the Conv3D layers are not perfectly optimized for GPU usage.

Figure 5.10: Comparison of the number of generated showers per second and GPU
utilization for different batch sizes of the Conv3D model.
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The 17s simulation time of Geant4 for creating one shower image measured in the
previous test in Ref. [165] was measured in 2018 on, at that time, modern hardware.
However, the hardware technology evolved and improved and, therefore, this num-
ber is outdated and will most probably be lower on current hardware. Additionally,
development work is ongoing for increasing the Geant4 hardware performance by em-
ploying parallelization and vectorization techniques. It is also investigated, if running
on GPUs instead of CPUs comes with advantages. However, the Geant4 developers
expect these improvements to obtain a maximal speed-up of a factor five [7]. Even
with the potential factor five improvement of Geant4, the GAN simulations remain
orders of magnitude faster.

5.5.2 Physics Accuracy Evaluation

In this subsection, the physical accuracy of the new Conv2D and Conv3D models is
evaluated in comparison to the previous 3DGAN model and Monte Carlo simulation.
In general, accuracy evaluation of generative models for image generation remains a
challenging task. For humans, it is straightforward to evaluate if images look reason-
able or not. For computers, this is non-trivial. Depending on the specific applications,
several methods have been proposed [168]. Because our use case is an image genera-
tion task, most of the validation metrics presented in this study remain visual.

For evaluating the physics behind the generated shower images, the energy distribu-
tions across the calorimeter volume are studied, focusing on specific quantities typ-
ically used to characterize calorimeter properties. Most of the provided validation
approaches in this thesis represent already known metrics in the HEP community.
However, some metrics are slightly adapted or have been newly developed for this
research. The following provides an evaluation, in which the generated images of the
GAN models are compared to the ones of Geant4. Since there is no general agreement
on which physics metrics are the best for calorimeter simulations, all possible metrics
are evaluated. However, all metrics examine different aspects of the shower images,
which makes them all important.

1. Mean Squared Error Performance Measure

In order to enable the quantification of the agreement of the GAN models with Geant4,
a single number is desirable. The same metric will be used throughout this thesis.
It is calculated by building three two-dimensional projections of the particle shower
distributions along the canonical axes x, y and z, respectively. For the calorimeter
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data samples as described in section 2.4, the average energy in cell ijk is defined by:

nijk =
1

Ntot

∑
l

elijk, (5.3)

where l iterates over the number of samplesNtot and elijk is the energy of a single hit
in a single cell. In the sums, i iterates over the pixels in the shower x-dimension, j
in the y-dimension and k in the z-dimension. With this, the three projections can be
calculated with:
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The projections correspond to the mean over the cells of the other two axes. Therefore,
N corresponds to the number of cells in the two respective dimensions over which the
average is calculated. All axes have the dimension of 25 and, therefore: N = 25 · 25.
With this, the Mean Squared Error (MSE) performance measure is calculated by:
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The MSEp value is averaged over 20 000 samples. For the GAN models, images for
the same primary particle input energiesEp, as present in the validation data set from
Geant4 (abbreviated as G4), are generated. The MSEp between Geant4 and the corre-
sponding GAN models are summarized in table 5.4. The average MSEp values and
standard deviations are calculated for ten inference repetitions.

Table 5.4: The Mean Squared Error performance measure (MSEp) between Geant4
images and generated images of the corresponding GAN models and its standard
deviations for ten inference repetitions.

Model MSEp

3DGAN 0.0651± 0.0021
Conv3D 0.0483± 0.0018

G1 (3-branches) 0.0270± 0.0010
G2 (25-branches) 0.0484± 0.0012

G3 (1-branch) 0.0712± 0.0015

Since the MSEp represents an error, the lower the MSEp, the better the accuracy. The
new Conv2D G1 architecture achieves by far the lowest MSEp (=0.0270), which corre-
sponds to the best accuracy of the tested models. The G2 and the Conv3D architecture
perform similar, with an MSEp of around 0.048. The 3DGAN model has an MSEp of
0.0651 and the G3 model performs worst with an MSEp of 0.0712. Therefore, the G1
model performs clearly best with an almost three-times better MSEp than the 3DGAN
model. This represents an outstanding result and the first proof of this thesis showing
that it is possible to successfully generate 3D images with only Conv2D operations.
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Model Reduction:

The following physics validation metrics are all visual. For not overloading the figures
and not confusing, it is only focused on the best models:

• In case of the Convolutional 3D networks, it is decided to only provide the
3DGAN model for multiple reasons. First, it is published by another research
group and represents a solid baseline to compare to. Second, as demonstrated
in the previous subsection in table 5.3, the inference times of the new Conv3D
model are considerably larger than the inference time of the 3DGAN model.
The goal of this research is to speed up the simulation time and, therefore, no
model should be introduced which performs worse in terms of simulation time
(although the physics accuracy of the Conv3D model seems to be better). There-
fore, in the following physics evaluation metrics only the 3DGAN model is pro-
vided.

• Similar thoughts are valid for the new Conv2D architectures. In the following
only the values of the best model are provided. The choice clearly falls on the
G1 model, which achieves the best simulation time and the best physics accu-
racy. Before this choice was made, all the available physics accuracy metrics
for all Conv2D models were carefully evaluated. In all of them, the G1 model
performed best. The G1 model is in the following renamed to Conv2D. It is
compared to the 3DGAN model and Geant4.

In order to achieve a good physics performance, the models have to perform good in
a variety of validation metrics, which are introduced in the following.

2. Example 3D Showers

An initial visual inspection of example showers is provided in figure 5.11. It demon-
strates that the Conv2D and the 3DGAN model can generate realistic shower images.
Visually, they are similar to Geant4. As primary particle, a 400 GeV electron is em-
ployed. For Geant4, from the test image set, an image with a primary particle energy
closest to 400 GeV is taken. However, drawing conclusions from a single image is not
feasible. Therefore, the following metrics consider the full image sets.
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Figure 5.11: Example 3D shower images of Geant4 (left), Conv2D generator (middle)
and 3DGAN generator (right) for a 400 GeV electron. The primary particle enters the
calorimeter from the left, in the middle of the x- and y-axis (x = y = 13) at z = 0.

3. Shower Shape Plots

The 2D projections of the energy shapes along the calorimeter y- and z-axis (aver-
aged over 20 000 samples of the validation set) are presented in figure 5.12, in linear
(left) and logarithmic scale (right). The x-axis projections are similar to the ones of
the y-axis and, therefore, not visualized as discussed in section 2.4. In general, the
shower shapes of the GAN models are close to Geant4, resulting in a good physics
accuracy. A more comprehensive analysis of the logarithmic y-axis distribution (top
right) indicates, the tails of the 3DGAN distribution (in blue) are off for low energies.
This was already observed in the publication of the 3DGAN model in Ref. [78]. On the
other side, the Conv2D model (green) improves the description of the tails and follows
the distributions of Geant4 perfect within statistical uncertainties. This means, in the
shower shape metrics, the Conv2D model performs better than the 3DGAN model. In
fact, with the Conv2D model, it could be the first time achieved that the distribution
tails are represented correctly, even for the extremely low energy tails. Possible rea-
sons might be the more complex neural network architecture of the Conv2D network
with the three branches and the transposing operations in combination with the larger
number of trainable parameters.

4. Mean Energy Deposition

Figure 5.13 provides details about the deposited energy inside the calorimeter with
respect to the incident electron energy Ep. The GAN electrons are generated by the
same input energyEp present in the Geant4 events to minimize statistical effects. The
root-mean-square (in the following denoted as mean) is calculated and the standard
deviation of the 90% core of the distribution, labeled with µ90 and σ90 respectively.
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Figure 5.12: Particle shower shape distributions along the calorimeter y- (top) and
z-axis (bottom) in linear (left) and logarithmic energy scale (right). The Geant4 pre-
diction, the 3DGAN model and the Conv2D model outputs are provided in red, blue
and green respectively. The energy deposition is given in arbitrary units due to the
specifics of the shower shape calculation process.

In the upper panel of the left plot of figure 5.13, it can be noted that the generated
shower images of both GAN models deposit a similar energy as the Geant4 showers
across the full energy range and, therefore, correctly reproduce the mean energy. The
lower panel visualizes the percentage deviation of the GAN models with respect to
Geant4. Both models have a slight degradation from Geant4, primarily at the start and
the end of the energy range, and perform good in between. The Conv2D model has a
maximal deviation of 2.5% to Geant4, and the 3DGAN model has a maximal deviation
of around 3.5%. This means that the Conv2D model performs slightly better than the
3DGAN model in this metrics. However, for such fast simulation approaches – as the
GAN approach – minor deviations from Geant4 within a few percent are tolerated.
Therefore, both GAN models lie most probably within a reasonable range. However,
specific tolerances levels for fast simulation approaches are still to be defined.

In the right plot in figure 5.13, the relative width of the measured energy is displayed.
The relative width is calculated by dividing the standard deviation σ90 by the root-
mean-square µ90. In the upper panel the absolute relative width is provided and in
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Figure 5.13: Deposited mean energy µ90 (left) and relative width σ90/µ90 (right) as a
function of the primary particle energy. The lower panels provide the relative devia-
tions from Geant4.

the lower one the width relative to Geant4. Both GAN models maintain a relative
width similar to the one of Geant4. The relative width means, in physics sense, how
large the range of the fluctuation of the measured energy is inside the detector for a
specific particle input energy. It is important that the GAN models exhibit fluctuations
around the same magnitude as Geant4. This means the GAN models can also generate
a variety of different shower images for the same primary particle energy. However, as
it is visualized in the upper right plot, the order of magnitude lies in the per-thousand
area, therefore, the expressiveness of the relative width metrics may be restricted. This
metric was proposed in Ref. [169]. To standardize the evaluation of generative models
for calorimeter simulations, this metric follows the format proposed in Ref. [169].

5. Cell Energy Deposition

Figure 5.14 presents the single cell energy deposition for 20 000 shower images with
input energies within the full energy range of 10-510 GeV. The plot shows on the x-
axis the energy deposition of a single cell and on the y-axis the number of cells which
contain the corresponding energy. It is observed that the high energy hits are well
described by both GAN models. However, for lower cell energies below 1 MeV both
GAN models slightly deviate from the expected distribution of Geant4. In the lower
cell energy range, the new Conv2D model performs a bit worse than the 3DGAN
model by underestimating Geant4. In a physics sense, this means that the generated
GAN model images contain a moderately reduced amount of low energy pixels than
Geant4. This problem is most likely due to the fact that the energy range of the single
pixels spans across multiple orders of magnitude, which makes it difficult for the GAN
models to learn the lower energy depositions. For this reason, an energy threshold at
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Figure 5.14: Single cell energy deposition. Visualizes how many cells of a correspond-
ing energy level are contained in the shower images.

10-5 GeV is applied (gray shaded region in the plot) for all further validation metrics.
In general, in realistic calorimeters the cells for extremely small energies are discarded
anyway because of a low signal-to-noise ratio. The exact threshold for discarding low
energy cells depends on the calorimeter design and material. If the results of the cell
energy deposition plot are compared to other researches, for example in Ref. [169], the
GAN models in our research clearly perform better for the lower energy depositions.

The small bump at around 2 · 10-4 GeV in the Geant4 data in figure 5.14 represents a
characteristic of calorimeters. Most probably the energy corresponds to the loss of a
minimum ionizing particle which passes the calorimeter sensors perpendicular to the
incident angle [169]. Minimum ionizing particles are particles whose primary energy
loss mechanism is ionization, defined by the Bethe-Bloch formula [170]. The GAN
models are not able to perfectly reproduce this behavior.

Although the cell energy depositions are low for low energies, the mean energy de-
position provides good results. This is possible because the cells where the single cell
energy deposition metrics are off contain tiny energy depositions which do not sig-
nificantly contribute to the mean energy deposition. It could also be the case that the
GAN models equalize the underestimation for small energy cells by overestimating
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the higher energy cells slightly. However, the overestimation for high energy cells
would be tiny and, due to statistics uncertainties, not significantly measurable.

6. SSIM Index

In figure 5.15, the results of employing the Structural Similarity (SSIM) index [171]
are visualized as the sixth evaluation metric. The SSIM measures the perceptual dif-
ference between similar images, but does not judge if one image is more appropriate
than the other. The SSIM is frequently applied in the photo and video industry to
evaluate quality losses [172]. In this thesis, the SSIM index is employed to compare
two image sets image-wise to calculate a similarity value. With this, it is measured if
the generated GAN images provide a similar image diversity as present in the Geant4
data.

Figure 5.15: The SSIM index (L = 10-4) for various model configurations.

The SSIM index is calculated by the scikit-image library [173], which employs the
equations from Ref. [171]. The SSIM index is sensitive to the dynamic data range
of the image pixels and must be adjusted by the parameter L in order to maintain
the sensitivity. Generally, L can be chosen as the ”distance between minimum and
maximum possible values” of the image entries [173]. For our complex shower images
case – with highly sparse images and pixel energy entries spanning over multiple
orders of magnitude – severalL values ranging fromL = 10-6 toL = 0.1 are scanned
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in this test. It is found that the SSIM index stabilizes starting from L = 10-4 and
below. The SSIM plot for L = 10-4 is visualized in figure 5.15. The SSIM plots for the
other L parameters are provided in appendix A.3, for providing further insights into
how the adjustable parameter L is chosen. The metric requires two images which are
compared to each other. The SSIM is calculated between different image sets averaged
over 20 000 images, as presented in figure 5.15. The SSIM configurations represent the
Monte Carlo Geant4 data set and the corresponding GAN models: Geant4 vs. Geant4,
Geant4 vs. Conv2D and Geant4 vs. 3DGAN. Furthermore, the SSIM is calculated
between images of the same data set itself: Geant4 vs. Geant4, Conv2D vs. Conv2D
and 3DGAN vs. 3DGAN to measure the similarities of the images within the same
data set.

In figure 5.15, the configuration Geant4 vs. Geant4 represents the baseline. Ideally,
the SSIM index of the generated image configurations should be as close as possible
to it. In the Geant4 vs. Geant4 configuration, it can be seen that at low energiesEp the
showers have more fluctuations impacting the image stronger than at higher energies.
Therefore, the diversities of the images at lower energies are larger, and the values of
the normalized SSIM index smaller while they are increasing towards higher energies.

It can be recognized that the SSIM values for Geant4 vs. Conv2D and Geant4 vs.
3DGAN are close to Geant4 vs. Geant4. This proves the similarity between GAN
generated images and Geant4 images is of the same level as the similarity measured
within Geant4 images. However, the generated images vs. generated images SSIM
index is clearly higher, proving that generated images of both GAN models are more
similar to each other than the Geant4 images. The physics meaning of this is that the
generated shower images maintain less diversity than Geant4 samples. This result
highlights a well-known weakness of GAN models, which tend to produce samples
exhibiting a more limited diversity than present in the original data set. The ultimate
of this effect would be mode collapse (detailed explained in section 4.2.1), where the
GAN outputs the same shower image for a given input energy without variation. In
our case, the generated images vary for the same input energy, but not as much as it
would be desired. Most probable, the similarity of the results are within the precision
level and expected for fast simulation models.

7. Number of Hits

Figure 5.16 provides the total number of hits for three different input particle energies
spread over the full energy range (50, 200 and 500 GeV). Because the generated energy
spectrum is continuous, in order to probe how the number of hits varies with the
input particle energy,± 2 GeV bins are built around the corresponding central energy
value. The provided results represent the distribution over the 20 000 samples of the
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validation set. The number of hits corresponds to how many cells one shower image
contains above the threshold energy of 10-5 GeV. For better visualization, the number
of hits are put into bins in a histogram in figure 5.16. It can be observed that the GAN
models are capable of reproducing the Geant4 distribution for all energy levels. Both
the mean and the width of the distributions agree with Geant4, as confirmed by the
statistical values of the distributions in table 5.5.
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Figure 5.16: The number of hits above the 10-5 GeV single cell energy threshold for
three different primary particle energies (50, 200 and 500 GeV). Each sample contains
the distribution of the number of hits analyzed in 20 000 images.

Table 5.5: The meansµ and the standard deviations of the number of hits distributions
for each model.

Model µ50 GeV µ200 GeV µ500 GeV

Geant4 179± 14 421± 30 690± 44
3DGAN 196± 12 413± 22 710± 45
Conv2D 175± 13 413± 30 713± 46

8. Energy Sum

The last physics metric analyzed is the total deposited energy, or the energy sum met-
ric, which is visualized in figure 5.17. It is generated for the same energy levels (50,
200 and 500 GeV) as the number of hits plotted before. The energy sum represents the
visible energy Eλ measured inside the calorimeter. For this, the pixel energy values
of all cells are summed up. However, only cell energies above the threshold energy
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of 10-5 GeV are taken into account. The visible energy measured from the sampling
calorimeter is naturally far lower than the primary input energy due to the sampling
design of the calorimeter. Both GAN models maintain energy sum distributions simi-
lar to the ones of Geant4 for all energy levels. The shape of the 500 GeV distributions
look considerably different and, visually, the distribution mean and width of the GAN
models are lower than the one of Geant4. However, this difference is marginal, as
proven by the statistical values provided in table 5.6. The reason why the 500 GeV
Geant4 distribution drops suddenly after the peak towards larger energy is due to the
shower leakage effect. At some primary particle energy Ep, the calorimeter cannot
contain the whole shower development anymore.
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Figure 5.17: The energy sum metric for three different primary particle energies (50,
200 and 500 GeV). A 10-5 GeV single cell energy threshold is applied. Each sample
contains the distribution of the number of hits analyzed in 20 000 images.

Table 5.6: The means µ and the standard deviations of the energy sum distributions
for each model.

Model µ50 GeV in MeV µ200 GeV in MeV µ500 GeV in MeV

Geant4 104± 8 389± 23 910± 61
3DGAN 108± 9 387± 22 901± 48
Conv2D 104± 9 389± 21 890± 40

To complete this, an additional physics accuracy metric which evaluates the pixel cor-
relations is provided and discussed in the appendix A.4. This metric was only de-
veloped after the GAN study was finished. However, the Conv2D model performs
good.
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5.6 Discussion and Future Work of the New Convolutional 2D
Model

In this chapter, novel Conv2D neural network architectures were developed to gener-
ate 3D images with only 2D operations, which has not been done before. In the eval-
uation, both the Conv2D models and the 3DGAN model perform well and are capa-
ble to generate realistic shower images. When considering all the introduced physics
accuracy metrics, the new Conv2D G1 three branches model is performing in most
metrics superior to the 3DGAN model. In particular, in the shower shape metrics,
the MSEp and the mean energy deposition metrics. However, also the 3DGAN model
is performing overall well. It merely lacks some accuracy when the particular de-
tails are examined. The largest recognized difference to Geant4 of the employed GAN
approach is that both GAN models exhibit a smaller image diversity than Geant4,
measured by the SSIM index. For resolving this, additional research should be per-
formed to investigate, understand and overcome this issue. However, as discussed,
the problem of less diverse images is a familiar GAN problem, not only related to our
HEP calorimeter use case. Furthermore, some subsequent research should investigate
why both GAN models, especially the Conv2D model, are off at lower cell energies
in the single cell energy deposition metrics and why the GAN models fail to simulate
the leakage effect seen at larger energies. Most probably, the statistics of the highest
energies in the training sample is too low to generate the trend in the data.

As discussed, a few percent deviations of physics accuracy for future fast simulation
approaches are expected and accepted for replacing the current Geant4 Monte Carlo
simulation. However, exact values for the accepted deviations are still to be defined.
This minimal accuracy trade-off comes, with an enormous possible 158 000x speed-
up of the new Conv2D model over Geant4. This speed-up is sufficient to overcome the
expected shortage in hardware resource in the HL-LHC phase in 2029 and on-wards.
Because of the tremendous speed-up combined with the high physics accuracy, GANs
represent an excellent alternative to Geant4 Monte Carlo simulations.

In the future, the investigations of the GAN approach for calorimeter and other HEP
simulations should be further extended, tested and evaluated. The following steps
contain among others the extension of the data set dimensionality from 25x25x25 pix-
els as employed in this study to the full size of 51x51x25 pixels, where the calorimeter
consists of 25 layers with 51x51 pixels per layer. For this extension, the proposed
Conv2D architecture from this thesis comes handily. Due to the considerably lower
hardware resource requirement of the Conv2D model, the training and inference will
require less time. This results in a faster development process, enabling to find the
best hyperparameters such as the network architecture, number of parameters in the
network or the learning rate faster.
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Subsequently, it would represent a major study, how the GAN model with Conv2D
networks behaves for primary particles with different incident angles. In this research,
all particles entered the calorimeter perpendicular with a 90° angle, which is not the
case in reality. This new constrain can be achieved by implementing a further con-
dition to the discriminator which exclusively evaluates the incident angle prediction.
The following steps can be extending for different primary particle types and multiple
incident particles at a time (pile-up). In this research, only electrons are employed as
primary particles. However, for electromagnetic calorimeters, photons and positrons
also represent possible primary particles.

Ultimately, this research must be expanded from electromagnetic calorimeters to
hadronic calorimeters with different hadrons as primary particles. As already men-
tioned previously, due to the high luminosity in the HL-LHC, multiple particle colli-
sions happen simultaneously. Therefore, pile-up events represent rather the rule than
the exception. In current Geant4 simulations it is already delicate to distinguish the
events of different primary particles, but in the HL-LHC phase with more than a hun-
dred simultaneous pile-up events this becomes a critical topic, leading to even more
complex simulations. With examining all the above-mentioned possibilities, there is
a lot of research to be carried out in the following years. With the production and
sufficient testing of future GAN approaches, it might become a tight time frame to
provide GAN algorithms ready for ”application mode” by the beginning of the HL-
LHC phase. However, research is already ongoing in some of the aforementioned
topics, supported by a ”Fast Calorimeter Simulation Challenge” (May 2023) [174] to
accelerate the development.

Thesis Objective Fullfilled:

The GAN model was successfully optimized for accuracy and speed-up by ex-
ploring several alternative convolutional 2D neural network architectures for
3D image generation, which has never been successfully done before. The
Conv2D G1 model optimized for GPU showcased a tremendous 158 000x
speed-up compared to Geant4, while maintaining the required physical accu-
racy. To evaluate the accuracy, eight physics metrics were presented and dis-
cussed, in which the Conv2D G1 three branches model performed well. This
outcome suggests that GAN models are an attractive alternative to Geant4 sim-
ulation.
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Chapter 6

Reduced Precision Strategies

Reduced precision computing could be a possible way for more efficient large-scale
deployment of the previously introduced Conv2D model. In this thesis, an approach
for post-training quantization was studied to reduce the number of bits required to
store the learned network weights. In this context, quantization means mapping the
learned neural network parameters to a lower number of bits. These concepts will
be explained in the following. Any improvement in simulation time and memory oc-
cupation is valuable for such large-scale calorimeter detector simulations and reduces
hardware expenditures. This represents the main motivation for the reduced precision
inference studies conducted in the course of this chapter.

To achieve higher throughput during inference, the size of the biases and weights of
the trained neural network can be shrunk to a more limited precision. This approach is
denoted as reduced precision computing, and the process of converting numbers from
higher to lower precision formats is named quantization [15]. The standard number
format in ML is floating point 32 (float32) also named single precision, specified in
IEEE 754 [175]. It uses four bytes or 32 bits for representing a single number. The
format float32 utilizes one bit for the sign, eight bits for the exponent and 23 bits for
the fraction [175]. For illustration, the largest possible number of float32 is 2128 =
3.40 ·1038. The format which requires only half of the bits of float32 is floating point
16 (float16), called half precision. It uses 16 bits, one bit for the sign, five bits for
the exponent and ten bits for the fraction. The largest possible number of float16 is
216 = 6.55 ·104. The smallest format in which the model is quantized in this research
is integer-8 (int8) which requires, as the name indicates, eight bits (or one byte) for
representing a single number. This is a quarter of the number of bits of the initial
float32 format. Integer means only whole numbers without fraction are allowed. The
number can be either signed int8 (sint8) with a range of [−128, 127] or unsigned int8
(uint8) with a range of [0, 255]. Figure 6.1 provides graphically the float32, sint8 and
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Figure 6.1: (top) Representation of the float32 format, (bottom left) signed int8 format
and (bottom right) unsigned int8 format. The int8 formats require only a quarter of
the number of bits of the float32 format.

uint8 formats for comparison.

This chapter comprises the following. First, the work about related approaches and
results of other reduced precision researches are introduced. Next, the mathematical
principles behind quantization to a reduced precision are explained. This is followed
by the quantization tools employed in this research. Subsequently, the quantized mod-
els are in detail evaluated for physics accuracy, computational speed-up and memory.
The chapter concludes with a discussion of the results and strategies for possible fu-
ture researches. The content and the results of this chapter were in an effort of this
thesis first published in Ref. [176]. Because of the very high interest in this topic, the
work was selected for an extended publication in Ref. [177].

6.1 The Principle of Quantization to a Reduced Precision

In the following, the quantization of float32 to int8 is explained in detail. The less
extreme reduction from float32 to float16 applies accordingly. In the post-training
quantization process the numbers are scaled-down from a range of [−3.4 · 1038, 3.4 ·
1038] (float32) to a range of [0, 255] for uint8 format or [-128, 127] for sint8. In order to
accomplish this, first the maximum absolute numbers of the weightsBw of the neural
network are identified. These are required to obtain the boundaries for calculating
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scaling factors which allow to use the full range of the int8 numbers after quantization.
To measure the maxima Bw, inference must be run for a few batches with the trained
model before quantizing it. The scaling factor can then be calculated with

Sw, unsigned =
256

Bw
, (6.1)

for making use of the full range of uint8 numbers (∈ [0, 255]) or

Sw, signed =
128

Bw
, (6.2)

for sint8 numbers (∈ [-128, 127]). The quantized weight Qwi can then be calculated
with

Qwi = round(Sw · Ii), (6.3)

where the results are rounded to the closest integer number. Ii represents the initial
not quantized weight, and the index i denotes the ith weight.

6.2 Related Work in Quantization

Quantizing trained DL models to a reduced precision is being actively researched in
recent years to allow, particularly, fast inference on mobile devices where the com-
putational power is strongly constrained. In more general, with increasing model
size and complexity, constraints on computing time and memory consumption be-
come relevant for other architectures, CPUs and GPUs alike. Typically, DL models are
trained in float32 precision on multi-node clusters, then quantized to lower precision
formats and then loaded on light-weight devices such as edge-devices for executing
inference. In most cases, quantization techniques are targeted to int8 format. Because
int8 is supported by most modern hardware (lower formats frequently are not) and
it maintains almost the equivalent level of accuracy. Even lower precision formats
than int8 come typically with a drop of accuracy [178]. However, for our calorimeter
use case, an accurate description of the generated image data is mandatory. Most of
the existing reduced precision benchmarks represent classification problems [179]. As
already discussed earlier, the application of generative tasks is usually more difficult
than the application of classification tasks. This is also the case for the quantization of
our calorimeter GAN model, and sint8 is taken as the limit.

There exist two major quantization techniques. The first represents post-training
quantization, where the model is trained in full precision and quantized only after
training. For quantization to a lower precision, the use of a calibration data set is
mandatory to calculate the extreme (maximum, minimum) of the weights and biases.
Post-training quantization represents a straightforward approach which leads in most
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cases to a satisfying level of accuracy, therefore, it is commonly the first approach cho-
sen [180]. Hence, for the study in this thesis post-training quantization is applied, and
in the following section, it is described in more detail. Ref. [181] describes the post-
training quantization process for quantizing convolutional networks down to 8-bits
with solely operating small calibration data sets while avoiding overfitting. Another
research was carried out in Ref. [182], where they applied different quantization tech-
niques for quantizing pre-trained state-of-the art neural networks down to 4-bit while
only losing a few percent of accuracy.

An alternative method to the post-training quantization is the so-called quantization-
aware training. There, the models are directly trained in lower precision formats.
However, quantization-aware training is more complicated and, therefore, not con-
sidered in this research. The benefit of quantization-aware training is that the quanti-
zation errors which decrease the total loss of the model can be reduced by optimizing
the neural network parameters accordingly. In Ref. [183], they compare the training
of neural networks in various precision formats. In Ref. [184], they demonstrate a
2-4x training time improvement with the use of 8-bit floating point numbers above
today’s 32-bit systems. In the future, due to the technology enhancement in hard-
ware and software, it will most probably become more straightforward to implement
quantization-aware training methods.

One can go even further and train models with mixed precision formats: for example,
operating both, float32 and int8. In this case, some weights are represented in int8
format to achieve a speed-up, but others are kept in float32 to maintain the required
level of accuracy. Choosing which weights are represented in higher or lower preci-
sion is carried out by intelligent algorithms. Numerous studies have evaluated mixed
precision for training [185, 186]. In particular, Ref. [187] successfully employs a mixed
precision approach for training GANs.

6.3 Quantization Tools

Reduced precision computing is by now an established technique, and there exist
many quantization tools. The primary constraint for quantizing the generator net-
work into lower precision in this study is that in most of the quantization tools not
all layers are integrated which are present in our neural network. In chapter 5 is al-
ready indicated that Conv3D layers were at the time this research was carried out
not supported in any quantization tool. In order to explore and study reduced preci-
sion computing, it was first necessary to introduce a new neural network architecture
which contains only the more common Conv2D layers, as described in chapter 5.

Additionally to Conv3D layers, there are other layers in our network which



6.3 Quantization Tools 105

cause difficulties in finding an appropriate quantization tool. These comprise
Conv2D Transpose layers and LeakyReLU activation functions (see layout in figure
5.1 and description in section 5.3.2), which are at this time not supported in most quan-
tization tools. This is because quantization in DL is typically applied to classification
problems that employ simpler neural network outputs (probability values of classes)
compared to the complex 3D shower images from our generator network. However, as
explained in section 5.4.1, the LeakyReLU activation functions are required to prevent
the dying ReLU problem. Additionally, ordinary classification problems have no need
for Conv2D Transpose layers, because there is no upsampling in image size. There-
fore, also Conv2D Transpose layers are in most quantization tools not implemented at
this time.

