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Zusammenfassung

Die Monte Carlo Simulation von Teilchenwechselwirkungen bildet die Grundlage fiir nahezu
alle Aspekte moderner Kollisionsexperimente, wobei die Rechenkosten bei steigender Lumi-
nositéat und zunehmender Detektorkomplexitéit die verfiigharen Ressourcen iiberschreiten wer-
den. Die Simulation von Kalorimeterschauern macht den gréfiten Anteil dieser Kosten aus,
insbesondere fiir die hochgranularen Designs zukiinftiger Anlagen. Tiefe generative Modelle
des maschinellen Lernens bieten einen vielversprechenden Ansatz zur Losung dieses Problems,
indem sie aus vergleichsweise kleinen Monte Carlo Datensétzen lernen und neue Schauer ef-
fizienter erzeugen.

Diese Arbeit stellt CALOCLOUDS vor, ein generatives Modell zur schnellen Simulation
elektromagnetischer Schauer in hochgranularen Abtastkalorimetern, entwickelt und evaluiert
anhand des elektromagnetischen Silizium-Wolfram Kalorimeters des International Large De-
tector (ILD). Im Gegensatz zu fritheren Ansétzen basierend auf festen Voxelgittern beschreibt
CALOCLOUDS Schauer als Punktwolken — Mengen energiegewichteter Koordinaten mit kon-
tinuierlichen rdaumlichen Positionen. Diese Formulierung minimiert Projektionsartefakte beim
Abbilden auf irregulére Detektorgeometrien und ermoglicht die Nutzung eines einzigen Mod-
ells fiir verschiedene Detektorpositionen mit gleicher longitudinaler Struktur.

Das Modell kombiniert zwei komplementére Komponenten: SHOWERFLOW, einen Normal-
izing Flow fiir globale Eigenschaften wie Schichtenergien und Anzahl der Energiedepositio-
nen, und ein Diffusionsmodell zur Erzeugung einzelner Energiedepositionen. Eine Vorverar-
beitungspipeline wandelt GEANT4-Simulationsschritte in hochauflésende Punkt-
wolken um und liefert Trainingsdaten mit hoherer Granularitit als die physikalischen Ausle-
sezellen.

Um die Beitrige der Datenreprisentation von der Modellleistung zu trennen, fithrt diese Ar-
beit optimale Schauer-Generatoren ein, konstruiert durch Projektion von GEANT4-Schritten
auf regulire Gitter unterschiedlicher Auflésung ohne generatives Modell. Vergleichstests
zeigen, dass CALOCLOUDS eine Genauigkeit nahe der des feinsten optimalen Generators erre-
icht, was darauf hindeutet, dass das Modell sein maximales Potenzial fiir die gegebene Daten-
reprasentation ausschopft. Gleichzeitig zeigen Vergleiche mit grobgranularen Generatoren
grundlegende Einschrankungen von Festgitter-Darstellungen unabhéngig von der Modellar-
chitektur.

Die vollsténdige Integration in die ILD-Softwarekette iiber die DDML-Bibliothek ermoglicht
die Auswertung mit Standard-Rekonstruktionswerkzeugen einschlieflich Pandora Particle
Flow. Physikalische Benchmarks umfassen Ein-Photon-Observablen, Di-Photon-Separation
und 7%-Rekonstruktion in e*e~ — 7+ -Ereignissen, wobei der Grofiteil der Ergebnisse eine
erstklassige Ubereinstimmung mit GEANT4 zeigt. Auf CPU-Hardware ist CALOCLOUDS mehr
als 120-fach schneller als die vollstindige GEANT4-Simulation, wahrend auf GPU-Hardware
Beschleunigungen um mehrere Tausend méglich sind.

Insgesamt etablieren diese Frgebnisse CALOCLOUDS als effektive Losung, die
Geschwindigkeit und Genauigkeit fiir schnelle Kalorimetersimulation ausbalanciert und eine
Grundlage fiir die Simulationsanforderungen kiinftiger Kollisionsexperimente bildet.






Abstract

Monte Carlo simulation of particle interactions underpins nearly every aspect of modern
collider experiments, yet its computational cost will exceed available resources as luminosities
and detector complexities increase. Calorimeter shower simulation accounts for the dominant
share of this cost, particularly for the highly granular designs planned for future facilities.
Deep generative Machine Learning models offer a promising path toward addressing this
bottleneck by learning from relatively small amounts of Monte Carlo data and then sampling
new showers more efficiently.

This work introduces CALOCLOUDS, a generative model for fast electromagnetic shower
simulation in highly granular sampling calorimeters, developed and evaluated using the silicon-
tungsten electromagnetic calorimeter of the International Large Detector (ILD) as a case
study. In contrast to previous approaches built on fixed voxel grids, CALOCLOUDS repre-
sents showers as point clouds — sets of energy-weighted coordinates with continuous spatial
positions. This formulation minimizes the projection artefacts that arise when mapping grid-
based outputs onto irregular detector readout geometries and enables the use of a single model
across different detector positions with the same longitudinal structure.

The model combines two complementary components: SHOWERFLOW, a normalising flow
that captures global properties such as per-layer energies and number of energy depositions,
and a diffusion model that generates individual energy depositions. A dedicated preprocess-
ing pipeline converts GEANT4 simulation steps into high-resolution point clouds, providing
training data at finer granularity than the physical readout cells.

To disentangle the contributions of data representation from model performance, this work
introduces optimal shower generators constructed by projecting GEANT4 steps onto virtual
grids of varying resolution without generative modelling. Benchmarks against these refer-
ences show that CALOCLOUDS achieves fidelity close to the finest-grained optimal generator,
indicating that the model reaches its maximum potential given the data representation. Simul-
taneously, comparisons with the coarse-grained optimal shower generators reveal fundamental
limitations of fixed-grid representations independent of the generative model architecture.

Full integration into the ILD software chain via the DDML library enables evaluation with
standard reconstruction tools, including Pandora particle flow. Physics benchmarks span
single-photon observables, di-photon separation, and 7° reconstruction in ete™ — 7F7~
events, with the majority demonstrating state-of-the-art agreement with GEANT4. On CPU
hardware, CALOCLOUDS achieves more than 120-fold acceleration relative to full GEANT4
simulation, while on GPU hardware, speedups of several thousand-fold are achievable.

Taken together, these results establish CALOCLOUDS as an effective solution that balances
speed and accuracy for fast calorimeter simulation, providing a foundation for meeting the
simulation demands of next-generation collider experiments.






Contents v

Contents
1 Introduction 3
2 Particle Physics 7
2.1 Remark on the Units . . . . . . . . . . . . . . .. 7
2.2 The Standard Model of Particle Physics . . . . . . ... ... ... ... ... 8
2.2.1 Limitations of the Standard Model . . . . . . . ... .. .. ... ... 9
2.3 Future Collider Experiments . . . . . . . . .. ... ... . 10
2.3.1 Collider Experiments . . . . . . . . .. ... 10
2.3.2  Importance of Experiments with Lepton Collisions . . . . . . . . . . .. 11
2.3.3 International Linear Collider . . . . . . . . . .. . ... ... ...... 11
2.4 Physics at Lepton Collider Experiments . . . . . . . . .. .. .. ... .. ... 12
2.4.1 Electroweak Physics . . . . . . .. ... o0 13
24.2 Top Physics . . . . .. 13
2.4.3 Higgs Physics . . . . . . .. 13
2.4.4 Tau Leptons Physics . . . . . . . . . ... ... 14
3 Calorimetry 17
3.1 Electromagnetic Interaction of Light Particles with Matter . . . . . . . . . .. 17
3.1.1 Light Charged Particles Interaction with Matter . . . . . . . . .. ... 17
3.1.2  Photon Interaction with Matter . . . . . . .. . .. .. ... ... ... 17
3.1.3 Electromagnetic Showers . . . . . . . . . . ... .. ... ... ... 18
3.2 Heavy Charged Particles Interaction with Matter . . . . . . ... .. ... .. 20
3.2.1 Hadronic Showers . . . . . . . . . ... 21
3.3 Typical Calorimeter Designs . . . . . . . . . .. . ... ... ... 23
3.4 Particle Flow Reconstruction in Calorimeters . . . . . . . . . . . ... .. ... 24
4 The International Large Detector Concept 27
4.1 Detector Systems . . . . . . .. 28
4.1.1 Tracking Detector . . . . . . . . . . ..o 28
4.1.2 Calorimeter . . . . . . . .. 29
4.1.3 Solenoid Magnet . . . . . . . .. ... 31
4.2  Software Ecosystem . . . . . . . ..o 31
4.2.1 Digitisation and Calibration . . . . . . . .. .. ... ... ... ... 32
4.2.2 Reconstruction . . . . . . . . ... 32
5 Simulation and Computational Approaches in High-Energy Physics 33
5.1 Monte Carlo Simulations in High-Energy Physics . . . . .. .. ... .. ... 33
5.2  Geant4: The Standard Tool for Detector Simulation . . . . . . . . .. .. ... 34
5.3 Computational Challenges of Full Simulation . . . . . . ... .. ... ... .. 35
5.4 Fast Simulation Approaches . . . . . . . .. ... ... L. 36
5.5 Machine Learning for Fast Simulation . . . . . . . ... ... ... ... .... 36
6 Machine Learning 39
6.1 Basics of Machine Learning . . . . . . .. .. ... L0000 39
6.1.1 Gradient Descent . . . . . . . . . . ... 40
6.1.2  Stochastic Gradient Descent . . . . . . . ... .. ... ... 41



vi Contents
6.1.3 Artificial Neural Networks and Deep Learning . . . . . . ... ... .. 41
6.1.4 Backpropagation . . . . .. ... ... 43
6.2 Generative Machine Learning . . . . . . . .. .. .. ... oL 44
6.2.1 Generative Adversarial Networks . . . . . . . ... ... ... ... .. 44
6.2.2 Variational Autoencoders . . . . . . ... ... . L. 45
6.2.3 Normalizing Flows . . . . . . ... .. ... ... ... A7
6.2.4 Diffusion Models . . . . . . .. ..o 48
7 CaloClouds 51
7.1 Purpose and Applications of the CaloClouds Model . . . . . .. .. ... ... o1
7.2 CaloClouds Data Representation . . . . .. .. .. ... ... ... ...... 52
7.3 Model Architecture . . . . . . . ... 57
8 Integration into the International Large Detector Software Chain 61
8.1 The DDML Library . . . . . . . . . . . . 61
8.1.1 Overview and Motivation . . . . . . . .. ... ... ... ..., . 61
8.1.2 Design Principles . . . . . . . . ..o 61
8.1.3 Architecture . . . . . . ... 62
8.1.4 DDML Implementation for the ILD Detector . . . . . . . ... ... .. 64
9 Results and Benchmarks 65
9.1 Benchmarking Methodology . . . . . . . . .. .. ... .. ... 66
9.2 Optimal Shower Generators . . . . . . . . . . . . . .. .. .. .. ....... 67
9.3 Single Particle Performance . . . . . . .. ... o 0oL 68
9.4 Di-Photon Separation . . . . . . . . .. ... 75
9.5 Full Physics Benchmark . . . . . . ... ... ... 0oL 7
9.6 Computational Performance . . . . . . . .. . ... ... ... .. .. ... .. 83
9.7 Systematics from Simulation Methodology . . . . . . ... ... .. ... ... 85
9.8 Observable Comparison Summary . . . . . . . . . . o v vt 86
9.9 Conclusions . . . . . . . . . e 86
10 Conclusions 91
10.1 Summary of Results . . . . . . . . . .. oo 91
10.2 Outlook . . . . . . . e 92
10.3 Future Directions . . . . . . . . . . . . e 92
10.4 Concluding Remarks . . . . . . . . . . . ... 93
Acknowledgements 95
Bibliography 97
Declaration on oath 111



Preface 1

Preface

The results presented in this thesis were obtained between 2022 and 2026 at Deutsches
Elektronen-Synchrotron DESY in Hamburg, in collaboration with colleagues and fellow re-
searchers. The findings described in this thesis have been published in the following works:

1]

[4]

Erik Buhmann et al. “CaloClouds: fast geometry-independent highly-granular calorime-
ter simulation”. In: JINST 18.11 (2023), P11025. por: 10.1088/1748-0221/18/11/
P11025. arXiv: 2305.04847 [physics.ins-det]

Erik Buhmann et al. “CaloClouds II: ultra-fast geometry-independent highly-granular
calorimeter simulation”. In: JINST 19.04 (2024), P04020. por: 10.1088/1748-0221/
19/04/P04020. arXiv: 2309.05704 [physics.ins-det]

Thorsten Buss et al. “CaloClouds3: Ultra-Fast Geometry-Independent Highly-Granular
Calorimeter Simulation”. In: (Nov. 2025). arXiv: 2511.01460 [physics.ins-det]

Thorsten Buss et al. “A First Full Physics Benchmark for Highly Granular Calorimeter
Surrogates”. In: (Nov. 2025). arXiv: 2511.17293 [hep-ex]

Additionally, the author has been involved in the following publications that are directly
related to the topic of this thesis:

[5]

Sascha Diefenbacher et al. “New angles on fast calorimeter shower simulation”. In:
Mach. Learn. Sci. Tech. 4.3 (2023), p. 035044. por: 10.1088/2632-2153/acefa9. arXiv:
2303.18150 [physics.ins-det]

Thorsten Buss et al. “CaloHadronic: a diffusion model for the generation of hadronic
showers”. In: (June 2025). arXiv: 2506.21720 [physics.ins-det]

Oz Amram et al. “CaloChallenge 2022: A Community Challenge for Fast Calorime-
ter Simulation”. In: (Oct. 2024). Ed. by Claudius Krause et al. arXiv: 2410.21611
[physics.ins-det]

Erik Buhmann et al. “Fast Simulation of Highly Granular Calorimeters with Generative
Models: Towards a First Physics Application”. In: PoS EPS-HEP2023 (2024), p. 568.
DOI: 10.22323/1.449.0568



Preface




1 Introduction

The main goal of particle physics is to understand the fundamental building blocks and forces
of our universe. So far, the most comprehensive description is provided by the Standard
Model [9-11]. It describes three of the four fundamental forces of nature — strong, weak,
and electromagnetic, excluding gravitational — each with its own mediator. According to the
Standard Model, matter consists of twelve different fermionic particles: six quarks and six
leptons.

The Standard Model has been remarkably successful in describing many known phenomena
in particle physics and in providing experimental confirmation of its predictions. With the
discovery of the Higgs boson [12, 13] by the ATLAS and CMS experiments at the Large Hadron
Collider (LHC), the predicted set of Standard Model particles was completed. However,
the Standard Model cannot be considered a complete theory, as it fails to describe several
observed phenomena, such as the existence of dark matter and dark energy, gravity, the
asymmetry between matter and antimatter in the universe, and the hierarchy problem. These
limitations motivate searches for physics beyond the Standard Model. To this end, multiple
high-luminosity experiments are being planned. Among them is the upgrade of the LHC to
the High-Luminosity phase (HL-LHC) [14], as well as different experiments at future ete”
colliders, such as International Linear Collider (ILC) [15], the Compact Linear Collider (CLiC)
[16] and the Future Circular Collider (FCC) [17]. The new experiments focus on high-precision
measurements aimed at detecting even the smallest deviations from the Standard Model. Such
precision is achieved, among other factors, through the large amount of data collected by the
experiments.

A common way to compare theoretical predictions with experimental results is through
detailed simulations of the facility and the physical processes within it, based on the latest
theoretical knowledge. Additionally, Monte Carlo (MC) methods are crucial for developing
and testing analysis tools and algorithms that are applied to experimental data. These sim-
ulations include both the particle collisions and a realistic model of the detector itself, along
with the interactions of the collision products with its components. Traditional simulation in
particle physics is performed with MC methods. Accurate detector geometries are most often
simulated using the GEANT4 framework [18-20)].

A full MC simulation of processes in a particle physics experiment must account for all
particle interactions with matter along their trajectories through the detector facility. This
is a highly CPU-intensive and extremely time-consuming task. As illustrated in Fig. 1.1,
the ATLAS experiment in 2018 devoted more than one third of its total CPU time to MC
simulations.

Moreover, future experiments designed for new physics searches will operate at much higher
luminosities and produce significantly larger numbers of particles to be simulated. Further-
more, the design of detectors for high-luminosity physics is being adapted to provide finer
granularity and improved stability under higher particle fluxes. These changes affect all of
the detector parts. Therefore, the current approach to experimental simulations must be re-
considered to ensure that the studies remain feasible and efficient. To address these challenges,
fast simulation techniques have become widely adopted across the field. These methods trade
some level of physical accuracy for substantial computational speedup [21-24]. However, most
existing fast simulation tools generate calorimeter responses at the reconstruction level rather
than at the hit level, making them incompatible with the actual reconstruction software chains
used by experiments. This incompatibility becomes especially critical with the emergence of
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sophisticated Particle Flow algorithms, which were designed to exploit the fine granularity of
modern calorimeters and fundamentally rely on access to individual hit information.