For employing quantized LeakyReLU layers, an additional problem appears in Ten-
sorFlow. TensorFlow supports by default only uint8 (unsigned int8) operations and
no sint8 (signed int8) operations. The sint8 operations are not required for classifica-
tion networks with standard ReLU activations and, therefore, sint8 operations are by
default not implemented in TensorFlow. However, sint8 operations are necessary for
our model, since LeakyReLU functions can generate negative values. Therefore, sint8
operations must be implemented within a patched TensorFlow version, provided by
Intel. In the following, the tools used for quantizing our GAN model are introduced.

6.3.1 Intel Neural Compressor

The Intel Neural Compressor [16] (formerly known as Intel Low Precision Optimiza-
tion Tool, LPOT) represents an open-source python library for quantizing DL models
and running low precision inference across multiple frameworks. It utilizes the In-
tel oneAPI Deep Neural Network Library (oneDNNL) [188], which contains building
blocks for DL applications to improve the performance on Intel processors. In the
initial research for this thesis in Ref. [176], the brand-new Intel Neural Compressor
tool is for the first time employed in a real use-case. These studies were updated and
considerably extended in a later publication in Ref. [177]. An overview of the Intel
Neural Compressor infrastructure is provided in figure 6.2.

The Intel Neural Compressor represents a post-processing quantization tool which au-
tomatically optimizes DL models with low-precision recipes, in order to achieve the
optimal objectives. The objectives for which Intel Neural Compressor tunes are infer-
ence time, memory usage and model accuracy [16]. For achieving these, it searches
in the quantization process for the best order of magnitude for the scaling factors of
an entire layer, instead of single pixels. A key feature is that Intel Neural Compressor
can drop single ”outlier” bits which are far away from other values within the cor-
responding layer and which would distort the results. With a recurrent refinement
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Figure 6.2: Overview of the Intel Neural Compressor quantization tool. The graphic
is taken from Ref. [16].

of the topology and dropping outliers, the Intel Neural Compressor quantization re-
mains a challenging process instead of a trivial one-step task compared to most other
quantization tools. The quantization workflow of the Intel Neural Compressor that
aids in increasing performance is displayed in figure 6.3.

Furthermore, in the automatic quantization process, the Intel Neural Compressor re-
tains a few nodes of the neural network in float32 precision in order to increase or to
maintain a superior accuracy. Therefore, the Intel Neural Compressor is a mixed preci-
sion post-processing tool which can operate in multiple data formats. This represents
another advantage compared to other simpler quantization tools, which enables the
Intel Neural Compressor to reach a superior accuracy. A comparison of the Intel Neu-
ral Compressor versus TensorFlow Lite is demonstrated by us in Ref. [176]. There, the
Intel Neural Compressor int8 model performed in terms of accuracy much better than
the TensorFlow Lite int8 model. For measuring the accuracy during the quantization
process, the single value MSEp validation metric is employed, which is introduced in
the evaluation section 5.5 of the new Conv2D architectures.

As mentioned earlier, sint8 operations are by default not implemented in TensorFlow,
which is employed for this research. This leads to the fact that the current quantiza-
tion tools have not implemented quantized LeakyReLU functions. Therefore, in this
study a customized TensorFlow version supporting sint8 operations is applied, which
is provided by the collaborators from Intel. Furthermore, the Intel Neural Compres-
sor team implemented explicitly for this study the quantized LeakyReLU function into
the Intel Neural Compressor quantization tool. The Intel Neural Compressor with the
patched TensorFlow version is at this time the only set-up which provides all required
functionalities to quantize our model.
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Figure 6.3: The workflow of the Intel Neural Compressor quantization tool. The
graphic is taken from Ref. [16].

Previous to this study, the Intel Neural Compressor team applied their quantization
tool to popular neural network architectures, such as ResNet [189] and Inception [190].
They achieved on average a two to three times speed-up in inference, while only losing
less than a half percent in accuracy, see Ref. [191]. Due to the optimization process of
the Intel Neural Compressor, they are in some cases even capable of increasing the
accuracy for the quantized model in comparison to the initial not quantized model.

In many neural network architectures, a set of layers is multiple times repeated. This
is also the case in our generator network, where multiple times the sequences of a
Conv2D layer followed by a LeakyReLU and a BatchNorm layer are present. By com-
bining or fusing these often-repeated layers of a network, the number of operations
within the network can be significantly reduced. This further speeds-up the inference
process. This layer fusion strategy can be chosen in the Intel Neural Compressor to
accelerate the inference of quantized deep neural network models. In the used In-
tel Neural Compressor release v1.12, it is possible to fuse [Conv2D + LeakyReLU]
together. Forthcoming releases should also support a full [Conv2D + LeakyReLU +
BatchNorm] fuse, which could significantly improve the inference time performance.

6.3.2 TensorFlow Lite

The second tool employed for quantizing our model to a lower precision represents
TensorFlow Lite [17]. It is part of the TensorFlow library and is created for deploying
ML models on mobile and Internet of Things (IoT) devices. IoT devices are wireless
connected devices to allow permanent interaction and autonomous intelligent deci-
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sion making [192]. It contains packages for converting TensorFlow models to Tensor-
Flow Lite models and packages to quantize and deploy models. Furthermore, it can
quantize networks layer-wise from float32 into float16 and int8.

Because TensorFlow does not support sint8 operations, TensorFlow Lite does not sup-
port quantized LeakyReLU activation functions. Additionally, TensorFlow Lite does
not support Conv2D transpose functions. Therefore, in TensorFlow Lite, the respec-
tive not supported layers are simply operated in float32 format. This leads to an addi-
tional dequantization layer before, and to an additional quantization layer after, every
not supported layer, which increases the inference time. A network equipped with
the additional quantization and dequantization layers is for demonstration purposes
visualized in figure 6.4. These additional quantization and dequantization layers are
expected to introduce a significant impact on the inference time. Therefore, with em-
ploying TensorFlow Lite, there is no significant speed-up for the quantized model
expected due to these additional layers.

Figure 6.4: The TensorFlow Lite quantization of a network segment taken from our ini-
tial Conv2D generator network in float32 format (left) and quantized into int8 format
(right). As visualized in orange, the quantization process introduces some additional
quantization and dequantization layers at every not supported layer.

In any case, the compatible hardware for running the quantized TensorFlow Lite mod-
els is not available for this study. Therefore, TensorFlow Lite is only employed for
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measuring the accuracy of the quantized models and not for measuring inference
speed-up. Hence, the quantized TensorFlow Lite models are operated in this thesis
only as comparison to the Intel Neural Compressor results in terms of physics accu-
racy to provide a reference quantization tool. In fact, the TensorFlow Lite models have
a small advantage over the Intel Neural Compressor model. When in TensorFlow Lite
some operations (e.g. Conv2D Transpose layers) are executed in float32, the model
theoretically can achieve better accuracy values by executing the computations at a
higher precision.

Theoretically, there is an expected decrease in inference time and model memory size
of a factor close to four due to the quantization from float32 to int8, because the num-
ber of bits for each single parameter is reduced by a factor of 32 bit / 8 bit = 4. Un-
doubtedly, no decrease in model size of that factor will be achievable, because there
are other aspects, like model architecture, which are engraved in the model memory
and will not be affected by quantization. Additionally, the Intel Neural Compressor
tool maintains some operations in float32 format, which also suppress the reduction
in model memory size. Similar, in theory, there would be a decrease in inference time
and model size of a factor of two for the quantized float16 model expected compared
to the float32 model. Also this is not really achievable due to the various influences.

6.4 Evaluation of the Quantized Models

This section describes the evaluation process of the quantized Intel Neural Compres-
sor model (in the following abbreviated as NC int8 model) and TensorFlow Lite mod-
els (abbreviated as TFLite float16 and TFLite int8). The computational performance, in
terms of speed-up and occupied model memory reduction, and the physics accuracy
results are evaluated.

The model deployed for the reduced precision research represents a preliminary ver-
sion of the model introduced in chapter 5. The major difference in the neural net-
work architecture is that for the reduced precision research, the last ReLU activation
function was not included in the generator. The reason is that the reduced precision
research was performed before the Conv2D model study was finalized and, the quan-
tization was carried out on an intermediate model. Therefore, the accuracy of the
initial not quantized float32 model in this chapter is different from the accuracy of the
model evaluated in the Conv2D chapter 5. However, the important point here is only
the difference in performance of the quantized model relative to the model without
quantization. For inference time measurements, the missing ReLU layer is expected
to deliver only a negligible contribution, and both the quantized and not quantized
models do not contain the final ReLU layer.
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6.4.1 Computational Evaluation

To evaluate the computational performance of the Intel NC int8 model, the infer-
ence time as well as the model memory consumption are measured and compared
to the float32 model. It is aimed at a significant improvement in order to make the
calorimeter simulations as computing resource efficient as possible. The computa-
tional throughput depends in practice on the model and the used hardware. The hard-
ware tests in the reduced precision study are performed on Intel Ice Lake 2S Xeon 8380
processors, which provide 40 cores and 80 threads. Cores are physical and threads
virtual CPU hardware components which manage the tasks. The Intel Ice Lake archi-
tecture supports reduced precision data formats and, is employed to benchmark the
quantized NC int8 model versus the initial not quantized float32 model.

The number of generated shower images per second is measured for both models.
For all hardware tests, the Python version 3.6.8, the customized TensorFlow version
2.3.0 and a batch size of 128 are employed. The model in this research represents
the Conv2D G1 architecture introduced in the previous chapter and in the following
denoted as Conv2D model. All tests include 20 warm-up batches. The inference is
executed with multiple configurations of processor cores and streams. Multiple data
streams mean that the inference process is run in multiple parallel processes on inde-
pendent data on the CPU. The results are summarized in figure 6.5. It can be observed
that for all configurations, the int8 model (in orange) generates more shower images
per second than the float32 model (in blue), resulting in a higher throughput. The
number of shower images per second rises for the configurations with more cores and
streams, as expected (from left to right in figure 6.5). However, in the last configuration
with 80 cores and 20 streams, the number of shower images per second drops slightly.
Most probably because the memory bandwidth limit is exceeded, and the CPU be-
comes oversubscribed. This phenomenon is already experienced and investigated in
our previous research in Ref. [176].

The best result in terms of number of shower images per second is accomplished with
the configuration of 80 cores and 16 streams, where the NC int8 model is capable to
generate 7 309 shower images per second. Compared to the float32 model with 2 845
shower images per second, the int8 model is a factor of 2.6 times faster in inference, as
summarized in table 6.1. With this configuration, the int8 model is 124 200 times faster
than the Geant4 simulation, which is aimed to be replaced. For the Geant4 simulation
time, it is referred to the previous measurement performed in Ref. [193], where it took
17 seconds for generating a single shower image on an Intel Xeon processor (similar
than in the previous Conv2D chapter 5.5). The largest speed-up of int8 vs. float32 is
achieved with the configuration of 80 cores and 20 streams, where a speed-up of 3.0x
is measured. This results in an inference time of 0.35 ms for the float32 model and
0.14 ms for the int8 model.
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Figure 6.5: Inference throughput in shower images per seconds for the initial float32
(blue) and the quantized NC int8 model (red). Multiple configurations in terms of
number of streams and cores are provided.

It is worth to note that in chapter 5, a larger speed-up is achieved by the not quantized
float32 model versus Geant4. The reason for this is that in chapter 5 the inference is
run on a GPU instead of a CPU, as it is done for the reduced precision research of
this chapter. Usually, GPUs are superior for DL models when it comes to inference
speed because of considerably more computational units, leading to a larger possible
parallelism. GPUs are for certain operations, like simple linear algebra procedures
present in DL algorithms, much faster [194]. However, this research is carried out in
cooperation with Intel, therefore, it was decided to perform the reduced precision tests
on their latest CPU hardware. Furthermore, Intel retains as manufacturer many more
options and much more expertise in optimizing run-times on their hardware, which
this study makes use of. Also, currently, most of the hardware devices in the WLCG
remain CPUs. Therefore, a good CPU optimization is highly valuable.

The speed-up represents a result of savings in memory, bandwidth and faster calcula-
tions with the int8 arithmetic. Because the number format of int8 is four times smaller
than float32, this leads to the expectation of a 4x speed-up. However, because of the
quantization some additional operations are included in the model, which lead to a
slight increase in computing time compared to the theoretical expectation. As an ex-
ample for an additional operation, at the beginning of the model, the input must be
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Table 6.1: The speed-ups of the best configurations of the quantized int8 Intel Neu-
ral Compressor model compared to float32 (denoted as int8/float32), the generated
shower images per second of the int8 model and the speed-up of the int8 model ver-
sus Geant4 simulation.

Configuration int8/float32 int8 [showers/sec] int8/Geant4

80 Cores, 16 Streams 2.6x 7 309 124 200x
80 Cores, 20 Streams 3.0x 7 197 122 300x

quantized from float32 down to int8. Because the input vector to the model remains
in float32 format, where the model requires int8. To quantize the input down, an ad-
ditional quantization layer is added. The opposite appears at the end of the model,
where a dequantization layer dequantizes the output of the model from int8 back to
float32 format, such that it can be processed by following algorithms.

On the TensorFlow Lite web-page it is advertised that in practise a speed-up of a fac-
tor of three is expected for int8 inference [195]. Thus, their developers do also not
anticipate the full 4x speed-up. Similar, the PyTorch team measures speed-ups in the
order of 2-4x [196]. These ranges agree with our measurement. In the preliminary re-
search in Ref. [176], the measured acceleration is only 1.7x of int8 vs. float32 and only
a 67 000x speed-up vs. Geant4. Due to the advanced hardware and further model
optimization, the speed-up could be increased to 3.0x. A speed-up of 3.0x therefore
represents a pretty good state-of-the-art improvement.

In the following, further details about the run-times of some operations are provided.
The run-times of the distinct operations of the quantized int8 model are summarized
in figure 6.6. The Fused Batch Normalization – which represents the fusion of all
BatchNorm operations together – alone yields about 30% of the total run-time: replac-
ing this operation with a fused [Conv2D + LeakyReLU + BatchNorm] might result in
another significant speed-up. The time required by the added quantization operation
at the beginning of the model and the dequantization layer at the end of the model
corresponds to 18.7% of the total run-time.

Roughly speaking, larger models might exhibit a greater inference acceleration in run-
time because the quantization/dequantization steps have a smaller weight with re-
spect to the other quantized network operations. As an example, ResNet-50 [189]
maintains over 23 million parameters, Inception-v3 [143] over 24 million parameters,
whereas our model contains merely around two million parameters. Being ten times
smaller, our GAN network is more sensitive to the size of the quantization and de-
quantization steps with respect to the total run time. An additional effect arises due to
the fact that a low-precision unit internally demands broader bandwidth, i.e. scratch
memory bandwidth or cache bandwidth, and this demand can limit operations de-
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Figure 6.6: The percentage of the total inference run-times for the operations with the
strongest impact.

pending on the specific hardware implementation. Therefore, practical implementa-
tions of low-precision in hardware and software are challenged to accelerate inference
to the full ratio of type-width [comments from Intel developers].

In terms of memory occupation, the quantized NC int8 model decreases the total
utilized physical memory by a factor 2.26x with respect to the initial float32 (from
8.07 MB down to 3.57 MB), as summarized in table 6.2. The memory size of the quan-
tized TFLite int8 model is 3.42 MB. Therefore, the NC model remains only 3.57 MB −
3.41 MB = 0.15 MB larger in model size while keeping a considerably higher accuracy
(as it will be shown in the next subsection). The reason why the NC int8 model has a
larger memory size is because it retains some nodes of the models in float32 format to
maintain a good accuracy. Unfortunately, with the utilized Intel Neural Compressor
release, it is not possible to output the exact fraction of nodes kept in float32 format. In
the following, the physical accuracy of the shower images generated by the quantized
models is evaluated.

Table 6.2: The hardware memory occupation of the initial float32 model and the quan-
tized NC int8 and TFLite int8 model.

Model Memory Occupation

float32 8.07 MB
NC int8 3.57 MB

TFLite int8 3.42 MB
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6.4.2 Physics Accuracy Evaluation

For measuring the physics accuracy of the quantized models, the same metrics as for
the Conv2D networks in chapter 5 are evaluated. In this section, only the results are
discussed. Further information on how the validation metrics are produced can be
acquired in section 5.5. The quantized models are compared in three different formats
(NP int8, TFLite int8 and TFLite float16) to the baseline Conv2D GAN model (float32)
and the Geant4 validation data set.

By comparing the physics accuracy of the intermediate Conv2D model provided in
this chapter with the one of the best Conv2D architectures in chapter 5, the impor-
tance of the last ReLU layer in the architecture can clearly be observed. Furthermore,
the model was only trained for events with primary particle energies Ep within the
interval [100, 510] GeV.

1. Mean Squared Error Performance Measure

The MSEp defined in section 5.5.2 is again used to quantify the quality of the generated
showers. The Intel NC model is able to optimize the quantization with respect to a
given metric. The MSEp performance metric is a natural choice here to allow the tool
to reach optimal performance.

Table 6.3: The average MSEp and the standard deviation of ten inference runs with
20 000 samples each. The lower MSEp, the better the accuracy.

Model MSEp

float32 0.0620± 0.0012
NC int8 0.0529± 0.0018

TFLite float16 0.2539± 0.0038
TFLite int8 0.3405± 0.0050

The MSEp values of the models are provided in table 6.3. The mean and the standard
deviation of the MSEp in the table are created by running ten times inference with
20 000 samples each. It can be noted, the MSEp for the quantized NC int8 model
(0.0529) is even statistically significant lower than the MSEp of the initial float32 model
(0.0620). This results in a better accuracy of the NC int8 model. Usually, the accuracy
of models drops during quantization. In our case, it is possible to accomplish a better
accuracy because, the Intel Neural Compressor tool optimized during the accuracy
driven quantization process for the single validation number, as mentioned before.
If the MSEp of the Intel Neural Compressor model is compared to the ones of the
TFLite models, it can be clearly observed that this optimization is key for maintaining
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a reasonable accuracy after quantizing the model. Because both TFLite models have a
considerably larger MSEp values (0.2539 for TFLite float16 and 0.3405 for TFLite int8),
resulting in a worse accuracy.

2. Shower Shape Results

Figure 6.7 visualizes the shower shape metrics for the various models. All models
are compared to the Geant4 prediction in red. The blue curves represent the shower
shapes of the initial float32 model without any quantization, the green curves corre-
spond to the shower shapes created by the NC int8 model, the orange curves are from
the quantized TFLite float16 model and the pink ones from the quantized TFLite int8
model. In the linear energy deposition shower shape plots in figure 6.7 on the left, the
not quantized float32 prediction is close to the Geant4 validation data. Also, the quan-
tized NC int8 model does not deviate recognizable from Geant4. The TFLite float16
model exhibits some minor deviations, and the TFLite int8 model is clearly the worst.

Figure 6.7: Particle shower distributions along the y- (top) and z-axes (bottom) in
linear (left) and logarithmic (right) scale. The Geant4 prediction, the float32 model
and the quantized models are provided.
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In figure 6.7 on the right, the logarithmic representation is examined to gain a deeper
insight into the lower energies at the distribution tails. In the y-axis shower shape
plot, it can be observed that the TFLite float16, and especially the TFLite int8 model,
struggle with the low energies at the distribution tails. On the other side, the NC
int8 model performs also well in the logarithmic shower shape plots, even for the
extremely low energetic distribution tails.

Table 6.4: Statistic values for mean and standard deviation (STD) for the various mod-
els of the shower shape distributions from figure 6.7.

Model Mean STD

y-axis Geant4 12.00 1.45
y-axis float32 12.02 1.46
y-axis NC int8 12.03 1.45

y-axis TFLite float16 12.05 1.13
y-axis TFLite int8 12.10 1.19
z-axis Geant4 13.85 4.62
z-axis float32 13.81 4.50
z-axis NC int8 13.91 4.48

z-axis TFLite float16 13.78 4.50
z-axis TFLite int8 14.25 4.62

Table 6.4 summarizes the statistical values mean and standard deviation for the parti-
cle shower distributions from figure 6.7. The statistical values of all models agree with
what is visually observed in figure 6.7. With both, the visual shower shape evaluation
and the statistical evaluation, it can be clearly recognized that the NC int8 model per-
forms better than both TensorFlow Lite models. In fact, the NC int8 model does not
reveal a significant deviation and, therefore, no accuracy loss. Furthermore, the results
of the shower shape metrics agree thoroughly with the results of the single validation
MSEp numbers above.

3. Pixel-Wise Image Comparison

In order to evaluate the possible impact of quantization on the image quality, in ad-
dition to the validation metrics from the Conv2D chapter 5, a pixel-wise image com-
parison is carried out. This is done by fixing the latent input vector into the generator
networks and generating one synthetic image for all models. Then element-wise, the
entries of the single pixels of the generated image of the quantized model are sub-
tracted from the initial not quantized float32 model. Lastly, the absolute values per
image are summed up. The results are averaged for the N = 20 000 images of the
validation data set to receive the pixel-wise image comparison measure. The equation
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for the pixel-wise comparison Z is:

Z =
1

N

N−1∑
l=0

24∑
i,j,k=0

|Xfloat32
i,j,k,l −X

quantized
i,j,k,l |, (6.4)

where Xquantized can be replaced by the corresponding images of the quantized mod-
els (NC int8, TFLite float16 and TFLite int8). The index l iterates over the correspond-
ing image set and i, j, k over the individual pixels from the three spacial axes from
pixel 0 to pixel 24. All quantized models are measured with respect to the not quan-
tized float32 model from which they are derived.

Because the quantized models are all originating from the same initial not quantized
float32 model, this metric measures the difference between the generated images of
the distinct models with respect to the float32 model. With the corresponding dis-
tances, it can be directly evaluated how different the created images are compared to
the original float32 model. Ideally, the distance would be low, which results in a mi-
nor accuracy loss. The smaller the pixel-wise validation valueZ, the closer the images
are to the initial model and the better the accuracy. The results are presented in table
6.5. It can be noted that the TFLite float16 model performs best, closely followed by
the NC int8 model. The NC int8 model is approximately three times better than the
TFLite int8 model in the pixel-wise comparison.

Table 6.5: Pixel-wise image comparison validation values Z for the different quan-
tized models compared to the initial float32 model. The lower the value Z, the better
the accuracy.

Model Z

NC int8 1.550± 0.191
TFLite float16 1.330± 0.291

TFLite int8 4.054± 0.721

In the following, the physics accuracy is analyzed in more detail. Because the TFLite
models perform worse than the NC int8, they are not further shown in order not to
overload the plots.

4. Example 3D Shower Images

Figure 6.8 visualizes example 3D shower images. The shower images are generated
with the same input vector for the float32 and the NC int8 model for a 400 GeV elec-
tron. From a first impression, the shower images look similar. Visually, it could be that
the quantized NC int8 model may have fewer low energy pixels around the shower
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center compared to the initial float32 model. But this might purely be a subjective
visual impression or the result of statistical effects. For observing this further, the
following physics validation metrics are evaluated.

Figure 6.8: Example 3D shower images of the not quantized float32 Conv2D generator
(left) and the quantized NC int8 generator (right). The primary particle with 400 GeV
enters the calorimeter from the left in the center of the x- and y-axis (x = y = 13) at
z = 0.

5. Mean Energy Deposition

The mean energy deposition inside the calorimeter is provided in figure 6.9 (left) with
respect to the incident electron energyEp. The upper plot shows the root-mean-square
energy µ90 (as defined in 5.5.2) and the lower plot the relative error. Visually, there is
no observable difference between the mean energy deposition of the float32 and the
NC int8 model. Both are within a 2% range to Geant4. It should be noted, deviations
up to a few percent compared to Geant4 are expected for fast simulation approaches,
as already stated in the previous chapter.

In the right plot in figure 6.9, the relative width σ90/µ90 is provided, where σ90 repre-
sents the standard deviation of the 90% core of the distribution. The quantized model
exhibits a relative width in a similar range as the float32 model. Therefore, in the
relative width metrics, no decrease in accuracy is visible for the quantized NC int8
model.

6. Cell Energy Deposition

Figure 6.10 contains the single cell energy depositions for 20 000 shower images. The
plot provides on the x-axis the energy deposition of a single cell and on the y-axis the
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Figure 6.9: Deposited energy mean µ90 (left) and relative width σ90/µ90 (right). The
lower panels provide the relative deviations compared to Geant4.

Figure 6.10: The single cell energy deposition metric of Geant4, the float32 and the NC
int8 model.

number of cells which contain the corresponding energy in an arbitrary unit. In this
plot, it is important that the NC int8 model is close to the float32 model. It is observed
that the high energy hits are well described by both models in comparison to Geant4.
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However, for lower cell energies below 1 MeV on the x-axis, the float32 model fails
to correctly describe the expected distribution. This effect is already observed and
further discussed for the new Conv2D GAN models in section 5.5. The NC int8 model
behaves similar to the float32 model. This means, there is no decrease in the accuracy
of the cell energy deposition metric due to the quantization process.

7. Number of Hits

Figure 6.11 visualizes the total number of hits for three different input particle energies
(100, 300 and 500 GeV). As it can be recognized, already the float32 model completely
fails to correctly reproduce the distributions. Therefore, it is difficult to draw conclu-
sions for the NC int8 model, which does not provide a visually observable drop in
accuracy with respect to the float32 model.
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Figure 6.11: The number of hits for three different primary particles energies (100, 300
and 500 GeV). Each sample contains the distribution of the number of hits analyzed in
20 000 images.

This metric clearly highlights the difference in the Conv2D float32 model employed
in the reduced precision research compared to the Conv2D model from the previous
chapter, which includes a ReLU layer at the end of the generator. The model with the
ReLU layer can correctly reproduce the number of hits plot (figure 5.16), providing a
superior accuracy.
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8. Energy Sum

The energy sum metric represents the sum of the energies of all pixels of the shower
image and corresponds to the total measured energy for one event. In figure 6.12, the
energy sum is displayed for the events with the primary particle energyEp of 100, 300
and 500 GeV. On the x-axis, the measured energy is plotted in MeV and on the y-axis
the number of counts within an energy bin.
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Figure 6.12: The energy sum metric corresponding to the total deposited energy for
three different primary particles energies (100, 300 and 500 GeV). Each sample contains
the distribution of the number of hits analyzed in 20 000 images.

The initial float32 distribution already indicates deviations from Geant4, again, most
probably due to the missing ReLU layer. The NC int8 model remains close to the
one of float32. However, visually slight deviations in the distribution shapes can be
observed. The distribution parameters mean and standard deviation are provided in
table 6.6. Only at the 100 GeV histogram the statistic values of the NC int8 model
significantly disagree with the ones of the float32 model.

Overall, the quantization process minorly influences the measured energy sums.
However, it is difficult to provide a clear statement, as the initial float32 model does
already not perform very good.
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Table 6.6: The means and the standard deviations of the energy sum distributions
(100, 300 and 500 GeV) for each model.

Model µ100 GeV in MeV µ300 GeV in MeV µ500 GeV in MeV

Geant4 180± 16 524± 32 857± 58
float32 202± 13 553± 38 861± 53

NC int8 225± 18 561± 38 854± 54

6.5 Discussion and Future Work of the Reduced Precision Re-
search

In this chapter, a deep Conv2D neural network GAN model for a complex high energy
physics calorimeter use-case is quantized into a reduced precision. As quantization
tool, the MSEp accuracy driven Neural Compressor from Intel is applied to quantize a
pre-trained model from float32 down to the int8 format. With the quantized NC int8
model, a state-of-the-art inference time improvement of 3.0x is achieved, compared to
the not quantized float32 model on a Intel Ice Lake CPU. This results in a tremendous
120 000x speed-up over the presently employed Geant4 simulation, which is aimed
to be replaced by modern generative models. Additionally, the model memory size is
reduced by a factor of 2.24.

For the physics calorimeter use-case in this research, the highest possible accuracy is
required. Therefore, the generated images are with multiple physics validation met-
rics investigated. Depending on the metric, the NC int8 model shows small or no
deviations in comparison to the initial not quantized float32 model. On the other side,
the quantized float16 and int8 TensorFlow Lite models perform both clearly worse
than the NC int8 model. This indicates that an accuracy driven quantization tool such
as the Intel Neural Compressor can maintain a reasonable physics accuracy.

All in all, the proposed reduced precision strategies for GAN models in this research
achieved encouraging results. These findings can help to reduce the required comput-
ing resources for future high energy physics simulations and other generative mod-
els use-cases. Especially, in the case of calorimeter simulations, where a significant
number of events must be simulated at the same time, reduced precision computing
decreases the hardware requirements greatly.

A natural continuation of this research would be to consider repeating the reduced
precision research with the final Conv2D model presented in the previous chapter to
validate the results. For quantization, accuracy driven quantization tools are recom-
mended, such as the Intel Neural Compressor used in this study, in order to maintain a
high physics accuracy and to reach a reasonable inference speed-up. At present, quan-
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tization remains a complex task with many obstacles. In the future, when the quan-
tization tools are more developed and support all the layers present in our Conv2D
model, the quantization process could be repeated with other quantization tools for
comparison.