Wall clock consumption per workflow

Other

Data processing
Analysis

MC simulation

Group production

MC event generation

MC reconstruction

Figure 1.1: Distribution of CPU time across activities for the ATLAS experiment in 2018.
Figure adapted from [25].

Moreover, despite their speed advantages, current fast simulation approaches still demand
substantial computing resources that may prove infeasible for the needs of upcoming high-
luminosity experiments. As illustrated in Fig. 1.2, the ATLAS and CMS collaborations predict
excessive CPU usage for the HL-LHC phase even when employing fast simulation approaches.

Consequently, new approaches to simulating future physics experiments must be considered.
Recent advances in generative Machine Learning and artificial intelligence, along with the
increasing computational power of graphical processing units (GPUs), offer a wide range of
possibilities across many scientific domains, including particle physics. Generative Machine
Learning models can be trained to learn the underlying theoretical distributions represented
by data samples and to generate new data following these patterns. Fast simulation using
generative models has been explored for various processes, such as event generation and
hadronization [26-33].

Simulation of the calorimeter showers has been a particularly interesting investigation area.
The challenges associated with simulating high granularity and intense particle showers have
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Figure 1.2: Projected CPU usage for the ATLAS (left) and CMS (right) experiments during
the HL-LHC phase. Different R&D scenarios are illustrated, with computing
resources evaluated using the HEP-SPECO06 (HS06) benchmarking suite [34]. The
figures from [35] (left) and [36] (right).

been addressed in several studies using generative models [37-40]. The model that has proven
to be most successful for reproducing detailed calorimeter responses under such conditions is
the Bounded Information Bottleneck Autoencoder (BIB-AE) [37, 38, 40]. However, although
previous studies have integrated BIB-AE into the realistic simulation chain, the BIB-AE
model has primarily relied on a regular grid representation of the calorimeter. This approxi-
mation introduces non-negligible deviations in the reconstructed shower properties due to the
simplification of the actual detector geometry [41].

The majority of previous efforts in this field have also been limited to models relying on
fixed, regular detector readout geometries [7]. This thesis introduces the CaloClouds model,
a geometry-independent diffusion model designed to overcome these limitations by generating

calorimeter showers as point clouds for the electromagnetic calorimeter of the International
Large Detector (ILD) [42].

The remainder of this thesis is structured as follows. Chapter 2 gives an overview of the
principles of the Standard Model and outlines the motivation for exploring physics beyond
it. Chapter 3 presents insights into the design of calorimeters used in current and future
experiments, as well as the development and propagation of particle showers within them.
In Chapter 5, the main principles of simulation in High Energy Physics are introduced and
discussed. Chapter 6 introduces the fundamentals of Machine Learning techniques, which
serve as the foundation for the simulation methods central to this work. It covers topics
ranging from basic mathematical concepts, such as gradient descent, to advanced architectures
like generative neural networks. Chapter 7 provides detailed descriptions of the CALOCLOUDS
model — developed to generate electromagnetic showers in highly granular calorimeters, with
high speed and fidelity. This chapter describes the scope of the simulation studies conducted
in this thesis, the model architecture, data processing and data representations required for
training. The integration of this model into the ILD software framework, making it part
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of the overall simulation chain, is described in Chapter 8. Finally, Chapter 9 presents the
results of the thesis, including a comprehensive evaluation of the model, and advantages of
the proposed model, particularly in terms of its speed-accuracy trade-off, are highlighted. All
major achievements of this work are summarized in Chapter 10, which also outlines possible
future developments and applications.



2 Particle Physics

From the earliest times, humankind has been driven by curiosity about the structure of
the world around it. This curiosity has been accompanied by the desire to understand the
phenomena and forms of matter that occur both on Earth and beyond. Comprehension of
the structure of matter is fundamental for understanding the structure of the Universe itself.

So far, our understanding of the elementary building blocks of matter has evolved from
rather simplistic and inaccurate theories — such as that proposed by Anaximenes of Miletus,
who believed that the world is composed of fire, water, earth, and air — to highly detailed
descriptions that reach down to the elementary particles known today (see Fig. 2.1). The
fundamental structure of matter in the Universe is the subject of particle physics, and the
most successful theoretical framework describing the basic constituents of nature so far the
Standard Model of Particle Physics (SM).

Gluon
oA 6
< 438 R

o 1077 m 107%m 107107 m  107Pm <107%m
Solid Molecule Atom Nucleus Nucleon Quark

oSS

N

Figure 2.1: Simplified view on a structure of matter and building blocks of nature, starting
from a solid body and ending with quarks and gluons. Figure from [43].

2.1 Remark on the Units

The scales encountered in particle physics are extremely small, which makes the use of stan-
dard S.I. units impractical. For this reason, alternative units are commonly used. These units
are summarized in the table below:

Measure Particle physics units Standard S.I. units

Energy 1 eV (electron-Volts) 1.602 x 10719 J
Area 1 barn 10728 m?

Additionally, it is common in particle physics to work in natural units, in which fundamental
constants are set equal to unity, h = c = 1.

Given the above, and using Einstein’s energy-momentum relation, the natural units for
mass and momentum in particle physics are also the electronvolt (eV).
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2.2 The Standard Model of Particle Physics

The Standard Model [9-11] successfully describes numerous phenomena in particle physics.
Its predictions have been confirmed by a wide range of experimental evidence.

According to the Standard Model, the fundamental constituents of matter are leptons and
quarks. The interactions between them are mediated by field- or gauge bosons!. The set of
particles in the Standard Model is shown in Fig. 2.2.
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Figure 2.2: Standard Model set of elementary particles and gauge bosons with their main
features. Figure from [44].
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The Standard Model is a quantum field theory (QFT) that describes three of the four
fundamental forces in nature: the electromagnetic, weak, and strong interactions.

The quantum field theory describing the electromagnetic interaction is Quantum Electro-
dynamics (QED). All particles with non-zero electric charge participate in electromagnetic
interactions, which are mediated by the exchange of photons (7).

The weak interaction is named for its comparatively low strength: it is approximately
10* — 10° times weaker than the electromagnetic interaction and 10° — 107 times weaker
than the strong interaction [45]. The charge associated with the weak interaction is called
weak isospin. The weak processes occur through two types of interactions: neutral-current
interactions, mediated by the Z° and charged-current interactions, mediated by the W=,

The unification of electromagnetic and weak interactions was described by Glashow, Salam,
and Weinberg, forming the electroweak theory [46]. In the Standard Model, this is described

LA boson is any particle, which has an integer spin and which is characterised by Bose-Einstein statistics.
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by an SU(2), ® U(1)y gauge symmetry. The SU(2), component involves three gauge bosons,
Wy, Wa, and W3. The Z boson arises as a combination of W3 and the U(1)y boson B, coupling
to both left- and right-handed fermions, while W* mediate charged current interactions, and
couple only to left-handed fermions.

Gauge bosons are massless under exact symmetry, but in nature W=+ and Z are massive
due to spontaneous symmetry breaking via the Higgs mechanism:

The Higgs field gives masses to the W*, Z bosons, and fermions, while the photon remains
massless. The quantum of the Higgs field is the Higgs boson [47-49].

The SU(3)c component of the Standard Model describes the strong interaction through
Quantum Chromodynamics (QCD) [50], a non-abelian gauge theory of quarks and gluons.
All particles with non-zero color charge can participate in the strong interaction. Quarks
and gluons carry colour charge, and gluons, being massless but colour-charged, can interact
both with quarks and with each other. Gluon self-interaction requires a postulation of a
phenomenon called color confinement, in which coloured particles cannot exist in isolation
and must form colour-neutral states. This means that coloured particles cannot propagate
freely. Instead, they are always bound into colour-neutral states.

Because confinement prevents free quarks and gluons from being formed, those produced in
high-energy collisions undergo hadronisation, forming narrow sprays of colour-neutral hadrons
known as jets [51].

All of the phenomena, described above, have been experimentally confirmed. The Large
Hadron Collider (LHC) at CERN has played a critical role in improving high energy physics
by producing particle interactions at previously unreachable energy levels. Discoveries such
as the Higgs boson [12, 13] have validated key aspects of the Standard Model, yet also raised
new questions about the fundamental structure of matter.

2.2.1 Limitations of the Standard Model

Although the Standard Model is highly successful in describing numerous phenomena in parti-
cle physics and is supported by a vast amount of experimental evidence, it still has important
limitations. For example, it doesn’t take into consideration dark energy, dark matter, or grav-
ity. It also does not explain why there are exactly three generations of particles (see Fig. 2.2)
or why there is an asymmetry between matter and antimatter in the Universe.

One important aspect that is not addressed by the Standard Model is the mass of neutrinos.
Neutrino oscillations, which were experimentally established by the Super-Kamiokande exper-
iment [52] and the Sudbury Neutrino Observatory [53], demonstrate that neutrinos change
flavor as they propagate through space. Such behavior requires neutrinos to have non-zero
mass, which is not possible in the Standard Model without postulating new fields and sym-
metries that haven’t been observed.

The Standard Model also faces the hierarchy problem, which arises in determining the mass
of the Higgs boson. Without fine-tuned quantum corrections, the Higgs mass would naturally
increase toward the Planck scale of ~ 10®GeV. Supersymmetry [54] could resolve this issue
by canceling these corrections, but it currently lacks experimental evidence.

These gaps suggest that there is physics beyond the Standard Model, which has sparked a
lot of research and investigation into pottential extensions such as supersymmetry and string
theory.
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2.3 Future Collider Experiments

Taking all the limitations of the Standard Model into account, it is clear that the Higgs boson
offers important opportunities for exploring and searching for new physics. The experimental
facilities capable of producing and studying particles such as the Higgs boson are particle
colliders and the detectors built at their interaction points. This section provides an overview
of collider experiments, their key characteristics, and the physics opportunities they offer,
with particular focus on future electron-positron Higgs factories.

2.3.1 Collider Experiments

In the collider experiments, groups of charged particles or ions (bunches) are accelerated to
high energies and brought into collision, producing a variety of physical processes and creating
new particles. Two main types of collisions can be realized in such experiments:

e Fixed-target experiments: a bunch of accelerated particles collides with a stationary
target, typically a layer of matter.

e Collider experiments: two bunches of accelerated particles are brought into collision
with each other.

In this thesis, the focus is on collider experiments, in which a higher center-of-mass energy
can be achieved, thus more and havier particles can be produced as the result. For collisions
of two particle beams with equal energies, the center-of-mass energy is given by

\/g = 2Ebeam7 (22)

where Fyeam is the energy of one of the beams immediately before the collision.

It is also very important how frequently a collider produces collisions. In particular, the
study of rare processes requires large event statistics, making a high collision rate essential.
The quantity that characterizes the collision rate in a collider is the luminosity. It is defined

such that the number of events of a specific physical process produced per unit time is given
by

Nproc =L- Oproc) (23)

where L is the instaneous luminosity and op.q is the cross section of the process. The total
luminosity accumulated over time is expressed as

Lin = / L(t), dt. (2.4)

The integrated luminosity is typically evaluated over the operational lifetime of the collider.

There are two typical designs of collider experiments: circular and linear colliders. Both
designs have their advantages and disadvantages. Circular synchrotron colliders are more
commonly built, as they allow particles to circulate through the accelerator multiple times,
which greatly increases integrated luminosity. However, each time an accelerated charged
particle follows a curved trajectory, it loses energy due to synchrotron radiation. The energy
loss caused by synchrotron radiation can be expressed as

4

E
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where E is the particle energy, m is its mass, and R is the radius of its trajectory.

Equation 2.5 shows that synchrotron energy losses scale with the fourth power of energy and
inversely with the fourth power of mass. For hadrons, which are much heavier than leptons,
these losses remain manageable even at very high energies, making circular hadron colliders
practical at the TeV scale. For electron-positron colliders, many successful circular machines
have operated at center-of-mass energies up to around 200 GeV, including LEP at CERN
and the currently operating SuperKEKB in Japan. However, reaching significantly higher
energies with circular lepton colliders becomes increasingly challenging due to the E* scaling
of synchrotron radiation losses. For this reason, proposals for future lepton colliders span both
circular designs, such as FCC-ee, optimized for precision measurements at moderate energies,
and linear designs, such as ILC or CLIC, targeting higher energy reach.

2.3.2 Importance of Experiments with Lepton Collisions

There have been, and continue to be, several large circular collider experiments that have
achieved breakthrough results and enabled the discovery of many particles and physical phe-
nomena. Currently, the largest and highest-energy collider in operation is the Large Hadron
Collider (LHC) at CERN [55]. It has a circumference of 26.7 km, reaches a center-of-mass
energy for proton-—proton collisions of up to /s = 14 TeV, and was designed to operate at
a luminosity of L = 103 ecm~2s7!. The instantaneous luminosity is planned to be increased
by a factor of five through the High-Luminosity upgrade of the LHC (HL-LHC) [56], which
would increase the total integrated luminosity by a factor of ten.

Such large hadronic collider experiments can reach very high center-of-mass energies, but at
the same time they produce a large number of soft hadronic jets. This leads to high detector
occupancies and makes precision measurements particularly challenging.

In contrast, lepton-lepton collisions exhibit low background levels, as electroweak inter-
actions do not produce large numbers of jets. Consequently, the event rates remain com-
paratively low, enabling data collection with minimal or even no triggers. Another major
advantage of lepton collisions is that leptons are fundamental particles, so they interact di-
rectly with one another. In contrast, hadron collisions involve interactions between partons,
whose momenta at the time of the interaction are not precisely known. For colliding leptons,
however, the centre-of-mass energy of collisions is precisely defined event-by-event.

These characteristics make lepton colliders essential facilities for precision measurements
in high-energy physics. This work uses MC samples produced with the International Linear
Collider (ILC) [15, 57-59] in mind. However, the results of this study are applicable to any
future collider project. In particular, this work can be extremely useful for the eTe™ Future
Circular Collider project (FCC-ee) [17] studies, as the detector designs at these colliders share
many similar features.

2.3.3 International Linear Collider

Several concepts for future high-energy electron-positron colliders serving as dedicated Higgs
boson production facilities are under consideration worldwide. This work focuses on the
International Linear Collider [15, 57-59], a proposed linear collider design. The proposed
layout of the ILC is shown in Fig. 2.3.
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Figure 2.3: Schematic layout of the ILC, indicating all the major subsystems. Figure from
[15].

The ILC will consisnt of two linear accelerators of a total length of 31 km, which bring
longitudinally polarized electron and positron beams. The International Linear Collider is
designed to be realised in a staged approach [60]. The initial stage foresees operation at a
center-of-mass energy of /s = 250 GeV. The accelerator design allows for subsequent energy
upgrades, extending the achievable center-of-mass energy to values of up to 1 TeV.

The electron and positron beams are delivered in the form of bunch trains. Each train
comprises 1312 bunches, with a temporal spacing of 554 ns between successive bunches. Each
bunch contains approximately 2 x 10 particles. The time interval between consecutive
bunch trains is 200 ms, corresponding to a repetition rate of 5 Hz. At a center-of-mass energy
of /s = 250 GeV, the expected instantaneous luminosity is 1.35 x 10** cm 251,

At the interaction point, the beams collide with a crossing angle of 14 mrad. The collider
design further includes the option of longitudinal beam polarisation, with electron polarisation
of up to 80% and positron polarisation of up to 30%.

Two multipurpose detectors are proposed to operate at ILC: the Silicon Detector (SiD) [59]
and the International Large Detector (ILD) [42]. Both detector concepts are designed to
provide excellent performance for precision measurements, with a particular emphasis on
efficient tracking, high-resolution calorimetry, and precise particle flow reconstruction. While
sharing common physics goals and overall performance requirements, the two detectors differ
in their technological choices and designs. The SiD has compact detector layout and an all-
silicon tracking system, whereas the ILD features a larger detector volume and a gaseous time
projection chamber as its central tracking device. These complementary approaches allow for
cross-validation of measurements and systematic studies. This thesis will focus on the ILD.

2.4 Physics at Lepton Collider Experiments

Lepton collider experiments offer unique opportunities for precision measurements. This sec-
tion provides an overview of selected processes that can be studied at such facilities.
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2.4.1 Electroweak Physics

In contrast to hadron colliders, ete™ collider experiments provide a highly suitable envi-
ronment for precision studies in electroweak physics, owing to the absence of large QCD
backgrounds and the precise knowledge of the initial-state kinematics. In particular, high-
precision measurements of the properties of the W and Z bosons become possible, enabling
sensitivity to energy scales significantly beyond those directly accessible, through their impact
on higher-order loop corrections [61, 62].

Another important process occurs at a center-of-mass energy of /s = 250 GeV, where
events with radiative return to the Z resonance are produced with a sizable rate. These
events arise from the reaction ete”™ — Z+, in which a photon is emitted by the incoming
electron or positron as initial-state radiation. The emitted photon and the resulting Z boson
are predominantly produced in opposite directions and at small polar angles with respect
to the beam axis. Despite this forward direction of the emission, the Z boson can still be
efficiently reconstructed using the detector concepts foreseen for the ILC [63].

2.4.2 Top Physics

Precision measurements of top-quark properties may also be performed at lepton colliders.
For example, the process ete™ — ttH provides direct access to the top-quark Yukawa coupling
and allows for high-precision determinations of the top-quark mass as well as its electroweak
couplings [64, 65]. The top quark, as the heaviest known elementary particle and the one
with the strongest coupling to the Higgs boson, constitutes a powerful probe for searches for
physics beyond the Standard Model.

2.4.3 Higgs Physics

Despite the discovery of the Higgs boson, many fundamental questions concerning its nature
remain unanswered. In particular, it is still unclear whether the Higgs field corresponds to
an elementary scalar particle or arises from a more complex underlying structure, whether it
exhibits self-interactions consistent with the Standard Model, and whether it plays a role in
physics beyond the visible sector, such as interactions with dark matter. Addressing these
questions requires measurements of Higgs properties with a precision at the percent level or
better, as potential effects of new physics are generally expected to induce deviations of only
a few percent from the Standard Model predictions. In this context, a future eTe™ collider
offers a very well-controlled experimental environment for precision Higgs studies.

At center-of-mass energies around /s = 250 GeV, Higgs production is dominated by the
Higgs-strahlung process, ete™ — ZH. By reconstructing the Z boson through its clean
leptonic decay modes, Z — eTe™ and Z — utpu~, the presence of the Higgs boson can be
inferred independently of its decay products. The Higgs mass can then be extracted from the
recoil using the relation below:

M2 . =5—2Ez\/s+ M2, (2.6)

recoil

where /s is the center-of-mass energy, E is the measured energy of the Z boson, and My
its reconstructed mass [66]. Since this method relies solely on the reconstruction of the Z
boson, it provides a model-independent determination of Higgs properties, including its mass,
total decay width, and absolute couplings [67]. In particular, it enables a precise measurement
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of the Higgs branching fraction into invisible final states, offering a sensitive probe of possible
Higgs interactions with dark sector particles.

At higher center-of-mass energies, a linear e e~ collider further allows access to Higgs self-
interactions, which are directly related to the shape of the Higgs potential. For collision
energies of 500 GeV and above, the Higgs self-coupling can be studied through double Higgs
production processes. Depending on the energy regime, the dominant contributions arise
either from double Higgs-strahlung, ete™ — ZHH, or from vector-boson fusion, ete™ —
v.v.HH. Measurements of these processes provide a crucial test of the Standard Model and
are sensitive to deviations induced by new physics [68-70].

Detailed studies of Higgs decay modes offer additional opportunities to probe the structure
of the Higgs sector. Among these, the decay H — 717~ is of special interest, as it allows for
a direct investigation of the CP structure of the Higgs—lepton interaction. The tau physics
and the prospects for such studies will be discussed in detail in the following section.

2.4.4 Tau Leptons Physics

In the Standard Model, the Higgs boson is a CP-even scalar, so any CP-odd effects in its
interactions would indicate new physics. The decay H — 777~ is well suited to probe the
Higgs CP properties, due to its sizable branching ratio of ~ 6.3% [71] and the tau‘s sufficiently
long lifetime, which allows the decay vertex to be reconstructed. Precise reconstruction of tau
decay modes is essential for using tau spin correlations to study the Higgs CP structure [72].
Further details on tau reconstruction are provided in this section.

As shown in Fig. 2.2, the tau lepton is the heaviest lepton, with a mass of 1776.86+£0.12 MeV
and a mean lifetime of (290 & 0.5) x 107'° s [73]. Due to its large mass, the tau lepton is
the only lepton capable of decaying into hadrons. The main decay modes of the tau leptons
are listed in the Table 2.1. According to Table 2.1, the hadronic decay modes are dominant,
accounting for approximately 65% of the total branching ratio. In contrast, the leptonic decay
modes produce neutrinos, which cannot be detected directly. For this reason, the hadronic
decay modes of the tau lepton are preferred in experimental studies.

Category Decay mode Resonance Branching ratio (%)
Lebtonic T  — € Vlr 17.82 £0.04
b T 17.39 + 0.04
7~ — h 7'y, p(770) 25.93 +0.09
= hu 11.51 & 0.05
Hadronic 7= — h™ 77, a1(1200) 9.48 +0.10
= hhthow, al(1200) 9.80 + 0.05
7~ = h hth 7% 4.76 £+ 0.05

Table 2.1: Dominant decay modes of tau leptons, including intermediate resonances, and their
branching ratios. 7= decays are listed, while 77 decay modes are identical under
charge conjugation. h¥* is standing for 7% or K*. Table taken from [73].

Nevertheless, hadronic tau decays pose significant reconstruction challenges. Most proceed
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via intermediate resonances p(770) or a;(1200) and frequently produce neutral pions. The
decay products are highly boosted and more collimated than particles in QCD jets of compara-
ble energy [74], which complicates their separation and accurate reconstruction. Miscounting
photons from 7° decays (7% — 77, 99% of cases [73]) can result in incorrect 7° multiplicities
and misidentification of the tau decay mode. Thus, hadronic tau reconstruction serves as a
standard benchmark for electromagnetic calorimeter performance [72, 74].
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3 Calorimetry

Calorimeters are essential components of all high-energy physics experiments. Their primary
purpose is to measure the energy of particles - mostly secondary particles produced in the
initial interaction - that deposit their energy through interactions with the detector material.
By analyzing the resulting particle showers, the energy of the original particles can be inferred.
Depending on the particle type, energy deposition in calorimeters occurs via electromagnetic
or hadronic processes, and the characteristics of the electromagnetic interaction can further
depend on the mass of the particle. This chapter provides an overview of the fundamental
principles of calorimetry and their application in particle physics experiments.

3.1 Electromagnetic Interaction of Light Particles with
Matter

In this section, the electromagnetic interaction of common light particles, such as electrons,
positrons, and photons will be described.

3.1.1 Light Charged Particles Interaction with Matter

The interaction modes of light ionizing charged particles, such as electrons and positrons, are
illustrated in Fig. 3.1. As shown in the figure, the dominant mechanisms by which electrons
and positrons interact with matter are as follows:

e Ionization: this is the dominant interaction mode. Ionisation occurs when an electron or
positron transfers part of its kinetic energy to an atomic electron, resulting in the ejec-
tion of the latter and the formation of an ionised atom. As the particle energy increases
beyond a material-dependent threshold (approximately 10 MeV in lead), the fractional
energy loss due to ionisation decreases significantly. At this point Bremsstrahlung be-
comes significant.

e Bremsstrahlung: it arises when a charged particle is accelerated in the electromagnetic
field of a nucleus of the matter, leading to the emission of a photon.

e Electron scattering: interactions with atomic electrons can result in elastic scattering.
This process is referred to as Mgller scattering for electrons and Bhabha scattering for
positrons.

e Positron annihilation: positrons may undergo annihilation with electrons in the sur-
rounding material, producing a pair of photons in the final state.

3.1.2 Photon Interaction with Matter

Photons also have different electromagnetic interaction processes with matter (see Fig. 3.2).
The dominant interaction processes with matter are as follows:

e Photoelectric Effect: occurs when a photon is absorbed by an atom, transferring enough
energy to free a bound electron. This process dominates at low photon energies, but its
cross-section decreases rapidly as the photon energy increases.
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Figure 3.1: Fractional energy loss per radiation length in lead as a function of electron or
positron energy. Figure from [73].

e Compton Scattering: becomes the primary interaction mechanism at intermediate pho-
ton energies (around 1 MeV for lead). It is an inelastic scattering process in which the
photon collides with a bound electron. The cross-section scales approximately with the
number of atomic electrons (atomic number Z), since each electron can participate in
the scattering process.

e Rayleigh scattering: an elastic scattering process, is a subdominant contribution at
lower energies and its cross-section falls rapidly with increasing photon energy.

e Pair Production: this process dominates at high photon energies (above roughly 10 MeV
in lead). In this process, the photon is converted into an electron-positron pair in the
electromagnetic field of a nucleus of the matter or an electron. Pair production can only
occur if the photon energy exceeds 1.022 MeV, which corresponds to the sum of electron
and positron rest mass.

3.1.3 Electromagnetic Showers

When high-energy electrons, positrons, or photons enter a dense material, they can initiate a
chain reaction of particle interactions known as an electromagnetic cascade. An electron can
emit bremsstrahlung photons, which, if sufficiently energetic, can undergo pair production,
creating a new electron and positron. These particles can then emit additional bremsstrahlung
photons, and the process continues, forming a growing avalanche of particles. This results in
an electromagnetic shower, an example of which is shown in Fig. 3.3.

For electrons and positrons, the characteristic length scale of bremsstrahlung interactions,
Xo, as shown in Fig. 3.3, can be approximated as follows:
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Figure 3.2: Cross sections of photon interactions with lead as function of photon energy. The
total cross section obtained from experiment is shown, together with the contri-
butions from individual interaction processes. The contributions from the indi-
vidual processes are denoted as follows: o, for the photoelectric effect, orayleign
for Rayleigh scattering, ocompton for Compton scattering, #,,. and &, for pair pro-
duction in the electric field of a nucleus and an electron, respectively, and oy 4.
for photonuclear interactions. Figure from [73].

716 A
Z(Z +1)In(287/VZ)
where Z is the atomic number and A is the atomic mass of the material in which the

shower evolves [76]. This formula is valid for single-element materials and does not account
for composite materials.

0~

[gem ™2, (3.1)

Physically, X, represents the average distance over which an electron or positron loses a
fraction 1/e of its energy through bremsstrahlung. For photons, a similar characteristic length
scale governs pair production, with the photon intensity reduced to 1/e of its initial value after
traveling a distance of 2X, [76].

This common scale means that showers produced by electrons, positrons, and photons
are similar in extent. The main differences are that photon-initiated showers tend to start
slightly deeper in the material, as the first pair-production interaction occurs after a stochastic
conversion distance, while an electron continues propagating after a bremsstrahlung emission
and can emit another photon [77]. Denser materials have shorter radiation lengths, resulting
in more compact showers.
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Figure 3.3: Illustration of the propagation process of an electromagnetic shower initiated by
a photon. Figure from [75].

As an electromagnetic shower develops, particle-producing interactions increase the num-
ber of particles and at the same time their energy progressively reduces. A key parameter
describing this behaviour is the critical energy F,., defined as the energy at which the energy
loss due to bremsstrahlung equals that due to ionisation for electrons or positrons [77]. An
empirical approximation for F., is given by [72]:

300
L+ 12

where Z is the atomic number of the matter in which the shower is propagating.

The longitudinal development of the shower can be characterised using the depth ¢, mea-
sured in units of radiation length (¢t = 2/Xj). The maximum shower depth is reached when
the average particle energy falls below FE.. For an incident particle energy FE, the position of
the shower maximum is approximately [78|:

[MeV], (3.2)

o RS

Ey
tmax ~ 1.4In [ — | . 3.3
n (E) (3.3)

The transverse size of the shower is described by the Moliere radius R;;, an approximate
measure that corresponds to ~90% containment of the shower energy [77]. It is given by the
empirical relation [76]:

N 21 MeV

Rag = ==X (3.4)

3.2 Heavy Charged Particles Interaction with Matter

Due to their larger masses, heavy charged particles have other dominant interaction modes
than light charged leptons and photons. Bremsstrahlung is proportional to the inverse fourth
power of the mass of the particle, thus it becomes non-prominent for such particles as muons
and charged hadrons. In contrast, energy loss through ionisation constitutes the primary
interaction mechanism for these particles as they traverse matter. The mean energy loss per
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unit path length (or a mass stopping power) due to ionisation is described by the Bethe-Bloch

equation [77]:
dE\ L, Z 1 |1 2mec? B2 Thax )
_<d:p> = K255 [21“< B — =5 (3.5)

where v and 3 represent the Lorentz factor and the velocity of the particle, respectively, m,
is the electron mass, and [ is the mean excitation energy of the material. The quantities Z and
A are the atomic number and atomic mass of the absorber, through which the charged particle
is traveling, while z is the charge of the incident particle. The constant K sets the overall
scale of the energy loss, and T, is the maximum kinetic energy that can be transferred
to an electron in a single collision. The term involving ¢ accounts for medium polarisation
effects, which reduce the logarithmic increase of the ionisation energy loss at high particle
momenta [73].

The ionisation energy loss, as given by equation 3.5, for positively charged muons traversing
copper is illustrated in Fig. 3.4. The energy loss reaches a minimum at values of gy ~ 3-4,
defining the region of minimum ionisation. Owing to the slow increase of ionisation losses
with increasing momentum beyond this point, this minimum extends over a broad momentum
range of several GeV. Charged particles with momenta in this region are referred to as
Minimum Ionising Particles (MIPs), although the exact momentum range depends on the
particle species.

MIPs are important for the calorimeter calibration, as they provide a stable reference for the
energy loss. Although the overall shape of the energy-loss distribution may vary, the location
of its peak, corresponding to the most probable energy loss, remains stable. For MIPs, the
energy transferred in a single interaction is small, allowing the particle to experience many
interactions as it traverses the detector material. This results in a large number of energy
depositions clustered around the characteristic MIP value. This characteristic energy loss
is highly reproducible for a given detector and material, thus it constitutes a well-defined
reference point.

3.2.1 Hadronic Showers

Hadronic showers are phenomena that are analogous to electromagnetic showers (see Sec. 3.1.3)
but typically exhibit more complex and variable topologies. In addition to electromagnetic
interactions, hadrons also undergo strong interactions, which play a significant role in the
development of the shower (see Fig. 3.5).

The development of a hadronic shower involves several distinct interaction mechanisms and
energy-loss processes, which together lead to its complex and highly variable structure. The
main contributions can be summarised as follows.

e First, charged hadrons traversing matter continuously lose energy through ionisation, in
the same manner as described for other charged particles. While this process is always
present, it typically represents only a small fraction of the total energy deposition in a
hadronic shower.

e Second, the shower is initiated by a hard inelastic interaction between the incoming
hadron and the nuclei of the absorber material. Such hadronic interactions give rise
to a variety of nuclear processes, including spallation, fission, and nuclear evaporation.
These reactions can produce secondary hadrons, most notably pions and 7 mesons, as
well as liberated nucleons and heavier nuclear fragments [80]. All of these products may
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Figure 3.4: Mass stopping power for the positively charged muons in copper as a function of

their momenta. Figure from [79].

subsequently undergo further interactions with the surrounding material, contributing
to the continued development of the shower.

Third, unstable particles produced in the shower can decay. In particular, neutral
pions and 7 mesons predominantly decay into two photons [73], thereby feeding energy
into an electromagnetic sub-shower. As a result, hadronic showers contain a significant
electromagnetic component. Although the size of this component fluctuates from event
to event, on average roughly one third of the mesons created in the initial interaction
decay electromagnetically [80].

Finally, a portion of the shower energy is not directly observable and is referred to as
invisible energy. This includes energy consumed in nuclear binding and excitation,
energy transferred to recoiling nuclei, and energy carried by neutrons that may travel
considerable distances before being captured, potentially outside the instrumented de-
tector volume. In addition, decays of charged hadrons can produce neutrinos, which
escape the detector without depositing measurable energy.

The quantity A; in Fig. 3.5 is called the nuclear interaction length and is the mean free
path between hadronic interactions. It is expressed as follows:

1

)
NOhad

A = (3.6)
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Figure 3.5: Illustration of the propagation process of a hadronic shower initiated by a neu-
tron. The shower consists of hadronic and electromagnetic components. Figure

from [75]

where 0,4 represents the cross section of hadronic interactions, while n denotes the number
of atoms per unit volume in the material with which the particle is interacting [78]. By ex-
pressing the interaction length A; in units of g em™2, thus removing the effects of the material’s
density, it becomes clear that A; approximately scales as As [77].

In conclusion, for most materials, the nuclear interaction length is significantly larger than
the radiation length (see Sec. 3.1.3). Moreover, hadronic showers exhibit much more variable
topologies due to the greater number of possible interactions. As a result, hadronic show-
ers propagate over longer distances and produce a more diverse set of final-state particles
compared to electromagnetic showers.

3.3 Typical Calorimeter Designs

As discussed in the preceding sections, electromagnetic and hadronic showers differ in their na-
ture, topology, and characteristics. Consequently, their detection and measurement are gener-
ally treated separately and divided between two calorimeter parts: electromagnetic calorimeter
(ECAL) and hadronic calorimeter (HCAL).