Thesis Objective Fullfilled:

One objective of this thesis was to demonstrate the optimization of the hard-
ware resource consumption and runtime of the GAN model which is success-
fully fulfilled with the reduced precision research. With an accuracy driven
quantization tool, a 3x speed-up and a 2.2x reduction in model memory could
be achieved while maintaining the required accuracy.
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Chapter 7

Quantum Computing

The novel technology of quantum computing is emerging and evolving rapidly. By
controlling information units according to the rules of quantum mechanics, it has the
potential to become a new paradigm of computing. In physics, a ”quantum” repre-
sents the smallest possible unit. In the so-called second Quantum Revolution [197]
presently ongoing, science has enabled to identify, control and manipulate these in-
dividual quanta, like photons, electrons, atoms and molecules, making entirely new
technologies possible, for example also for computers. Quantum computing takes ad-
vantage of subatomic physic properties to process information. It is predicted that
quantum computing can exponentially speed-up certain tasks compared to classical
computing [198, 199]. This makes it an extremely interesting future computing ap-
proach. Furthermore, quantum computing may make it possible to solve problems
that are even entirely intractable for classical computing methods [18]. Some compu-
tations are very inefficient on classical computers but are predicted to be efficient on
quantum computers [18, 200]. In general, quantum computing might allow the learn-
ing of more complex correlation patterns which classical computers may not be able
to reproduce efficiently [132]. Furthermore, the operation of quantum computers for
large-scale problems might be more energy efficient due to faster computations and,
thus reduce its carbon footprint [201, 202].

Because of the immense potential and market size of quantum computing, prominent
IT companies, such as Google, IBM, Alibaba, Baidu, XANADU, Origin Quantum and
many more are researching on the development of real quantum computers, as well as
software frameworks for implementing quantum computing [23]. In HEP, the CERN
Quantum Technology Initiative [20] coordinates the research in this area and provides
a network for exchanging ideas and promoting innovation. At DESY in Germany,
quantum technologies for quantum computing , quantum materials and quantum sen-
sors are bundled in the new strategic direction of DESY Quantum [203]. Both, CERN
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as well as DESY, became IBM hubs for quantum computing and are recognized driv-
ing forces to explore and widen the limitations of present quantum computers. Most
of the employed simulation data in HEP initially originate from quantum mechanical
processes. The simulation of these data on quantum computers, which equally relies
on quantum mechanics, might reveal data correlations which classical models cannot
reveal nor reproduce and, therefore, lead to more accurate results [21]. Furthermore,
because of the enormous data sets operated in HEP, which sizes and complexity will
even more increase in far future, the potentially expected speed-up of quantum com-
puting can help to overcome the future computing challenges [19]. Therefore, also for
HEP, quantum computing is considered as a promising future simulation approach.

This chapter is structured as follows. In the subsequent section, the elementary com-
puting unit operated on quantum computers is introduced. Then, the quantum gates
and circuits required to construct quantum computing algorithms are explained. Next,
current physical quantum computers, their limits and challenges are briefly described.
Subsequently, an overview of quantum machine learning and quantum generative
models is given. Inspiration for the content of this chapter is derived from Ref. [204],
because it provides a clear and comprehensible introduction.

7.1 Qubits: The Computing Units of Quantum Computers

Classical computers employ so-called bits as the basis unit to store information,
whereas quantum computers manipulate quantum bits, in short ”qubits.” The infor-
mation of classical bits is restricted to the discrete values 0 and 1. Qubits rely on quan-
tum theory, which allows them to be in a superposition of multiple classical states.
Possible basis states of qubits are |0〉 and |1〉, where the brackets around the numbers
0 and 1 correspond to the Dirac- or ”bra-ket”-notation for quantum mechanic states.
Hereby, a bra vector 〈v| represents a row vector and a ket vector |w〉 a column vector,
where w is the complex conjugate of v.

Due to superposition, the theoretical computing potential of quantum computers
grows exponentially with an increasing number of qubits, whereas the power of clas-
sical transistors merely grows linearly with an increasing number of classical bits. The
exponential growth is explained in the following: one qubit can exist in two states |0〉
and |1〉 simultaneously due to superposition. If two qubits are combined, there exist
four (2 · 2 = 4) quantum states |00〉, |01〉, |10〉, |11〉. Three qubits maintain 2 · 2 ·
2 = 8 states, etc. Due to superposition of multiple qubits, the size of the state space
doubles for each additional qubit, leading to the exponential 2n growth of the state
space for an n-qubit system [204]. As a physics example, a two qubit register could be
implemented by two spin 1/2 particles, where each particle can be in the eigenstate
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spin-up |↑〉 or spin-down |↓〉 [205]:

1
√

2
[(|↓〉+ |↑〉)⊗ (|↓〉+ |↑〉)], (7.1)

where ⊗ denotes the tensor product. In superposition, the qubits represent a combi-
nation of all possible states until they are observed. The operation of observing the
state of a qubit is denoted as measurement. The measurement results in either 0 or 1
and destroys the superposition. The measurement is an irreversible process and if the
value 0 or 1 is measured depends on the relative probabilities of the state, which will
be explained in more detail in the following. More information about quantum mea-
surements from the phase-space into a physical-space can be acquired in Ref. [206].

Theorists employ the Hilbert spaceH – a complex vector space – to describe the prin-
ciples and laws of quantum mechanics [207]. Single qubits can be visualized by pro-
jecting their two-dimensional complex Hilbert space onto the surface of a unit sphere,
which serves as a convenient visual representation [204]. In quantum language, the
unit sphere is frequently designated as the Bloch sphere [208, 209], as shown in figure
7.1. If the state of the qubit is located on the North Pole of the Bloch sphere, it corre-

Figure 7.1: On the left, a classical bit which can take on either the value Zero or One.
And right a quantum bit with the Bloch sphere representation, which can take on all
values on the sphere surface. The figure is taken from Ref. [204].

sponds to state |0〉 and on the South Pole to state |1〉. If the state is somewhere on the
sphere in between, it is in superposition of state |0〉 and state |1〉. The closer the state
is to the north, the larger the probability to measure it in state |0〉. If it is placed exactly
on the equator, then it represents a perfect randomness with an equal probability of
50% to measure either of the both ground states. Mathematically, the superposition of
a state |Ψ〉 is represented by a linear combination of the basis vectors |0〉 and |1〉:

|Ψ〉 = a |0〉+ b |1〉 , (7.2)
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where
|a|2 + |b|2 = 1 (7.3)

due to unitary conditions. The probability of measuring state |0〉 is |a|2 and the prob-
ability of measuring state |1〉 is |b|2, where a and b are called the probability ampli-
tudes. After measurement, the quantum state collapses into classical bit values of 0 or
1.

The quantum states of equation 7.2 can be rewritten in the frequently applied polar
coordinates with the azimuthal angle ϕ and polar angle θ:

|Ψ〉 = cos
(θ

2

)
|0〉+ sin

(θ
2

)
eϕi |1〉 . (7.4)

The angles ϕ and θ are within the parameter range 0 ≤ ϕ ≤ 2π and 0 ≤ θ ≤ π.
In figure 7.2, an example quantum state |Ψ〉 is visualized on the Bloch sphere with its
corresponding polar coordinates. The conversion factors between equation 7.2 and 7.4
are a = cos(θ/2) and b = sin(θ/2)eϕi.

Figure 7.2: The quantum state |Ψ〉 on the Bloch sphere in polar coordinate represen-
tation. The figure is taken from Ref. [204].

There are other basis states defined instead of |0〉 and |1〉. Typically, the basis states
are placed on the cartesian axes of the Bloch sphere visualized in figure 7.3. Three
pairs of basis states are:

1. the Computational basis with state |0〉 and |1〉 on the Bloch sphere z-axis,

2. the Hadamard basis with state |+〉 and |−〉 on the Bloch sphere x-axis and

3. the Circular basis with state |i〉 and |−i〉 on the Bloch sphere y-axis.
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Figure 7.3: Three pairs of possible quantum basis states [204].

By convention, primarily the computational basis is used in the first place. Likewise,
the computational basis is employed in this thesis.

To highlight the potential advantage of qubits over classical bits, two examples are
provided. One classical so-called byte contains eight bits and can represent 28 = 256
different numbers. However, one byte can merely hold one value at a time. With eight
qubits, all 256 values can be represented simultaneously through superposition. In
Ref. [204], another example is provided: the small molecule caffeine (C8H10N4O2)
requires approximately 1048 classical bits for representing all its contained informa-
tion. For comparison, today’s storage sizes remain in the terabyte range, which rep-
resents only 1012 bits. In contrast, only 160 qubits would be required to represent the
comprehensive information of a caffeine molecule (2160 ≈ 1048). Therefore, quantum
computing has the potential for a better memory efficiency.

7.2 One Qubit Quantum Gates

In this section, quantum operations are introduced to manipulate the states of qubits
on quantum devices. These operations are denoted as quantum gates and are ana-
logues to the classical logic gates AND, OR, NOT, etc. All quantum gates are reversible
operations [210], which are defined by a unitary matrix U . With the complex conju-
gate matrix U†, the computation of U can be revised. The measurement gate, from
quantum information to classical, represents the only irreversible operation in quan-
tum computing. That means, if the state of a qubit is measured to be either zero or
one, the original probability amplitudes cannot be restored. For quantum computing,
numerous gates exist. However, as for classical gates, many gates can be created by
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a combination of only a few basic gates. In this section, selected quantum basic gates
are introduced, which are used extensively in this thesis.

7.2.1 X-Gates

The simplest gate is the one-qubit quantum NOT orX-gate. Single qubits can be rep-
resented by two-dimensional complex ket-vectors. Therefore, all one-qubit quantum
gates can be replaced with two-by-two matrices, including complex entries, which
manipulate the state of qubits. The matrices of all gates are unitary. The matrix repre-
sentation of theX-gate is the Pauli-X matrix [211]:

X =

[
0 1
1 0

]
. (7.5)

TheX-gate switches the amplitudes of the |0〉 and |1〉 states:

X |0〉 =

[
0 1
1 0

] [
1
0

]
=

[
0
1

]
= |1〉 , X |1〉 =

[
0 1
1 0

] [
0
1

]
=

[
1
0

]
= |0〉 . (7.6)

7.2.2 Hadamard Gates

The Hadamard gate (H) represents the second important quantum gate. The mathe-
matical matrix representation of theH-gate is:

H =

√
2

2

[
1 1
1 −1

]
=

1
√

2

[
1 1
1 −1

]
. (7.7)

Hadamard gates map the basis states of a single qubit into superposition:

H(|0〉) =
|0〉+ |1〉
√

2
= |+〉 , H(|1〉) =

|0〉 − |1〉
√

2
= |−〉 . (7.8)

Therefore, the Hadamard gate manipulates the state from the computational basis |0〉
and |1〉 into the Hadamard basis |+〉 and |−〉.

Hadamard gates are among the most frequently applied gates in quantum computing.
They are implemented at the beginning of circuits to put the qubits initialized in |0〉
state into superposition [204]. The Hadamard gate is its own inverse. Hence, applying
the Hadamard gate twice results into the identity matrixHH = H ·H† = I .
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For visualization of the Hadamard gate, the Bloch sphere is employed. In figure 7.4,
the evolution of applying a Hadamard gate to various input vectors is visualized. The
Hadamard gate can be thought of as a rotation around the diagonal of the x + z-
axis (180° rotation around the orange arrow in figure 7.4; the z-axis represents the
vertical axis). The blue arrows indicate the initial states and the green arrows, with
the matching color saturation, demonstrate the corresponding states after applying
a Hadamard gate. Starting from the green arrows and applying a Hadamard gate
rotates the quantum states back into the initial position.

Figure 7.4: The operation principle of a Hadamard gate, visualized by the 180° rota-
tion of vectors around the orange arrow.

7.2.3 Y-Rotational Gates

The parameterized Y-rotational gate (RY ) performs a single-qubit rotation with the
rotational angle θ (in radians) around the y-axis. The mathematical description of the
gate in matrix notation is:

RY =

[
cos(θ

2
) −sin(θ

2
)

sin(θ
2
) cos(θ

2
)

]
. (7.9)

The RY -gate is visualized in figure 7.5 for different rotational angles θ ∈ [0, 2π]. If
a state is initiated in |0〉, a rotation by π/2 results into the |+〉 state on the x-axis
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and by π to the |1〉 state. Frequently, in trainable quantum circuits, the rotational
angles θ correspond to the trainable parameters, which are randomly initialized and
appropriately optimized during training.

Figure 7.5: The rotation of a state around the black arrow (y-axis), carried out by the
Y-rotational gate with the rotational angle θ.

7.3 Multiple Qubit Circuits

The second fundamental feature of quantum computing, alongside superposition, is
the entanglement between multiple qubits. Entangled qubits are intrinsically linked
to each other. With the measurement of one qubit, conclusions about the other(s) can
be deduced [205]. In quantum algorithms, typically several qubits are operated to
increase the contained information. This section describes the behavior of multiple
qubits, the concept of entanglement and important two-qubit gates.

Mathematically, two qubits are represented by a tensor product, which concatenates
two vector spaces. The tensor product of an n andm dimensional vector space results
into n · m dimensions. Through this multiplication, the vector space grows fast in
dimensions. For example, two 2x2 matrices multiplied with the tensor product result
into a 4x4 matrix. The basis states of two qubit systems are |00〉, |01〉, |10〉 and |11〉.
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Two qubits are represented by the linear combination of the basis states:

(|0〉+ |1〉)⊗ (|0〉+ |1〉) = a00 |00〉+ a01 |01〉+ a10 |10〉+ a11 |11〉 . (7.10)

Similar as for the one-qubit case, due to normalization of the basis vectors the squared
amplitudes aij must sum up to 1:

|a00|2 + |a01|2 + |a10|2 + |a11|2 = 1. (7.11)

After the measurement, the qubits collapse irreversible into one of the basis states,
according to its probabilities |aij|2.

An example of a maximally entangled quantum state |ψ〉 of two qubits represents the
so-called Bell state [212]:

|ψ〉 =

√
2

2
|00〉+

√
2

2
|11〉 . (7.12)

In the Bell state, only the two states |00〉 and |11〉 exist, both with an equal probability
of 50%. If the relationship of the Bell state is known, and only one qubit is measured,
an immediate conclusion about the other state can be drawn. For example on an ideal
quantum computer without any noise, when qubit one is measured in state |0〉, there
is a 100% probability that qubit two is equally in state |0〉 and a zero-percent proba-
bility that qubit two is in state |1〉. Due to the entanglement, the qubits are correlated,
and the measurement of one qubit determines the other one. The combination of
entanglement and superposition represents a significant advantage of quantum over
classical computing.

The general rule is, two-qubit quantum states are entangled if they cannot be ex-
pressed as a tensor product of two one-qubit states, meaning if they are linear inde-
pendent [210]. This statement is explained with in the following. The tensor product
of two one-qubit states can be written for example:

(a1 |0〉+a2 |1〉)⊗(b1 |0〉+b2 |1〉) = a1b1 |00〉+a1b2 |01〉+a2b1 |10〉+a2b2 |11〉 .
(7.13)

If the Bell state could be constructed, four relationships must be fulfilled:

a1b1 =

√
2

2
, a1b2 = 0, a2b1 = 0, a2b2 =

√
2

2
. (7.14)

The second condition a1b2 = 0 can be fulfilled either if a1, b2 or both are zero. How-
ever, if a1 is zero, the first relationship a1b1 =

√
2

2
cannot be constructed. Similar,

if b2 is zero, the forth relationship a2b2 =
√

2
2

cannot be constructed. Therefore, the
Bell state from equation 7.12 represents an entangled state, because it is impossible to
divide it into a tensor product of one-qubit states.
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7.3.1 Two Qubit Gates

One qubit gates operate 2x2 unitary matrices. For two qubits, the matrix dimension
increases to 4x4. One of the most frequently applied two-qubit gates in quantum com-
puting represents the CNOT (or CX) gate. As the name indicates, it remains a NOT
gate, while ”C” stands for ”controlled”. It has two qubit inputs and two qubit out-
puts. The first qubit represents the controller or condition qubit. It applies the NOT
operation to the second qubit, the target qubit, only if the first qubit is in state |1〉. If
the first qubit is in state |0〉 nothing happens. The four possibilities of the CX-gate
operation are:

• CX |00〉 = |00〉,

• CX |01〉 = |01〉,

• CX |10〉 = |11〉,

• CX |11〉 = |10〉.

The matrix representation of the CX-gate is:

CX =


1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 . (7.15)

For example, the Bell state can be created by applying a H-gate to the first qubit and
then placing a CX-gate between the two qubits, where the first qubit is the ”con-
troller” qubit. In literature, and throughout this thesis, the termsCX-gate and CNOT
gate are used interchangeably.

In quantum circuits, additionally to theCX-gates, frequently controlled Z-gates (CZ)
are applied. CZ-gates are similar to CX-gates, however, CZ-gates only affect the
state where both qubits are in state |1〉, and it changes the sign (highlighted in red):

CZ(a |00〉+ b |01〉+ c |10〉+ d |11〉) = a |00〉+ b |01〉+ c |10〉− d |11〉 . (7.16)

The matrix representation of the CZ-gate is:

CZ =


1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 −1

 . (7.17)
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There is also a controlled Y-gate (CY ) represented by the matrix:

CY =


1 0 0 0
0 1 0 0
0 0 0 −i
0 0 i 0

 . (7.18)

The symbols of the CX-, CY - and CZ-gates in quantum circuits are visualized in
figure 7.6. The qubit zero (q0), where the dot of the gates is placed, represents the
”controller” qubit. The black horizontal lines are called (quantum) wires, which con-
nect the gates to one qubit. They show the progress in time from left to right. It can
be noted, in the CZ-gate representation (the right most gate in figure 7.6), it does
not matter which of the qubits the ”controller” qubit is, because both qubits are inter-
changeable. The mathematical proof for this is provided in the appendix B.1.

Figure 7.6: On the left, the CX-gate, in the middle the CY -gate and on the right the
CZ-gate, as they are typically visualized in quantum circuits.

In today’s quantum computing, typically only one- and two-qubit gates are applied,
and no gates connecting more than two qubits. The reason for this is given by the
hardware noise on current devices: the more qubits are involved, the higher the gate
noise and the less reliable the results [213]. However, more than two qubits can be
entangled to each other by applying a composition of multiple two-qubit entangling
gates.

7.3.2 Quantum Circuits

Each quantum hardware operates a set of primary gates to physically manipulate the
qubits. More complex gates can be generated by wiring-up a sequence of primary
gates (especially CNOT plus single qubit rotation gates) by utilizing quantum circuits,
similar as it is done in classical computing. The qubits employed for one operation
are frequently collected into a system denoted as quantum register. For more complex
algorithms, sometimes multiple quantum registers are applied. It is a convention to
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initialize the qubits in state |0〉. The qubit can – if required – be transferred to state
|1〉, by applying anX-gate or into equal superposition, by applying aH-gate.

A simple example circuit consisting of one qubit, one X-gate and a measurement op-
eration is provided in figure 7.7. Depending on the use case, multiple visualization
techniques are employed. The left comprehensive visualization exhibits the measure-
ment and additionally that the quantum state of qubit q is measured to the classical
bit 0 within a classical register c. For more complex circuits with multiple qubits,
the qubits and classical bits are indexed with an iterative number. The middle vi-
sualization represents a simplification and neglects the classical register, because it
is apparent that the quantum state is measured into a classical one. On the right,
even the visualization of the measurement is neglected, because when a circuit is pro-
vided, usually a measurement operation is applied afterwards. These simplifications
are useful when large and complex circuits with many qubits and gates are designed,
to simplify the visualization.

Figure 7.7: A simple example circuit consisting of only one qubit with one X-gate
in three different representations. The black gate with the white gauge behind the
X-gate symbolizes the quantum measurement gate.

Quantum circuits can be constructed with as many gates and qubits as desired. Usu-
ally, the maximum number of sequential gates applied to one qubit is denoted as the
circuit depth and the number of qubits as the circuit width. The output of a quan-
tum circuit with multiple qubits, after applying measurement operations, is a classical
bit-string of zeros and ones.

7.4 Noise Intermediate Scale Quantum Devices

The development, construction and operation of quantum computers is a highly in-
terdisciplinary field [214], which joins technologies of many physics and technology
fields. Examples of different technologies are given at the end of this section. De-
pending on their physical realization, many of the current quantum computers are
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operated at temperatures as close as possible to 0 K. This is chosen to suppress the
environmental influences to the operations of the qubits and computations, and be-
cause the quantum computer employs superconductors [215]. To achieve these low
temperatures, superfluid helium is operated as a cooling fluid [216].

The qubits in todays quantum computers do not represent accurate ”logical” qubits,
which can operate an indefinite number of gates, while maintaining the correct states
[204]. Instead, they are denoted as ”physical” qubits, which decay and lose their state
after some time denoted as ”coherence time” [217]. As the decay of qubits is unavoid-
able, it is attempted to delay the decoherence of the qubits as long as possible. Or,
alternatively, to operate the gates in the quantum circuits as fast as possible. Physi-
cal qubits suffer from hardware errors, which cause imperfect operations and reduce
the fidelity of the computation results. Furthermore, they are influenced by noise of
the environment, for example of the earth magnetic field, cosmic rays and electronic
components operated by the quantum computer itself [204]. In general, it is possible
to create logical qubits on imperfect quantum computers. For this, one logical qubit
requires the operation of many physical qubits (hundreds to thousands), combined
with error correcting schemes in sophisticated circuit architectures [204].

IBM proposed a metric to determine the overall size and quality of near-term quan-
tum computers called Quantum Volume [218]. This metric takes into account: the
depth and width of executable quantum circuits, calibration errors, coherence times,
connectivity between qubits, gate fidelity, and some more influential aspects [218]. In
this thesis, the quantum simulations are operated with the IBM Qiskit library [219].
Furthermore, some experiments are executed on real IBM Quantum (IBMQ) devices.
Due to the CERN Quantum Hub, premium access to IBMQ devices is available for this
thesis.

In figure 7.8, the IBM roadmap of quantum devices is shown, as published in Ref.
[220]. It can be noted that current quantum devices can merely operate hundreds of
qubits. However, already in 2023, it is predicted to operate a thousand-qubit machine,
and from 2026 onwards, tens of thousands of qubits. Because of the operations are lim-
ited to a hundred qubits with short coherence times and a limited qubit-to-qubit con-
nectivity of current quantum devices, only the operation of circuits with a limited size
is possible. Commonly, current quantum devices are denoted as Noisy Intermediate-
Scale Quantum (NISQ) computers. Because of the small number of qubits, NISQ de-
vices do not allow operating error correction techniques, and thus, no logical qubits,
making them unsuitable for accurate general-purpose computations [221]. In the fu-
ture, quantum computers are expected to become fault-tolerant, with the operation of
millions of physical qubits. This results then in approximately thousands of logical
qubits which could be employed to execute reasonable precise computations.

The characteristic values to present the noise level of current quantum devices are in
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Figure 7.8: Development roadmap for the IBM quantum devices from Ref. [220] pub-
lished in 2022. Among others, the predicted evolution of the number of qubits over
time can be observed.

practice often determined by the CNOT (CX) gate error and the readout error [222].
Predominantly, the two-qubit gate fidelities are considerably worse than the ones of
single gates (by about a factor ten). As the CNOT gate is one of the most popular two-
qubit gates, it is frequently used as a representative gate to indicate the gate level noise
of a NISQ machine. Readout noise represents an error in the measurement operation
from quantum states to classical data.

The noise influence on the results can either be reduced by hardware improvements,
but also by software solutions. There exist two methods: error correction and error
mitigation. As already mentioned, error correction allows compensating for noise
of quantum circuits with the implementation of smart circuits, utilizing additional
auxiliary qubits [223]. As the number of qubits on current NISQ devices is lim-
ited, error mitigation represents an alternative method, which does not require ad-
ditional qubits and exclusively relies on software solutions and an increasing number
of executed circuits. An example technique for mitigating gate errors represents the
quasi-probabilistic quantum error mitigation. It allows simulating a noise-free quan-
tum computer, while operating a noisy one. However, error mitigation methods do
not come for free. Quasi-probabilistic error mitigation causes an exponentially scal-
ing computational sampling overhead, increasing with the number of corrected gates
[224]. Other gate level error mitigation methods are given by Pauli-frame randomiza-
tion [225] or zero-noise extrapolation [226].

For readout measurement error mitigation, the conventional bit-flip correction
technique [227] is applied in this thesis which is in Qiskit implemented as
CompleteMeasFitter. It employs a calibration model which prepares all 2n basis
states of the Hilbert space and measures the counts. From these results, a calibration
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matrixM can be calculated:

M =

[
1− p01 p10

p01 1− p10

]
, (7.19)

where p01 (p10) is the bit-flip probability of misidentifying 0 as 1 (1 as 0) during read-
out. With the calibration matrix M , the average outcome of another experiment can
be corrected: Pnoisy = M · Pideal. Todays quantum circuit studies frequently search
for the shallowest circuit which sufficiently solves the addressed problem. Without
error mitigation on NISQ devices, for deep circuits with many gates, the results of
the imperfect quantum computers become worse compared to more shallow circuits,
because the noise of each gate accumulates and makes the measurement inaccurate.

Figure 7.9: An exemplary quantum computer from IBM. Picture taken from the IBM
media library in Ref. [228]. The picture shows the dilution refrigerator, which gradu-
ally cools from room temperature at the top to ultra-cold conditions at the bottom to
maintain stable qubits on the quantum chip. The entire device is approximately one
meter in height.

At present, there exist multiple technologies for quantum computers. Qubits can be
represented by any two-level system. For example, trapped atom or ion computers
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trap charged atoms/ions by magnetic fields and operate orbiting electrons in super-
position as qubits [229]. Quantum computers built with photonic qubits utilize single
photons as qubits with the help of mirrors and beam splitters [230]. Lastly, supercon-
ducting transmon quantum computers operate superconducting qubits at ultra-cold
temperatures to perform fast operations [231]. To mention a few examples, the latter
mentioned principle is operated by the IBMQ devices, trapped ion quantum comput-
ers by IonQ and photonic quantum computers by Xanadu Quantum Technologies. All
the aforementioned techniques maintain specific advantages and disadvantages, and
no clear favorite is determined yet [230]. To obtain an impression, an exemplary quan-
tum computer from IBM is visualized in figure 7.9. It contains all the electronics cables
required to control and readout the qubits, the gates and the cooling system. The ac-
tual quantum processor is placed at the bottom of the quantum computer. Figure 7.10
visualizes a seven-qubit chip, which serves as the processor of the IBM quantum com-
puters.

Figure 7.10: A seven-qubit processor of a superconducting quantum computer
from IBM including the seven Josephson Junctions representing the superconducting
qubits. Picture taken from the IBM media library from Ref. [228]. The size of the chip
is about 20-30 mm.

Because of the limits of current NISQ devices, classical simulators are used to develop
and study quantum algorithms under pure and noiseless conditions. There exist mul-
tiple implementations. Statevector computations return the precise quantum statevec-
tor, or the wave-function, for multiple qubits in quantum circuits. On the other hand,
on quantum simulators, the quantum algorithm is executed several times, and the
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measurement samples estimate the result as counts. This approach is similar to an
execution on a real quantum device. Furthermore, on simulators, noise models can be
included to mimic and simulate the behavior of a physical NISQ device.

If the quantum simulations can perform similar accurate calculations, one crucial rea-
son why quantum computers are required is given by the amount of memory required
to store one single state of a quantum register with n qubits on a classical device. In
table 7.1, the evolution of one approach to the calculation of classical hardware mem-
ory is provided to represent an n qubit state. The dependence for calculating the
required number of bits in a memory is 2n, which scales exponentially with n. There-
fore, each additional qubit doubles the hardware costs for the simulation. In table 7.1,
it can be observed that 43 qubits already require 1 TB (Terra byte, 1 TB = 1012 B) of
classical memory only to store the information. This behavior was practically demon-
strated with a scaling test on an Intel high performance computing center, where it
was only possible to simulate up to 42 qubits with using 2 048 computing nodes, each
equipped with two Intel Xeon 8174 CPUs [232]. If the information should be processed
by quantum gates, for example a two-qubit gate, then the square of this number is re-
quired. Furthermore, similar to the required amount of memory, also the simulation
time grows with the number of qubits.

Table 7.1: The number n of qubits and the required memory in bytes to represent one
quantum state on a classical computer.

Number of Qubits Memory

10 128 B
13 1024 B
23 ≈1 MB
33 ≈1 GB
43 ≈1 TB

Optimizations can be applied to decrease the required memory, as explained in Ref.
[233]. One such method involves the use of the Feynman path integral, which provides
an alternative representation for the previous matrix quantum computations. This
approach converts exponential-space computations into polynomial-space computa-
tions, denoted as PSPACE. However, while this method benefits in terms of memory
requirements, the path integral calculation requires an exponentially growing simula-
tion time with the number of qubits. Therefore, the Feynman path integral effectively
shifts the challenge from memory to computation time. In general, simulations of
complex quantum circuits with more than 33 qubits become challenging for classical
computers. In Qiskit, the maximum number of qubits to be simulated is set to 25.

Due to large matrix calculations, adding noise to the ideal quantum simulation the
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simulation cost can increase by a factor up to 100x, as observed in Ref. [234]. The point
when quantum computers outperform classical quantum simulators for high fidelity
tasks will be when approximately 40 logical qubits can be operated [199]. With current
error correction techniques, this corresponds to multiple tenth-of-thousands physical
qubits.

7.5 Quantum Machine Learning

Quantum machine learning (QML) represents an emerging field, which promises sig-
nificant advancements for ML algorithms by porting them to quantum computers
[235]. Classical ML algorithms are undeniably successful, however, training and in-
ference of large models can be hardware resource intensive and time-consuming. In
order to construct more realistic ML models, in the future, ML models will grow even
larger and require more hardware resources [236]. QML on quantum computers can
overcome this problem. QML possesses theoretical and experimental evidences to
solve problems (exponentially) faster than classical computers [221, 237, 238]. Other
possible advantages are that QML algorithms might require fewer data for training,
while achieving a similar level of accuracy, or they can deal with more complex data
structures, while employing simpler models [236]. Furthermore, ML models are ro-
bust to a specific amount of input or weight noise and can in some cases even benefit
from it, in terms of better generalization, reduced over-fitting and higher fault tol-
erance [12, 239–241]. Similar advantages are expected for full QML models, and for
specific applications already proven [242–245]. The QML noise tolerance can poten-
tially cope with the error rates of near-term quantum devices, enabling reasonable
simulations without the operation of logical qubits.