The ECAL has a finite hadronic interaction length (see Section 3.2.1), so some hadrons
can begin their showers there as well. Both ECAL and HCAL detectors are built with dense
absorbing materials to encourage frequent particle interactions, ensuring that showers are
contained within a compact volume. For the ECAL, the choice and amount of material is
carefully balanced: it must provide enough radiation lengths to effectively measure electro-
magnetic showers while keeping the hadronic interaction length low (see Sec. 3.2.1).

One of the main characteristics of calorimeters is their energy resolution. It is expressed as

follows |76]:
o 2 a 2 b 2 2
( Em) - <ﬁ> + <E> be (3.7)

Here, oy is the uncertainty on the energy measurement in the calorimeter and F,,., is the
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measured energy of the primary particle.

Equation 3.7 has multiple components. The first component, which contains a, is the
stochastic term. The % dependence comes from assuming Poisson statistics, where the
number of particles N produced is roughly proportional to the energy E of the incoming par-
ticle [77]. The second component, containing b, is the noise term. This arises from electronic
noise and does not depend on the particle’s energy. Finally, the constant ¢ contributes a
fixed amount, independent of energy. It accounts for intrinsic detector limitations, such as
calibration errors or material inconsistencies.

Calorimeter designs can be divided into two main types:

¢ Homogeneous calorimeters: The entire detector volume is sensitive and also acts as the
absorber. It can be, for example, a noble gas (producing Cherenkov light in the interac-
tion with the incident particles) or a scintillator material. They provide excellent energy
resolution, but are expensive and difficult to make highly granular or segmented [76].

e Sampling calorimeters: The detector is built from alternating layers of sensitive and
passive material. This means that such detectors are by nature longitudinally seg-
mented. A characteristic quantity of a sampling calorimeter is the so-called sampling
fraction f,, which is the ratio of the visible energy deposited in the sensitive layers to
the total energy deposited in both the sensitive and passive materials of the calorime-
ter. Sampling calorimeters are more compact and cost-efficient, but have lower energy
resolution due to fluctuations in energy deposition [76].

3.4 Particle Flow Reconstruction in Calorimeters

To study the physical processes occurring after a collision, accurate particle reconstruction al-
gorithms must be employed to identify both the particles within a jet and the primary particle
that produced them. The particle flow reconstruction algorithm is a method used in modern
calorimetry to improve the measurement of particle energies. It combines information from
tracking detectors and calorimeters to reconstruct individual particles within a jet, aiming to
achieve the best possible energy resolution. By identifying charged and neutral components
separately, particle low minimizes the impact of detector limitations and provides a more
accurate picture of the event.

Traditionally, particle energies are reconstructed solely from calorimeter measurements,
which include the ECAL and HCAL components (see Sec. 3.3). The reconstructed energy
can therefore be expressed as follows:

Ercc = Epcar + Eucar, (3.8)

where Egcar, denotes the energy measured in the ECAL and Eycag, the energy measured
in the HCAL. In the case of a lepton collider, such as LEP [81], jets are composed pre-
dominantly of hadrons, with approximately 60% charged particles (mostly hadrons), 30%
photons, and 10% neutral hadrons. As a result, the dominant contribution to the jet energy
measurement originates from the HCAL. Since hadronic showers are governed by complex
physical processes, the HCAL has a relatively poor energy resolution, typically of the order
of 2 55%/1/E(GeV) [82]. As hadrons account for roughly 70% of the jet energy, this sig-
nificantly limits the achievable jet energy resolution when relying solely on the calorimeter
measurements.
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In contrast, the particle flow reconstruction algorithm (PFA) takes advantage of the detector
systems with better resolution to measure energies of the jets (see Fig. 3.6). The energy in
this case can be represented as follows:

Epp = Byt + B, + Ep. (3.9)

Here, the quantity I,+ is obtained from the momentum measurement of charged particles in
the tracking detector, while E, and Ejo correspond to the calorimetric energy measurements
of photons and neutral hadrons, respectively. This approach significantly reduces the reliance
on the HCAL, as only about 10% of the jet constituents are measured there. However, there
are also challenges in this approach. The main challenge of the particle flow algorithm is
the reconstruction of the four-momenta of all individual particles in an event, which requires
assigning each detector energy deposition to its originating particle. This demands accurate
clustering of calorimeter hits, clear separation of overlapping showers and correct association
of clusters with reconstructed tracks, made possible only by sophisticated algorithms and
highly granular calorimeters. Reconstruction confusion is a major source of degraded jet
energy resolution and can arise from incorrect hit-to-cluster or track-to-cluster associations.
For example, energy is lost if a neutral particle is merged with a nearby charged hadron and
its energy is discarded in favour of the track measurement, while energy is double counted if
part of a charged particle shower is misidentified as a separate neutral particle [82].
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Figure 3.6: Schematic comparison between conventional calorimetry (left) and particle flow
calorimetry (right). In the conventional approach, particle energies are deter-
mined solely from their energy deposits in the calorimeter, whereas in particle
flow reconstruction the momenta of charged particles are measured using the cur-
vature of their trajectories in the tracking system. Figure from [83].

The current state-of-the-art particle flow algorithm is PANDORAPFA [85, 86|, which is a
comprehensive framework for reconstructing all particle types in an event, including charged
hadrons, photons, and neutral hadrons. Particularly relevant to this thesis are the photon
reconstruction components, consisting of five main algorithms. The primary photon recon-
struction algorithm clusters ECAL hits into photon candidates and validates their identity,
applying additional checks when photons are found near charged particles. Three fragment
removal algorithms then operate in sequence to eliminate spurious neutral fragments. The
first targets fragments created at the edges of electromagnetic showers after the energetic core
has been identified as a photon. The second addresses fragments arising from energy leakage,
where high-energy photon showers extend beyond the ECAL into the HCAL and are incor-
rectly reconstructed as neutral hadrons. The third further suppresses residual photon-related
fragments that result from incomplete or incorrect shower containment. Finally, a photon
splitting algorithm separates photons that were incorrectly merged during fragment removal,
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Figure 3.7: Average number of reconstructed photons as a function of the true separation
between two photons. The sample consists of photon pairs with significantly
different energies, 500 GeV and 50 GeV, shown without (orange) and with (blue)
the dedicated photon reconstruction algorithms. Figure from [84].

which can occur when photons are spatially close to one another.

The impact of these dedicated photon reconstruction algorithms is illustrated in Fig. 3.7,
which shows the average number of reconstructed photons as a function of the true separation
between two incident photons with energies of 500 GeV and 50 GeV. Without the photon
reconstruction algorithms, Pandora fails to correctly identify both photons across the full sep-
aration range, consistently reconstructing around 1.2-1.4 photons regardless of their actual
separation. In contrast, when the photon reconstruction algorithms are enabled, Pandora cor-
rectly identifies both photons once their separation exceeds approximately 12 mm, achieving a
reconstruction efficiency close to 2 photons for separations above 15 mm. This demonstrates
the critical importance of sophisticated photon reconstruction for resolving closely spaced
electromagnetic showers.
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4 The International Large Detector
Concept

The International Large Detector (ILD) [42, 59] is a proposed general-purpose detector de-
signed for the International Linear Collider (ILC). ILD aims to provide precise measurements
of particle interactions, leveraging advanced tracking systems, highly granular calorimetry,
and a powerful magnetic field to achieve exceptional momentum and energy resolutions. The
three dimentional model of ILD is shown in Fig. 4.1. The length of the ILD is 13 m and the
total radius is 7.8 m.

Its design is optimized for particle flow reconstruction algorithms (see Sec. 3.4). The main
goal of the design was to reach less than a 4% jet energy resolution for the energy ranges
of the jets of 40 — 250 GeV, motivated by the separation between Z and W hadronic decay
channels.

This chapter presents a description of the ILD detector systems and its software framework.

Figure 4.1: Three dimentional model of the International Large Detector. Figure from [87].
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4.1 Detector Systems

The main detector components of the ILD are shown in Fig. 4.2. This section provides an
overview of each of them.
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Figure 4.2: Single quadrant view of the ILD detector with all of the main detector systems
highlighted. Figure from [88].

4.1.1 Tracking Detector

The part of the ILD, closest to the collision point, is the tracking system. It consists of the
following main components (see Fig. 4.2):

e Vertex Detector (VTX): The innermost component, composed of a barrel of three
double-layers of silicon pixel sensors. The first layer is located 16 mm from the inter-
action point. The detector is optimized for a point resolution better than 3 ym and a
material thickness of less than ~ 0.15% X, per layer.

e Silicon Inner Tracker (SIT) and Forward Tracking Detector (FTD): Additional silicon
layers surrounding the VIT'X. The SIT has two barrel layers, while the FTD consists of
seven forward disks, extending tracking coverage to low polar angles.

e Time Projection Chamber (TPC): The main tracking facility surrounding the silicon
trackers. It has a length of about 4.6 m and a radial span from approximately 33 cm to
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180 cm and if filled with a low-mass, fast-drifting gas mixture. Ionization electrons pro-
duced in the gas volume are collected using an electric field and read out with either Gas
Electron Multipliers (GEMs) [89] or Micro-Mesh Gaseous Structures (Micromegas) [90]
with pad sizes of a few mm?. The TPC provides continuous tracking with up to 220
three-dimensional space points per track and enables particle identification via specific
energy loss (dE/dx) measurements, while keeping the material budget low. Additional
silicon layers placed after the TPC and before the calorimeter system, improving mo-
mentum resolution and track linking.

The full tracking system achieves a momentum resolution of approximately
2 x 107° GeV~! [42].

4.1.2 Calorimeter

The tracking system is followed by the calorimeter, which consists of an ECAL and HCAL
(see sec. 3.3).

Electromagnetic Calorimeter

The electromagnetic calorimeter foreseen for the ILD detector is realized as a sampling
calorimeter employing tungsten as the absorber material. It currently has two alternative
design concepts.

One concept, commonly referred to as the SiW ECAL [91], utilizes silicon-based sensors
as the active detection medium. The second concept, known as the Sc ECAL [92], relies on
scintillator strips to provide the active response.

This thesis focuses on the SiW ECAL implementation. This configuration is a sequence
of thirty silicon sensor layers interleaved with tungsten absorber plates. To optimize per-
formance, two absorber thicknesses are employed: the first twenty tungsten layers have a
thickness of 2.1 mm, while the remaining ten layers are twice as thick, at 4.2 mm. When
combined, the full absorber stack corresponds to a total depth of 24 radiation lengths. The
sensitive elements consist of silicon wafers with a thickness of 0.525 mm, segmented into
square cells measuring 5 x 5 mm?. Inevitably, non-sensitive regions arise at wafer boundaries,
primarily due to mechanical constraints and the presence of readout electronics.

From a mechanical perspective, the fundamental unit of the ECAL is the module (see
Fig. 4.3). Each module contains a tungsten absorber assembly supported by carbon-fibre
structures. An alveolar architecture is adopted, in which alternating tungsten plates form a
set of cavities. Within each cavity, referred to as an alveolus, a slab is inserted that comprises
a single tungsten absorber layer positioned between two silicon sensor layers. This arrange-
ment leads to a repetitive absorber—sensor pattern along the longitudinal direction of the
calorimeter. Owing to the trapezoidal geometry of the modules, successive layers are laterally
offset, producing a staggered configuration. This feature reduces the likelihood that particles
traverse inactive edge regions in multiple consecutive layers.

The complete ECAL system is organized into several large-scale components: an octagonal
barrel section, two endcaps, and two additional ring structures that fill the regions surrounding
the beam pipe openings in the endcaps (see Fig. 4.4).

The barrel and endcaps together constitute the primary detector regions considered in this
study. The barrel section is formed from eight longitudinal staves, each of which is assembled
from five trapezoidal modules. The endcaps are composed of twelve modules arranged into
four quadrants. Although the endcap modules share the same fundamental construction
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Figure 4.3: One ILD ECAL module, consisting of a carbon-fibre-supported stack of alternat-
ing tungsten absorber layers, with tungsten slabs between silicon sensor layers
inserted into the intervening gaps. Figure from [93].

Figure 4.4: Geometrical model of the octagonal ECAL barrel and two endcaps. Figure
from [93].
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principles as those in the barrel, their geometrical shapes differ to accommodate the detector
layout.

Within the ILD simulation framework, the ECAL is modeled using a highly detailed ge-
ometrical description implemented through the DD4HEP detector description toolkit (will
be described further in this chapter). This implementation incorporates the full modular
structure as well as a realistic representation of the materials present, ensuring an accurate
simulation of the detector response.

Hadronic Calorimeter

Two alternative concepts have been proposed for the ILD hadronic calorimeter: a semi-digital
option (SDHCAL) [94] and an analogue option (AHCAL) [95]. This thesis focuses on the
analogue hadron calorimeter. It is composed of 48 layers of stainless-steel absorber plates,
each with a thickness of 17.2 mm, giving a total depth of approximately 5 ;. The active
layers consist of scintillator tiles of size 3 x 3 cm? and a thickness of 3 mm, with each tile read
out individually by a silicon photomultiplier.

A detailed detector description, including geometry and material composition, is imple-
mented in the DD4HEP simulation framework.

Very Forward Detectors

A set of specialized detectors is to be installed in the very forward region of the ILD to ensure
precise measurements in areas not fully covered by the central detector systems. This includes
the LumiCal, a calorimeter with a keystone geometry optimized for high-precision luminosity
measurements via the detection of Bhabha scattering electron-positron pairs. Complement-
ing this, the LHCAL provides additional hadronic calorimeter coverage in the forward region,
while a dedicated forward calorimeter system extends the calorimetric acceptance down to
polar angles as small as 6 mrad and enables bunch-by-bunch monitoring of the beam condi-
tions. These forward detectors leverage technologies closely related to those employed in the
electromagnetic calorimeter, with specific adaptations to withstand the unique radiation en-
vironment and high occupancy rates characteristic of the forward region. This combination of
precision instrumentation ensures both accurate luminosity determination and comprehensive
calorimetric coverage in the forward direction [42].

4.1.3 Solenoid Magnet

The tracking and calorimeter systems are enclosed within a superconducting solenoid coil,
which generates a magnetic field of 3.5 T oriented along the beam axis. This strong, uni-
form magnetic field bends the trajectories of charged particles, allowing precise momentum
measurements in the central tracking detectors. Outside the solenoid, the iron return yoke
completes the magnetic circuit and supports additional detector systems.

4.2 Software Ecosystem
The software ecosystem of the ILD is based on the ILCSOFT [96]. It is a comprehensive

software framework developed for the simulation, reconstruction, and analysis of events at
the ILC and similar future lepton colliders. It provides a common environment for all aspects
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of detector development, enabling realistic performance studies and comparison of different
detector concepts.
The main software frameworks used in ILD studies include:

e LCIO [97]: Provides the event data model and manages data storage.

e DD4HEP [98]: A toolkit for building a realistic detector model, including its materials,
structure, and readout geometry. DDG4 [99] is integrated within DD4HEP, this module
connects the detector model to GEANT4 for detailed particle simulation. DDREC [100]
is also a part of DD4HEP, it provides the interface between the detector geometry and
reconstruction algorithms.

e MARLIN [101]: A general application framework used for both reconstruction and
physics analysis of simulated events.

4.2.1 Digitisation and Calibration

Simulated detector hits are first converted into digitised signals, emulating the response of
the sensors and readout electronics. For the calorimeters, a two-step calibration is applied:

1. Conversion of the deposited energy in each cell into MIP units (see the definition in
Sec. 3.2), based on the most probable energy deposited by a minimum ionizing particle.

2. Conversion of energy in MIPs to absolute energy units (GeV), so that the measured
energy corresponds to the particle’s incident energy.

Additional corrections are applied in regions of the calorimeter with gaps or insensitive
volumes, compensating for reduced sampling fractions.

4.2.2 Reconstruction

The reconstruction stage combines tracking and particle flow to build a complete picture of
the event:

e Tracking: Charged particle trajectories are reconstructed using specialized algorithms,
including dedicated procedures for kinks (from bremsstrahlung or scattering) and sec-
ondary vertices (V0s), such as photon conversions to e™e™ pairs.

e Particle Flow Reconstruction: For this, the PANDORAPFA algorithm is employed.
Tracks, calorimeter hits, kinks, and VO0s are clustered and associated, with particle
identities assigned. The clusters are rather splitted initially, then wrongly merged.
Re-clustering is applied on the later steps [85]. Software compensation [102] corrects
for differences in response between electromagnetic and hadronic showers. The output
is organised as a collection of Particle Flow Objects (PFOs), which include energy,
momentum, and particle type.

e High-Level Reconstruction: Includes primary and secondary vertex finding, jet clus-
tering and tagging (LCFIPLUS [103]), particle identification (PID) [104] using dE/dx,
shower shapes, or time-of-flight (TOF) information [105], and reconstruction of neutral
mesons (7%, 1) via yy-finders and constrained kinematic fits (MARLINKINFIT [106]).
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5 Simulation and Computational
Approaches in High-Energy Physics

Simulation plays a central role in modern high-energy physics, serving as the primary interface
between theoretical predictions and experimental observations. Detailed simulations of parti-
cle collisions, detector responses, and reconstruction algorithms are essential for interpreting
experimental data, optimizing detector designs, and searching for new physics phenomena.
However, the computational demands of traditional simulation methods have become in-
creasingly challenging, particularly as experiments move toward higher luminosities and more
complex detector systems. This chapter provides an overview of simulation methodologies
in high-energy physics, with emphasis on the computational challenges that motivate the
development of new fast simulation techniques.

5.1 Monte Carlo Simulations in High-Energy Physics

The term "Monte Carlo” refers to computational algorithms that rely on repeated random
sampling to obtain numerical results. In particle physics, Monte Carlo methods are used to
simulate stochastic processes — from the fundamental quantum mechanical nature of particle
interactions to the statistical fluctuations in detector responses.

The Monte Carlo approach to particle simulation follows a basic procedure. It starsts with
a given initial conditions (particle type, energy, direction), tracks the particle through its
trajectory by sampling interaction points according to cross-sections and mean free paths,
at each interaction point sample the type of interaction and its outcome (energy transfer,
secondary particle production, etc.), repeat for all secondary particles until all particles fall
below energy thresholds or exit the detector volume, and finally record relevant quantities
such as energy depositions and their positions.

By repeating this procedure many times, the simulation builds up a statistical representa-
tion of the underlying physical processes. The accuracy of Monte Carlo simulation improves
with the square root of the number of samples, following the standard statistical scaling where
the uncertainty scales as 1/ V/N with N being the number of simulated events.

Simulations in high-energy physics serves multiple essential purposes across the entire life-
cycle of an experiment. During the design phase, simulations enable the optimization of
detector geometries and the evaluation of different technological choices. Simulations are
also used to develop and validate reconstruction algorithms, estimate selection efficiencies,
and model backgrounds. Finally, for physics analysis, simulations provide the Monte Carlo
samples necessary to compare theoretical predictions with experimental measurements and to
extract physics results.

The simulation chain for a typical collider experiment consists of several stages. In event
generation, the hard scattering process and subsequent parton shower and hadronization
are simulated using specialized Monte Carlo event generators, commonly implemented in
tools such as PyTHIA [107] or WHIZARD [108]. Detector simulation then propagates parti-
cles through the detector geometry and simulates their interactions with detector materials
and fields using GEANT4 [18, 20]. This is followed by digitization, which converts energy
depositions into detector hits accounting for electronic noise and inefficiencies, and finally
reconstruction applies pattern recognition and clustering algorithms to reconstruct particles
from the detector hits.
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Among these stages, detector simulation typically dominates the computational cost, par-
ticularly for calorimeter systems where electromagnetic and hadronic showers generate large
numbers of secondary particles.

5.2 Geant4: The Standard Tool for Detector Simulation

The GEANT4 [18, 20] (GEometry ANd Tracking, version 4) is the most widely used toolkit
for simulating the passage of particles through matter in high-energy physics. Originally
developed for high-energy physics applications, it has since been adopted in nuclear physics,
accelerator physics, and medical physics. GEANT4 is implemented in C+4 and provides
a comprehensive framework for detailed geometric modeling of complex detector systems,
particle tracking through arbitrary geometries with automatic handling of boundary crossings,
a comprehensive library of physics processes covering electromagnetic, hadronic, and optical
interactions, flexible output and analysis interfaces, and support for parallel processing and
distributed computing.
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Figure 5.1: Illustration of the procedure of tracking in GEANT4. A particle is moved one
step at a time, with the track representing a snapshot of the particle state at
each step. Steps are limited in size by a random competition between processes,
to allow for the production of secondaries or if a boundary between geometry
volumes is crossed. A process may be defined as a combination of three actions:
at rest, along step and post step. Figure from [41].

The fundamental unit of simulation in GEANT4 is the "step” — the smallest segment of a
particle’s path through material, as illustrated in Fig. 5.1. Fach step represents a portion of
the particle trajectory during which the particle’s state (position, energy, direction) is updated
based on physical processes. During each step, GEANT4 updates the particle’s position along
its trajectory, checks for boundary crossings between different materials or detector volumes,
simulates continuous energy loss processes (ionization, multiple scattering), samples discrete
interactions (bremsstrahlung, pair production, nuclear interactions), creates and tracks sec-
ondary particles produced in interactions, and records energy deposited in sensitive detector
regions.

The step size is determined dynamically based on multiple factors: the material properties,
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the particle energy, the proximity to volume boundaries, and physics process characteristics.
A single high-energy electron traversing a calorimeter might undergo hundreds or thousands of
steps before being absorbed or falling below the tracking threshold. For a single 50 GeV photon
shower in the ILD electromagnetic calorimeter, approximately 20,000 individual GEANT4
steps are recorded on average in the sensitive detector layers, which constitute only a few
percent of the total detector material (see Chapter 7).

5.3 Computational Challenges of Full Simulation

The computational demands of full Monte Carlo simulation have grown to represent a major
challenge for high-energy physics experiments. As shown in Chapter 1, the ATLAS exper-
iment devoted more than one third of its total CPU resources to Monte Carlo simulation
during 2018 [25]. This fraction is expected to increase substantially for future high-luminosity
experiments.

Several factors contribute to the computational intensity of full detector simulation. A
single high-energy particle entering a calorimeter can initiate a cascade producing thousands
of secondary particles. Each of these particles must be tracked individually through potentially
hundreds of steps. As discussed in Section 3.1.3, electromagnetic showers develop through
the interplay of bremsstrahlung and pair production processes, continuing to multiply until
particle energies fall below the critical energy where ionization losses begin to dominate over
radiative processes.

The accuracy of GEANT4 simulation arises from its detailed step-by-step tracking of every
particle. At each step, the simulation must query the geometry to determine the current
material, calculate all possible interaction processes and their probabilities, sample interac-
tion outcomes using random number generators, update particle states and create secondary
particles, and check for volume boundaries and tracking cuts. This granular approach is
essential for physical accuracy but becomes computationally expensive when multiplied by
large shower multiplicities. Moreover, the full simulation procedure relies on the sequential
production of secondaries, as each interaction must be simulated before its daughter particles
can be tracked, making it difficult to parallelize efficiently within a single shower.

Hadronic showers are significantly more complex than electromagnetic showers, involving
a much broader range of physics processes including strong interactions producing multi-
ple secondary hadrons, neutral and charged pion production with 7° — v decays feeding
electromagnetic sub-showers, nuclear reactions, long-lived particles requiring tracking over
extended distances, and neutron transport with complex energy-dependent cross-sections.
The stochastic nature of hadronic interactions leads to large shower-to-shower fluctuations,
requiring detailed modeling of each process.

Modern and future calorimeters feature increasingly fine segmentation to enable advanced
reconstruction techniques such as Particle Flow algorithms. The ILD electromagnetic calorime-
ter uses 5 x 5 mm? cells (see Chapter 4), the CMS High Granularity Calorimeter employs
cells as small as 0.52 cm? [109]. Fine granularity increases computational cost through more
frequent volume boundary crossings requiring geometry queries, larger numbers of hits to be
created and processed, increased memory requirements for storing hit collections, and more
complex reconstruction requiring evaluation of spatial relationships between many hits.

Future high-luminosity experiments further compound these computational challenges. The
HL-LHC [14] aims to collect 3000 fb~! of integrated luminosity, roughly an order of magni-
tude more data than the original LHC design. Higher luminosity at hadron colliders leads to
increased pileup, with multiple interactions occurring in the same or nearby bunch crossings,
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dramatically increasing the particle multiplicity per recorded event. Proposed future lepton
colliders such as the ILC [15], the FCC-ee [17], and CLIC [16] will produce even larger event
samples while operating in cleaner environments with minimal pileup. However, the compu-
tational burden remains substantial due to the large number of events required for precision
measurements and the complexity of highly granular detector designs. Additionally, preci-
sion measurements require simulated samples significantly larger than the collected data to
minimize statistical uncertainties.

As illustrated in Fig. 1.2 in Chapter 1, both ATLAS and CMS project that their computing
needs for the HL-LHC era will substantially exceed available resources [35, 36].

5.4 Fast Simulation Approaches

To address these computational challenges, the high-energy physics community has developed
various fast simulation techniques that trade some level of physical detail for substantial
speedup.

Parametric fast simulation techniques model calorimeter responses using parameterized
functions rather than detailed particle tracking. These approaches work by characterizing
average shower shapes through fits to full simulation, parameterizing observables (longitudinal
and lateral profiles, energy resolution, etc.) as functions of particle type, energy, and incident
angle, and sampling from these parameterizations when fast simulation is invoked. Examples
include FastCaloSim [110] used by ATLAS, fast shower parameterizations [21, 22] based on
analytical functions describing shower development, and frozen showers [24] which store and
reuse pre-simulated showers.

Parametric approaches can achieve much faster inference time compared to full simula-
tion. However, they have significant limitations that make them increasingly unsuitable for
future experiments. Most produce calorimeter responses at the cluster level rather than indi-
vidual hits, making them incompatible with reconstruction algorithms that rely on hit-level
information. Modern reconstruction approaches, particularly Particle Flow algorithms [111],
fundamentally rely on the fine granularity of calorimeters to separate energy depositions from
different particles in dense environments, requiring access to individual calorimeter hits with
their precise spatial positions and timing information. The move toward highly granular
calorimeters with millions of readout channels, such as the ILD ECAL with approximately 80
million individual cells, amplifies this fundamental incompatibility. Additionally, being based
on average shower profiles and simplified analytical functions, parametric methods cannot
fully reproduce the shower-to-shower variations observed in real particle showers.

5.5 Machine Learning for Fast Simulation

Recent advances in deep generative modeling offer a new approach for fast simulation that
addresses many limitations of traditional approaches. Machine learning models can learn
complex, high-dimensional distributions directly from training data and generate new samples
more efficiently.
The application of generative models to calorimeter simulation has been explored

through various architectures including Generative Adversarial Networks (GANs) [40, 112
118], Variational Autoencoders (VAEs) [5, 40, 115, 119], Normalizing Flows [120-124], and
Diffusion Models [1-3, 6, 125-127].
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The key advantages of generative ML models for calorimeter simulation include direct learn-
ing from data without requiring manual parameterization, hit-level generation compatible
with actual reconstruction chains, ability to model complex multi-dimensional correlations,
fast inference particularly when executed on GPUs, and flexibility to adapt to different detec-
tor geometries with fine-tuning. However, machine learning approaches also face challenges
including the need for large training samples of full simulation as ground truth, extensive
benchmarking requirements to validate physics accuracy, careful integration into experiment
software frameworks, and ongoing research into understanding and quantifying systematic
uncertainties from ML modeling.

Most generative models for calorimeter simulation rely on fixed-grid (voxelized) representa-
tions, mapping detector hits onto regular 3D tensors for training with standard deep learning
architectures. However, this approach encounters fundamental limitations. The high sparsity
of shower data in highly granular calorimeters creates large, mostly empty tensors that are
computationally inefficient to process, and the fixed-grid mapping entangles shower physics
with position-specific geometrical features (such as gaps between cells and staggering pat-
terns), significantly limiting the model’s ability to generalize to different impact positions
without retraining. Chapter 6 introduces the machine learning concepts and techniques un-
derlying modern generative models, followed by Chapter 7 which presents CALOCLOUDS, a
point cloud-based diffusion model that addresses these limitations by representing showers
as sets of energy-weighted points in continuous space, enabling both computational efficiency
and geometry independence in the transverse plane.
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6 Machine Learning

Machine Learning (ML) is a subfield of Artificial Intelligence (AI) that focuses on the de-
velopment of algorithms capable of learning from examples to solve problems, without being
explicitly programmed. The ability to learn from examples is the key feature of ML algo-
rithms, which makes them very powerful in solving problems that are difficult to describe
with a formal set of rules [128].

Driven by recent advancements in specialized hardware that enable extensive parallelization
of computational operations, machine learning has revolutionized high energy physics, and
computer science in general, allowing efficient analysis of large datasets generated by exper-
iments like those at LHC. In this rapidly evolving field, machine learning is used for a wide
variety of tasks ranging from real-time analysis [129, 130] and anomaly detection [131-134]
to performing particle tagging [135-139] and reconstruction [140, 141] using machine learning
models.

The present work explores the use of generative ML to accelerate particle shower simulations
in high-granularity calorimeters, addressing the computational bottlenecks outlined earlier in
Section 5, for future experiments in high energy physics.

This chapter is organized into several sections to provide a basic understanding of machine
learning principles and an overview of different generative model architectures. Section 6.1
introduces the foundational concepts and basics of machine learning, describing its general
principles and techniques. Section 6.2 introduces generative machine learning, with subsec-
tions dedicated to specific architectures: Generative Adversarial Networks 6.2.1, Variational
Autoencoders 6.2.2, Normalizing Flows 6.2.3, and Diffusion Models 6.2.4, outlining benefits
and use cases of each approach.

6.1 Basics of Machine Learning

Machine learning as a field is very broad, with a wide range of algorithms and techniques.
Although it is typically divided into three main categories: supervised learning, unsupervised
learning and reinforcement learning, each solving different types of problems [142].

Supervised learning refers to machine learning algorithms that are trained using labeled
datasets, where each input example is associated with a corresponding output. The goal is to
learn a function that accurately maps inputs to outputs for new, previously unseen inputs. A
simple example of supervised learning could be a particle identification task, where the input
data is the detector response from a particle interaction, and the output is the type of particle
responsible for that interaction.

Unsupervised learning on the other hand is a type of ML where the algorithm is trained
to learn the underlying patterns or distributions in data without the use of labeled examples.
An example of unsupervised learning could be an anomaly detection task, where the goal is
to identify the data points that do not fit the data distribution on which the algorithm has
been trained.

Reinforcement learning is a type of ML where the algorithm learns to make decisions by
interacting with an environment and receiving feedback in the form of rewards or penalties.
An example of reinforcement learning could be a beam control system, where the goal is to
maximize the luminosity of the beam by adjusting the beam parameters.

Despite differences among these three subfields, they all share a common training technique
involving iterative gradient-based optimization procedure aimed at minimizing or maximizing
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a loss function — sometimes called a cost function or criterion [128]. A loss function quantifies
how accurately a model fits the training data. This self-optimization process is precisely
what classifies these algorithms as machine learning. Even a simple linear regression can be
considered a form of machine learning if its solution is found through an automated iterative
optimization, e.g. Gradient Descent.

6.1.1 Gradient Descent

The most common optimization technique used in machine learning is gradient descent. It
is used in the vast majority of ML algorithms except for rule-based learning algorithms such
as classical Decision Trees (DT) or K-Nearest Neighbors (KNN). Gradient descent minimizes
the loss function by iteratively adjusting the model parameters. This procedure involves
calculating the gradient, which provides the direction of steepest ascent for the loss function,
and then moving in the opposite direction to minimize the error [128].

To describe gradient descent, consider a simple linear regression model, where the goal is
to find a linear function that predicts a target value based on the input, previously unseen
feature value. Suppose that a training set is given that contains input features x and output
targets . Then the model can be described as:

fwp(x) =wzr +0, (6.1)

where w and b are parameters of the model, also referred to as weights, that are adjusted
during the optimization process. In order to find the best w and b parameters, the loss
function needs to be defined. The most common loss function for linear regression is Mean
Squared Error (MSE) and it can be defined as follows:

Lup = > (o) — w)” (62)

i=1
where y; is the target value, f,,(z;) is the model’s prediction, sometimes denoted as ¥;,
and m is the number of examples in the training set.

Mathematically, the gradient of the loss function with respect to the parameters can be
defined as:

oL 0L
vw7wa,b — l&u, (%] 5 (63)

For the linear regression loss function using MSE, these partial derivatives are computed
as:

oL 2o
o = 25 (sl — (6.4)
oL 2
o m z-:l(fw,b(l"i) — i), (6.5)

The parameters are then updated in each iteration as follows:
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oL
Wi=w =y, (6.6)
oL

where « is the learning rate, a hyperparameter that controls the step size at each iteration.
A suitable learning rate is crucial, too large may cause overshooting of the minimum, and
too small might lead to excessively slow convergence. Gradient descent continues iteratively
updating the parameters until convergence is achieved or a predefined number of iterations is
completed.

6.1.2 Stochastic Gradient Descent

Gradient descent is fundamental for training most machine learning models. However, a
common challenge is the need for large training sets to achieve good generalization, which
simultaneously increases computational demands. The computational complexity of the 6.3
operation is O(m), meaning that as the training set expands to millions of examples, even a
single gradient step can become computationally impractical.

The core idea behind stochastic gradient descent (SGD) is to approximate the gradient using
a small subset of the data. At each iteration of the algorithm, a minibatch B = {z1, xo, ..., x,, }
is sampled randomly from the full training set. The minibatch size m is typically a small
fixed number — often between 1 and a few hundred, and crucially it remains constant even
as the overall training set size grows. As a result, it becomes possible to effectively train
on datasets with millions of examples by computing gradient updates using only around a
hundred examples at each step [128].