QML allows a completely novel strategy to solve classical problems with the help
of quantum theory and quantum information. For example, the trainable part of a
ML model can be replaced by a quantum model, where variational quantum circuits,
which exploit the quantum properties of superposition and entanglement, replace
classical neural networks [221]. In current strategies, this model is outsourced to a
quantum computer but similarly with backpropagation or stochastic gradient descent
techniques optimized. In this context, the quantum circuits are commonly denoted
as quantum neural networks [246] or variational quantum circuits. Combined with
classical optimization algorithms, QML is expected to be among the first practical and
most promising applications on NISQ devices for delivering sufficient accurate results
[221, 238].

Encoding or embedding the classical data into quantum states and decoding the quan-
tum data back to classical states is a non-trivial task [247]. Currently, many encoding
techniques exist, each exhibiting specific advantages and disadvantages, for example,
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the computational complexity or the required number of quantum gates for imple-
mentation. Identifying ”the best” encoding technique in practice is still very much
application dependent [247]. In this thesis, multiple encoding methods are tested and
evaluated.

7.6 Quantum Generative Models

In the previous chapters 5 and 6, it was demonstrated that classical ML generative
models, especially GANs, generate accurate shower images close to the ones of the
Monte Carlo training set, while providing tremendous speed-ups. In the following
chapters, the performance of quantum generative models is explored for the same
calorimeter detector simulation use case. Researches claim a potential advantage of
quantum generative models compared to their classical counterparts [248, 249]. Ad-
ditionally, quantum generative models are expected to maintain a higher expressive
power, to be more stable during training and maintain shorter training times [132].
Due to the practical limitations of current quantum devices, in terms of number of
qubits, coherence time and connectivity, simplified models are primarily executed on
quantum simulators.

Classical generative model training shows multiple difficulties, as documented earlier
in section 4.2.1. Therefore, it is investigated if quantum computing provides advan-
tages for generating samples of a given data set. It still remains an unanswered ques-
tion, if classical techniques, such as label smoothing or batch normalization, can im-
prove the performance of quantum algorithms likewise [132]. Conventionally, quan-
tum models are able to learn both, quantum and classical data [132]. In this thesis, as
a first step, the quantum models are operated and trained exclusively with classical
data.

In general, most quantum generative models are similarly constructed to their clas-
sical analogue. Some model parts, in particular the trainable neural networks, are
replaced by quantum methods, specifically variational quantum circuits [250]. The
trainable parameters of the variational algorithms are the parameters of the rotational
gates in the quantum circuits that can be optimized. Non-linearity is achieved by
placing non-linear entanglement gates after individual qubit rotations, allowing to
learn complex distributions [251]. In particular, due to the success of classical GANs,
qGANs – the quantum analog of GANs – are investigated in this thesis to enhance the
accuracy of calorimeter simulations and explore other potential benefits. The qGAN
models come in various configurations where either the generator or the discrimina-
tor or both are implemented in a quantum mode [13, 23]. The in this thesis applied
quantum models are introduced in detail in the following chapters.
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Chapter 8

Hybrid Quantum - Classical
Generative Adversarial Network
Model

This chapter introduces a first quantum generative model as a proof-of-concept for the
calorimeter use case and to explore and understand the quantum behavior. Because
of today’s quantum hardware limitations, a hybrid quantum-classical GAN (qGAN)
model is designed as a first step. The model is hybrid because some parts are executed
with quantum computing and others with classical computing. It should be noted that
the quantum computing part can be performed on a quantum simulator on a classical
computer. The structure of the hybrid qGAN is the same as for the classical GAN,
where two models are competing with each other. The hybrid quantum-classical ap-
proach, however, consists of a quantum generator, defined as a parameterized quan-
tum circuit and a classical neural network as discriminator. The generator quantum
circuit consists of available gates in current quantum devices, denoted as hardware ef-
ficient Ansatz [252]. These represent simple single-qubit rotation gates around a fixed
axis controlled by real tunable parameters and two-qubit entangling gates, as intro-
duced in section 7.2. Similar to neural networks, non-linear parameterized quantum
circuits can represent any function and be trained to the desired accuracy, provided
the proper depth and architecture [253].

The approach of the hybrid qGAN model operated in this study was initially devel-
oped and published by IBM in Ref. [254]. However, the model is modified and opti-
mized for the calorimeter simulation use case. The results of this chapter are as part
of this thesis partly published in Ref. [255] and Ref. [244].



146 8 Hybrid Quantum - Classical Generative Adversarial Network Model

8.1 Principles of the Hybrid Model

The working-principle of the hybrid qGAN model is demonstrated in figure 8.1. The
key features of the hybrid qGAN model are the quantum generator circuit and the
classical discriminator neural network. The input to the quantum generator represents
a uniform distribution generated by H-gates applied to qubits initialized in the basis
state |0〉. The generator circuit outputs one quantum state in each forward step.

Figure 8.1: The schematics of the hybrid quantum-classical GAN model [255]. The
key components are a quantum generator circuit and a classical discriminator neural
network.

It is worth highlighting, with a hybrid approach, where the generator is quantum and
the discriminator classical, the generator output |x〉must be measured and converted
from quantum to classical data |x〉 measurement−−−−−−−→ x before being proceeded by the dis-
criminator. The measurement of each qubit returns 0 or 1, corresponding to the prob-
ability function defined by the quantum circuit. The measurement of multiple qubits
leads to a classical bit-string of zeros and ones, where the length of the bit-string is
equal to the number of qubits. The binary transformation from the bit-strings into a
pixel number is demonstrated in table 8.1.

Amplitude encoding is employed to encode the classical data into the amplitudes of
the quantum states and for decoding the quantum states back into classical data. The
advantage of amplitude encoding is that it reduces the dimensionality, because N
classical features (or amplitudes) can be encoded with onlyn ≥ log2(N) qubits [256].
In this study, the amplitudesN represent the number of pixels of the training images.
As a first test, merely N = 8 pixel images are operated. With n = 3 qubits in the
generator circuit, it is possible to represent N = 2n = 23 = 8 quantum states, which
are provided in table 8.1.

For amplitude encoding, each generator output corresponds to one specific pixel of
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Table 8.1: Measurement of the quantum state |x〉 into a classical bit-string x and the
binary conversion into a classical pixel number. The provided quantum states corre-
spond to the amplitudes of n = 3 qubits.

Quantum State: |000〉 |001〉 |010〉 |011〉 |100〉 |101〉 |110〉 |111〉
Bit-String: 000 001 010 011 100 101 110 111

Pixel Number: 0 1 2 3 4 5 6 7

the shower image, imagined as ”one-hot” vectors. To get from the single pixel of a
generator measurement to a probability distribution, the generator is executed multi-
ple times and the outcomes are averaged. The number of repetitions, how often the
generator is executed with the same setting (exactly the same parameters and inputs),
is typically denoted as the number of shots. Therefore, the generator output repre-
sents a probabilistic distribution, where the pixel entries correspond to probabilities.
On the contrary, for real images, the pixel entries correspond to energies that will vary
and fluctuate for individual shower images. By increasing the number of shots, the
probability function of the output states of the quantum generator circuit can be more
accurately reproduced. The necessity of multiple measurements (shots) and that only
probability distributions can be generated constitute acknowledged drawbacks of am-
plitude encoding, but this is accepted for this initial feasibility study, and addressed
and improved in the subsequent models.

Similar to the classical GAN, the quantum generator output represents the fake data
|x〉, which is additional to the training data (real data) the input into the classical
discriminator neural network. For this simplified use case, the discriminator neu-
ral network does not contain auxiliary losses. Therefore, the typical GAN True/Fake
probability is the only discriminator output, as described in section 4.4. According to
the loss function, the gradients of the generator circuit and the discriminator neural
network are evaluated, and the parameters updated. For both the generator and the
discriminator, the Adam optimizer [257] is applied. The following section describes
how the gradients on quantum computers are determined to optimize the trainable
parameters of the generator model.

8.2 Quantum Circuit Parameter Update

There exist multiple approaches for estimating the gradients of a classical numeri-
cal computation within finite runs [258]. In classical computing, an automatic differ-
entiation approach is employed, For example, backpropagation for neural networks.
There the gradients are computed with intermediate derivatives for the various sub-
functions inside the neural network following the chain rule [259]. This approach
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makes use of intermediate derivatives. However, these are not available on quantum
computers. Accessing intermediate states on quantum devices would affect the com-
putation and destroy the quantum state due to intermediate measurements. There-
fore, another approach must be chosen.

The most precise method employed for updating the gradients g in quantum comput-
ing follows the parameter-shift rule [260]. For estimating the gradients, each trainable
parameter xi of the quantum circuit is successively shifted a bit ∆x in the positive
and negative direction. The gradients of the parameters can then be calculated with
the formula

∇g(xi) ≈
g(xi + ∆x/2)− g(xi −∆x/2)

∆x
(8.1)

from Ref. [258]. It is worth highlighting that for the parameter-shift rule, the quantum
circuit has to be executed two times for each trainable parameter, and the parameter
is shifted once in +∆x and once in−∆x direction. For obtaining the outcome of the
current parameters, for example for intermediate accuracy evaluation during training,
the circuit must be once additionally executed.

8.3 The Initial 1-Dimensional Model

First, a simple one-dimensional (1D) hybrid qGAN model is developed and tested for
generating eight pixel calorimeter shower images. The quantum circuit architecture
and the training data preparation are explained before the model is evaluated. The
model is first trained without noise to mimic an ideal quantum computer. Then the
effect of artificial simulated hardware noise is evaluated in training and inference,
including some initial runs on real quantum devices.

8.3.1 Quantum Generator Circuit Architectures

In general, it is a delicate task to determine which circuit architecture is the best for a
problem, similarly as for neural networks in classical computing. In terms of restricted
hardware, keeping an eye on noisy simulations and also on eventually training on the
real quantum hardware with limited available simulation time, the number of gates
should be kept as low as possible.

Initially, the generator circuit from figure 8.2 is employed for the qGAN training. The
circuit architecture suggested by Ref. [261] is used with the maximum dimensional
expressivity for three qubits. Expressivity of a quantum circuit represents the ability
to uniformly reach the full Hilbert space [261]. Put differently, this means the circuit is
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capable of generating each possible quantum state. Additional gates would be redun-
dant and not increase the expressivity of the circuit.

Figure 8.2: A fully expressive quantum circuit for three qubits.

The circuit consists of three qubits to represent the eight pixels of the simplified shower
image. The qubits are initialized in the basis state zero |0〉, followed by H gates to
initiate superposition. The generator consists of two layers (circuit depth of two), as
indicated in figure 8.2. Parameterized RY - and RZ-gates provide the trainable part:
each RY - and RZ-gate has a trainable parameter θi corresponding to the rotation
angle. Entanglement is created byCZ gates in a linear entanglement topology. Linear
entanglement means that the jth qubit is entangled with the (j + 1)th qubit and
represents the simplest entanglement scheme. However, for a circuit with three qubits
it is sufficient. The only better entanglement scheme for three qubits would be all-to-
all qubit entangling, in which each qubit is entangled with each other.

The results are reasonable good, however, the simulation time remains long. There-
fore, it was investigated if the circuit can be shrunk for reducing the training time
while maintaining a good accuracy level. It is observed that removing the RZ-gates
from the circuit does not result in an accuracy drop. Additionally, the required number
of epochs could be reduced due to fewer trainable parameters. The goal is to minimize
the number of gates while providing a reasonable level of accuracy. This is similar as
for the classical GAN case in the previous chapters of this thesis, where the training
time was reduced by optimizing the neural network architecture. The more shallow
quantum generator circuit architecture without theRZ-gates is employed for training
the qGAN in this study. The circuit is illustrated in figure 8.3.

Decreasing the number of gates in quantum circuits comes with an additional benefit
for simulations carried out with including gate-level noise, as it is present in current
physical quantum devices. Each gate represents an additional noise source for the
model, which potentially decreases the accuracy. The fewer gates the circuit consists
of, the more resilient it is to gate-level noise. As a side note, in the research in Ref.
[261], where the fully expressive quantum circuit is introduced, they accomplished to
preserve the expressivity while removing single gates from the circuit. However, their



150 8 Hybrid Quantum - Classical Generative Adversarial Network Model

Figure 8.3: The more shallow quantum circuit architecture employed for training the
generator of the 1D qGAN model.

approach is for the initial tests in this study not applied.

The corresponding classical discriminator neural network consists of three input fea-
tures for the three-number bit-string. The hidden layers are two dense layers with 512
nodes and one with 256 nodes. The hidden layers are each followed by LeakyReLU
activation functions. The output layer of the discriminator consists of one single out-
put neuron followed by a sigmoid activation function, which provides the True/Fake
probability. The discriminator architecture is visualized in figure 8.4. Following the
standard GAN approach, a binary cross-entropy loss function is employed. The gra-
dients are classically computed, and the parameters of the quantum generator and
the classical discriminator updated. The discriminator network size is found to be
appropriate for the chosen generator circuit by empirical tests.

Figure 8.4: 1D classical discriminator neural network architecture.
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8.3.2 1D Training Data Preparation

The initial full-size data set contains the 3D 25x25x25 pixel calorimeter shower images
from section 2.4, utilized in the classical ML simulation. For the simplified use case in
this 1D research, the training data is downsampled to 8 pixels along the longitudinal
shower axis. The image size of 8 pixels was chosen to utilize the full amplitude range
of three qubits (23 = 8), as previously outlined and shown in table 8.1.

For downsampling, the training data is first averaged over the full energy range of
10-510 GeV. Then, the average energy image is projected to the z-axis to get a one-
dimensional distribution with 25 pixels along the longitudinal shower axis, as it is
visualized in figure 8.5 on the left. In a subsequent step, the 25 pixel 1D distribution
is downsampled to 8 pixels by calculating the sum of three consecutive pixels, while
discarding the last pixel. This represents the distribution aimed to be reproduced by
the qGAN model. The 8-pixel image is visualized in figure 8.5 on the right.

Figure 8.5: On the left, the 1D training data averaged over the calorimeter z-axis with
25 pixels is provided, and on the right, the same distribution downsampled to 8 pixels.
The pixel energy deposition on the y-axis is represented in an arbitrary unit.

From the 8-pixel distribution in figure 8.5 (right), the scalar training data set is created,
as required for amplitude encoding. The training data set consists of 30 000 scalar inte-
ger numbers which follow the energy distribution. The scalar integer numbers range
from 0 to 7 to mimic the 8 pixels. As explained previously, they can be imagined as
”one-hot” vectors, where each sample corresponds to one pixel of the image. Averag-
ing the scalar numbers over multiple samples results approximately into the training
data distribution from figure 8.5 (right). To input these scalar numbers into the dis-
criminator, they are converted into a bit-string, similar to the generator output. The
conversion of the scalars into the bit-string follows the binary translation from the am-
plitude encoding in table 8.1. Employing 30 000 training samples and 3 000 shots, the
training is divided into ten equal-sized batches per epoch.
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8.3.3 Training and Inference without Noise

The training is performed on the IBM Qiskit [262] quantum simulator, at first without
noise, to simulate an ideal quantum computer with logical qubits. In the subsequent
section, noise is included and its influence on the accuracy evaluated. All the fol-
lowing tests are carried out with Qiskit as quantum computing framework in version
0.26.2. The classical device on which the quantum simulator is run is an Intel Xeon
Gold 6130 CPU.

Figure 8.6 (left) provides as green bars the generator output after random uniform ini-
tialization. The x on the x-axis corresponds to the pixel number and p(x) on the y-axis
to the measurement probability p for the individual pixels x. All pixel probabilities
sum up to one. The blue line provides the pixel probabilities of the Geant4 training
data as a reference.

Figure 8.6: (left) The output of the uniform initialized generator and (right) the trained
model without noise.

It constitutes a non-trivial and time-consuming task to find appropriate hyperparam-
eters which allow training the hybrid qGAN model to convergence, similar as for clas-
sical GAN models. Initial successful converging training trials require 3 000 epochs of
training. With this, the execution of the training takes more than one day. After the
in the following introduced optimizations, the required number of epochs for training
could be reduced to only 300. Separate generator and discriminator learning rates are
implemented, as well as an exponential learning rate decay. Furthermore, at each opti-
mization step, the discriminator is trained more frequent than the generator. The best
hyperparameters, found by a hyperparameter optimization with Optuna, are: gener-
ator learning rate of 0.1, discriminator learning rate of 0.01, a common exponential
learning rate decay of 0.01 and the discriminator trained ten times more frequent than
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the generator. For training and inference, the images are generated using 2 048 shots.
The results of the best trial are provided in figure 8.6 (right). It can be noted that the
qGAN model is capable of correctly reproducing the average probability distribution
of Geant4.

As (q)GAN training is known to be unstable, it is crucial to test the reproducibility and
robustness. Therefore, the training is repeated for 20 trials. For each trial, the training
is executed with exactly the same hyperparameters. The relative entropy, also denoted
as the Kullback-Leibler-Divergence [111], is used as accuracy metrics. The relative
entropy represents a statistical distance between two distributions. In this use case,
the two distributions are the true distribution P (x) of the training data for the eight
pixel shower images and the fake distributionQ(x) created by the generated images.
The equation to calculate the relative entropy is:

DKL(P ||Q) =
∑
x∈X

P (X) log
(
P (x)

Q(x)

)
. (8.2)

The evolution and the function of the relative entropy with the increasing number of
epochs for the qGAN training is visualized in figure 8.7. The mean of all trials (blue
line) is converging smoothly. However, the standard deviation band around the mean
is wide, which indicates some fluctuations in the results. The best trial (green line)
converges fast to an extremely low relative entropy and maintains then a stable level.
Overall, the qGAN training is stable.

Figure 8.7: The statistics evaluation of 20 training trials with the same hyperparame-
ters. The mean relative entropy, its standard deviation and the best trial are plotted as
function of the number of epochs.
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8.3.4 Inference with Noise

As explained in section 7.5, QML models are assumed to be able to adapt to the noisy
behavior of the quantum hardware. This statement is tested for the qGAN model by
introducing noise into the inference process. Furthermore, it is investigated at which
noise level the accuracy decreases.

Today, detailed noise studies for quantum models represent a crucial part to overcome
the obstacles of NISQ devices [263]. In noise studies, it is evaluated if the models can
potentially be executed on real noisy quantum devices without loosing too much ac-
curacy. For this, the best model trained without any noise, from the previous study in
figure 8.6, is taken and inference is run with different simulated noise values. The in-
fluence of readout noise, CNOT noise and both noise noise configurations combined
are measured. In addition, the configurations which contain readout noise are re-
peated with employing readout error mitigation techniques, as described in section
7.4. Simulated noise configurations follow the procedure:

• Readout noise: The exact same readout error is applied to all qubit measure-
ments with the flip probability pr.

• CNOT noise: The exact same CNOT noise is applied to each two-qubit gate
operation with the flip probability pg.

For robustness, at each noise level ten inference trials are carried out. The tests are
executed on a quantum simulator with discrete noise values in the range 1-5% with
a step-size of 0.2% and from 5-15% with a step-size of 1%. In the configurations with
both readout and CNOT noise, the noise levels of both types are set to be equal. The
results of the five noise configuration are visualized in figure 8.8. On the x-axis, the
increasing noise level, and on the y-axis the relative entropy as accuracy measure are
provided. First, the configurations without readout error mitigation are evaluated. It
can be noted that the configuration with only readout noise (green solid line) and the
one with only CNOT noise (blue solid line) perform better than the combined (orange
solid line). From 0-3% of noise, the readout noise (green) and CNOT noise model
(blue) maintain an almost constant level of accuracy. Applying both noise models
together (orange solid line), the accuracy remains merely constant to around 1% of
noise. For low noise levels, it almost seems like the accuracy slightly improves. How-
ever, due to the standard deviation, indicated by the colored band around the lines of
the mean values, this is not statistically significant. For higher noise levels, all con-
figurations lose accuracy, indicated by the increasing relative entropy, and the model
with exclusively CNOT noise is performing slightly better than the model with only
readout noise. The different behavior of readout noise vs. CNOT noise might depend
on the quantum circuit architecture. For larger/deeper circuits with more two-qubit
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Figure 8.8: The influence of simulated hardware noise on inference for a model trained
without noise. Five noise configurations are tested. The dependence of the relative
entropy as accuracy measure is shown as a function of the noise level for readout
and CNOT noise. The marked point indicates the low noise level of the employed
hardware: the ibmq athens, compared to the overall studied noise levels.

gates, the impact of CNOT noise increases and would potentially lead to worse results
when applying CNOT noise. The orange model with both, readout and CNOT noise,
mimicking real quantum computers, performs worst with a fast increasing relative
entropy.

The configurations which contain readout noise are additionally studied with read-
out error mitigation, as described in section 7.4. The models are visualized by dashed
lines. The green dashed line represents the model with exclusively readout noise with
readout error mitigation applied. It can be noted that the accuracy remains constant
for all noise levels. The dashed orange line represents the model with readout and
CNOT noise and additionally applied readout error mitigation. It follows closely the
blue model with exclusively CNOT noise. This leads to the conclusion that the em-
ployed readout noise can be entirely mitigated with no loss of accuracy independent
of the readout noise level.

At last, the training is executed on the real ibmq athens quantum device. The name
of the quantum device has nothing to do with its local position and is arbitrary chosen
after a city name where IBM has an office. The hardware machine ibmq athens
represents a five-qubit machine, which by now is already retired. This machine was
chosen, because at the time of the study, it maintained the lowest noise rates. The



156 8 Hybrid Quantum - Classical Generative Adversarial Network Model

noise levels are determined by calibration runs and are summarized in the inference
noise column in table 8.2. The result of inference execution on the real hardware is
included in figure 8.8. The noise level on the x-axis in figure 8.8 is determined to be
the average of the readout and CNOT noise levels over the employed qubits. The
relative entropy of the inference run on hardware is worse compared to the one of the
combined simulated noise model (orange line). A possible reason for this is that the
noise levels between the qubits and gates of the real quantum devices are not equal, as
it is assumed in the idealized simulations of the noise models from before. A second
possible reason is that the x-axis position of the hardware run might be incorrectly
chosen in figure 8.8. Maybe the purple dot must be positioned closer to the highest
noise level from table 8.2 and not the average. If the purple point was shifted to the
highest noise level of 2.71%, then the relative entropy would agree to the one of the
combined noise level (orange line). In any case, the use of real hardware with the
lowest noise level indicates that the assumed noise levels in the study are by far too
pessimistic.

Table 8.2: The readout and CNOT noise levels for running inference (column 1) and
training (column 2) on the ibmq athens device.

Noise Type Inference Training

Readout noise of qubit 1: 1.50% 2.38%
Readout noise of qubit 2: 2.23% 1.48%
Readout noise of qubit 3: 2.71% 1.85%

CNOT noise between qubit 1 and 2: 0.78% 0.55%
CNOT noise between qubit 2 and 3: 0.76% 0.55%

In figure 8.9, averaged example shower images for each noise configuration with var-
ious noise levels are visualized. For low noise levels (1-2% of noise), the generated
shower images remain close to Geant4. However, for larger noise levels deviations
can be observed. Especially at the bottom right plot, where 15% of readout and CNOT
noise are applied, the image tends to move towards a random uniform distribution.
The average generated shower image of running inference on the real ibmq athens
device is provided in figure 8.10 (left).

To summarize: with the 1D qGAN model the inference process remains robust to
quantum hardware noise up to 3% for only readout or only CNOT noise, and until
1% for both noise models combined. However, no significant accuracy improvement
in inference due to hardware noise can be observed. Readout noise can completely
be mitigated by applying readout error mitigation. For current quantum devices, only
the region up to around 5% of noise is relevant, because usually, the average hardware
noise levels are already well below 5%, as it can be seen on the IBMQ platform for
compute resources.
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Figure 8.9: Example shower images generated with various noise models and noise
levels. The left row contains shower images generated with only readout noise, the
middle row with only two-qubit gate level CNOT noise and the right row with both,
readout and CNOT noise. From top to bottom, the noise levels in inference are in-
creased. The noise levels are provided in the grey box inside the plots. The blue line
indicates the Geant4 data as reference, and the green bars the generator output aver-
aged over 20 images.
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Figure 8.10: (left) The average probability distribution generated on the ibmq athens
device. The model is trained without noise. (right) The generated average probability
distribution of the model trained on the simulator with loading the real hardware
noise of the ibmq athens device.

8.3.5 Training with Noise

In this subsection, the effect of hardware noise on training is evaluated, following the
procedure for inference noise from the previous subsection. Initially, a study with
various simulated noise levels is carried out. Next, the training is executed by loading
the real hardware noise model of a quantum device into the simulator. Subsequently,
an attempt is presented to perform the entire training on a real quantum device.

Training with Simulated Noise

The model is trained with different noise configurations: only readout noise, only
CNOT noise and both combined. Different noise levels (1%, 2%, 3%, 4%, 5%, 7.5%)
are tested for all configurations. For each noise level, five training trials are executed,
in order to evaluate the statistics stability. For evaluating the model in inference, the
same noise as in training is applied. The results are summarized in figure 8.11.

In figure 8.11, it can be seen that increasing the noise level from zero to one percent
improves the average accuracy by reducing the relative entropy of all noise configu-
rations. For the configuration with only readout (green) and only CNOT noise (blue),
the accuracy maintains an improved level even until three percent of noise compared
to the noiseless reference (gray horizontal bar). This emphasizes the kind of helpful
role of noise for convergence and accuracy as observed already in classical ML appli-



8.3 The Initial 1-Dimensional Model 159

Figure 8.11: The influence of simulated hardware noise to training. The simulated
noise levels are increased from zero to 7.5%. Three noise configurations are provided.
The purple dot is the result of the training on the simulator with loading the real
hardware noise model from the ibmq athens device, as described in section 8.3.5.

cations. This is true for their quantum realization, too. At higher noise levels, the ac-
curacy decreases. Looking at the combined configuration (orange), the accuracy drops
already for two percent of noise. The configuration with only readout noise (green)
performs slightly worse for larger noise levels than the configuration with only CNOT
noise (blue). The training for higher noise levels is more unstable.

Similar results were achieved in our study from Ref. [244], as summarized in figure
8.12. There, for the same model, inference was carried out with only readout noise
(orange) and with readout noise and two different error mitigation methods: inde-
pendent bit-flip mitigation IBF (blue) and bit-flip mitigation BF (green). The error
mitigation method used in the previous test was BF mitigation. IBF assumes uncor-
related multi-qubit readout errors which are independent of the other qubits, as de-
scribed and experimentally verified in Ref. [264]. In figure 8.12, it can be seen that for
low bit-flip probabilities (corresponding to the noise levels), the average relative en-
tropy of the models lies frequently below the gray horizontal no noise reference line.
However, the error bars are large. For larger bit-flip probabilities, the results of the
model without error mitigation become worse, whereas the models including error
mitigation remain stable. Both BF and IBF mitigation perform about the same.
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Figure 8.12: Relative entropy after qGAN training in the presence of readout noise,
as a function of the bit-flip probability p, averaged over 20 trials. The model with
no error mitigation (orange), independent bit-flip error mitigation (blue) and bit-flip
error mitigation (green) are shown. The figure was first published in Ref. [244].

Training with Hardware Noise

In order to have a more realistic evaluation of noise effects on physical quantum de-
vices, in the following, the model is trained on the quantum simulator with hardware
noise models determined by calibration runs for the ibmq athens device. The noise
levels are provided in the training noise column in table 8.2.

The training is repeated for multiple trials with the same hyperparameters. The gen-
erated probability distribution of the best trial is provided in figure 8.10 on the right.
The distribution overall agrees with the distribution from Geant4. The training statis-
tics of the relative entropy for twenty training trials is summarized and compared to
the noiseless training in figure 8.13. The models trained with hardware noise (green
line) converge to the same relative entropy as the noiseless model (blue line).

In figure 8.13, there is an increase in the relative entropy in the first few (∼ 5) epochs.
This behavior is seen also in classical GAN training (e.g. figure 5.6 for the (green)
Conv2D G1 model), possibly due to the chosen parameter initialization of the gen-
erator and discriminator. For the qGAN model, we have the special situation that
the number of parameters in the quantum generator circuit is much smaller (eight
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Figure 8.13: The statistics evaluation of multiple training trials with hardware noise
(denoted as Hardware Noise in green) compare to the noise less model (denoted as
No Noise in blue).

trainable parameters in our case) compared to classical neural networks. This makes
it much easier to find a good parameter initialization for quantum circuits than for
neural networks. If starting the training with well initialized generator weights, the
generated images are already good in the first training iterations. However, in the
following adversarial training process, the generator updates are influenced by the
output of the discriminator. At the beginning of the training, the discriminator neu-
ral network classifies both the true and the fake images with an equal probability of
∼50% as fake images. Therefore, in the generator parameter update, this worsens the
weights of the generator during the first epochs and causes a decrease in accuracy.
Only after a few training iterations, when the discriminator improved and correctly
distinguish between true and fake images, the generator weights and its accuracy start
to improve, indicated by a decreasing relative entropy.

Until approximately epoch 60 the training of the model with hardware noise is slightly
slower than the noiseless training and shows more oscillations, indicating a more un-
stable training. For a larger number of epochs (>100), the standard deviation band
shows a similar width. Furthermore, it can be observed that the model with hardware
noise remains at a stable level of accuracy, whereas the accuracy of the model with no
noise slightly decreases towards the end of the training.

The inference accuracy of the model trained with hardware noise is added as a purple
point to the noise study in figure 8.11. The resulting relative entropy is slightly worse
than the model simulating readout and CNOT noise (orange). However, the error bars
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are overlapping and the difference is statistically not significant.

To summarize: the expectations that quantum machine learning is robust up to a cer-
tain noise level seems to hold for the qGAN model. For training our qGAN model
with noise, a slight improvement in the measured accuracy is observed for low noise
levels.