Beyond this fundamental method, there are advanced optimization techniques that improve
convergence properties and stability of the training.

The momentum method [143] accelerates the training, especially when gradients are small,
noisy, or when the optimization surface has high curvature. It works by keeping track of a
weighted average of previous gradients, encouraging the updates to continue moving in the
same direction.

Adaptive Gradient Algorithm (Adagrad) [144] dynamically adapts the learning rate for each
parameter, scaling inversely to the accumulated squared gradients. Adagrad is particularly
beneficial in sparse data scenarios but tends to excessively reduce learning rates over time.

Root Mean Square Propagation (RMSProp) [145] is a modification of Adagrad, RMSProp
employs an exponentially decaying moving average to counteract Adagrad’s aggressive learn-
ing rate decay, providing stable training across different parameter scales.

Adaptive Moment Estimation (Adam) [146] combines the advantages of momentum-based
methods and RMSProp, maintaining an exponentially decaying moving average of past gra-
dients and squared gradients, resulting in adaptive and efficient parameter updates. Due to
its robustness and minimal need for hyperparameter tuning, Adam has been utilized in this
work.

6.1.3 Artificial Neural Networks and Deep Learning

While linear models, such as those described in Section 6.1.1, can be effective for many simple
tasks, they have limitations. Most famously, they are unable to learn the XOR function, where
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fws([0,1]) = 1 and fiu,5([1,0]) = 1, but f,4([0,0]) = 0 and f,5([1,1]) = 0. To address these
limitations, artificial neural networks (ANNs) were developed. These models are inspired by
the structure and function of biological neurons in the brain, and designed to approximate
arbitrary functions via learned transformations.

The fundamental computational unit in a neural network is the artificial neuron, also known
as a perceptron. A neuron receives a set of input features x = {zy,x9,...,2,}, applies a
weighted sum, adds a bias, and then transforms this value using a non-linear function called

an activation function: .
y=o0 (Z ww; + b) : (6.8)

i=1
where w = {wy, ..., w, } are set of learnable weights, b is a learnable bias term, and o(-) is the
activation function.

The introduction of non-linearity o is very important. Without it, no matter how many
layers are stacked, the composition of linear functions is still a linear function, so the entire
model would still represent the equivalent of a single linear transformation. Non-linear acti-
vations such as those presented in Fig. 6.1, ReLU (Rectified Linear Unit), tanh, and sigmoid,
allow neural networks to introduce non-linear mappings from inputs to outputs.
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Figure 6.1: Illustration of the most common activation functions. The ReLU function (left)
is defined as o(z) = max(0, x), the sigmoid function (center) is defined as o(z) =
and the tanh function (right) is defined as o(x) = £¢
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However, a single neuron is still limited in its expressiveness. To model more complex
functions, neurons are connected in layers, where the output of one layer serves as input to
the next. This is usually called a feedforward neural network or multi-layer perceptron
(MLP); it consists of an input layer, multiple hidden layers, and an output layer. When such
networks consist of many hidden layers, they are often referred to as deep neural networks
(DNNs). A simple example of a feedforward neural network is shown in Fig. 6.2.

Over the years, many architectural components and design innovations have been developed
to improve performance and address specific tasks, such as convolutional layers for image pro-
cessing [147], recurrent layers that are used for sequential data processing [148], or attention
mechanisms for natural language processing [149]. Additionally, many different techniques
have been developed to increase training speed and stability: normalization techniques, resid-
ual connections, and many others [128].

While a comprehensive review of all these components is beyond the scope of this work, it is
important to recognize that the underlying principle remains the same: a neural network is a
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Figure 6.2: Illustration of a simple feedforward neural network. The input layer consists of
2 features x; and x,. Each line represents a connection between two neurons,
with the weights w; associated with each connection. Each neuron aggregates the
inputs from the previous layer via summation and applies a non-linear activation
function o(-). The final neuron y usually does not apply any activation function,
and represents the output of the model.

sequence of transformations applied to the input, with non-linearities applied between them,
trained to minimize the cost function. As the field continues to evolve, new architectures and
training methods emerge, yet this key idea remains the foundation upon which deep learning
is built.

6.1.4 Backpropagation

In order to train a neural network with Gradient Descent 6.1.1, the gradients of the loss
function with respect to the model parameters need to be computed. The standard method
for training is backpropagation, an algorithm that efficiently computes gradients of the loss
function with respect to each parameter in the network.

Backpropagation is a special case of the chain rule from calculus. Since a neural network is
essentially a nested composition of functions, the derivative of the loss L with respect to any
parameter w (e.g., a weight in one of the layers) can be expressed as:

oL OL 0
N (6.9)
ow Oy Ow

where ¥ is an intermediate output affected by w. By applying the chain rule recursively from
the output layer back to the input layer, the gradients for all parameters in the network can
be computed.
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6.2 Generative Machine Learning

Generative machine learning involves the use of generative models that learn to produce new
data samples that resemble the training data. To be able to draw a new sample, models
have to learn the underlying distribution of the training data. Practically, this is achieved
by training a model to perform a mapping from a simple prior distribution (e.g., Gaussian
or uniform) to the data space, such that new data samples can be generated by sampling
from the prior distribution and passing the sampled noise through the trained model, as can
be seen in the diagram in Fig. 6.3. In other words, a generative model is a function that
transforms a noise into some structure.

Generative Model .

Figure 6.3: Illustration of a generative model mapping. A sample drawn from a simple Gaus-
sian prior distribution (left) is transformed by the generative model into a struc-
tured output representing a simulated calorimeter shower (right). The shower was
generated using the CALOCLOUDS IIT model.

There are many different generative models that have been developed over the years, each
achieving this transformation in a different way, offering different benefits and drawbacks. In
the following sections, the most common types of generative models are discussed. While
the generative modeling field is rapidly evolving, and newer models generally differ from the
formalisms presented here, the key conceptual ideas remain the same.

6.2.1 Generative Adversarial Networks

The most iconic generative models, Generative Adversarial Networks (GANs), were intro-
duced by Goodfellow et al. in Ref. [150]; they offer an elegant approach in training a gener-
ative model by framing the problem as a game between two neural networks, a generator G
and a discriminator D. The generator generates samples from a random noise vector z drawn
from a simple prior distribution, while the discriminator attempts to distinguish between real
samples o from the training data and generated samples & produced by the generator. The
discriminator is trained to maximize the probability of correctly classifying real and gener-
ated samples, while the generator is trained to minimize the probability of the discriminator
correctly classifying the generated samples. This can be represented by the following loss
function:

Lpe= mGin max Empn (@) [log D(z)] + E.p.(2) [log(1 — D(G(2)))], (6.10)

where pgqiq(x) is the distribution of the training data and p,(z) is the distribution of the noise
vector z.
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Figure 6.4: Overview of the GAN architecture. The generator G generates samples from a
random noise vector z, while the discriminator D attempts to distinguish be-
tween real samples x and generated samples #. The generator and discriminator
are trained in an adversarial manner, with the generator weights optimized to
minimize the probability of the discriminator correctly classifying the generated
samples, and the discriminator weights optimized to maximize the probability of
correctly classifying betwen real and generated samples.

A simple diagram of the GAN architecture is shown in Fig. 6.4. Theoretically, in this
adversarial min-max game, the generator and discriminator are trained until they reach a
Nash Equilibrium, where the generator produces samples that are indistinguishable from the
real samples and the discriminator is unable to classify the samples correctly. In reality,
however, this is very difficult to achieve, the training process is very unstable and often leads
to mode collapse, when the generator produces a limited variations of samples, they may look
close to real samples but do not cover the full distribution of the training data.

6.2.2 Variational Autoencoders

Variational Autoencoders (VAEs) [151] are based on and derived from the autoencoder ar-
chitecture, which is a type of neural network with the primary goal of learning a compressed
representation of the input data. An autoencoder consists of two main components, an en-
coder F/ and a decoder D. The encoder maps the input data x to a lower-dimensional latent
space z, while the decoder reconstructs the latent representation back to the original data
space T.

The VAE extends the autoencoder architecture by introducing a probabilistic approach to
the latent space representation. This is achieved by parameterizing the encoder as a neural
network that outputs the mean g and variance o2 of the latent distribution, which is usually
set to be an uncorrelated multidimensional Gaussian distribution. The overall structure of
the VAE architecture is shown on Fig. 6.5.
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Figure 6.5: Overview of the VAE architecture. The encoder F maps the input data x to
a lower-dimensional latent space z, while the decoder D reconstructs the latent
representation back to the original data space Z. The latent space is parameterized
as a Gaussian distribution with mean p and variance o2, which is used to sample
new latent vectors.

By putting a constraint on the latent space to be a known distribution, new latent vectors
can be easily sampled and new samples can be generated by passing them through the decoder.
This constraint is usually enforced by minimizing the Kullback-Leibler divergence (KLD)
between the approximated posterior distribution ¢(z|z) and the prior distribution p(z):

Dicrlalelo)lp(2) = 3 a(cho)log 15 (6.11)

Combined with the reconstruction loss, which is usually set to be the MSE between the input
and reconstructed data, the total VAE loss function can be defined as:

Lvar = El(z — 2)°] + E[Dxz(q(2]2)|lp(2))]. (6.12)

In order to be able to perform backpropagation through the stochastic sampling process, a
reparameterization trick is used, introduced in Ref.[151], that expresses the latent space z as:

z=p+00Qk, (6.13)

where € is a random noise vector drawn from a standard normal distribution, and © is the
element-wise multiplication.

With the prior being a standard normal distribution, the total loss function can be simplified
to:

Lvne = El(x — 2] + 5Bl (1 +log(0?) s — 0?)] (6.14)
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where [ is a hyperparameter that controls the strength of the KLD term.

Overall, VAEs offer a more stable approach in training generative models in comparison to
GANSs, as they do not rely on the adversarial training process and use reconstruction loss to
guide the training. However, VAEs are often criticized for producing “blurry” samples, as the
reconstruction loss tends to average out the details in the generated samples. This requires
additional loss terms in the loss function, such as GAN-like adversarial loss [152], to improve
the quality of the generated samples.

6.2.3 Normalizing Flows

Normalizing Flows (NFs) [153] are a class of generative models that models complex data
distributions by applying a sequence of invertible and differentiable transformations to a
simple base distribution. As for GANs and VAEs the base distribution typically set to be
a standard multidimensional Gaussian distribution. Such transformation results in a flexible
generative model that can both generate new samples and compute exact likelihoods, which
distinguishes normalizing flows from GANs and VAEs.

Given a data sample z, normalizing flows learn to perform a mapping from the data space
to the latent space z by applying a series of invertible transformations f, referred to as the
normalizing direction:

z=frxofrk10-0 fi(z), (6.15)

where f; are the invertible and differentiable transformations, and K is the number of trans-
formations. The inverse mapping, also known as generative direction or sampling direction,
reconstructs a data point from the latent space z:

T =g10g20" " 0gx(z), (6.16)
where g, := f; ! are the inverse transformations. A simple diagram of the normalizing flow
architecture is shown in Fig. 6.6.

This invertibility of the flow allows for both sampling and exact computation of the likeli-
hood of the latent space z for a given data sample x:

K 0
log ps(z) = logp.(z) — > _ log |det Ji ) (6.17)
k=1 Ohy,—y
where agk% is the Jacobian of the transformation fi, hg = x and hy = fr(hg_y) for k =

1,..., K, and pz(2) is the base (prior) distribution.

Computing the Jacobian determinant for a general transformation is computationally ex-
pensive; the complexity of this operation is O(n?), where n is the number of dimensions in
the data space. To be practical, the transformations f; must be carefully designed to ensure
that their Jacobian determinants are tractable, i.e., can be computed efficiently.

Many different types of transformations have been proposed in the literature, such as affine
coupling layers [154-156], autoregressive flows [157], or neural ODEs [158]. The present work
makes use of coupling layers to construct the normalizing low model for modeling the per-layer
quantities of the electromagnetic shower.
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Figure 6.6: Schematic view of the normalizing flow model. The data sample z is transformed
into the latent space z by applying a series of invertible transformations f; during
training (normalizing direction). The inverse mapping reconstructs a data point
from the latent space z by applying the inverse transformations f, * (sampling
direction).

6.2.4 Diffusion Models

Diffusion models are a class of generative models that learn to reverse a gradual perturbation
process applied to the data. The key idea involves defining a forward process that transforms
structured data into noise through a sequence of steps, followed by training a model to invert
this process and reconstruct the original data from noise. Once trained, the model can generate
new data samples by sampling noise from a known distribution (e.g., Gaussian) and applying
the learned reverse process step by step. A simple diagram of the diffusion model architecture
is shown in Fig. 6.7.

Since the introduction of the diffusion model setup in Ref. [159], two main mathematical
frameworks have evolved in this field: the denoising diffusion probabilistic model (DDPM)
formalism [160] and the score-based formulation [161].

The denoising diffusion formalism, originally proposed in the DDPM framework [160], takes
a discrete-time perspective. The forward process adds Gaussian noise to the data over 7' time
steps according to:

Ty = X1 1— 515 -+ E\/E, (618)
C](%& | $t71) = N@t | Ti-14/ 1 - Btaﬁtl)v (6-19)

where € ~ N(0,I) and f; is a noise schedule that controls the amount of noise added at
each step. After a sufficiently large number of steps, the data sample is almost indistinguish-
able from pure Gaussian noise. The reverse process is also assumed to follow a Gaussian
distribution:

pe(%&fl | xt) = N(%&—l | :U“G(xtat)aﬁtl)v (6-20)
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Figure 6.7: Schematic view of the diffusion model. The forward process gradually transforms
data sample xy into nearly Gaussian noise X, while parameterized by the neural
network “Denoiser” reverses process by reconstructing the original data from noise.

where the mean pgy(xy,t) is predicted by a neural network.
In the score-based approach, the forward process is modeled as a stochastic differential
equation (SDE) of the form:
dr = f(x,t)dt + g(t)dW, (6.21)

where f(z,t) and g(t) are predefined drift and diffusion functions, respectively, and dW
represents a Wiener process (Brownian motion), with time ¢ € [0, 1]. The reverse-time SDE,
used for generation, is given by:

dx = [f(x, t) — g(t)*V, logpt(x)} dt + g(t),dW, (6.22)

where V, log p;(x) is the score function, representing the gradient of the log probability density
of the data at time ¢. The score function is approximated using a neural network, which is
trained to predict the score at each time step.

Although the score-based and DDPM approaches differ in formalism and implementation,
they have been shown to be mathematically equivalent under specific conditions, specifically
when using variance-preserving drift and diffusion functions [161]. This equivalence means
that a model trained under one formalism is also optimal under the other.

Diffusion models have gained significant attention in recent years due to their ability to
generate high-quality samples with stable training across various domains. However, the
iterative nature of the generation process makes them computationally expensive and requires
additional techniques to speed up the sampling process, such as consistency distillation [162].
Nevertheless, they offer a flexible framework that allows to balance computational resources
against generation quality.
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7 CaloClouds

The next three chapters present the main achievements of this work: the development and
evaluation of a point cloud generative model for fast calorimeter simulation. This chapter
discusses the purpose and applications of the CALOCLOUDS model, how it works, its ar-
chitecture design choices, and the improvements made through versions 1 to 3. Chapter 8
describes the integration of generative models into the ILD software chain, and Chapter 9
presents a comprehensive performance evaluation.

The results presented in the following three chapters have been obtained in collaboration
with Erik Buhmann, Thorsten Buss, Henry Day-Hall, Sascha Diefenbacher, Engin Eren, Frank
Gaede, Gregor Kasieczka, William Korcari, Katja Kriiger, Thomas Madlener, Peter McKe-
own, Martina Mozzanica, and Lorenzo Valente, and have been previously published in [1-4,
7]. Accordingly, the following three chapters include numerous figures, as well as substantial
portions of text that are similar or identical to parts of those publications.

The author’s contributions to the CALOCLOUDS models are substantial and span con-
ception, implementation, and evaluation. Specifically, the author was responsible for de-
signing and implementing the data pipelines, including the creation, preprocessing, and post-
processing of datasets for all studies in [1-4], except for the one in [7]. The author designed and
implemented the overall CALOCLOUDS framework and carried out the training and evaluation
of the original model in [1]. In [2], the author implemented and trained the SHOWERFLOW
module of CALOCLOUDS2. In CALOCLOUDS3 [3], the author led the training and optimiza-
tion of the diffusion model. Finally, the author performed detailed analysis and benchmarking
of the models in [4].

7.1 Purpose and Applications of the CaloClouds Model

The primary goal of this work is the development and evaluation of a generative machine
learning model to accelerate electromagnetic shower simulation in the ILD detector, a next-
generation detector originally designed for operation at the ILC (see Chapter 4 for a detailed
description of the ILD detector). The ILD detector serves as one of the primary options
for an ete™ Higgs factory, and is optimized for the Particle Flow approach to event recon-
struction (see Sec. 3.4). This approach places stringent requirements on detector hermeticity,
calorimeter granularity, and the minimization of material budget ahead of the calorimeters.

This work primarily focuses on the silicon-tungsten (Si-W) electromagnetic calorimeter
(ECAL) of the ILD, whose detailed specifications are provided in Chapter 4.

The CALOCLOUDS model is a point cloud generative model developed to generate elec-
tromagnetic showers in highly granular calorimeters, with high speed and fidelity. Unlike
the vast majority of generative models in this field, which rely on fixed-grid representations
[7], the CALOCLOUDS model represents showers as sets of energy-weighted points in space.
This point cloud representation offers significantly better information density than voxel-
based approaches, which is particularly advantageous for highly granular calorimeters where
the sparsity of shower data in a fine grid creates challenges for learning. By avoiding the
fixed grid structure, the model can capture shower physics at high resolution without the
computational overhead of processing large, mostly empty tensors. Furthermore, the continu-
ous spatial representation within each layer enables geometry independence in the transverse
plane, allowing generated showers to be projected onto arbitrary detector positions without
retraining.
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The primary motivation behind CALOCLOUDS is to alleviate the computational bottleneck
of traditional full detector simulations, such as those performed with Geant4, which dominate
computing budgets in current and future HEP experiments. With ever-increasing luminosity
and detector complexity at experiments like the HL-LHC, ILC, or FCC, the need for scalable
and adaptable fast simulation solutions has become more urgent. CALOCLOUDS addresses this
need by enabling orders-of-magnitude faster generation of calorimeter showers while preserving
essential physical features.

A key feature of this model is the data preprocessing scheme that enables the use of a
point cloud representation for energy depositions, as discussed in Section 7.2. This geometry-
independent approach decouples the electromagnetic shower from the fixed readout layer
layouts of the detector, enabling the model to be applied to any position with the same
material structure. The same modeling approach can also be applied to other highly granular
calorimeter systems, such as CMS-HGCAL [109], without requiring significant changes to the
model architecture, though retraining or finetuning on the target detector’s material structure
would be necessary.

While the initial development focused on electromagnetic showers for the ECAL of the ILD
detector concept, the CALOCLOUDS paradigm has been extended in subsequent studies to
simulate hadronic showers in a combined ECAL-HCAL system [6], and for different detector
designs [163, 164]. This demonstrates the model’s ability to adapt to various calorimeter
geometries, readout schemes, and physics scenarios with minimal modifications.

All simulations are performed within the KEY4HEP[165] software ecosystem. Full simulation
is conducted using GEANT4 [166] version 11.2.2, employing the QGSP_BERT physics list,
and DD4HEP [167] version 1.30. A detailed and realistic model of the ILD detector geometry
(version: ILD_15_o01_v02), as implemented in DD4HEP, is utilized for both full and fast
simulation workflows.

7.2 CaloClouds Data Representation

The performance of machine learning models relies heavily on the data representation they
are trained on [128]. The right data representation can significantly improve a model’s per-
formance, or in some cases, even turn an impossible problem into a trivial task. A simple
example is illustrated in Figure 7.1: consider classifying points in a 2D space by drawing a
straight line to separate two classes. In Cartesian coordinates (left panel), perfect separation
is impossible, achieving at best approximately 65% accuracy. However, representing the same
data in polar coordinates (right panel) makes the task trivial — a vertical line achieves perfect
separation.

Similarly, the excellent performance of the CALOCLOUDS model can be attributed to its
data representation strategy. This section describes how calorimeter shower data is repre-
sented and preprocessed to enable geometry-independent fast simulation.

Throughout this section, shower data will be described in a local Cartesian coordinate
system centred on the photon’s impact point, where z and y span the transverse plane (parallel
to the calorimeter layers) and z points along the depth of the calorimeter in the direction of
shower propagation.

The Challenge: Detector Geometry and Shower Representation

The ILD ECAL geometry presents a challenge for machine learning approaches. While the
overall material composition and longitudinal layer structure are consistent across the detec-



7.2 CaloClouds Data Representation 53

Cartesian coordinates Polar coordinates

Figure 7.1: Effect of data representation on model performance. The left panel shows a
dataset represented in Cartesian coordinates, where it is impossible to separate
the two classes with a straight line. The right panel shows the same dataset
represented in polar coordinates, where a perfect separation can be achieved
with a vertical line. Figure from [128].

tor, the readout structure features irregularities: gaps between sensors, silicon wafer edges,
mechanical supports, and a staggering pattern between layers. Figure 7.2 illustrates this with
four 50 GeV photons fired from the interaction point — despite varying impact positions,
the shower shapes appear similar due to the consistent material structure, yet the readout
irregularities vary with position.

Previous studies typically mapped energy depositions from the irregular detector geometry
onto a fixed, regular grid representation, such as a 3D tensor (Figure 7.3), to enable training
with standard deep learning architectures like 3D convolutional neural networks [40, 41|. How-
ever, this one-to-one mapping from detector cells to a regular grid introduces a fundamental
problem: the shower data becomes entangled with position-specific geometrical features.

The staggering effect, illustrated in Figure 7.4, exemplifies this issue. Models trained on
such representations inadvertently learn not only electromagnetic shower physics, but also
detector-specific artefacts tied to the training location. This creates a fundamental limitation:
the model becomes biased to specific incidence positions and loses generalisability across the
calorimeter. While conditioning the model on exact shower positions could in principle restore
spatial generalisation, this approach is computationally infeasible due to the enormous number
of possible incidence positions and orientations.

The CaloClouds Solution: Regularised Geometry and Point Clouds

To overcome these limitations, CALOCLOUDS employs a two-part strategy: a regularised
readout geometry combined with a high-resolution point cloud representation.

The first step involves simulating showers in a regularised version of the ILD ECAL geome-
try, as illustrated in Figure 7.5. By eliminating insensitive regions and staggering offsets (while
preserving layer thicknesses), the model learns only the physics of shower development, decou-
pled from detector-specific readout irregularities. This approach was also adopted in [41] for
training the Bounded Information Bottleneck Autoencoder (BIB-AE) model [40]. However,
as demonstrated in [41], while this regularised approach decouples showers from position-
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Figure 7.2: ILD event display with four 50 GeV photons fired from the interaction point in
random directions. Fach inset highlights the localised electromagnetic shower in
the ECAL for a different photon. Despite varying impact positions across the
detector volume, the shower shapes appear similar to each other due to the
consistent material structure and longitudinal layering. This regularity justifies
simplifying the training dataset to a single location with variable energy and
angle, significantly reducing the dimensionality of the training phase space.

60 GeV photon shower in the ILD ECAL Regular grid 30x30x30
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Figure 7.3: Mapping of calorimeter showers from irregular detector geometry to a regular
grid representation. The left panel shows the ILD event display with a 60 GeV
photon shower in the physical geometry of the ECAL. The right panel shows the
same shower mapped onto a regular 30 x 30 x 30 grid representation, where each
voxel corresponds to a cell in the detector. Figure adapted from [40).
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Figure 7.4: Staggering effect in the ILD ECAL geometry. The left panel shows a simplified
schematic view of the ECAL layer structure in the physical geometry, where the
sensitive layers (in orange) are staggered in the x direction. The red line
illustrates the trajectory of a particle traversing the calorimeter, and the black
cells indicate the activated cells. The right panel shows the projection of 2,000
photon showers with 50 GeV energy onto the regular grid. The staggering effect
is clearly visible in the x direction as a periodic pattern in the core of the
shower. The right panel is taken from [40].

specific geometry artefacts, having the same spatial resolution in the regular and physical
geometries is insufficient to avoid projection artefacts when mapping generated showers to
arbitrary detector locations. These artefacts arise from the discrete nature of the voxel-based
representation, where energy depositions are confined to fixed grid cells that do not perfectly
align with the target geometry after projection.

The CALOCLOUDS approach takes this strategy a step further by creating a high-resolution
point cloud representation from the raw Geant4 simulation steps, as illustrated in Figure 7.6.
During full simulation with Geant4, a very large number of individual energy depositions (on
average 20,000 per shower for photon showers at 50 GeV) from secondary particles traversing
the sensors is created in the sensitive materials. These Geant4 steps represent the ultimate
resolution of the simulation — a true point cloud of energy depositions with continuous spatial
coordinates, completely independent of any readout geometry layout. By training on this
high-resolution point cloud and projecting to the physical geometry only at inference time,
CALOCLOUDS avoids the projection artefacts inherent to voxel-based approaches.

Preprocessing Pipeline

While the raw Geant4 steps could in principle be used directly as input to the point cloud
model, their number is prohibitively large. Therefore, a pre-clustering procedure is applied to
reduce the data to a manageable size while preserving spatial structure.

The preprocessing pipeline operates as follows. First, the ILD detector’s azimuthal symme-
try is exploited: the calorimeter is divided into 8 identical octants in ¢, allowing training and
evaluation to be performed on a single octant. The Geant4 steps are then pre-clustered by
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Figure 7.5: Visualisation of geometry maps for (left) the physical geometry and (right) the
regular geometry for a section of two sensitive layers in the calorimeter. The
physical geometry includes gaps between the cells arising from insensitive
volumes such as structural supports and readout electronics, as well as a
staggering effect between layers. The regular geometry consists purely of
sensitive material, with the cells being perfectly aligned from one layer to the
next.

binning the energy deposits in each layer into a grid with higher granularity than the physical
cell size. In CALOCLOUDS2, a 6 X 6 grid per detector cell (36 times higher granularity) was
used, with points placed at the centre of each bin. CALOCLOUDS3 adopts a slightly coarser
5 x 5 grid per cell, as this was found to have minimal impact on kinematics after projection
while improving computational efficiency. Additionally, CALOCLOUDS3 places points at the
location of the highest-energy step within each bin rather than at the bin centre, better pre-
serving the spatial structure of the shower. In each event, the binning grid is given a uniform
random offset of up to half a cell to reduce discretisation effects. This creates a set of up to
~ 6,000 points per shower.

The preprocessing pipeline defines a bounding box around the showers: £200 mm in = and
y for CALOCLOUDS2, extended to £250 mm (100 x 100 cells) in CALOCLOUDS3. The centre
of each layer is shifted in the x and y directions to remove the shower’s tilt, as illustrated
in Figure 7.7. The shift is calculated from the layer depth and incident particle momentum,
aligning the shower core along the z-axis. This preprocessing helps the diffusion model learn
the details of backscattering rather than focusing on the gross shape, which is known from
the incident particle direction.

Since there are no recorded GEANT4 steps in the absorber layers, the data is transformed
such that the absorber regions are removed and the active layers become contiguous. The z
positions within the active layers are uniformly smeared to produce data that is smooth in
z, whereas in the original ILD simulation, energy is deposited predominantly at the centre
of each layer for technical reasons. Finally, the cluster positions are normalised such that
the bounding box boundaries correspond to positions of —1 and +1 respectively, improving
numerical stability during training.



7.3 Model Architecture 57

\
/

/m' _layer19 i conly s VEFORAGLL: \
as

Z [mm]

Y [mm]
Z [layers]

X [mm] ’ . SRR ';L” T 2T <00 75 5o -3 6 35 0 75 100 BT 3 %
X [mm] X [mm]

_ J ,

e s 2
All Geant4 Project to ultra-high Remove gaps between layers ..
. o Training data
steps granular grid and smear 7Z positions
\ \ J

Energy [MeV] Energy [MeV]
20

|

1.8

1.6

1.4

1.2

[ww]Z -

o
5 ;
o o2 0,
20, A
\ ” / \ “ )

Figure 7.6: Data preprocessing pipeline for CALOCLOUDS. The raw Geant4 simulation
steps provide fine-grained energy depositions along particle trajectories, with on
average 20,000 steps per shower. These steps are first projected onto a regular
grid with higher granularity than the calorimeter cells, reducing the number of
points while preserving spatial structure. The gaps between active layers are
then removed and the z positions are smeared to produce smooth distributions.
The resulting high-resolution point cloud representation with normalised
coordinates enables flexible projection to arbitrary detector geometries without
reconstruction artefacts.

7.3 Model Architecture

Having established how calorimeter showers are represented as high-resolution point clouds,
this section describes the generative model architecture used to generate them. All three
CALOCLOUDS model versions share a common three-step generation procedure, illustrated in
Figure 7.8: (1) a normalising flow generates global shower properties, (2) a diffusion model
generates the energy depositions, and (3) a calibration step combines these outputs into a
physically consistent shower.

Shower Flow: Global Property Generation

The first component, referred to as SHOWERFLOW (shown in purple in Figure 7.8), is a
normalising flow model that generates global shower properties conditioned on the incident
particle. In CALOCLOUDS3, the conditioning variables are the normalised incident energy
E and the normalised momentum direction (p,,p,,p.)/|p|. While versions 1 and 2 used
only the incident energy as conditioning. The decision to use Cartesian coordinates for the
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Figure 7.7: Removal of shower tilt in the preprocessing pipeline. The left panel shows a
shower from an angled incident photon, where the shower core is displaced in x
as a function of depth z. The right panel shows the same shower after applying
layer-by-layer geometrical offsets to remove the tilt, aligning the shower core
along the z-axis. This transformation allows the model to learn shower physics
independently of the incident angle.

direction, rather than a pair of angles, was driven by a desire to avoid degeneracy in the
input space. Consider a local polar angle measuring the deviation of the incident photon
from one that travels at 90° to the surface of the layers. When this local polar angle is
0, there are an infinite number of azimuthal angles specifying the same direction, which is
challenging for interpolation. Some minor instability is observed at (0,0,1), as this point
is singular. Occasionally, this leads to unphysical events from SHOWERFLOW (with many
negative energies or numbers of points), but it is rare enough (around 0.1% of samples) to be
handled by rejection sampling.

The features predicted by SHOWERFLOW have evolved across model versions to remove
redundancies and improve the stability of the training:

e In CALOCLOUDS, SHOWERFLOW predicted the number of points per layer and the total
shower energy.

e In CALOCLOUDS2, SHOWERFLOW additionally predicted the energy per layer and the
centre of gravity (CoG) of the shower in z, y, and z.

e In CALOCLOUDS3, SHOWERFLOW is limited to predicting only the number of points
per layer and the energy per layer, with the CoG prediction removed (see below).

The CALOCLOUDS3 SHOWERFLOW architecture interleaves 12 affine couplings and 2 spline
couplings, substantially reduced from the 60 affine and 10 spline couplings used in CALO-
Crouns2. This simplification was found to be sufficient to capture the complexity of the
distribution while being faster at inference time and more stable to train. The output values
are scaled by fixed factors (7864 for point counts, 3.4 for energies) to rescale the majority of
each distribution to lie between 0 and 1. The model is trained using the Adam optimiser with
a learning rate of 0.0002 and batch size of 62.
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Figure 7.8: CALOCLOUDS3 model architecture overview. Step 1 (orange): SHOWERFLOW,
a normalising flow, generates global shower properties — the number of points
N.; and energy I, ; per layer — conditioned on the incident particle energy I/
and direction (X, Y, 7). Step 2 (cyan): a diffusion model generates
Neal = N x scalefactor individual points from Gaussian noise N (0, 7°I) in N,
denoising steps. Step 3 (magenta): calibration assigns points to layers according
to SHOWERFLOW predictions and scales energies to match the predicted layer
energies, producing the final generated shower.

Point-Wise Diffusion Model

The second step employs a point-wise diffusion model (shown in green in Figure 7.8) that gen-
erates the actual point cloud of energy depositions. A key simplification in the CALOCLOUDS
approach is the assumption that all points in the shower are independent and identically
distributed (i.i.d.). While electromagnetic showers do exhibit correlations between hits — for
example, from secondary particles scattering at wide angles — treating points as i.i.d. dramat-
ically simplifies the model architecture and reduces inference time.

The diffusion model generates points by iteratively denoising samples drawn from a Gaus-
sian distribution A/(0, T%T). In CALOCLOUDS2 and CALOCLOUDS3, the diffusion model has
been distilled to a single denoising step, enabling rapid generation. Unlike CALOCLOUDS2,
the CALOCLOUDS3 diffusion model is no longer conditioned on the total number of points;
removing this conditioning was found to have no impact on physics performance. The condi-
tioning is therefore the same as for SHOWERFLOW: the incident particle energy and direction.

Each generated point consists of spatial coordinates (z,y, z) and an energy value expressed
on a logarithmic scale, ensuring the energy spectrum covers all real numbers.

Calibration and Final Assembly

The third step (shown in magenta in Figure 7.8) combines the outputs of SHOWERFLOW
and the diffusion model into a physically consistent shower through a calibration procedure.
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Starting from the first layer the photon reaches and working outwards:

1. The number of points predicted by SHOWERFLOW for each layer are selected from the
pool of points generated by the diffusion model. The selected points are assigned z
positions at the centre of their respective layer.