The (q)GAN training remains unstable resulting in fluctuations in the relative entropy
for different initial training parameters [244]. This instability in the presence of read-
out noise is explored. Specifically, it is investigated if a larger number of training trials
or repetitions nrep leads to more stable results. This test was carried out in a collabora-
tive research in Ref. [244]. The initial training parameters of the generator are drawn
by a normal distribution with a mean of 0.1 and a standard deviation of 0.2. The train-
ing is executed for various readout noise levels p. At each level of p, a test with 20
trials and a test with 100 trials is executed. The results are summarized in figure 8.14.
The standard deviations for larger nrep is visually smoother but the average order of
magnitude remains similar. Therefore, the ensemble of simulations converges for all
nrep, but individual unstable and non-converging trials appear with a steady proba-
bility [244]. Thus, the training instabilities are rooted in the qGAN training and occur
independently of the readout-error level and cannot be alleviated by quantum noise
or increasing statistics [244].

8.3.6 Training on Quantum Hardware

In the following, an attempt is made to perform the entire training on a physical quan-
tum device. The generator circuit under investigation consists of nine trainable param-
eters. Therefore, the training with the parameter-shift rule requires 9 · 2 = 18 jobs per
optimization step. One job corresponds to one circuit sent to the quantum device for
execution. As introduced before in section 8.3.2, each epoch consists of ten batches,
where each batch requires one optimization step. Training for 300 epochs requires
18 · 10 · 300 = 54 000 jobs for the full training. At the time this test is carried out,
the computing time for one job on the IBM Quantum devices takes around 10-20 sec-
onds, including transpiling, validating and other processes. The reason for the large
simulation times on the quantum hardware is given by the network latency and the
initialization time of the circuit on the machine. Estimating the average of 15 s per
job, the total training time would excess nine days. This enormous time exceeds the
available IBM Hub reservation limit by far. Therefore, as described in the following,
the training is executed with queuing for each job.
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Figure 8.14: Relative entropy as a function of training epochs for different bit-flip
probabilities p. Top left: p = 0, top right: p = 0.01, bottom left: p = 0.05 and bottom
right p = 0.1. The figures are taken from Ref. [244].

Training on Quantum Hardware in Fairshare Mode

The full training is executed on the ibmq belem quantum computer, which has sim-
ilar characteristics to the ibmq athens device. It is selected, because the average
utilization of the machine was modest at the time the training was carried out, result-
ing in lower queuing times. The training was operated in ”fairshare” queuing mode,
meaning that each job submitted to the quantum hardware has to queue with jobs
from other users before being executed.

Information about hardware execution and queuing times on IBMQ devices are sum-
marized in a study in Ref. [265]. It is measured that the median queuing time is 10x
higher than the pure execution time on hardware and for 25% of the submitted jobs
the queuing time is even 100x higher. Quantum cloud computing, as the one from
IBMQ, is also compared to classical cloud computing and some promising parallels in
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the development of computing times over the years are highlighted.

Including queuing, the hardware training summed up to approximately one and a half
months. Due to this extremely long training time, several hardware calibrations took
place, which caused significant changes in the noise levels. Hardware calibrations
at IBMQ are usually performed every 24h to preserve accurate computations. After
performing the calibration, IBMQ executes test circuits to determine the current noise
model of the machine.

The results of the full hardware training are summarized in figure 8.15. On the left,
in the energy distribution plot, the qGAN model is far off from the Geant4 reference.
In the middle plot, the relative entropy is plotted as accuracy metrics as a function of
the training epochs. At significant hardware calibration changes, the relative entropy
is spiking up. Then, the model is able to recover, however, there are too frequent
calibration changes which prevent the model to converge. Observing the generator
and discriminator losses during training in the right plot, the losses do not converge to
equivalent values, implying a failed training. Therefore, as indicated by all plots, the
hardware training in fairshare mode is not successful due to too many interruptions by
frequent calibrations of the quantum device. Decreasing the job queuing time would
improve the situation.

Figure 8.15: (left) The eight pixel shower image, (middle) the relative entropy and
(right) the loss functions of the training on the real quantum device in fairshare mode
as a function of the training epochs.

From the aforementioned result, it is concluded that it is impossible to execute the
training with significant intermediate calibration changes. This issue could poten-
tially be reduced by performing the training in the ”dedicated” mode, what means
exclusive access to a quantum device without queuing. However, quantum hardware
time currently represents a bottleneck and special negotiations would be needed to
achieve such an agreement.
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8.3.7 Hybrid Quantum-Classical Training Approach

As a full training on quantum hardware cannot be carried out, an intermediate hybrid
approach is developed. The training process is denoted hybrid because some parts
of the generator training are performed on the real quantum hardware and others on
a quantum simulator. To mimic the real hardware, the noise model present on the
real hardware is loaded into the quantum simulator performed on classical computer
hardware. In the hybrid approach, all generator forward steps are executed on the real
quantum device. This ensures that the outcomes (i.e. the generated images, the losses
and the relative entropy during training), are calculated by real hardware results. To
reduce training time, the majority of the jobs in the training optimization (i.e. the
parameter-shift rule for calculating the gradients) are executed on the noisy quantum
simulator.

With the hybrid approach in fairshare mode, the training on the ibmq belem quan-
tum computer required two and a half days. With the daily quantum hardware cali-
brations, the training contains three different noise states, provided in table 8.3. The
results of the training are visualized in figure 8.16. In the generated eight pixel shower
image on the left, it can be marked that the generated images are close to Geant4.
The relative entropy (middle plot) remained stable and the generator and discrimina-
tor losses (right plot) retain almost a similar level. Considering all plots, the hybrid
training converged to good results.

Table 8.3: The calibration epochs of the hybrid hardware training including the corre-
sponding readout and CNOT noise levels.

Calibration Number Epoch Readout Noise CNOT Noise

0 0 1.04% 0.83%
1 133 3.27% 0.74%
2 272 2.62% 0.86%

To briefly summarize the results of the 1D hybrid qGAN model: the training con-
verges fast and stable, and the model is able to correctly generate the eight-pixel im-
age. Even with low simulated noise levels in training and inference, the accuracy can
be maintained, similarly to classical machine learning models. However, for simu-
lated readout and CNOT noise larger than two or three percent, an accuracy decrease
can be observed. Due to extensive training times, an entire training cannot be executed
on real quantum devices because hardware calibration changes negatively affect the
training. Only with the introduced hybrid quantum-classical training, the training
could be partly executed on real hardware. In the following, the qGAN model is en-
hanced to larger image sizes.
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Figure 8.16: ((left) The eight pixel shower image, (middle) the relative entropy and
(right) the loss function of the hybrid training in fairshare mode.

8.4 Enhanced 2-Dimensional Model

In this section, the hybrid qGAN model is made more realistic by generating larger
two-dimensional (2D) distributions. For the 2D case, the image dimension is increased
from eight pixels to 8x8 = 64 pixels. The data preparation steps to create the 2D
training images from the original 3D shower images are visualized in figure 8.17 and
explained in the following. First, a 2D slice along the x- and z-axis is cut-out of the
middle y-layer of the initial 3D image, averaged over the full energy range (top left
plot). This slice is shrinked from 25x25 pixels down to 8x8 pixels, summing-up to
a total of 64 pixels (top right plot). To index each pixel, the 2D image is stacked-up
(bottom left plot): it is iterated from x=0 to x=7, and at each value of the x-axis all
eight pixels in the z-axis are stacked. As it can be noted in the bottom left plot, the
training data primarily consists of two peaks, a large and a more modest one. To ease
the training of the 2D qGAN model, the natural logarithm is applied to shrink these
peaks and to increase the size of the side peaks. The natural logarithm is chosen since
it shows the most consistent dispersion of the peak heights (bottom right plot).

In the following, first the architecture of the 2D quantum generator circuit is discussed
and introduced. Next, the model training and inference processes are evaluated before
a noise study for inference is carried out.

8.4.1 2D Model Circuit Architecture

The same hybrid qGAN training approach as for the 1D model is employed. However,
in order to represent the larger images, the number of qubits in the quantum gener-
ator circuit is increased. To counterbalance the power of the generator, additionally,
the discriminator network is enlarged by empirically adding a hidden layer with di-
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Figure 8.17: (top left) A 2D cutout of the x- and z-axis of the initial 3D calorimeter
training data from the middle layer in the y-axis. (top right) The 2D cutout shrinked
from 25x25 pixel down to 8x8 pixels. (bottom left) The 8x8 pixel image stacked along
the z-axis to a one-dimensional distribution. (bottom right) The natural logarithm
applied to the one-dimensional distribution.

mension 512 before the layer of dimension 256. For representing theN = 64 pixels of
the shower image, the quantum generator must possess 64 quantum states. Therefore,
n = 6 qubits are required. For the quantum generator circuit, multiple architectures
are tested, and two circuit architectures are discussed in the following.

The initial tested quantum generator circuit architecture is visualized in figure 8.18. It
is constructed in a linear entangling scheme, similar to the circuit operated for the 1D
images before. The circuit consists of two layers and comprises three times six RZ-
gates, resulting in 18 trainable parameters. However, the training of the model with
this architecture did not achieve good results. Tests of including additional RZ-gates
after each RY -gate did not significantly improve the accuracy, although, increased
the training time to more than two weeks on quantum simulators. Therefore, an alter-
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native architecture is required.

Figure 8.18: The initial 2D quantum generator circuit with a linear entangling scheme.

Taking into account the computational cost for simulating six qubit circuits, more ef-
ficient ansätze are considered, in particular hierarchical architectures. Therefore, the
Tree Tensor Network (TTN) architecture from Ref. [266] is employed for the 2D qGAN
model. The schematic TTN circuit is visualized in figure 8.19.

Since only six qubits are required, a cutout of the initial suggested TTN architecture
is used, where from the initial eight qubit architecture, the first and the last qubit are
discarded. The TTN architecture can be divided into two halves. The left side of the
measurement operation in figure 8.19 is denoted as downsampling part, and the right
half is denoted as upsampling part. In the downsampling part, two qubit unitarities

Figure 8.19: The schematic Tree Tensor Network architecture from Ref. [266].
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Ui are applied, where only the information of one qubit is further used, and the other
one is discarded until only one qubit remains left at the measurement. For our model,
the unitarities consist of a CX-gate followed by a RY -gate on the qubit which is not
discarded. No measurement operation is executed and in the upsampling part, the
conjugate transpose of the unitarities are employed. The six qubits TTN architecture
operated in this study is visualized in figure 8.20.

Figure 8.20: The 2D qGAN Tree Tensor Network generator circuit used in this study.

8.4.2 Training and Inference without Noise

The training is carried out for 3 000 epochs on the quantum simulator without noise.
Due to the large circuit, the 2D qGAN model training remains time-consuming and,
therefore, no statistics evaluation is performed. However, the training is unstable, and
convergence to satisfying results is rare. The hyperparameters are the generator and
discriminator learning rate of 0.001 and an exponential learning rate decay of 0.0015.
The results of the best 2D training are provided in figure 8.21. The generated eight
pixel shower image of the 2D qGAN model on the left indicates a general good agree-
ment to Geant4, except for a few pixels that are slightly off. On the right, the training
convergence of the relative entropy is visualized for the 3 000 epochs. It can be noted
that there are intense oscillations during the first 500 epochs due to the general insta-
bility of the GAN training. After the relative entropy converged to reasonable val-
ues around epoch 1 500, the training diverges and then only slowly converges again,
which is an indication of an unstable training or imperfect hyperparameters.
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Figure 8.21: (right) The eight pixel shower image of the best trained model. (left)
relative entropy during the 2D qGAN training.

8.4.3 Inference with Noise

In the following, the influence of simulated quantum hardware noise to the accuracy
of the 2D qGAN model is studied, similar as for the 1D qGAN model in section 8.3.4.
Inference is carried out with multiple simulated noise configurations and noise levels.

Figure 8.22: The influence of hardware noise to inference of the 2D model trained
without noise. Three noise model configurations are tested.

The results of the inference noise study are visualized in figure 8.22. It can be observed,
the relative entropy as a measure of accuracy of the model with exclusively readout
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noise (green) increases only slightly for increasing noise. This indicates that the 2D
qGAN model is almost robust to readout noise. Therefore, for the 2D qGAN model,
no error mitigation configurations were tested. In contrast, the configuration with
exclusive CNOT noise (blue), and the configuration with readout and CNOT noise
(orange) lose accuracy already for low noise levels. Because readout noise has only
a minor influence on the accuracy, the orange model with readout and CNOT noise
performs slightly worse than the model with exclusive CNOT noise. No noise study
for training of the 2D model is carried out, due to the large training time and the
unstable training behavior.

8.5 Discussion of the Hybrid Quantum - Classical Model

In this chapter, a first hybrid quantum-classical GAN model was introduced, con-
structed and evaluated as a proof-of-concept for a quantum image generation of sim-
plified calorimeter images. It has to be noted that the generated images represent only
probability distributions of energies and no individual images, as the pixel entries rep-
resent probabilities instead of real energy values. After hyperparameter optimization,
the 1D qGAN model converges fast and stable in training. In inference, it was able to
correctly reproduce the 1D eight pixel images. In a second step, the model is enhanced
and made more realistic with enlarging the resolution of the generated images to two
dimensions. Due to the exponential qubit to feature scaling, doubling the required
number of qubits to six allows the generation of 64 pixel distributions. The training of
larger models on quantum simulators is extremely computing-time consuming and,
it is challenging to achieve convergence to satisfying results. The best accuracy was
achieved with operating a Tree Tensor Network architecture for the quantum gener-
ator. With further hyperparameter optimization of the 2D qGAN training process,
probably better training convergence could be achieved.

The influence of quantum hardware noise to the accuracy is tested. When the simu-
lated noise is only applied in inference, the 1D model is robust to a modest amount of
combined readout and CNOT noise. For the 1D model, the accuracy decrease caused
by readout noise could be entirely compensated with employing readout error mitiga-
tion. When applying simulated noise in training, the 1D qGAN model even indicated
an accuracy improvement at around 1% of combined readout and CNOT noise. Simi-
lar, training the model with hardware noise on quantum simulators outperformed the
noiseless training. These results verify the expectation that QML models can benefit
from quantum hardware noise. Therefore, in theory, QML model can be successfully
executed on noisy quantum devices. Similar observations were made in Ref. [267].
There, they reported a noise resilience of measurement and gate level noise and spec-
ulate that this phenomenon equally applies to other hybrid variational algorithms. In
terms of noise, a possible future step would be examining the influence of gate-level
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error mitigation techniques. For the 2D qGAN model, readout noise seems not to
have a large impact on the model accuracy. This leads to the conclusion that noise
behaviour of a model is probably architecture dependent. It seems for our case that
larger quantum circuits are more affected from gate level errors and less from readout
errors compared to smaller ones.

In the following, the computing constraints for the qGAN calorimeter simulations
are discussed. As provided, already the simple three qubit 1D qGAN model is too
computational expensive to be fully trained on a current physical quantum device.
This is caused by multiple reasons: first, the model training is inefficient due to the
parameter-shift rule, which requires an enormous number of circuit executions. Sec-
ond, access to quantum devices is currently limited and the execution of jobs time-
consuming. On the other hand, the hybrid quantum - classical training approach al-
lowed partial quantum hardware training. With more efficient gradient estimation
methods and with more developed quantum devices, this might change in the future.
Also, the training on quantum simulators executed on classical computers faces lim-
itations. For the six qubit 2D qGAN model it was demonstrated that the training on
quantum simulators takes weeks. Furthermore, the maximum number of qubits to be
simulated in Qiskit is set to 25. Therefore, operating complex and large models on
quantum simulators remains challenging.

Given that training the hybrid qGAN model is computationally costly and the model
can only generate energy distributions instead of real images, alternative models
should be developed. Regarding future alternative models: although the parameter-
shift rule is currently the most precise parameter optimization method in quantum
computing, computationally more efficient optimization methods should be tested.
Furthermore, preferably, the model would be a full quantum model and not a hy-
brid model, where no classical part, i.e. no classical discriminator neural network, is
required. Finally, the ideal model should be trainable on current NISQ devices and
generate precise images. In the following chapters, alternative and improved models
are explored, considering the aforementioned aspects.

Thesis Objective Fullfilled:

A first quantum model was developed as a proof-of-concept to generate aver-
aged simplified calorimeter shower distributions. This model was optimized
regarding training time and accuracy and its limitations were explored. Fur-
thermore, the impact of quantum noise on the model outcome was evaluated,
and small amounts of noise during training can actually improve the accuracy.
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Chapter 9

Quantum Angle Generator

The Quantum Angle Generator (QAG) represents a newly developed generative full
quantum model designed to generate precise and individual images on current NISQ
devices. To a full quantum model is referred when all trainable parts of a model use
quantum computing, e.g. variational quantum circuits instead of classical neural net-
works. However, the parameter update during training in full quantum models can
still be performed classically. As the name implies, the QAG model employs angle
encoding to convert the generated quantum data into classical data. The angle encod-
ing is an enhancement over the amplitude encoding of the hybrid qGAN model from
the previous chapter, since it allows the QAG model to generate real individual im-
ages with energy intensities as pixel entries instead of only probability distributions.
This requires only n qubits for the generation of n features, or n pixels. The core
of the model consists of variational quantum circuits trained with classical objective
functions that aim at generating extremely accurate images. Furthermore, the training
setup is optimized for executing the entire training and inference on real quantum de-
vices. Therefore, in addition to an extensive noise study, the QAG model is evaluated
on real quantum hardware and multiple circuit architectures are compared to each
other.

The content of this chapter is organized as follows. In the next section, motivations
for the development of the QAG model are provided, including a literature section.
Then, the QAG model and the employed encoding technique are introduced. Several
circuit architectures are then compared and the advantages of the most suitable ones
are highlighted. An in-depth accuracy analysis of the results follows to highlight the
excellent precision of the QAG model. The investigation into the impact of quantum
hardware noise is conducted by training and inference on actual quantum hardware
and a comprehensive comparison with simulated noise. Lastly, conclusions and pos-
sible future plans are presented. Most of the content of this chapter is published in the



174 9 Quantum Angle Generator

reviews in Ref. [268] and Ref. [269].

9.1 Related Work to Quantum Generative Models

Quantum computing represents a rapidly evolving field and multiple quantum gen-
erative models have been introduced, as provided in section 7.6. However, all existing
models maintain limitations. Some models either do not scale well in terms of re-
quired qubits to the number of encoded features, or they do not achieve a satisfying
level of fidelity. The limitations of these models are in more detail presented in the
following.

The hybrid qGAN model from the previous chapter comes with the disadvantage that
merely probability distributions can be generated and no absolute pixel entries, i.e.
energy values. In order to overcome this obstacle of average probability distributions,
in Ref. [270], a second quantum circuit is added to the hybrid qGAN model, and the
new model is called dual-PQC (dual parameterized quantum circuit) GAN. The two
circuits share the role of a single generator. The first circuit reproduces the image dis-
tributions, while the second generates normalized pixel intensities [270]. However,
the two circuits provide a bad qubit to feature scaling and training to convergence is
incredibly complicated because in the dual-PQC GAN three models have to be op-
timized: two quantum generator circuits and one classical discriminator neural net-
work. Therefore, the dual-PQC approach never allowed to successfully generate im-
ages with more than four pixels. Consequently, this approach is not suitable for this
study. This is because a model with a lightweight training and good scaling to larger
images is searched. Furthermore, the operated qGAN model is hybrid with a classical
part, but a full quantum model is preferred.

Other potential quantum generative models are for example, the Quantum Circuit
Born Machine (QCBM) [249], Quantum Variational Autoencoders [271] or quantum
Boltzmann machines [272]. A comprehensive summary about current quantum gen-
erative models is provided in Ref. [273]. The QCBMs are frequently applied and also
tested in HEP [274]. But equally, QCBMs are not suitable for NISQ devices. Because of
the discretization, QCBMs require for each generated feature a set of qubits collected
into a register, where the level of discretization is determined by the number of qubits
within each register. For example, the generation of one energy value – equal to one
pixel – with 512 discrete energy levels requires n = 9 qubits, because 29 = 512. For
generating an image containing eight pixels, in total 9 · 8 = 72 qubits are required.
On current NISQ quantum devices, with limited number of qubits, qubits decay and
hardware noise this number is not reasonable. Furthermore, the vast number of qubits
has to be connected by an enormous number of quantum gates to implement entan-
glement. On current noisy quantum devices, where each gate introduces a source of
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noise, this huge number of gates would strongly reduce the output fidelity. Due to a
poor scaling, the generation of larger images or more energy levels would be unfea-
sible. On the other hand, the in this chapter introduced QAG model requires only n
qubits for the generation of n pixels.

To achieve potential quantum advantage over classical computing, a good qubit to fea-
ture scaling is required [210]. Preferable would be a better than linear scaling, where
the number of required qubits is lower than the number of generated features, e.g.
logarithmic scaling. On the other hand, models which employ better than linear scal-
ing encoding techniques face disadvantages, making them unsuitable for generating
precise images on NISQ devices. For example, amplitude encoding can only generate
probability distributions, as demonstrated in the previous chapter. In general, encod-
ing techniques are also constrained by the complexity of the applied state preparation
function to avoid losing quantum advantage. The least possible number of quan-
tum gates should be employed to encode the classical data into the quantum states of
qubits [275, 276]. The state preparation of angle encoding scales linearly, while for ex-
ample amplitude encoding demands 2n gates for n features [276]. However, the state
preparation is only for the discriminator quantum circuit of the full qGAN model in
the following chapter 10 required, and not for the QAG model, because it does not
employ a discriminator.

Most published quantum models do not provide a detailed accuracy analysis of their
results. Most probably because they remain at the proof-of-concept stage. The QAG
model introduced in this chapter is intended to overcome all of the aforementioned
issues. Extremely precise images should be generated for the calorimeter simulation
which will be evaluated by multiple physics accuracy metrics. Due to lightweight
design and the linear scaling, the full training can and should be carried out on current
noisy quantum devices.

9.2 The Quantum Angle Generator in Detail

The QAG represents a QML model that employs angle encoding to generate precise
individual images. Angle encoding is a thoroughly established technique [277, 278].
However, to the author’s knowledge, it has not yet been applied to quantum gener-
ative models. Angle encoding scales linearly with the number of encoded features.
Thus, the generation of n features requires n qubits. For the calorimeter simulation
use case, the number of features corresponds to the number of pixels present in the
training image. As the current NISQ devices cannot yet handle the 25x25x25 pixel
images, a down-sampled representation to eight pixels along the longitudinal shower
axis is addressed in this study, similarly as for the previous hybrid qGAN model. This
study focuses on images corresponding to particles entering the calorimeter within
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Figure 9.1: The general structure of the QAG model.

the energy range of [225, 275] GeV. The data set is split into a training and a test set.
The training set consists of 1 024 and the test set of 980 images. The final preprocessed
data sets are available in Ref. [279]. In the following, the QAG model is described
and the way how it is trained. Subsequently, multiple quantum circuits are studied to
determine the best suiting one for this research.

9.2.1 Model Description

The QAG model consists of variational quantum circuits trained by an objective func-
tion. Due to the linear scaling of angle encoding, n qubits are required for generating
n features or here the n pixel images. The general model structure is schematically vi-
sualized in figure 9.1. All qubits are initialized in the basis state |0〉. The state prepara-
tion function implements the state initialization by employing specific quantum gates.
At every qubit, one H-gate is applied to initiate superposition, followed by one RY -
gate with the angles Ω to initiate a source of random noise. Random noise is applied
to allow the model to generate new samples at each execution.

The unitary transformation constitutes the trainable part of the QAG model. Vari-
ous architectures are examined in a circuit study in section 9.2.3 to obtain the best
suiting circuit. The circuits employ rotational gates parameterized by trainable rota-
tional angles and two qubit entanglement gates. As the angle encoding is primarily
making use of the qubits y-axis component, predominantly RY -gates are employed.
For some circuit architectures, it is assessed if additional RZ-gates or deeper circuits
with depth 2 (denoted as d2) can further improve the results. Entanglement gates
are employed to initiate connections between the single qubits and to entangle them.
Two-qubit CX-gates are used, which are on IBMQ devices natively implemented.
Other entanglement gates on IBMQ devices are composited by multiple basis gates.
Keeping an eye on the goal of executing the training on a real quantum device, the
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Figure 9.2: (left) Decoding of an example state Ψ into an angle θ. (right) Some repre-
sentative angles θ and its corresponding energy values.

absolute number of decomposed gates should be maintained as low as possible. On
NISQ devices, each gate adds another source of noise, which potentially decreases the
accuracy. Therefore, the number of RY -, RZ- and CX-gates is kept as low as possi-
ble. The combination of those in smart circuit architectures allows generating accurate
images, as it will be detailed analyzed in section 9.3.

Lastly, after the unitary transformation, to convert the quantum states back into classi-
cal energy values via angle encoding, the model must be executed multiple times and
the quantum states measured. The number of executions is commonly known as the
number of shots nbshots, which counts how often state |0〉 is measured. The decoding
process is illustrated in figure 9.2 (left) with a single qubit example state |Ψ〉, its inter-
section I and the corresponding angle θ, and described in the following. The scalar
intersection I of the vertical axis on the Bloch sphere (z-axis) is calculated with:

I = 2 ·
counts(|0〉)
nbshots

− 1 . (9.1)

In the subsequent step, the intersection I is transformed into the rotational angle θ by
the trigonometric function:

θ =
arcsin(I)

1
. (9.2)

The denominator of equation 9.2 is one, because the Bloch sphere is a unit sphere. The
angle θ operates in the x-z-plane of the Bloch sphere and is defined as zero in the |+〉
state. Rotating θ clockwise leads to positive angles. The angle θ can be transformed
into a pixel energy E by the following linear change of ranges equation:

E =
(Emax − Emin)(θ − θmin)

θmax − θmin
. (9.3)
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Emax, Emin, θmax and θmin are defined in figure 9.2 (right): the minimum energy
Emin = 0 MeV is set to the |1〉 state at the bottom of the Bloch sphere (θmin = −π/2)
and the maximum energy is arbitrarily set to Emax = 0.6 MeV at the |0〉 state at the
top of the Bloch sphere (θmax = +π/2). With Emin = 0 and θmax = −θmin equation
9.3 can be simplified into:

E =

(
Emax

2 · θmax

)
· (θ + θmax) . (9.4)

For multi-qubit quantum circuits: the final quantum states of all qubits are measured
and the outcomes decoded independently. Although the qubit results are individually
decoded, the state of each qubit is entangled to others due to the entangling gates
applied within the variational quantum circuit, as explained later. The pseudo code
for generating a shower image with the QAG model is provided in the appendix B.2.

It is worth to be noted that the angle θ and therefore, the corresponding decoded
energy E remain discrete values. Since θ depends on the number of shots nbshots: the
larger nbshots, the better the achievable energy precision and resolution. Fortunately,
with present quantum devices, the nbshots can be easily chosen to be large. Currently,
on IBMQ devices the maximum possible number of shots is nbshots = 100 000. For the
simplified calorimeter use case, this is more than sufficient. As shown in the reduced
precision research in chapter 6, 256 discrete energy levels are sufficient for correctly
reproducing the original 3D calorimeter shower images with dimension of 25x25x25
pixels.

In fact, the largest pixel energy present in the training data is larger than 0.6 MeV,
which is previously set to the maximum energy. However, only a modest fraction
of the pixels contain energies larger than 0.6 MeV. For simplification purposes a pixel
energy cut at Emax = 0.6 MeV is employed, and larger pixel energy values are set
to Emax, to avoid outliers. In fact, a similar strategy is employed in the Intel Neural
Compressor reduced precision tool, where outliers are removed to better utilize the
available int8 values and to achieve better accuracies, as described in section 6.3.1.
The pixel energy distribution of the entire training and test data set is visualized in
figure 9.3. The pixel energies are plotted in an arbitrary unit (a.u.), due to the down-
scaling process. It can be noted that the training and test data set maintain almost an
equivalent pixel energy distribution. Further, an enormous number of pixel energies
falls into the first bin with extremely low or zero energy deposition. For larger pixel
energies, the number of hits is progressively decreasing. In future studies, it could be
considered to shift Emax to a higher value.

Theoretically, θmax can be chosen as π
2

(≈ 1.57), as indicated in figure 9.2. However,
to ensure a smoother decoding and to avoid edge effects, the θ range is restricted to
the green region in figure 9.4. The reason is, at large and small angles in the marginal
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Figure 9.3: The pixel energies of the training and test data set plotted as a histogram.
On the x-axis the energy bins and on the y-axis the number of pixel counts within each
energy bin are shown. The bars representing the training data align closely with those
of the test data, and are often obscured by them.

Figure 9.4: Visualizes in green the operated θ region on the Bloch sphere. The orange
regions are excluded.

regions close to the |0〉 and the |1〉 state (colored orange), the decoding into the inter-
cept I is inaccurate, because a significantly large change in the angle θ results in a tiny
change in the intercept I . In other words, the dependence of the decoding function



180 9 Quantum Angle Generator

(equation 9.2) becomes too flat and with this the uncertainty too large. Therefore, the
chosen θ range is adopted to ensure most precise decoding. θmax is arbitrarily chosen
to be θmax = π

2
− π

16
(≈ 1.37, the condition θmax = −θmin remains).

9.2.2 Objective Training Function

The QAG model is trained with a composite objective function built of two terms: the
first represents the Mean Maximum Discrepancy (MMD) loss [280], which is already
successfully applied by other quantum models, for example the QCBM [249], and
describes the distance between two samples from the training distribution P and the
generated distributionQ:

MMD2(P,Q) =‖ EX∼P [φ(X)]− EY∼Q[φ(Y )] ‖2H . (9.5)

E represents the expectation value and the function φ maps X and Y to a high-
dimensional reproducing kernel Hilbert space H (RKHS) [280, 281]. X represents a
batch of samples from the training distribution (X ∼ P ) andY one or more generated
sample(s) of the generator distribution (Y ∼ Q). In practice, it is computationally less
demanding to operate in a less-dimensional feature space by applying the kernel trick
of Ref. [282]. With the kernel function

k(x, y) = 〈φ(X), φ(Y )〉 , (9.6)

the feature map φ of the inner product can be transformed into a feature space by
employing c Gaussian kernels:

k(x, y) =
1

c

c∑
i=1

exp(−
1

2σi
|x− y|2) . (9.7)

This turns the MMD from the RKHSH into the real space R [282]:

MMD2 = EX∼P,X′∼P (X,X′) + EY∼Q,Y ′∼Q(Y, Y ′)

− 2EX∼P,Y∼Q(X,Y ),
(9.8)

making the MMD efficiently computable. The moments σi determine the width of the
Gaussian kernel. Similarly as for the QCBM, the moments σ = [0.01, 0.1, 1, 10, 100]
are applied, therefore, c = 5. Using the kernel trick, the MMD results in zero if and
only if the distributions are identical [283]. Otherwise, the lower the MMD, the more
similar the distributions.

Training classical generative models with the MMD loss results in simpler and more
stable training [284]. One drawback is that the MMD loss is computationally expen-
sive, especially for large sample (image) sizes.
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A second term to the objective training function is an auxiliary loss denoted as cor-
relation (Corr) loss and aids the model to learn the complex patterns present in the
training data (e.g. image pixel correlations), similar as it is done in classical ML mod-
els (for example in section 4.4.3). Including the Corr loss results in excellent accuracy,
even analyzing the details of calorimeter shower images, shown in the later section
9.3. The Corr loss is calculated by the pixel-wise mean squared error between the pixel
correlation values present in the training data and the ones of the generated data.

For creating the pixel-wise correlation plot the entire data set is used and the de-
pendence of the single pixels to the others calculated. This is done by the Pearson
product-moment correlation coefficient – as described in Ref. [285] – with the com-
mand corrcoef [286] from the NumPy library [287]. For demonstration, the pixel-
wise correlation plot of the Geant4 training data is illustrated in figure 9.5: it clearly
shows a larger positive correlated group of pixels on the top left (from pixel 0 to 4) and
a more compact positive correlated cluster on the bottom right (pixel 5 to 7). The other
pixels are negatively correlated. The physics interpretation of the correlations present
in the shower images is very difficult, and in this thesis only the agreement between
Geant4 images and the generated images by the QAG model is evaluated. As a side
note: in the appendix B.6 the eight pixel correlation plot is compared to the eight pixel
covariance plot in figure B.3. Furthermore, the correlation plots for the initial 25x25x25
pixel images and the generated images by the classical ML GAN model are shown in
the appendix A.4 in figure A.2.

Figure 9.5: The pixel-wise correlation plot of the Geant4 training data.

To train the QAG model, the Simultaneous Perturbation Stochastic Approximation
(SPSA) [288] optimizer is employed. The SPSA optimizer makes use of finite-
difference methods by employing a stochastic optimization process and requires only
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two optimization steps per epoch. IBMQ recommends using the SPSA optimizer be-
cause it can achieve good results in the presence of noise with a reasonable number
of quantum machine calls [289]. In comparison, gradient based methods (such as the
Adam optimizer) require twice the numbers of trainable parameters function calls due
to the parameter shift rule, as explained in chapter 8.

An extensive hyperparameter search is done using the Optuna library [163]. All tests
in this study are executed in Qiskit [262] version 0.26.2. The models are trained for 500
epochs. Each quantum job contains 512 shots for training and inference. The generator
SPSA optimizer learning rate is set to c0 = 1 with an exponential learning rate decay of
0.006 beginning from epoch 50. The dynamic MMD loss weight starts with value one
and decays linearly with the decay rate of −0.001 per epoch, beginning from epoch
100. On the contrary, the Corr loss weight increases by the same value starting with
zero. The dynamical training batch size is set to one in the first hundred epochs and
afterwards to 20 in order to calculate the Corr loss between multiple images. These
values have proven to lead to stable training results. The evolution of the MMD and
Corr loss weights is visualized in figure 9.6.

Figure 9.6: The MMD and Corr loss weight evolution during training of the QAG
model. After hundred epochs a linear decay is implemented for the MMD loss, and
a linear increase for the Corr loss by a factor of 0.001. These functional dependencies
have proven to lead to stable results.
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9.2.3 Quantum Circuit Study

A quantum circuit study is performed to obtain the best suiting architecture. The
ideal circuit should contain a moderate number of parameters to achieve a sufficient
level of accuracy. Different circuit architectures are compared to each other based on
characteristic values expressing the power of the circuit.

Quantum Circuit Architectures under Study

The investigated quantum circuit architectures are summarized in figure 9.7. In gen-
eral, hierarchical architectures, such as TTN (Tree Tensor Networks), solve our prob-
lem best, while maintaining a reasonable number of quantum gates and parameters.
This observation was already obtained for the 2D QGAN model in section 8.4. In
detail, the TTN architecture and Multi-scale Entanglement Renormalization Ansatz
(MERA) introduced in Ref. [266] are investigated. Multiple variations of these cir-
cuits are tested: 1) circuits with a depth two (naming scheme ”d2”), which contain
two layers to evaluate if deeper circuits perform better. 2) Circuits with RZ-gates are
employed after each RY -gate (naming scheme ”Rz”) to assess if rotations around an
additional axis promote an advantage. Both architecture variants double the number
of parameters of the initial circuit.

For the MERA architecture, further variations are analyzed where only one half of the
original MERA architecture is implemented. Both circuit halves are considered, and
the middleRY -gate with parameter number 22 at the border line is contained in both
circuits. The left circuit half is denoted as the MERA downsampling (MERA-down)
circuit and highlighted in red. The reason for the name is that it can be imagined
that the information from all qubits becomes downsampled to only one qubit. In the
MERA-down circuit from figure 9.7, the remaining qubit to which the information is
compressed represents qubit number two (the third line from the top; indexing starts
with zero). On the contrary, the right circuit half is denoted as the MERA upsampling
(MERA-up) circuit, highlighted in green. In this case, the information is upsampled
from the center qubit and spread to all the other qubits, similarly to what happens
in classical ML generative models. On the other hand, the MERA-down circuit com-
presses the information as typically done in classification tasks. Therefore, this ar-
chitecture is tested (chapter 10) as a discriminator architecture for the full quantum
GAN model. The last tested circuit (top right) contains a simple linear entanglement
strategy to explore if simple circuits can compete with more complex ones. This ar-
chitecture was previously in this thesis employed for the 1D QGAN model in chapter
8, where only three qubits were operated. All basic circuits under investigation are
provided in figure 9.7. The extended circuits under study with a higher depth and
additionalRZ-gates are listed in the appendix in table B.1.
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Figure 9.7: The basic quantum circuit architectures under study. Top left: TTN ar-
chitecture, top right: linear entanglement architecture, bottom: the full circuit corre-
sponds to the MERA architecture, where the red highlighted cut-out on the left cor-
responds to the MERA-down architecture and the green highlighted cut-out on the
right to the MERA-up architecture. The red boxes highlight some of the rotational
gates which are used for the manipulated angle metric later in figure 9.11.

Characteristic Circuit Numbers

The characteristic circuit numbers are the number of trainable parametersNp, the ex-
pressibilityX and the entanglement capability E. Larger circuits with more trainable
parameters are potentially capable of achieving more accurate results. However, at
some point a saturation could be reached where the same task can be solved in similar
accuracy by a smaller circuit. X and E are used as defined in Ref. [290]: X describes
how well the circuit can represent the pure states of the representative Hilbert space.
For a single qubit the expressibility exhibits how many states of the Bloch sphere can
be represented. In the tests in this thesis, 1 − X is measured. The closer 1 − X to
1 the better the expressibility of the model, while the closer to 0 the worse. One aim
is to generate highly entangled quantum states with low-depth circuits to correctly
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Figure 9.8: The characteristic circuit numbers for various architectures. On the top left
X is plotted as a function ofNp, on the top rightE versusNp, and on the bottom left
E versus X . For best visibility, some axes have been suppressed and the regions of
good values marked with green boxes. The individual circuits with their extensions
are described in the appendix B.3.

reproduce the training data. The entanglement capability E is a measure which ex-
presses the circuit’s ability to generate entangled states between the qubits. Likewise,
E ranges from 0 to 1, where 1 represents the best achievable value.

The results of evaluating the circuit characteristic numbers (Np, X and E) are pre-
sented in figure 9.8. On the bottom left, E is plotted over X : the best performing
circuits lie in the top right of the plot. MERA Rz and MERA-up d2 Rz perform best
and are almost on top of each other, directly followed by MERA-up Rz and TTN Rz.
The linear architecture, the basic TTN and the MERA-down perform worst. It can be
clearly noted that circuits with more gates (Rz, d2) perform better. Np is studied in
the two top plots in figure 9.8. It can be noted that the best two circuits – MERA Rz
and MERA-up d2 Rz – contain more than 90 parameters, by far the largest number
of parameters. However, a more limited number of parameters is desirable for taking
NISQ hardware limitations into account. Because more gates/operations lead to more
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Table 9.1: The characteristic circuit values Np (number of trainable parameters), X
(expressibility) and E (entanglement capability) are listed for each employed circuit.
Additionally, the statistic values mean and standard deviation and the training times
t in minutes of the MSE accuracy metric are provided for the individual circuits for
repeating the training 25 times on the calorimeter data set.

Circuit Name Np X E MSE t in min
Linear 16 0.8191 0.261 0.00113± 0.0008 35.0± 0.2

TTN 29 0.8068 0.462 0.00245± 0.0012 41.5± 0.6

TTN Rz 58 0.9912 0.918 0.00440± 0.0022 85.9± 1.5

MERA 45 0.9564 0.855 0.00220± 0.0011 51.3± 0.5

MERA Rz 90 0.9997 0.959 0.00634± 0.0036 121.5± 9.6

MERA-up 23 0.9377 0.894 0.00059± 0.0004 39.4± 2.9

MERA-up d2 46 0.9715 0.906 0.00038± 0.0002 50.5± 0.2

MERA-up Rz 46 0.9961 0.926 0.00047± 0.0005 75.2± 7.5

MERA-up d2 Rz 92 0.9999 0.954 0.00094± 0.0008 116.2± 4.3

noise. The MERA-up Rz and TTN Rz architectures contain approximately half the
number of parameters compared to the MERA Rz and MERA-up d2 Rz circuits, but
perform almost similarly, as demonstrated in figure 9.8. Therefore, in practice, they
may be preferred. Further reducing the number of parameters, the MERA-up archi-
tecture with 23 parameters still maintains adequate values for E and X . These tests
reveal that deeper circuits than for example the MERA-up d2 Rz would not provide
further advantages, because the maximum expressibility and entanglement capabil-
ity are already reached with less levels and gates. All measured characteristic circuit
numbers are summarized in table 9.1.

Circuit Evaluation for Calorimeter Simulations

Similarly as in the previous classical ML and hybrid qGAN studies the MSE which
is calculated as the pixel-wise distance between the average generated shower image
and the average training data is employed as accuracy metric and shown in figure
9.9. The training is repeated 25 times for each circuit, and the MSE and the standard
deviation are plotted. To minimize the influence of outliers, the best and worst two
trials are discarded in the analysis. The MSE is plotted as a function of: Np on the
top left, X on the top right and E on the bottom left. By inspecting the plots, it can
be recognized that the MSE does not correlate with any of the characteristic circuit
values in the plots. The models seem to ”arbitrarily” scatter without any observable
systematic pattern.
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Figure 9.9: The accuracy of the various trained circuit architectures depending on the
circuit characteristic numbers. The MSE is plotted as a function ofNp (top left),X (top
right) and E (bottom left). Because MERA-up is performing well, but gets hidden by
the values of other circuits, its vales are marked with green circles.

By scrutinizing the average MSE values of the particular models in figure 9.9, it can be
noted that the MERA-up, MERA-down, MERA-up d2 and MERA-up Rz architecture
perform best with the lowest MSE values. This is in agreement with the observation
that they maintain a high X and E, except for the MERA-down architecture. The
MERA-up architecture, showing the lowest Np while keeping good values in X and
E, is also very good in the MSE. It has to be noted that the light green cross for MERA-
up is hidden in some plots by the values of other circuits and, therefore, highlighted
by green circles. In addition, the models with the highest X and E, MERA Rz and
MERA-up d2 Rz, respectively, perform worse. The linear entanglement circuit per-
forms better than the basic TTN architecture. The error bars of the model MSEs in
figure 9.9 provide a hint about the training stability. It can be observed that the better
the MSE of the models, the smaller its standard deviation.

In figure 9.10, the Corr loss is visualized for the various models. Although it is de-
noted as a loss, it can be equally employed as an accuracy metric. It is calculated for
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Figure 9.10: The correlation loss of the various trained circuit architectures as a func-
tion of the circuit characteristic numbers is provided. The correlation loss is plotted as
a function ofNp (top left),X (top right) and E (bottom left).

980 inference shower images and compared to the entire test set. With the Corr loss, it
is especially studied if circuits with higher entanglement capability are able to achieve
higher pixel correlations in the generated images. However, when evaluating the re-
sults in figure 9.10, no correlation between the Corr loss and any of the characteristic
circuit numbers can be observed, similar as for the MSE in the previous section. All
circuits achieved good results in the Corr loss. As the Corr loss represents only a less
important metric, the details of the individual models are not further discussed. The
MMD loss as a function of the characteristic circuit values for the various models in
the circuit study is provided in the appendix B.4 in figure B.4.

The classical DL method of dropout [127] was studied: both layer-wise and weight-
wise implemented dropout resulted in worse accuracies making them unsuitable for
the quantum circuits in this study. Probably larger quantum circuits with more train-
able gates would be required to benefit from dropout.

In the circuit angle manipulation metric, the influence of the rotational parame-
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ters of specific gates on the individual pixel outputs is tested. Only one rota-
tional parameter θi of the circuit is manipulated at a time, the others are kept
constant. The rotational parameter θi is manipulated by adding a small value γ
to the corresponding trained parameter, with iterating over six γ values: γ ∈
[+π/4,−π/4,+π/8,−π/8,+π/16,−π/16]. With the new parameter θ∗i = θi+γ,
N = 20 images are generated containing the pixel energies Eθ∗i . Then, the absolute
difference ∆ between the average manipulated image and the average original image
is computed pixel-wise:

∆ =
1

6 ·N ·M

M−1∑
m=0

N−1∑
n=0

∑
γ

|Eθi − Eθ∗i |. (9.9)

The original images with the pixel energies Eθi are generated without any param-
eter manipulation. The distance measure ∆ to the original image corresponding to
an energy change per pixel. This distance can be used to examine the effect to the
manipulated gate on all qubit energy outputs. This is used to assesses how well the
manipulation propagates within the quantum circuit, ultimately leading to a measure
of entanglement. This test is employed for the TTN, the MERA, the MERA-up and the
MERA-down architecture. In addition, for each architecture, the results are averaged
over all the trained models from the circuit study, excluding the two best and worst
models, resulting inM = 25− 4 = 21 models.

The results are provided in figure 9.11. In case of overflows, where the change of
the pixel energy values is larger than 0.2 (in an arbitrary energy unit), they are cut
and set to the maximum value in yellow. It can be observed that the MERA-up and
the MERA architecture provide the largest number of influential gates (more pixels
in lighter colors), while the TTN and MERA-down architectures are less impacted by
variations of individual gate changes.

Going more into detail, the manipulated gate numbers of all circuits correspond to
the parameter indices θ in the architectures in figure 9.7. The manipulated gates were
chosen to be primarily the first few gates within a circuit as well as gates on highly
entangled qubits centralized in the middle of the circuit. Due to the large number of
manipulated gates, not all outputs are individually discussed and, therefore, only the
major noticeable findings are explained. In the TTN architecture, it can be noted that
pixel six is hardly influenced by any of the manipulated gates. It is not even influenced
by the manipulated gate number six which is directly operated on qubit six. In the
MERA architecture, a higher influence to the neighboring pixels of the manipulated
gates can be observed. In general, it can be noted that the farther the qubits are apart
from the qubit on which the manipulated gate is operated, the lower the influence,
leading to a fading entanglement.

In the MERA-up architecture, the numbering is chosen according to the MERA circuit
numbering in figure 9.7. However, only the right half of the circuit is used. Therefore,
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Figure 9.11: The results of manipulating individual gates for multiple circuit architec-
tures. The results for the TTN architecture are provided on the top left, for the MERA
on the top right, for the MERA-up on the bottom left and for the MERA-down on the
bottom right. The energy change of all plots employ the same color bar to make them
comparable. The energy change is plotted in an arbitrary unit. Red boxes highlight
on which qubit or pixel the manipulated gate operates. The manipulated gate num-
bers of the circuits are highlighted in figure 9.7 by the red boxes, corresponding to the
parameter indices θ.
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the RY -gate with parameter number 22 corresponds to the first gate within the cir-
cuit. It can be marked that the influence of the manipulated gates is relatively large
in comparison to the other circuits. However, pixels zero and seven are only weakly
influenced, but also, there is no manipulated gate directly operated on the correspond-
ing qubits, opposite to the previous circuits. Contrary, the MERA-down architecture
overall provides a weak influence by the manipulated gates, similar to the TTN archi-
tecture.

The influence of the manipulated gate to all pixels, provides a practical impression
about the entanglement in the circuit architectures. It makes the entanglement visible
to us and verifies the principle of quantum circuits. The ”(v)erification of the function-
ing of the individual gates and qubits (obeying the principles of quantum computing),
especially the creation of entanglement, is a dedicated topic in quantum information
theory” [291] to ensure the correctness and reliability of quantum computations. The
observed results agree with what is measured by the characteristic number of the en-
tangling capability of the individual circuits. Both the MERA and MERA-up archi-
tecture achieve good entangling capabilities, whereas the TTN and the MERA-down
architecture perform worse.

All in all, considering the characteristic circuit values and the achieved accuracy with
the MSE in training, the MERA-up Rz circuit performs best. However, giving a larger
weight toNp, the plain MERA-up circuit performs almost as well, while only needing
half the number of parameters. Additionally, in the metrics for manipulating individ-
ual rotational angles, the MERA-up architecture achieved the best results. Therefore,
the following studies in this thesis employ the MERA-up circuit for training the QAG
model. This also pays tribute to the fact that fewer parameterized gates are better
suited for NISQ hardware limitations because less noise is created and the circuit ex-
ecution is faster, preventing decoherence. The observation that there is no correlation
between any of the characteristic circuit numbers and the resulting accuracy values
hints to the potential conclusion that these theoretical metrics maintain only a limited
meaningfulness in practice and have to be studied application dependent.

9.3 In-depth Accuracy Analysis

In this section, the results of the QAG model with the MERA-up circuit architecture
are analyzed. All known accuracy metrics for the calorimeter image use case are eval-
uated. Some of the metrics have previously been employed in the classical ML GAN
simulations. All tests are operated on a noise-free quantum simulator. The tests in-
cluding quantum hardware noise are provided in the subsequent section.



192 9 Quantum Angle Generator

9.3.1 Training Process Evaluation

Initially, the statistics of the loss functions during training are investigated. The un-
weighted loss functions and the weighted loss functions are plotted in figure 9.12 and
9.13, respectively. The mean of twenty training repetitions is visualized as a thick
solid line and the standard deviation (STD) as a colored band around the mean. The
weighted loss values are multiplied by their dynamic loss weights, while the un-
weighted are not. The evolution of the loss weight is plotted as dashed lines in the
weighted loss plot in figure 9.13. The Corr loss does not begin to affect the training
until epoch 100 because its weight is set to zero before then.

Figure 9.12: The unweighted loss values are displayed for all training epochs.

The unweighted plot in figure 9.12 presents that the MMD loss of all trials converge
similarly, as indicated by a moderate STD. In addition, the MMD loss of the best trial
does not oscillate and deviate much from the mean. Towards the end of the training
(at epoch>200), the MMD loss level remains stable and the STD band narrow. On the
other side, the Corr loss maintains a wider STD band that narrows towards the end
of the training. Overall, the MMD and Corr loss converge smoothly without intensive
oscillations, which is a desirable characteristic for ML training. However, at the end of
the training, the Corr loss still decreases. This suggests that longer training potentially
further increases the correlation accuracy. However, in order to keep the training time
and iterations as small as possible to execute the training on the real hardware later,
the number of training epochs is not increased.

Figure 9.13 illustrates the individual loss contributions. The MMD loss contributes far
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Figure 9.13: The weighted loss values are displayed over the training epochs. Addi-
tionally, the dynamic loss weights are plotted as striped lines.

more than the Corr loss throughout the entire training. The weighted MMD loss de-
creases during training: first, because the loss decreases due to convergence, and sec-
ond, because the loss weight decreases over the epochs. The Corr loss increases from
epoch 100 to about epoch 200 and then remains at a stable level. This stable level can
be maintained because the increasing Corr loss weight compensates for the decreas-
ing loss due to convergence. Although the influence of the MMD loss during training
is greater than the influence of the Corr loss, the Corr loss plays a significant role in
achieving a good physics accuracy in the generated shower images. During model
development, it was obtained that implementing the Corr loss already at the begin-
ning of training in epoch zero prevents the model from achieving convergence. This
is probably because too many things would be simultaneously trained, what causes
difficulties in combination with the SPSA optimizer. Further, implementing the Corr
loss weight as a step function, where the Corr loss weight remains constant after im-
plementation, did not result in good accuracies either. Only by smoothly increasing
the Corr weight by a linear function resulted in the desired training convergence. To
reach this result, an extensive and lengthy hyperparameter search was performed us-
ing Optuna.



194 9 Quantum Angle Generator

9.3.2 Inference Evaluation

In the following, the accuracy of the best trained model is evaluated in detail. The
generated shower images are compared to the Geant4 test data set consisting of 980
images (referred to as Geant4). Similarly, there are 980 images generated by the QAG
model to create the accuracy metrics.

1. Average calorimeter shower shape
The first metric represents the calorimeter shower shape plot displayed in figure 9.14.
The x-axis shows the pixels and the y-axis shows the corresponding averaged energy
depositions. The energy is given in an arbitrary unit (a.u.) due to the downsampling
during the image preprocessing. The shower shape is perfectly reproduced by the
QAG model. The Mean Squared Error (MSE) is considered as an additional accuracy
metric. It is calculated by the pixel-wise MSE between the average Geant4 and QAG
images of the entire generated and test data set. The MSE reaches 0.00017 ± 0.0005.
The detailed equations of the MSE calculation can be found in the appendix B.5.1.

Figure 9.14: The generated shower shapes are compared. The energy on the y-axis is
provided in an arbitrary unit (a.u.) due to the initial image downsampling process.

2. Pixel-wise correlation
The second accuracy metric corresponds to the pixel-wise correlation plots. The pos-
itive or negative correlations between all pixels are determined. The baseline repre-
sents the correlation plot from Geant4, which is the same as displayed separately in
figure 9.15 on the left, and reveals the complex data structures present in the training
data. Allowing a direct comparison the correlation plot for the generated data from the
QAG model is presented in figure 9.15 on the right. It can be concluded that the QAG
model accurately reproduces the overall correlation pattern. Inspecting the particular
details, different color shades indicate some minor deviations. However, the achieved
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Figure 9.15: The left plot refers to the pixel-wise correlation plot of Geant4 and the
right to the one of the generated data by the QAG model.

correlation precision by QAG is astonishing and more than sufficient for a calorime-
ter fast simulation task. In terms of the quantum perspective, this result proves that
quantum circuits are capable of precisely implementing complex correlation patterns
between the separate qubits. In order to achieve this, the quantum circuits require a
substantial entanglement strategy, such as that present in the MERA-up architecture.

3. Energy sum
The energy sum histogram represents the third accuracy metric. The energy sumEsum
corresponds to the total measured energy within a shower image, which is obtained
by summing-up the energy depositions of all cells. In figure 9.16, the energy sum of
all images is visualized in a histogram. On the x-axis, the energy sum is plotted in
an arbitrary unit and on the y-axis the number of entries for each bin are provided,
where each entry corresponds to the total energy contained in a shower image. The
histogram of Geant4 is visually perfectly reproduced by the QAG model. The visual
agreement is confirmed by the histogram values mean µ and standard deviation σ
provided in the figure. The QAG model is able to reproduce the events of the full
energy range excellently, including the low and high energy events. The equations for
calculating µ and σ are provided in the appendix B.5.2.

4. k-means Cluster
The fourth metric allows to evaluate whether the training images contain specific
modes which are not correctly generated by the QAG image set. It is a well-known
problem that classical ML models often fall into mode collapse, where they can only
generate certain image modes, as explained in chapter 4. In this test, it should be ob-
served if this is also true for the QAG model. To find image modes, the shower images
are clustered using the k-means algorithm [292], where the clusters found correspond
to the image modes. It should be observed whether the images generated by the QAG
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Figure 9.16: The energy sum histogram including the statistical values.

model reveal similar clusters or image modes as present in the Geant4 data.

Figure 9.17: The four k-means clusters present in the images of Geant4 (left) and of
QAG (right).

As baseline, the Geant4 data is clustered to find four clusters as illustrated in figure
9.17 (left). The number of clusters is chosen in order to obtain a large inter-cluster dis-
tance. A larger number of clusters than four would reduce the inter-cluster distance,
making the visual cluster distinction increasingly difficult. It can be observed that the
shower images of the cluster zero deposit substantially larger fractions of energy in
earlier calorimeter cells than shower images of higher cluster numbers. Further, the
particles from cluster zero and one occupy a larger energy, estimated by the integral
area under the curves. It will be interesting to see if the QAG model can reproduce
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this behavior. The black striped lines in figure 9.17 correspond to the average shower
images, which are the same as in figure 9.14.

The four clusters identified in the QAG data are provided in figure 9.17 (right). They
appear slightly less smooth, but a similar structure can be observed. Therefore, the
general structure is correctly learned by the QAG model. Such a cluster evaluation of
calorimeter shower images has never been carried out before. Applying this clustering
metric to full-scale ML calorimeter simulations to investigate how precisely they can
reproduce the clusters along the three spatial shower axes of the data would be an
interesting future test.

5. Pixel-wise energy distribution
The last employed metric examines the pixel-wise energy deposition distributions for
all eight pixels as illustrated in figure 9.18. The deposited energies of the individ-
ual pixels are investigated separately. The histograms for Geant4 and QAG are con-
structed, to visually compare the histogram shape, histogram mean, and width of the
generated images to those of Geant4. As it can be seen in figure 9.18, the agreement is
good. For example, the longer tail towards the left side of pixel four is equally present
in the QAG histogram. In general, the QAG histograms overlap with the correspond-
ing Geant4 histograms. This indicates that the average energy returned by each pixel
is correct.

6. Example shower images
For completeness, some exemplary shower images are provided. Ten random shower
images are drawn from the Geant4 data set and from the images generated by the
QAG model and visualized in figure 9.19. It can be noted that the images of the QAG
model look similar to the images from Geant4.

9.4 The Effect of Quantum Noise

In the current NISQ era, the relatively high hardware error levels are one of the pri-
mary limitations to effectively employ algorithms on real quantum devices. QML
models appear to be noise resilient to some degree of hardware errors, as demon-
strated for the hybrid qGAN model in the previous chapter. In the following, the
noise robustness of the QAG model is tested in inference and training. Furthermore,
training and inference of the QAG model are executed on real quantum devices.
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Figure 9.18: The pixel-wise energy deposition histograms for Geant4 and the QAG for
all pixels. The x-axis represents the energy depositions in one pixel and the y-axis the
number of images containing the corresponding energy.

Figure 9.19: Ten random example shower images of Geant4 on the left and generated
images by the QAG model on the right.

9.4.1 Noise Effect on the Inference Process

The further investigated baseline model represents the best trained model introduced
in section 9.3.2, which was trained without any noise. Inference is performed with
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Figure 9.20: Inference noise study. On the x-axis the noise levels are provided and on
the y-axis the MSE as accuracy metrics (the lower, the better). In the green configu-
ration of readout noise, all qubits have the same readout noise level, and in the blue
configuration of CNOT noise, all two-qubit gates have the same noise levels. The or-
ange configuration combines readout and CNOT noise, where the readout noise and
the two-qubit noise levels are the same. Inference is run with various noise configura-
tions on the quantum simulator, on real hardware and on the simulator with the given
hardware noise settings.

simulated noise, with simulated hardware noise, and finally on the real quantum
hardware. In the simulated noise configurations, each qubit noise is modeled with
the same readout measurement error and each inter-qubit connection with the same
two-gate level (CNOT) error. In contrast, the noise levels on the real hardware can
vary widely, and of course there are different levels of noise between qubits and also
two-gate errors. Furthermore, the real hardware noise model takes decoherence and
qubit control errors into account.

Several noise configurations and error levels from zero up to 15% are tested. The
MSE is utilized as an accuracy measure. The results are illustrated in figure 9.20. For
each configuration, the average value of 20 generated images is plotted as a solid line
and the standard deviation as a colored band around the mean. The gray horizontal
line serves as accuracy reference for the noise-free configuration. All configurations
maintain the accuracy up to approximately 1.5% of noise. The configuration with
readout noise only (green) suffers the least and maintains a stable accuracy up to 8%
of noise. Only CNOT noise (blue) and both readout noise and CNOT noise combined
(orange) have a stronger effect. The combined configuration (orange) performs worst,
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as expected. As a side note, current quantum devices have average noise levels below
5%, which is expected to gradually decrease further. But as discussed in the following,
the noise levels are unstable and can sometimes spike up. Therefore, wider noise
ranges are envisioned.

Next, inference is run by loading the real hardware noise model from ibmq montreal
into the simulator. The ibmq montreal device consists of a Falcon r4 processor with
27 qubits. The average readout noise over the qubits employed at the time of the test
was 2.51% and the average gate level noise 0.97%. The explicit noise model, containing
the entries for each qubit, is provided in figure 9.21. The relatively large readout noise
level is primarily caused by a single qubit with 8% of readout noise. The result is
included in figure 9.20 (blue triangle). The noise level position (x-axis) is determined
as the average of readout and CNOT noise. Although the noise levels of the qubits
vary strongly, the measured accuracy of the hardware noise simulation agrees well
with the simulated noise in mean and standard deviation within the uncertainties.

Figure 9.21: The plot visualizes the noise levels of the ibmq montreal device at the
time the inference test was executed. Especially, qubit number two in the circuit archi-
tecture, which corresponds to qubit five on the quantum device, has a large readout
error (blue bar). The two qubit gate noise levels are plotted as green bars between the
two connected qubits.

Finally, the inference is executed on the real ibmq montreal device. The qubit map-
ping from the quantum circuit to the real quantum device is visualized in figure 9.22.
To keep the number of swapping operations low when implementing the circuit on
the hardware, consecutive qubits have to be chosen. The qubits are selected according
to the lowest noise values.

The result is plotted as red triangle in figure 9.20. The accuracy on the real hardware
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Figure 9.22: Qubit mapping from the quantum circuit to the real quantum device.
Only the eight green highlighted qubits are used. The blue numbering corresponds
to the qubit numbering on the quantum device and the orange numbers indicate the
qubit numbering in the quantum circuit. The original graphics is taken from the IBMQ
webpage and was modified according to the used circuit.

is worse than predicted by the hardware noise simulation (blue triangle), indicated
by a larger MSE value. The implementation of the circuit on the real hardware in-
volves swapping operations that imply additional two-qubit entanglement gates for
the quantum circuit. It is possible that these are not taken into account in the hard-
ware noise simulation and lead to higher noise influence on real hardware and thus to
worse results. It is also possible that the noise present on the real hardware is worse
than the estimated model of the simulator [219] Or it could be that some error sources
- such as thermal fluctuations or qubit cross-talk - are not included in the noise model.
For demonstration, the generated average shower images of all utilized noise config-
urations are provided in the appendix B.7, exhibiting the robustness against read-out
noise up to 10% and the strong influence of two-qubit gate noise already at around
2%.

9.4.2 Noise Effect on the Training Process

In the following, the noise study is repeated to include the training, in order to under-
stand whether the QAG model can learn how to compensate for the noise, especially
when running on the real quantum device. It is also investigated, up to which noise
levels the model can maintain a reasonable accuracy.
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Figure 9.23: Training noise study. Training is run with various noise configurations,
inclusive hardware noise simulations and training on real hardware. In the green
configuration of readout noise, all qubits have the same readout noise level, and in
the blue configuration of CNOT noise, all two-qubit gates have the same noise levels.
The orange configuration combines readout and CNOT noise, where the readout noise
and the two-qubit noise levels are the same.

The training is carried out with various simulated noise levels and configurations,
each repeated ten times. The results are shown in figure 9.23: the configurations with
only readout (green) and only CNOT noise (blue) maintain a similar level of accuracy
until approximately 3%. The accuracy of the combination of readout and CNOT noise
(orange) marginally decreases already from 1% noise. However, up to 3% of noise, the
accuracy is still close to the noiseless case. All is still agreeing within the uncertain-
ties. This can indicate that training the model with noise makes the QAG model more
robust to noise than applying noise alone to a trained model during inference.

Next, two quantum devices are simulated. ibmq montreal and ibm cairo, which
are both 27 qubit devices, but ibm cairo has the more advanced Falcon r5.11 pro-
cessor. Likewise, the training is repeated ten times and the results are added as blue
and orange points in figure 9.23. It can be noted that the average accuracy in terms
of the training with hardware noise performs slightly worse than the combined noise
model (orange). The strong overlap between the error of the simulated noise (orange
band) and the hardware noise simulation (orange and blue error bar) indicate that the
accuracy difference is not significant. The error bars of the hardware noise simulations
are larger than the ones of simulated noise, indicating the introduction of instabilities
in the model.
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Finally, the entire training is executed on the real quantum devices. First, the train-
ing is carried out on ibmq montreal. During training, an unpredicted significant
noise change occurred. The readout noise of one qubit increased up to 8% (the same
noise levels which were present in the inference test in figure 9.21). This negatively
influenced the training outcome. However, after the noise change during training, the
model recovered and adapted to the new noisy environment, which is an astonishing
observation. Training was also performed on the newer ibm cairo device without
any hardware calibration change during the training. The noise levels of the hard-
ware training are listed in appendix B.8. The losses of the ibmq montreal hardware
training are provided in figure 9.24 on the top and for ibm cairo on the bottom. In
the ibmq montreal training, the MSE loss spikes up around epoch 280, due to the
previously mentioned calibration change. After that, it decreased, but could not reach
the loss level from before the calibration change (probably because of the chosen hy-
perparameter configuration with a decaying learning rate for higher epochs and the
numbering of remaining epochs was not sufficient). On the other hand, the Corr loss
was converging to a modest level. In the ibm cairo training, the MSE and the Corr
loss converged to reasonable values.

The results of the two hardware training are included as red and green triangles in
the figure 9.23. The error bars correspond to the MSE deviations within 50 generated
validation images. It can be observed that the average MSE of the ibmq montreal
hardware training (red triangle) is higher than the noise simulation (blue triangle).
This is most likely due to the large noise change and the fact that the model did
not have enough time to fully recover. This is also indicated by the still decreasing
losses towards the end of the training, visualized in figure 9.24. The training on the
ibm cairo machine is completed without calibration changes and with lower hard-
ware noise levels (average readout noise 0.86% and CNOT noise 0.89%). The accu-
racy of the hardware training on ibm cairo (green triangle) is only marginally worse
than that of the simulator (orange triangle). This indicates that the simulated and real
hardware outcomes behave identically at low hardware noise levels, or that the noise
model of ibm cairo is better (or more realistic) than for ibmq montreal.

Comparing the absolute MSE magnitude of the real hardware training (≈0.002 and
≈0.003) with the one from inference from the previous section (≈0.005), the MSE im-
proved slightly. Suggesting that the QAG model is able to adapt its parameters to the
noisy hardware to improve its precision. This is also verified by the ibmq montreal
training, where the accuracy dropped entirely after the calibration change, but then
recovered.

In figure 9.25 (left), the average shower image created by the ibmq montreal device
is visualized, and (right) the one of ibm cairo. Due to limited hardware access, only
100 shower images are generated for validation. The shower image for ibm cairo
matches well with Geant4, while ibmq montreal indicates some discrepancies. The
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Figure 9.24: The losses during the ibmq montreal training on the top and the losses
of the ibm cairo training on the bottom.

correlation plot for the ibm cairo training is provided in figure 9.26. The overall
correlation pattern is correctly reproduced. In the right plot of figure 9.26, the en-
ergy sum histogram is plotted. It can be noted that the model trained on ibm cairo
reproduces the Geant4 histogram almost perfectly. Therefore, all in all, the model
trained on ibm cairo performs accurately. Due to the calibration change on the
ibmq montreal device, the training accuracy is not satisfying. However, the train-
ing recovered some accuracy, and further training might have improved the results.
Therefore, the detailed accuracy plots are not further investigated nor shown.
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Figure 9.25: On the left are the average shower images from the QAG model trained
on ibmq montreal and on the right on ibm cairo.

Figure 9.26: (left) The correlation plot for the ibm cairo training and (right) the en-
ergy sum histogram.

9.5 Number of Shots Dependency

The number of shots represents a crucial factor of the QAG model. As explained ear-
lier, it determines the degree of discretization or quantization of the generated data.
For our use case, the discretization of the QAG output can be interpreted as the energy
resolution, which constitutes an important quantity for physics calorimeters [293]. In
this subsection, the influence of the number of shots on the training and inference
accuracy of the QAG model is assessed.

The training is carried out with a variable number of shots. The accuracy of the trained
models is measured using the previous introduced MSE. In figure 9.27, the average
MSE and its standard deviation are visualized in the form of error bars for five tri-
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Figure 9.27: Dependency of the MSE as accuracy measure of an increasing number of
shots for the QAG training.

als run with the same hyperparameter configuration. With an increasing number of
shots, the accuracy strongly increases (lower MSE) up to about 128 shots. At a higher
numbers of shots, the MSE saturates and improves only slightly. The error bars are
small, resulting to stable training convergence, as already indicated in the training
evaluation in figure 9.12.

Furthermore, the influence of the number of shots in inference is tested. For this, the
best models trained with 64, 256, 1 024 and 4 096 shots are selected. For these models
trained with a fixed number of shots in training, inference is run with different number
of shots. The results are shown in figure 9.28. It is visible that the MSE decreases
rapidly for larger numbers of shots. Similar to training, the MSE starts to saturate
around 128 shots and remains at a constant accuracy level for a larger number of shots.
All models trained with a different number of shots demonstrate a similar behavior
during inference. This indicates that 128 shots are sufficient to achieve a good level
of accuracy in inference. The training and inference tests earlier in this chapter were
executed with 512 shots, which is well above the 128 shots threshold.

In classical computing, the impact of reduced precision computing to ML use cases is
actively investigated, as demonstrated in chapter 6 by the own investigations within
this thesis. There, the accuracy of the three-dimensional images could be maintained
while only operating in 256 discrete energy levels. Reducing the number of shots is the
quantum analogue for the QAG model. With only 128 shots for training and inference,
combined with an only 8 qubit quantum circuit, this is computationally inexpensive
compared to other quantum models, which represents an enormous advantage of the
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Figure 9.28: Inference accuracy measured from the MSE with an increasing number of
shots. The various lines displayed correspond to models trained with varying num-
bers of shots, as indicated in the legend. For each inference measurement, 980 images
are generated and compared to Geant4. No uncertainty bands are given to keep the
clarity in the figures.

QAG model. If required, the number of shots can be certainly increased from 128 to
more than thousands on current quantum devices and simulators to increase the level
of discretization.

9.6 Discussion and Future Work of the Quantum Angle Gen-
erator

In this chapter, the newly developed full quantum QAG model was presented and
evaluated. Advancements over previous generative models are that it can generate
realistic images instead of probability distributions and it allows a lightweight and
smooth training. The results clearly demonstrate that the QAG model is capable of
generating images of similar precision to the training images on a variety of valida-
tion metrics. In the noiseless case, the QAG model perfectly reproduces all accuracy
metrics. With a clever intra-qubit entanglement strategy in the MERA-up quantum
circuit together with the specific Corr loss term, the pixel-wise correlation was cor-
rectly reproduced in the generated image set.

The effect of quantum noise was studied on the training and inference process on
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real quantum devices. When including simulated quantum hardware noise in the
inference, the results remain stable up to approximately 1.5% of noise. This could
be improved to almost 3% by directly training the model with noise. Using realistic
simulations with loading the noise model from the physical hardware, the model is
theoretically capable to maintain a similar level of accuracy. In practice, performing
inference of the noiseless trained model onto a physical quantum device leads to a
decrease in accuracy. However, if the model is trained on hardware, it can learn to
overcome the underlying noise behavior. To the author’s knowledge, this is the first
time that an entire training of a generative model on a real quantum device has been
successfully performed with precise accuracies.

Regarding quantum noise, it could be investigated whether a model trained with a
particular noise configuration is more robust to other noise configurations of a similar
magnitude. This means that the average noise level remains approximately constant
and only the individual qubit or gate noise levels vary. Because on real quantum de-
vices there are noise fluctuations due to regular calibrations. In this context, it could
be investigated in the future what would happen if the noise levels were lower dur-
ing inference than during training. If lower inference noise levels maintain or even
improve the accuracy, then training models with higher noise levels than applied in
inference would be a beneficial approach.

To make the QAG model more realistic, conditioning can be implemented in the future
to allow the generation of calorimeter shower images of specific primary particle en-
ergies, similarly to the classical ML models in chapter 4 and 5. This can be achieved,
for example, by implementing an auxiliary loss and adding a specific energy value
to the rotational gates in the state preparation function. In calorimetric aspects, in-
creasing the number of pixels would make the models more realistic. However, the
additional phase space could also be used to include timing in addition to the energy
in the pixels. For the HL-LHC, the use of the timing can be helpful to identify and
remove pile-up. The additional opportunity to use timing would be a great advantage
in favor of quantum computing.

Since only 256 shots are required for achieving a good level of accuracy and the num-
ber of shots can be chosen much larger, the encoding technique could be extended. In
this thesis, only the polar angle θ on the Bloch sphere is used, as visualized in figure
7.2. This could be extended by also utilizing the azimuthal angle φ. In this way, the
number of pixels can be doubled while the number of qubits remains the same. To
implement this, the number of shots must be increased, and for half of the shots, the
outcomes measured on a different computational basis.

Another straight-forward step of improvement would be to increase the size of the
generated images. It would be valuable to investigate whether the hierarchical quan-
tum circuits used provide enough entanglement for larger use cases, e.g., images with
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more pixels, to represent the pixel-wise correlations in the data.

As circuits scale up in terms of the number of qubits, another problem arises that
would be needed to be investigated. Although the number of qubits on quantum de-
vices is growing rapidly, they are constrained by limited qubit-to-qubit connections.
This can restrict the choice of the circuit architectures. Due to complex entanglement
strategies, a large number of swapping operations are required to implement the cir-
cuits on the quantum devices. These swapping operations consist of noisy entangle-
ment gates that make the circuits even more error-prone to gate level noise.

Doubling the size to sixteen qubits can be still done on quantum simulators. Never-
theless, for even larger models in the future, testing on classical simulators would be
impossible due to the exponential scaling of quantum circuit simulations. However,
the improving quantum devices and increasing quantum hardware access in the fu-
ture will reform the way of quantum algorithm deployment, as for example communi-
cated by the IBM 2022 roadmap [294]. Currently, models are first tested on simulators
before eventually executing them on physical quantum devices. In the future, the
models should be directly implemented and tested on quantum devices. This causes
difficulties, especially for QML researches, because model training requires numerous
quantum circuit executions. Therefore, models with a lightweight training, such as
the QAG model, are likely to dominate in the next couple of years.

Thesis Objective Fullfilled:

A full quantum model which generates accurate individual images with dis-
tinct pixel intensities was successfully developed. Moreover, it was demon-
strated that it can be executed on current imperfect and noisy quantum devices
with achieving satisfying accuracy levels.
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Chapter 10

Full Quantum Generative
Adversarial Networks

In this chapter, the QAG approach from the previous chapter 9 is converted into a full
quantum generative adversarial network model. The model utilizes the same encod-
ing technique and generator, however, it is trained by a quantum discriminator circuit
instead of loss functions. Both the generator and the discriminator are quantum cir-
cuits. This sets the full qGAN model from this chapter apart from the hybrid qGAN
model in chapter 8, which utilizes a classical discriminator neural network. Further-
more, the qGAN here uses angle encoding, in contrast to the previous hybrid model
that utilizes amplitude encoding.

In the subsequent section, the objectives for developing a full qGAN model are moti-
vated. This is followed by an introduction to the quantum circuits and the adversarial
training. Next, the model results are evaluated. To compare the expressive power of
quantum circuits to classical neural networks, the full qGAN is compared to a hybrid
model. The results of this chapter were first published in the paper from Ref. [295].

10.1 Motivation for Adversarial Training

Training generative models with the help of loss functions, as for example imple-
mented in the QAG model in the previous chapter 9, represents an already known
concept for classical ML applications [296]. For simple use cases, training models with
loss functions is more efficient and reasonable accuracies are achieved. However, for
more complex applications, limitations are reached. For example, the QAG model
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exclusively trained by the MMD loss was merely able to represent the moments – in
particular the average shower distribution – present in the training data. But it failed
to learn more complex image correlations, prior including an auxiliary loss. However,
for learning more complex correlation patterns of the training data, it is challenging to
determine appropriate loss functions.

For the generation of complex image patterns, in classical ML the adversarial train-
ing approach of two neural networks – the GAN approach – was developed. GANs
currently outperform other generative model approaches, as provided in section 3.2.
Compared to training with loss functions, the adversarial approach results typically
in better generalization and less overfitting [297] and to better representations and
more accurate predictions of the target data [298]. In GANs, the discriminator neural
network is more adaptable to the training data and takes over the purpose of the loss
function. The discriminator network is able to efficiently learn the complex correla-
tions present in the data and employs this knowledge for the generator training.

At the current stage of quantum computing, due to the limited number of qubits, only
small and simplified models are simulated. For this, training them with ordinary loss
functions achieves satisfying accuracies. In the future, increasingly complex problems
can be simulated on more powerful quantum devices with more qubits. Similar as
for classical models, for more complex use cases, at some point the adversarial train-
ing will probably outperform training with loss functions. Therefore, a full qGAN
model is developed and tested. While hybrid quantum-classical GAN models have
been well studied, successfully operating full qGAN models are still rare in the litera-
ture due to the complexity of the implementation and difficulties in training towards
convergence. For example, Ref. [299] proposed a full qGAN model that can generate
quantum states with a high fidelity. Another work, Ref. [300] introduced a full qGAN
that can be trained with a limited number of samples. This study represents the first
successfully implemented full qGAN model for calorimeter simulations.

10.2 The Generator and Discriminator Quantum Circuits

The full qGAN uses a quantum generator circuit and a quantum discriminator cir-
cuit. The QAG principle from chapter 9.2 and the MERA-up circuit architecture are
employed for the generator. Similar to the QAG model, eight pixel images and angle
encoding are utilized.

The discriminator uses the MERA-downsampling (MERA-down) architecture, as il-
lustrated in figure 10.1. Opposite to the generator, the information in the discriminator
becomes compressed or downsampled from multiple qubits to one qubit and eventu-
ally measured into classical data. The measurement output of the discriminator qubit
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Figure 10.1: The MERA-downsampling quantum circuit architecture employed as dis-
criminator.

corresponds to the True/Fake probability. If |0〉 is measured, the discriminated image
corresponds to a fake image, and if |1〉 is measured, it corresponds to a true image.
The True/Fake probability is determined by measuring the discriminator output for
multiple shots and averaging the result.

In the implementation of the full qGAN model, the two circuits – generator and dis-
criminator – are directly connected to each other. Both circuits operate on the same
qubits and can be combined to one large circuit. Therefore, no intermediate measure-
ment is required between the generator and discriminator, and the generated quantum
state is the direct input into the discriminator. This represents an enormous advantage
of the full qGAN model compared to hybrid approaches, since intermediate measure-
ments can distort the result and thus the generated image. This can happen, for ex-
ample, due to readout errors or due to the fact that the measurement operation is only
an approximation of the probability vector of a quantum state instead of providing
a precise result, as explained in chapter 7. On the other hand, as a consequence of
this direct generator-discriminator connection, the quantum images generated during
training are not visible, since any intermediate measurement would destroy the quan-
tum information. Therefore, an adopted quantum circuit is required for inference.
For the implementation of the training and inference of the full qGAN model, three
distinct circuits are utilized which are introduced in the following.
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1. Training with True Images

A first circuit is required for training the discriminator on the true images from the
training set. Unlike the hybrid qGAN case, here, the training images have to be en-
coded from classical into quantum images. For this, angle encoding with the rotation
angles ε is employed. In the QAG model, only the decoding from the generated quan-
tum image back into a classical image is utilized. Opposite to the decoding, in encod-
ing, the angle ε can continuously rotate around the Bloch sphere, implying continuous
energy values.

The implementation of the encoding on quantum devices is: first, aH-gate is applied
to initiate the |+〉 state, which corresponds to the equal superposition between the |0〉
and |1〉 state. Next, one RY -gate is placed. The rotational angle ε of the RY -gate
correlates to the encoded pixel energy value. The transformation of the pixel energy
E into the angle ε is performed with:

ε =
2 · εmax

Emax
· E − εmax . (10.1)

The factor 2 · εmax in the nominator represents the entire angle range [εmin, εmax].
According to the definition, εmax = −εmin. Therefore,

εmax − εmin = εmax − (−εmax) = 2 · εmax . (10.2)

The entire pre-factor 2·εmax
Emax

in front of the energy E corresponds to the linear slope of
the transformation function. The factor εmax is subtracted to shift the angle range from
[0, 2 · εmax] to [−εmax, εmax] = [εmin, εmax], as required by the definition of the angle ε
on the Bloch sphere in figure 9.2.

The complete quantum circuit for training the discriminator on the true images is
visualized in figure 10.2. The quantum gates left of the gray vertical line in the middle
of the image are responsible for encoding the training image into quantum states.
Right of the gray vertical line, the MERA-down architecture is placed. Lastly, only
qubit two is measured into a classical register consisting of one number providing the
True/Fake probability. When |0〉 is measured, the image corresponds to a fake image,
and when |1〉 is measured, it corresponds to a true image. The True/Fake probability
is obtained by measuring the discriminator output for multiple shots and averaging
the result. For calculating the GAN loss value, the classical GAN binary cross entropy
loss from equation 4.1 is applied. The true images from the training data are labeled
with the value 1.
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Figure 10.2: The quantum circuit employed for training the discriminator with the
true training images.

2. Training with Fake Images

The second circuit is required for training the discriminator with the fake images pro-
vided by the generator and for the generator training. The total circuit is a composition
of the generator circuit and the discriminator circuit, as visualized in figure 10.3. Simi-
lar as for training the discriminator with the fake images, only the output of one qubit
is measured to determine the True/Fake probability.

To train the discriminator, the fake images are labeled with value 0. Similar to the
QAG model, H- and RY -gates are employed for the state preparation to implement
superposition and random noise to the qubits. During the discriminator fake training,
the generator weights are frozen and not trainable.

For training the generator, the same circuit as for the discriminator fake training from
figure 10.3 is operated. In this case, the discriminator parameters are frozen and the
generator parameters trainable. To fool the discriminator during the generator train-
ing, the labels are switched, and the fake images are labeled with 1. Similarly, the
True/Fake loss is determined for updating the generator parameters.
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Figure 10.3: The quantum circuit employed for training the discriminator with the
fake images of the generator circuit. Furthermore, the same circuit is utilized for the
generator training. In the discriminator training, the generator weights are frozen.
Opposite, in the generator training, the discriminator weights are frozen.

3. The Inference Process

The last circuit is required for generating shower images and measure them into classi-
cal data to make them visible. For this, the quantum states of all qubits are measured
to determine the pixel energies according to the procedure developed for the QAG
model. Therefore, the classical register consists of eight values, the same number as
qubits present in the quantum circuit. The decoding of the measurements into energy
values follows the similar principle as introduced for the QAG model in section 9.2.

10.3 The Adversarial Training Optimization

This subsection contains the configuration and hyperparameters chosen for training
the full qGAN model. Similar as for the classical ML GAN training in chapter 5, sep-
arate generator and discriminator learning rates are employed. For achieving the best
results, the generator learning rate lrgen = 0.02 and the discriminator learning rate
lrdisc = 0.04 are chosen. In order to obtain stable losses towards the end of the train-
ing, the generator and discriminator are operated with two distinct exponential learn-
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Figure 10.4: The quantum circuit for generating events in inference. The quantum
states of all qubits must be measured and decoded to classical data to determine the
pixel energies.

ing rate decays. The learning rate decay for the generator is lrdecgen = 0.006 and for
the discriminator lrdecdisc = 0.007. The learning rate decay starts at epoch ten and
is visualized in figure 10.5, where both learning rates converge to low values. The
model is trained for 1 000 epochs, where one epoch contains eight optimization steps
(batch size of eight). In empirical tests, it is observed that the training converges much
better if the discriminator is trained more frequent than the generator, similar as for
the hybrid qGAN in chapter 8. In the full qGAN model, at each optimization step the
discriminator is trained five times with the true and fake images, followed by one gen-
erator training step. In training and inference, all introduced circuits use 1 024 shots.
The hyperparameters are found by hyperparameter searches using the Optuna [163]
library and empirical testing.

As in the classical GAN case, in training, label smoothing is applied. We apply two-
sided label smoothing, where the true labels 1 are smoothed to 0.9 and the fake labels
0 to 0.1. This improves training convergence and the achieved accuracy. All trainable
rotational parameters are initialized with zeros to provide a stable training start point
and to speed-up training compared to random initialization. The SPSA optimizer
[288] is used for calculating the generator and discriminator parameter update during
training.



218 10 Full Quantum Generative Adversarial Networks

Figure 10.5: The exponential decay of the generator and discriminator learning rate
during training.

10.4 Training Evaluation

This section provides the evaluation of the training process. In figure 10.6, the training
statistics of 20 trials is visualized, which means that the training is repeated multiple
times with the same hyperparameters. The MSE as accuracy metric is pixel-wise calcu-
lated between the average training and generated images. Due to the hyperparameter
optimization, the mean (blue solid line) converges quickly and remains at a stable
level. The Standard deviation (light blue band) is narrow, and the best trial (green
solid line) has only minor oscillations. All these factors indicate a smooth, stable and
successful training.

Next, the characteristic training losses of the best trial are shown in figure 10.7 (left).
Plotted are: the generator loss (red), the discriminator true loss (blue), the discrim-
inator fake loss (orange) and the composite discriminator losses (green), which cor-
responds to the average of the discriminator true and fake loss. Due to the zero ini-
tialization of the circuit parameters, the composite discriminator loss is lower than
the generator loss in the first epochs. In the following epochs, the losses converge to
increasingly similar values, resulting in a good training convergence. Moreover, the
losses remain stable towards the end of the training due to the learning rate decay.
Between the single epochs, the losses oscillate a lot, probably because of the small
number of batches. A larger number of events per epoch would potentially smooth
the losses.
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Figure 10.6: The training statistics of repeating the training for 20 trials. The MSE is
plotted as accuracy metrics as a function of the training epochs.

Figure 10.7: (left) The characteristic training losses of the best trial. (right) The gener-
ated average shower shape.

10.5 Inference Evaluation

To evaluate the inference accuracy, 980 images are generated and compared to the full
test set of Geant4. As a first accuracy metric, the average shower shape of the best trial
is provided in figure 10.7 (right). It can be observed that the full qGAN model can
precisely reproduce the average shower image of Geant4.
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Figure 10.8: The pixel-wise correlation plots. Left the correlation of the Geant4 train-
ing data is provided, and right of the full qGAN model.

However, the pixel-wise correlation plot of the generated images, visualized in figure
10.8, does not agree well with Geant4. Furthermore, also the other more sophisticated
accuracy metrics, as shown for the QAG model evaluation in section 9.3.2, are also not
sufficiently accurate (see appendix B.9).

Therefore, the full qGAN model is only able to reproduce the average shower shape
metric. Potential reasons are discussed in the following. The first reason could be the
discriminator strength. A deeper or more complex discriminator circuit with more en-
tangling operations would be beneficial. For the generator circuit, it has already been
practically demonstrated for the QAG model in chapter 9 that the generator circuit
is capable of reproducing the complex physics accuracy metrics. The discriminator
MERA-down circuit, however, only achieved a relatively low entangling capability of
E ≈ 0.5 in the circuit study in section 9.2.3, as indicated in figure 9.8. The entangle-
ment enables the circuit to learn correlations between qubits. The fact that the MERA-
down architecture maintains a low entanglement capability might be the reason why
the pixel-wise correlations cannot be learned correctly, what was further evidenced by
the manipulated gate metrics in figure 9.11.

Another possible reason could lie in the training process. The training hyperparame-
ters were optimized to give good results for the MSE as accuracy metric. However, the
MSE only considers the average shower shape and not more complex metrics. It could
also be that the more complex physics patterns are not present as pronounced as ex-
pected. Therefore, they are not easily learnable by the model. Lastly, auxiliary losses,
such as the Corr loss for the QAG model, could potentially improve the accuracy.

The training of the full qGAN model remains hardware costly and time consuming
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due to the two quantum models trained alternately. Therefore, neither training on
quantum hardware nor noise studies on simulators will be performed.

10.6 Hybrid Model Comparison

A last test considers a hybrid qGAN, combining the QAG generator to a classical dis-
criminator. The goal is to compare the full and the hybrid qGAN model to observe
possible advantages of the quantum behavior over the classical behavior, or vice versa.
For example, quantum circuits are assumed to provide a higher expressive power than
classical neural networks [301], meaning that the same accuracy can be achieved with
fewer parameters. On the other side, it is investigated if the classical model can per-
form better on the pixel correlation accuracy metric.

The classical discriminator is constructed using Dense or fully connected layers as
parameterized layers. Three discriminator sizes are tested: small (S), medium (M) and
large (L), determined by the number of layers and the number of trainable parameters.
The three architectures are visualized in figure 10.9. The input layer has size eight and
contains the pixels of the input image. The hidden layers are followed by LeakyReLU
activation functions. The output represents one neuron, which outputs the True/Fake
probability. The configuration of the three discriminator neural networks are arbitrary
chosen. The number of trainable parameters are:

• S: 153 trainable parameters

• M: 433 trainable parameters

• L: 1 889 trainable parameters

The training hyperparameters of the hybrid qGAN model are chosen to be similar
for all models and were found by a hyperparameter search with Optuna and are: the
generator learning rate of 0.01, the discriminator learning rate of 0.006 and a common
learning rate decay of 0.006. The training comprises 1 000 epochs, each containing one
optimization step. The generator and discriminator are equally optimized once per
training step. The discriminator neural network parameters are randomly initialized
using a [0, 1] uniform distribution.

Training Evaluation
In the following, the training of the hybrid qGAN models is evaluated. For each of
the three models, ten training trials are executed with the same hyperparameters. The
results are visualized in figure 10.10. The mean MSE converges to stable results. To-
wards the end of the training, the hybrid M model (orange) converges to the lowest
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Figure 10.9: The three hybrid qGAN model discriminator architectures: small (S),
medium (M) and large (L).

MSE, corresponding to the best accuracy. The L (green) and S (blue) models follow.
The reason why the S and L models perform worse is due to the GAN principle. In the
adversarial training, the best accuracy is achieved when the generator and discrimina-
tor model are balanced. When one of the models outperforms the other one, the accu-
racy becomes worse. Therefore, the results of the hybrid models can be interpreted as
the following: for the S model, the discriminator is weaker than the generator, there-
fore, worse results are achieved. For the L model, the discriminator is too powerful
and outperforming the generator. The M model exhibits a representational power that
best meets the one of the generator. Due to the imbalance in the S and L models, the
MSE even increases for a few epochs at the start of the training until it starts decreas-
ing. Further, it can be noted that the L model maintains the largest standard deviation
band, indicating a training instability.
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Figure 10.10: The training convergence statistics plot of the three hybrid qGAN mod-
els. The MSE is plotted as accuracy metric for the entire training.

More fine-tuning in the discriminator architectures and sizes could potentially lead to
better results. Discriminator architectures utilizing 1D convolutional layers also did
not improve the accuracy, probably because they were too powerful for the quantum
generator circuit.

Inference Evaluation
In figure 10.11 (left) the average shower shape for the best hybrid M model is plotted.
It agrees well with the Geant4 prediction. The pixel-wise correlation plot of the same
model is illustrated in figure 10.11 (right), which is compared to the correlation pattern
of the Geant4 data in figure 9.5. The model fails to correctly reproduce the correlation
pattern. Similar as for the full qGAN model, also the other trials – beside the best trial
– (not shown) do not achieve better pixel-wise correlations.

The other hybrid models also cannot correctly reproduce the pixel-wise correlation
plot. The validation plots for the S and L models are provided and discussed in the
appendix B.10. Similar as for the full qGAN model, more complex physics accuracy
metrics cannot be correctly represented by the hybrid models.

The training and inference accuracies of the various quantum models from this thesis
which use angle encoding are listed in table 10.1. The training accuracy corresponds
to the statistical mean MSE values at the last training epoch for multiple trials. The
inference accuracy is the calculated MSE of 980 generated images of the model of
the best trial in each case. Due to the generation and evaluation of multiple images,
the inference accuracy may deviate from the training accuracy. This is also a test of
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Figure 10.11: (left) The average shower shape plot and (right) the pixel-wise correla-
tion generated with the best trial of the hybrid M qGAN model.

overfitting.

In table 10.1, it can be observed that the newly developed QAG model achieves by far
the lowest MSE, resulting in the best accuracy. It is followed by the hybrid M model,
which slightly outperforms the full qGAN model. The hybrid L and S models perform
worst, with significantly larger MSE values. Only the QAG model is able to correctly
reproduce the more complex physics accuracy metrics, as for example the pixel-wise
image correlation.

Table 10.1: The various quantum models tested in this thesis including their accuracy
in training and inference. The pixel-wise computed MSE is employed as accuracy
metrics. The MSE values are multiplied by 103. The lower the MSE, the better the
accuracy.

Model MSE Training MSE Inference

QAG 0.67± 0.56 0.58± 0.37
Full qGAN 1.76± 1.45 1.77± 1.46

Hybrid qGAN S 6.64± 3.28 6.65± 3.11
Hybrid qGAN M 1.28± 2.22 1.50± 2.15
Hybrid qGAN L 3.83± 4.42 3.80± 4.32

The comparison between the hybrid and full qGAN models leads to one interesting
outcome. Since the accuracy of the full qGAN model matches best the one of the hy-
brid M model, the representational power of the two discriminator models, the full
quantum and the hybrid, can be considered approximately similar within the given
statistics. This means that the MERA-down discriminator quantum circuit architec-
ture with only 20 trainable parameters performs equally well to a classical neural net-
work with more than 400 trainable parameters. This rises the question if variational
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quantum circuits requiring far less trainable parameters are able to reach the same rep-
resentational power than neural networks? Ultimately, the operation of fewer num-
bers of parameters can lead to faster training convergence. Due to many uncertainties,
the aforementioned comparison should be interpreted as a hint instead of a proof.
Furthermore, in this study only highly simplified toy models are compared. Thus, a
general statement for larger circuits with more qubits cannot be made. On the other
side, similar outcomes are observed in related studies. For example, in Ref. [301] and
Ref. [302], it is claimed that quantum circuits have a higher storage and modelling
capacity as well as a better computational efficiency than neural networks because of
the employed quantum principles.

10.7 Discussion of the Full Quantum Generative Adversarial
Training

In this chapter, a full qGAN model was developed and trained as a proof of con-
cept. For this purpose, the required quantum circuits and the training process were
introduced. In the primary physics evaluation metric, the MSE, the full qGAN model
performed well, but could not reach the accuracy of the QAG model from the previous
chapter. In more complex physics accuracy metrics, the model performed less well.

A hybrid qGAN was trained with three discriminator sizes. Only the hybrid model
with the medium discriminator outperformed the full qGAN in terms of MSE slightly.
However, the accuracy of the QAG model could not be reached. Training the model
with a small and a large discriminator led to worse results due to an imbalance of
the power between the generator and the discriminator models. Similar to the full
qGAN model, all hybrid qGAN models failed to correctly reproduce the more com-
plex physics accuracy metrics.

Why the more complex physics metrics could not be reproduced by the qGAN models
is the subject of future research. Possible explanations are that the discriminators are
not powerful enough to learn the complex patterns present in the training data, or that
the training hyperparameters were chosen primarily to optimize for the MSE metric.
Probably, the utilization of an auxiliary loss would improve on this, similarly as for
the QAG model. Furthermore, the Wasserstein GAN [131] approach can be tested for
the full qGAN model.
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Thesis Objective Fullfilled:

A full quantum Generative Adversarial Network model was developed and
successfully trained to convergence for calorimeter simulations for the first
time. The full quantum model with only 20 trainable parameters accomplished
a statistically similar good accuracy to the hybrid M model with 433 parame-
ters. This result encourages a potential advantage in representational power
of quantum circuits over classical neural network architectures. The further
metrics beside the MSE could not be satisfactorily fulfilled, neither by the full
qGAN nor by the hybrid versions. These deficits currently set limits to the
developments and must be addressed in future studies.
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Chapter 11

Summary, Future Work and
Conclusion

The research in this thesis is aimed to develop and investigate several generative mod-
els to potentially replace the current resource demanding calorimeter detector simula-
tions performed with conventional computing. In the following, the major results of
this thesis are summarized and compared to the initial thesis objectives. Afterwards,
possible approaches for future improvements and researches are presented, before
conclusions are drawn. Finally, related publications and workshop presentations are
listed.

11.1 Summary

Since the two main topics deep learning and quantum computing are two different
computing approaches, separate summaries are provided for each topic.

Deep Learning Generative Models
Multiple generative models have been presented and evaluated. The Generative
Adversarial Network approach was selected as the most appropriate model for the
calorimeter use case. Since 3D convolutional layers represent the state-of-the-art for
3D image applications, an initial 3D convolutional neural network architecture was
developed and operated as a proof of concept. However, 3D convolutional layers re-
main computing resource demanding, which led to the development of the novel and
more hardware-efficient 2D convolutional neural network architectures. The best in-
troduced 2D architecture was evaluated against eight physics accuracy metrics and
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it performed better than previous models, achieving accuracies very close to those of
Geant4.

In a further optimization step, the classical model was quantized to an int8 reduced
precision, resulting in a further 3x speed-up. Without quantization, a 158 000x speed-
up was achieved on GPUs compared to the current Geant4 simulation, and with the
quantized model a 120 000x speed-up on CPUs. Thus, the thesis objectives to evaluate
more efficient alternatives to Geant4 calorimeter simulations have been achieved.

Quantum Computing Generative Models
For future detector simulation requirements, quantum-based machine learning mod-
els were developed and evaluated, since the quantum based models have the potential
for an exponential advantage over their classical counterparts. However, the execu-
tions of realistic simulations on real quantum devices and quantum simulators repre-
sent a bottleneck today. Therefore, models for simplified training data are developed
as a first step.

A first hybrid quantum-classical Generative Adversarial Network model was devel-
oped as a proof of concept. It achieved good results for 1D and 2D calorimeter sim-
ulations. Quantum hardware error rates are a limitation of current quantum devices.
Therefore, the influence of noise on the model accuracy was explored. Training with
low noise levels actually slightly improved the achieved accuracy, indicating robust-
ness of Quantum Machine Learning against modest levels of noise.

The initial hybrid model experiences limitations, such as only producing average
energy distributions and resource-intensive training that does not allow training on
physical quantum devices. Therefore, an enhanced full quantum model has been
developed. The Quantum Angle Generator employs loss functions and is capable
of producing extremely precise images, as proven by several detailed physical accu-
racy metrics. Due to its demonstrated robustness to quantum hardware noise and
its lightweight training, it was able to successfully execute an entire training on real
quantum hardware while achieving good accuracies. Even noise level changes due to
hardware calibrations can be compensated during training. With the Quantum Angle
Generator, the thesis objective of a full quantum model that produces precise results
on current quantum devices has been accomplished.

In a complementary research, the Quantum Angle Generator was combined with a
quantum discriminator circuit and trained in an adversarial approach. This model
represents one of the first successfully trained full quantum Generative Adversarial
Network models. Compared to various classical discriminator neural network sizes,
it was demonstrated that the quantum circuit with only 20 trainable parameters ex-
hibits a similar representational power as a classical neural network with more than
400 parameters. This suggests that quantum computing could outperform classical
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computing approaches in the future with improved quantum hardware and more so-
phisticated quantum circuits to mirror the correlations in the data.

11.2 Future Work

In both classical and quantum computing, there are many open questions to be an-
swered and many goals to be achieved in the coming years. A brief overview related
to detector simulations is provided below.

Classical Computing
In the area of classical computing, alternative detector simulations must be ready for
the High Luminosity phase of the Large Hadron Collider by the end of the 2020s. For
enhancing the most computationally intensive detector part, the calorimeter simula-
tions, some possible research priorities are provided in the following. The dimen-
sionality of the model needs to be extended to handle the full image size of 51x51x25
pixels. In the end, the high granularity calorimeter will provide the energy signals and
the timing of three million pixels in each direction. In addition, primary particles with
various incident angles, different particle types and multiple simultaneous collisions
(pile-up) should be examined.

Once a Deep Learning model has been successfully developed, its computing effi-
ciency can be improved for the large-scale use case at the High-Luminosity Large
Hadron Collider. This can be accomplished by quantizing the weights of the neu-
ral networks into a reduced precision with employing accuracy driven quantization
tools that almost maintain a similar level of accuracy.

Quantum Computing
Quantum computing is a promising candidate for overcoming the computing con-
straints of High Energy Physics in the long term. Quantum computing is a rapidly de-
veloping field: the quantum computers steadily increase in number of qubits, become
more reliable in terms of hardware noise, and also the utilized computing algorithms
improve. To achieve quantum advantage for real applications, hardware and software
algorithms must be further evolved.

In particular, the generative models introduced here could be further improved. For
example, the models should learn to generate conditional images, in which, a given
primary particle energy leads to a corresponding particle shower. In this way, the
energy range of the primary particles can be extended to more realistic values. In the
near term, when quantum hardware access is still limited, the developed Quantum
Angle Generator represents a promising model. It generates precise images despite
the noisy hardware behavior and requires only a limited number of training steps.
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Moving further into the future, when more qubits are available and hardware is more
accessible, adversarially trained models might potentially achieve better accuracies
for larger models and images.

In this thesis, simplified models were implemented with a limited number of qubits.
With more qubits on future quantum devices, the scalability of these models needs to
be tested, which depends strongly on the circuit architecture and the number of gates
operated. Furthermore, since there is currently a lack of suitable quantum hardware
devices, research is needed to evaluate if current quantum circuits are able to solve
high dimensional tasks with sufficient accuracy. Another open question is which data
encoding method will dominate in the future. At present, each encoding technique
has its specific advantages and limitations. However, achieving speed-up with quan-
tum computing over conventional computing depends strongly on the utilized data
encoding method.

11.3 Conclusion

Both Deep Learning and Quantum Computing are rapidly evolving areas. Sure
enough, the approaches accomplished and presented in this thesis will be improved
by new innovations developed by the community. As improved quantum devices
become available in the future, pure quantum algorithms will likely outperform the
classical ones and their importance to High Energy Physics will increase.

By developing and analyzing several alternative Deep Learning and Quantum Com-
puting methods, this thesis supports the development of future faster detector simu-
lation approaches. For the High Luminosity Large Hadron Collider, based on Deep
Learning Generative Adversarial Network models, multiple optimizations resulted in
more than five orders of magnitude speed-up over the current Monte Carlo approach,
while maintaining a similar level of physics accuracy. To achieve this, more complex
neural network architectures and reduced precision techniques were developed and
applied. To address the increasing hardware requirements for detector simulation on
time scales far into the future, the potential of quantum computing was explored. The
developed Quantum Angle Generator achieved extremely precise results for simpli-
fied calorimeters, despite current quantum hardware limitations.
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11.4 List of Publications Related to this Thesis

Several papers have been published in an effort of this thesis. The contents of the
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A.1 Hyperparameters for training the GAN Models

The hyperparameters for training the various GAN models of section 5.4 are listed
in table A.1. The hyperparameters of the Conv2D G1, G2 and G3 models and the
Conv3D model are provided. The 3DGAN model was trained by an external source
and not in this thesis. Therefore, the exact training hyperparameters are unknown.

Table A.1: The hyperparameters for training the different GAN models. The learning
rate lr represents the generator network learning rate, which is three time the discrim-
inator learning rate. Further, the learning rate decay lrdec, and the loss weight of the
True/Fake loss wTF, the auxiliary loss wAUX and the lambda loss wEλ are provided.

Model G1 G2 G3 Conv3D

lr 0.005 0.005 0.00025 0.00091
lrdec 0.012 0.01 0.004 0.011
wTF 4.55 5.60 3.91 3.65
wAUX 1.05 0.21 0.48 0.46
wEλ 0.16 0.12 0.41 0.52

A.2 The GAN Training Losses

In the table A.2 the training losses of the last training epoch for the various GAN mod-
els are listed. It can be seen that the Conv3D and the G1 model achieve almost similar
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loss values, while the G2 model losses are slightly larger. The G3 model achieves a
low AUX and Lambda loss, but the True/Fake loss is clearly larger.

Table A.2: The training losses of the last training epoch for the GAN models. The
weighted total loss and the loss components: True/Fake Loss, AUX loss and Lambda
loss are provided.

Model Total True/Fake AUX Lambda

Conv3D 6.12 0.78 5.77 5.64
G1 3-branches 6.17 0.78 5.43 5.41
G2 25-branches 6.59 0.80 6.64 6.28
G3 1-branches 13.12 1.00 5.12 5.12
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A.3 SSIM Index: Determination of the Adjustable Parameter

In figure A.1 the SSIM index is plotted for several values of the adjustable parameter
L. For smallerL values, the SSIM index stabilizes as the lines for each model no longer
change. The SSIM index was chosen to stabilize at L = 0.0001.

Figure A.1: The SSIM index is visualized for various values of the adjusting parameter
L from 1.0 down to 10−6. Different data set configurations between the Geant4, the
Conv2D and the 3DGAN data are provided.
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A.4 Pixel-wise Correlation Plots

Figure A.2 (top) shows the pixel-wise correlation plots for the 20 000 Geant4 images of
test data set for the entire 10-510 GeV range. The correlation evaluates when one pixel
energy of one pixel changes, how much this affects the other pixels. The correlation
coefficient is in the range of [-1, 1], where -1 corresponds to a perfect negative correla-
tion, 1 to a perfect positive correlation and zero to no correlation. On the left side the
correlations on the x-axis are shown, in the middle on the y-axis and on the right on
the z-axis. The x- and y-axis correlation plots look similar because the calorimeter is
designed to be rotationally invariant with respect to the shower axis. Except for the
zero pixel, there exists a nice continuous correlation pattern. The z-axis correlation
plot along the longitudinal shower direction shows a different pattern: pixels close
together are much more correlated than pixels farther away, as indicated by the yel-
low diagonal line. It can be noted that the yellow diagonal narrows around pixel 17,
resulting in the two positively correlated clusters at the downsampled eight pixel cor-
relation plot, for example shown in figure 9.5. The interpretation of the correlations
present in the shower images is very difficult, and in this thesis only the agreement
between Geant4 and the generative models is evaluated.

In figure A.2 (bottom) the pixel-wise correlation plots for the Conv2D (G1 three-
branches) model are shown, as described in section 5.3.2. Similar as the Geant4 plot,
the Conv2D plot is created by 20 000 images for the full energy range. The x- and y-axis
correlations look very similar, except for the zero pixel. Further investigations should
explore why the zero pixel is off. In the greener area in the upper right and lower left
for the long range correlations, the granularity of the Conv2D plots in the x- and y-
axis looks slightly different, which might be artefacts from the convolution operations.
Perhaps other kernel/filter sizes would improve on this. Also in the z-axis plot, the
overall correlation pattern is learned correctly. However, the Conv2D model performs
slightly worse on the first three pixels in the upper left corner, as indicated by abrupt
cell color changes. Overall, the Conv2D model performance on the correlation plot is
good and satisfying. This metric was first developed for the downsampled quantum
models and only applied to the 25x25x25 pixel images after the classical GAN studies
of this thesis were completed. In further GAN tests, this metric should be considered
as an important accuracy measure for evaluating the GAN models.
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Figure A.2: The pixel-wise correlation plots for the Geant4 test data (top) and for
images generated from the Conv2D model (bottom) for 10-510 GeV primary particles.
The correlations for the calorimeter x-axis are shown in the left plot, for the y-axis in
the middle and for the z-axis on the right. Note: the x- and y-axis correlation plots use
a different color scale for the correlation coefficient than in the z-axis plot.
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B.1 The CZ-Entangling Gate

This section demonstrates that the control and target qubit in the CZ-gate can be
swapped. Three possible visualization methods of the CZ-gate are shown in figure
B.1.

Figure B.1: The different visualization methods of the CZ-gates.

For the left visualization it can be calculated:

• |0〉 ⊗ |0〉 7→ |0〉 ⊗ |0〉

• |0〉 ⊗ |1〉 7→ |0〉 ⊗ |1〉

• |1〉 ⊗ |0〉 7→ |1〉 ⊗ |0〉

• |1〉 ⊗ |1〉 7→ |1〉 ⊗ (− |1〉).
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By applying the CZ-gate, only the sign of qubit q1 changes when both qubits are in
state |1〉.

For the middle visualization, where the control qubit is swapped, it can be calculated:

• |0〉 ⊗ |0〉 7→ |0〉 ⊗ |0〉

• |0〉 ⊗ |1〉 7→ |0〉 ⊗ |1〉

• |1〉 ⊗ |0〉 7→ |1〉 ⊗ |0〉

• |1〉 ⊗ |1〉 7→ (− |1〉)⊗ |1〉.

Here, only the sign of qubit q0 changes when both qubits are in state |1〉. Due to
bilinearity of the tensor product operation:

|1〉 ⊗ (− |1〉) = (− |1〉)⊗ |1〉 . (B.1)

Therefore, both expressions are the same, and it does not matter which qubit controls
the other.
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B.2 QAG Inference Algorithm

The algorithm 1 shows the pseudo code for generating one image using the QAG
model from section 9.2.1. Here the MERA-up architecture is used as an example. The
standard deviation σpixel for the energy distribution of each pixel is obtained from the
training data.

Algorithm 1 Quantum Angle Generator Inference

Input: nbshots . Number of measurements
σpixel . Array of the pixel standard deviations

Output: E . Array of pixel energies forming the image

Begin
Initialize all 8 qubits to state |0〉
Randomly draw value v from uniform distribution [−0.25, 0.25]
for all index, qubits do

Apply Hadamard gate H to qubit
Randomly draw Ω from uniform distribution [−1, 1]
Ωpixel = Ω · v · σpixel[index]
Apply rotationRY (Ωpixel) to qubit

end for
Apply the MERA-up unitary transformation to all qubits
Measure the qubits nbshots times
Count number of times state |0〉 is measured→ counts(|0〉)
Compute θ according to equation 9.2
Compute pixel energies E according to transformation 9.4
Return E

End
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B.3 QAG Circuit Architecture Search

In table B.1 all tested circuit architectures from the circuit study in section 9.2.3 are
listed and its composition verbally described.

Table B.1: A verbal description of all circuits used in the circuit study. The plain
architectures are visualized in figure 9.7.

Circuit Name Description of the Circuit Name
Linear A simple architecture with a linear entanglement strategy.
TTN The plain Tree Tensor Network (TTN) architecture with RY

gates.
TTN Rz The TTN architecture with additional RZ gates after each RY

gate.
MERA The plain Multi-scale Entanglement Renormalization Ansatz

(MERA).
MERA Rz The MERA architecture with additional RZ gates after each

RY gate.
MERA-up The plain MERA-upsampling architecture.
MERA-up d2 The MERA-upsampling architecture with depth of two (d2).

Depth two means that the entire circuit is repeated a second
time.

MERA-up Rz The MERA-upsampling architecture with additional RZ gates
after each Ry gate.

MERA-up d2 Rz The MERA-upsampling architecture with depth of two (d2) and
RZ gates after eachRY gate.
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B.4 QAG Circuit Study MMD Loss

The final MMD losses of all circuits evaluated in the QAG circuit study from section
9.2.3 are shown in figure B.2. No systematical pattern regarding the number of param-
etersNp, the expressibilityX and the entanglement capability E can be observed.

Figure B.2: The MMD losses of the various trained circuit architectures as a function of
the circuit characteristic numbers are provided. The MMD loss is plotted as a function
ofNp (top left),X (top right) and E (bottom left).
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B.5 Mathematical Definitions of the Accuracy Metrics

In this section, the detailed formulas for the inference accuracy metrics discussed in
section 9.3.2 are provided.

B.5.1 MSE of the Average Shower Shape

The Mean Squared Error (MSE) for the average calorimeter shower shape from section
9.3.2 is derived from the difference between the average images of Geant4 and the
QAG model, calculated over 980 generated inference images and the corresponding
980 Geant4 images. In the subsequent equations, k iterates over the N = 980 images
and i denotes the ith pixel of each image. Hence, EGeant4

k, i (Geant4) and EQAG
k, i (QAG

model) correspond to the energy of pixel i from image k. The average pixel energies
E

Geant4
i and EQAG

i are computed as follows:

E
Geant4
i =

1

N

N∑
k=1

EGeant4
k, i and E

QAG
i =

1

N

N∑
k=1

EQAG
k, i . (B.2)

The MSE is then calculated by iterating over theM = 8 individual pixels by the index
i:

MSE =
1

M

M∑
i=1

(
E

Geant4
i − EQAG

i

)2
. (B.3)

As the MSE corresponds to an error, the smaller the value, the better the accuracy of
the QAG model.

B.5.2 Energy Sum Histogram

The equations to calculate the terms µ and σ from section 9.3.2 are provided in the
following. Each histogram entry (or hit) is the total energy Ê of a shower image:

ÊGeant4 =

M∑
i=1

EGeant4
i and ÊQAG =

M∑
i=1

EQAG
i , (B.4)

where i is iterating over theM = 8 pixels.

The means of the distributions for our data sets, Geant4 and QAG, are denoted as
µGeant4 and µQAG, respectively. Similarly, the standard deviations are represented by
σGeant4 and σQAG.
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The means µ of the total energy for theN = 980 images are then calculated using the
well-known equation:

µGeant4 =
1

N

N∑
i=1

ÊGeant4
i and µQAG =

1

N

N∑
i=1

ÊQAG
i . (B.5)

And the standard deviations, denoted by σ, are computed as:

σGeant4 =

√√√√ 1

N

N∑
i=1

(ÊGeant4
i − µGeant4)2

and

σQAG =

√√√√ 1

N

N∑
i=1

(ÊQAG
i − µQAG)2

(B.6)

A closer agreement between the means and standard deviations of the two distribu-
tions indicates a higher accuracy of the QAG model.
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B.6 Training Data Covariance Compared to Correlation

The pixel-wise calculated correlation plot for the downsampled eight pixel Geant4
training data is in figure B.3 compared to the pixel-wise calculated covariance plot.
The covariance describes similarly to the correlation how much two variables change
in mutual dependence. However, the correlation measures the proportional change
whereas the covariance measures the absolute change [303]. The covariance is calcu-
lated as described in Ref. [304] with the command cov [305] from the NumPy library
[287]. Covariance can be used to examine the relationship between two pixels. A pos-
itive covariance says that if the energy of one pixel increases, also the energy of the
other pixel increases. A negative covariance states that when the energy of one pixel
increases, the energy of the other pixel decreases. The comparison between the covari-
ance plot and the correlation plot in figure B.3 reveals similar patterns. This confirms
the pixel-correlation patterns in the training data and makes the pixel-wise correlation
plot to an interesting metric for physics accuracy.

Figure B.3: (left) The pixel-wise calculated correlation plot for the downsampled eight
pixel Geant4 training data compared to the (right) covariance plot.

B.7 QAG Inference Noise Study Shower Shapes

The generated shower images of the QAG inference fake noise study from chapter 9
are presented in figure B.4. Similar to the hybrid qGAN model in chapter 8, it can
be seen that the shower patterns approach a random uniform distribution at larger
noise levels, because the large energies decrease and the smaller ones increase. For
exclusively readout noise, the shower image correctly reproduces Geant4 up to 5% of
noise. From the same study, the generated shower images of applying hardware noise
in inference and for executing inference on the real ibmq montreal quantum device
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Figure B.4: Example shower images generated with various noise models and noise
levels. The left row contains shower images generated with only readout noise, the
middle row with only two-qubit gate level CNOT noise and the right row with both,
readout and CNOT noise. From top to bottom, the noise levels in inference are in-
creased. The noise levels of each plot are provided in the gray box inside the plot.
The blue line indicates the Geant4 data as reference, and the green bars the averaged
generator output.

are provided in figure B.5. The shower shape with hardware noise on the simulator
deviates only slightly from Geant4. On the other side, on the real ibmq montreal
quantum hardware, the generated shower shape is worse.
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Figure B.5: The generated shower images for employing inference with hardware
noise loaded into the simulator (left) and inference run with the same noise level on
the real ibmq montreal quantum device (right).
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B.8 QAG Quantum Hardware Training

This chapter provides more information to the QAG hardware training from chapter
9. During the QAG training on ibmq montreal, a calibration caused a significant
change in the noise levels. The noise levels before the calibration are visualized in
figure B.6 on the top and after the calibration on the bottom. It can be recognized,
especially the readout noise of qubit number two in the quantum circuit architecture
(indexed as qubit five on the real hardware) increased from about 2% to over 8%, while
the other qubits experienced only minor noise level changes.

Figure B.6: On the top, the noise levels of the ibmq montreal device are shown
before, and on the bottom after the calibration change during training. Inference is
performed with the bottom noise model. The plots have different scales on their y-
axes.

The noise levels of the QAG training on the ibmq cairo device are visualized in
figure B.7. As it can be seen, the noise levels of all qubits have only a small variation.
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Figure B.7: The noise levels of the training on the ibmq cairo device.
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B.9 Full qGAN Model Accuracy Metrics

Further accuracy metrics of the best trial of the full qGAN model from chapter 10 are
provided. In figure B.8 (left), the mean energy histogram of the full qGAN model dif-
fers from the one of Geant4, confirmed by the mean µ and the standard deviation σ.
With k-means clustering, four clusters are found in the generated data in figure B.8
(right). Opposite to the QAG model, the shapes of the clusters do not differ consider-
ably, especially for pixel zero, one, six and seven, there are no differences. This weak
pixel energy variation is underlined by the pixel-wise energy deposition histograms
in figure B.9.

Figure B.8: (left) The pixel-wise correlation and (right) the k-means clustering metric
generated by the best trial of the full qGAN model.

Figure B.9: The pixel-wise energy deposition histograms of the full qGAN model.
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B.10 Hybrid S and Hybrid L qGAN Model Accuracy Metrics

For completeness, the accuracy metrics of the hybrid S (small discriminator) and the
hybrid M (medium discriminator) qGAN model from chapter 10 are provided. The
average shower shapes are visualized in figure B.10. The hybrid L model (right) is still
able to visually correctly reproduce the shower shape, whereas, the hybrid S model
(left) is off for some pixels. These visual results agree with the measured accuracy
values from table 10.1.

Figure B.10: (left) The average shower shape plot of the best trial of the hybrid S
qGAN model and (right) the average shower shape of the best trial of the hybrid L
qGAN model.

The pixel-wise correlation plots are presented in figure B.11. Both models are unable
to correctly reproduce the correlation pattern from the Geant4 training data.

Figure B.11: (left) The pixel-wise correlation plot of the best trial of the hybrid S qGAN
model and (right) the best trial of the hybrid L qGAN model.
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Abbreviations

• 1D/2D/3D 1/2/3-dimensional

• AC-GAN Auxiliary Classifier Generative Adversarial Network

• AE Autoencoder

• AI Artificial Intelligence

• CMS Compact Muon Solenoid

• CNN Convolutional Neural Network

• CPU Central Processing Unit

• CX controlled X-gate

• CY controlled Y-gate

• CZ controlled Z-gate

• Conv2D/3D Convolutional 2D/3D layer

• Corr Correlation (loss)

• DL Deep Learning

• GAN Generative Adversarial Network

• GPU Graphical Processing Unit

• Geant4 Geometry and Tracking Version 4

• HL High-Luminosity

• IT Internet Technology

• LHC Large Hadron Collider

• LPOT Low Precision Optimization Tool
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• LS Long Shutdown (related to the LHC)

• MAPE Mean Absolute Percentage Error

• MERA Multi-scale Entanglement Renormalization Ansatz

• ML Machine Learning

• MMD Mean Maximum Discrepancy (loss)

• MSE Mean Squared Error

• NC Neural Compressor

• NISQ Noisy Intermediate-Scale Quantum

• QAG Quantum Angle Generator

• QCBM Quantum Circuit Born Machine

• RY Y-rotational gate

• RZ Z-rotational gate

• ReLU Rectifier Linear Unit Activation Function

• SSIM Structural Similarity Index

• STD Standard Deviation

• TTN Tree Tensor Networks

• VAE Variational Autoencoder

• WGAN Wasserstein Generative Adversarial Network

• a.u. arbitrary unit

• cGAN conditional Generative Adversarial Network

• oneDNNL oneAPI Deep Neural Network Library

• qGAN quantum Generative Adversarial Network
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