2. The total energy in each layer is rescaled to match the energy predicted by SHOWER-
Frow.

Two fixed scale factors are applied to correct for residual biases in the occupancy and total
energy of the shower. This is simplified from CALOCLOUDS2, where occupancy was corrected
with a polynomial fit.

Removal of Centre of Gravity Calibration

In CALOCLOUDS2, SHOWERFLOW predicted values for the CoG perpendicular to the shower
axis, and all points were shifted to match during calibration. While this achieved good
agreement with the Geant4 CoG distribution, the approach is unphysical. The tails of the
true CoG distribution arise not from shifting the bulk of points, but from correlated, off-centre
clusters of hits produced by wide-angle secondary particles. Since the diffusion model draws
points i.i.d., these correlated structures cannot be replicated.

In CALOCLOUDS3, the CoG calibration was therefore removed, and the x and y centre of
gravity naturally yielded by the diffusion model is left unmodified.
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8 Integration into the International Large
Detector Software Chain

This chapter describes the integration of generative models for fast calorimeter simulation
into the ILD software chain. The work builds on collaborative efforts within the FTX-SFT
group at DESY and was initially introduced as DDFastShowerML in [41], later renamed to
DDML and published in [4].

Peter McKeown initially developed the DDML library in collaboration with Thomas Madlener
and Frank Gaede, which forms the foundation of this integration framework. Figures in this
chapter are from [4]. The author contributed by scripting the CALOCLOUDS model for deploy-
ment and implementing adaptations to DDML for integrating the CALOCLOUDS model into
the ILD simulation chain. Thorsten Buss developed, trained, and integrated the L2LFLOWS
model (Chapter 9) into DDML.

8.1 The DDML Library

To study generative model performance in realistic physics simulations with event reconstruc-
tion, the models must integrate with the experiment’s standard software ecosystems, typically
implemented in C++. This section describes the DDML library, a generic framework for in-
tegrating generative models for fast calorimeter simulation into full simulation applications.

8.1.1 Overview and Motivation

The DDML! library [168] was developed as part of the KEYAHEP software stack to inte-
grate generative models for fast calorimeter simulation into full simulation applications. It
follows the GEANT4 PARO4 example for running machine learning inference in fast simulation
models [169]. Built on top of GEANT4 and DD4HEP toolkits, the library provides access to
extensive functionality. This includes an interface to a GEANT4 trigger mechanism for termi-
nating physics-based full simulation in favor of an alternative simulation approach. A trigger
is associated with a specific geometrical detector region and activates when an impinging par-
ticle satisfies certain criteria (particle type, energy, etc.). This enables seamless incorporation
of generative model-based fast calorimeter simulation into full simulation applications.

8.1.2 Design Principles

The DDML library supports a generic approach to fast simulation with generative models
through three key requirements:

1. Support different types of generative models regarding structure, required inputs, and
generated outputs.

2. Enable different engines for model inference.

3. Allow different detector geometries implemented in DD4HEP.

Thttps://github.com/key4hep/DDML
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Two conventions are adopted for the library. First, a local right-handed coordinate system is
defined with the origin at the calorimeter entry point, the 2’ axis orthogonal to the calorimeter
face pointing inward, and the 2’ axis aligned with the magnetic field direction. This enables
consistent handling of model output regardless of where a particle strikes the detector. Second,
model outputs are interpreted as local space points in this coordinate system, providing a
generic means of interpreting outputs independent of architectural details.

8.1.3 Architecture

The library is split into multiple interfaces via a class template, decoupling the three aspects
detailed above for easier extension and maintenance. The interfaces are outlined below, with
a class diagram shown in Figure 8.1 and the order of operations in Algorithm 1.

FastShowerModel

Trigger Inteface @~ [~~~ -~ -~~~ -~ -~ =-=-----~-=-=~-==--==-°-=°°% I

+ checkTrigger (track: G4FastTrack) Model Interface
— bool

+ preparelnput (track: G4FastTrack,
localDir: G4ThreeVec)
— inputs: vec

EETED D inputs + convertOutput (track: G4FastTrack,
+ runinference (inputs: vec) localDir: G4ThreeVec
— outputs: vec outputs: vec)
outputs — localSPs: SpacePoints

Iocal[/
localSPs

Geometry Interface

+ getLocalDir (track: G4FastTrack)
— localDir: G4ThreeVec globalSPs Hit Maker
+ localToGlobal (track: G4FastTrack, + makeHit (sp: SpacePoint,
localSPs: SpacePoints) track: G4FastTrack)
— globalSPs: SpacePoints

Figure 8.1: Class diagram illustrating the core components of the DDML library. See the
text for a detailed description of the interfaces. Figure from [41].

Trigger Interface

The Trigger Interface extends the trigger on particle type and energy existing in DD4HEP
and GEANT4. It enables excluding a fast simulation model from running in certain detector
regions (checkTrigger). This provides a simple means of handling calorimeter regions with
irregular structure, where full simulation or a separate generative model can run instead.

Model Interface

The Model Interface provides model-specific implementations with two roles. First, it prepares
the input (preparelnputs) in the format expected by the model, with a localDir object available
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Algorithm 1 Pseudocode illustrating the order of operations for the core components of the
DDML library.

1. if Trigger.checkTrigger(track) == True then
: Kill full simulation of particle

2
3 localDir = Geometry.getLocalDir(track)

4 inputs = Model.preparelnputs(track, localDir)

5: outputs = Inference.runlnference(inputs)

6: localSPs = Model.convertOutput(track, localDir, outputs)
7 globalSPs = Geometry.localToGlobal(track, localSP)

8 for (sp in globalSPs) do

9 HitMaker.makeHit(sp, track)

10: end for

11: else

12: Full simulation of particle with GEANT4

13: end if

to provide local direction information at the calorimeter face for use as conditioning input.
Second, it interprets the model output for conversion into local space points (convertOQutput).

Inference Interface

The Inference Interface provides a simple means of calling the inference library for a model
(runinference). Both LIBTORCH [170] and ONNXRUNTIME [171] inference libraries are cur-
rently supported. Additionally, functionality exists for loading pre-simulated shower libraries
from HDF5 files, intended for model prototyping and representation investigations.

Geometry Interface

The Geometry Interface performs two roles. First, it computes the local direction (getLo-
calDir), providing the Model Interface a consistent means of model conditioning. Second,
it places the local space points from the Model Interface into the detector geometry (local-
ToGlobal), including conversion from local calorimeter coordinates to global envelope coor-
dinates and placement of hits onto sensitive detector elements. It must be implemented per
geometry, with disk endcap, polyhedral, and cylindrical barrel calorimeter geometries already
supported.

HitMaker Interface

A GEANT4 helper class that enables placement of energy deposits from the fast simulation
model, provided their position lies within a sensitive detector element (makeHit).

The DDML library currently supports only single shower generation with a generative
model (batch size of one) on a CPU, which remains the dominant hardware in high energy
physics computing infrastructure [172]. Future support for batched shower generation and
GPU acceleration is planned, which would enable the most significant simulation speed-ups
relative to GEANT4 through parallelization.
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8.1.4 DDML Implementation for the ILD Detector

The DDML implementation for the ILD detector used in this study includes both the CALO-
Croups3 and L2LFLOWS models described in Chapter 7. The models were converted to a
C++-compatible format, with architecture components serialized through a combination of
tracing and scripting individual operations. This was achieved primarily using TORCHSCRIPT
utilities in PYToRrcH [170], with the SHOWERFLOW component of the CALOCLOUDS3 ar-
chitecture utilizing POUTINE effect handlers from the PYRO [173] deep probabilistic pro-
gramming library in which it was implemented.

This study focuses on the ILD detector’s barrel region. To leverage the detector’s symme-
try, showers at different positions are generated using models trained on showers in a single
location, as described in Chapter 7.2. This is possible because the regularized calorimeter
used for the training dataset has no dead material within active layers and no gaps, making
the model a valid simulator for most of the detector. In particularly irregular regions, full
simulation runs instead using the trigger interface from Section 8.1.

Two types of regions are excluded. First, the barrel-endcap transition region contains a gap
and a change in calorimeter layer orientation. Therefore, barrel edges at # < 40 degrees and
6 > 140 degrees in the global ILD coordinate system are excluded from fast simulation. Sec-
ond, the intersection between staves of the octagonal barrel exhibits asymmetrical calorimeter
layer orientation changes. These 8 transition regions are excluded by 8 cuts in the global ILD
coordinate system, each consisting of an 8.01 degree range in (.

This implementation demonstrates DDMUL library’s flexibility in handling realistic detector
geometries while seamlessly integrating generative models into the full simulation chain.
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O Results and Benchmarks

This chapter presents a comprehensive evaluation of the generative models developed for
electromagnetic shower simulation in the ILD detector. The assessment follows a systematic
approach, progressing from idealized reference scenarios to increasingly complex and realistic
physics applications. The results have been previously published in [4].

The L2LFLows model included in the benchmarks was developed, trained, and integrated
into the ILD simulation pipeline by Thorsten Buss. The DDML library and integration
framework were developed by Peter McKeown in a collaboration with Thomas Madlener
and Frank Gaede, with contributions from the author for specific features required for the
benchmarks. The plots and studies presented in this chapter were performed by the author.

The evaluation framework is designed to address two fundamental questions: first, how well
do generative models reproduce the physics of electromagnetic shower development, and sec-
ond, what are the intrinsic limitations imposed by different data representations independent
of model performance. To answer these questions, this work introduces a novel benchmarking
methodology based on optimal shower generators that isolate the effects of data preprocessing
strategies from generative model capabilities.

The benchmarking strategy proceeds through several levels of complexity:

e Optimal generators (Section 9.2): Establish theoretical performance limits for differ-
ent data representations by using idealized generators derived directly from GEANT4
simulation steps.

e Single particle performance (Section 9.3): Evaluate fundamental shower characteristics
including energy profiles, resolution, linearity, and angular reconstruction for individual
electromagnetic showers.

e Multi-particle scenarios (Section 9.4): Test performance with overlapping showers using
controlled di-photon benchmarks to probe reconstruction capabilities under realistic
conditions.

e Full physics applications (Section 9.5): Assess model fidelity in complete physics pro-
cesses using tau lepton decays, representing the ultimate test of practical applicability.

e Computational performance (Section 9.6): Quantify the speed advantages of generative
models compared to traditional GEANT4 simulation across different energy ranges.

e Systematics from simulation methodology (Section 9.7): Study geometric biases when
applying models trained on idealized to realistic geometries.

e Observable comparison summary (Section 9.8): Provide a quantitative overview of
model agreement with GEANT4 across all benchmark observables using JS divergence
and L; metrics.

Throughout this evaluation, the performance of two primary generative models is compared:
CALOCLOUDS3, a point cloud-based diffusion model that operates with high resolution point
cloud shower representation, and L2LFLOWS, a grid-based normalizing flow model that uses
fixed voxelized representations. The BIBAE [41, 174], the previous state-of-the-art gener-
ative model developed and integrated for the ILD detector, is not included in the physics
performance benchmarks due to differences in the simulation setup and GEANT4 version used
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in previous studies compared to the one employed here. The performance of OpTIMUM (X1)
serves as a proxy to the upper bound performance of BIBAE, since OPTIMUM (x1) is essen-
tially the training data for the BIBAE model. However, timing results for the BIBAE are
included in Section 9.6. These models represent different approaches in data preprocessing
strategies and provide complementary insights into the trade-offs between flexibility, accuracy,
and computational efficiency.

The results presented demonstrate that generative models can achieve high fidelity electro-
magnetic shower simulation in realistic physics scenarios while providing substantial compu-
tational speedups over traditional methods. The analysis also reveals important limitations,
particularly regarding the impact of data representation choices on the achievable perfor-
mance.

9.1 Benchmarking Methodology

As described in Chapter 8, the DDML library enables the integration of different generative
models into the ILD simulation chain using the DD4HEP toolkit [175]. This allows particle
showers to be generated within the standard ILD software chain and reconstructed using par-
ticle flow reconstruction with PANDORAPFA [111], enabling realistic physics benchmarking
of generative models. All benchmarking samples used in this study have gone through the
complete software chain including event reconstruction.

Although studying single-shower observables is important to gauge the performance of a
model, as is now standard in the literature, in real physics events showers from multiple parti-
cles may overlap. This significantly increases the complexity of evaluating the performance of
a model, as the breadth of the phase space makes disentangling the interplay of overlapping
showers with reconstruction algorithms a challenging task. For this reason, a step-by-step
approach is taken, ultimately building towards benchmarking the models in a full physics
setting.

The evaluation begins by studying the performance of the models in terms of single particle
observables. Next, the simplest scenario for a multi-particle test is examined — two photons
fired into the face of the ECAL. This is a standard benchmark which has also been used for
the development of reconstruction algorithms, such as PANDORAPFA [176]. This approach
provides an isolated and controllable means of probing generative model performance, as well
as allowing connections to be drawn to the performance on single particle observables.

Finally, the performance of generative models for the simulation of photon showers in a full
physics process is studied. As the performance required of a fast simulation tool will depend
heavily on the physics process for which the tool is used, a physics process is desired that
provides a stringent test of a fast simulation tool for electromagnetic showers. To this end,
hadronic decay modes of the tau lepton in the process ete™ — 777 are chosen.

As discussed in Chapter 2, the tau lepton is of interest for many precision studies planned
for future ete™ collider experiments, particularly for probing the Higgs sector and its CP
structure [71, 177-180]. Hadronic decay modes of the tau, which account for approximately
65% of tau decays, frequently involve one or more neutral pions produced via intermediate
resonances such as p(770) or a;(1200) (see Table 2.1 in Chapter 2). Since each 7° almost
always decays to two photons, correctly reconstructing the number of 7% produced is essen-
tial for determining the tau decay mode and spin state. The high boost and collimation of
the decay products makes this challenging, and the presence of numerous overlapping photon
showers in such events makes hadronic tau decays a standard benchmark of electromagnetic
calorimeter performance [74, 181]. These events are therefore ideal for exposing any flaws in
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the performance of a fast simulation tool for electromagnetic calorimeters. Correctly recon-
structing these 7’s involves not only distinguishing the number of photons from overlapping
showers (the performance of which can be linked to the aforementioned isolated di-photon
benchmark), but also correctly inferring the kinematics from shower-level observables (which
can be linked to the aforementioned single particle benchmark).

9.2 Optimal Shower Generators

To better understand the effects and potential limitations of projecting showers into a re-
alistic detector geometry, three different shower representations are considered, each with a
corresponding optimal shower generator. Each of these optimal generators is derived from
simulations run with GEANT4 on the regular ILD ECAL introduced in section 7.2, from
which all individual energy depositions within the sensitive layers, so called GEANT4 steps,
are extracted. This approach enables quantification of the effect of projecting a regular grid
with a given granularity onto the actual detector readout geometry, and allows isolation of
the effects of the data representation from the performance of a given generative model. The
three representations are denoted as Rx1, Rxg, and R (steps)-

The first representation Ry features a granularity identical to that of the ILD ECAL (5 x5
mm?), and has a corresponding optimal generator OPTIMUM (X1) shown in Figure 9.1 (left).
Here, each simulated step from GEANT4 is projected onto a virtual regular grid, matching
exactly the realistic detector cell sizes. Thus, OPTIMUM (X1), provides the ideal reference
for the achievable performance for any model trained on the readout geometry of the physical
detector.

i} Optimum (x1) _ Optimum (x9) Optimum (steps)

L] . . 00
60 | . 105 60 - 10° 60
40 S = 40 = 40 107t
- 1 2 —_ 3 —_ 23
z 2 oy . z 20]. 023 Z 20| 1025
E Ll 2 £ = E° 10 3y
20 " g 5 20 S > 201 =t
> 101 @ - 10! Q : 1074 ©
-40 . £ a0l £ 0 2
-5
-60 ] - fI'T o -60 -60 10
10 100

-60 -40 -20 0 20 40 60

X [mm]

-60 -40-20 0 20 40 60

X [mm]

60 -40 20 0 20 40 60
X [mm]

Figure 9.1: Visualization of the same 90 GeV electromagnetic shower in a lateral projection
of the ILD ECAL, represented using the three optimal generators: OPTIMUM
(x1) (left), OpTIMUM (X9) (center), and OPTIMUM (STEPS) (right).

The second representation Rg increases the lateral granularity by a factor of three in
each dimension, resulting in nine times more cells (1.67 x 1.67 mm?) per layer compared
to R«1. This representation has an optimal generator OPTIMUM (X9), shown in Figure
9.1 (center). Such an increased granularity allows for a finer spatial resolution of showers,
reducing projection-related effects. It serves as a reference for understanding the impact of
increasing the granularity of the data representation on the fidelity of the projected showers.

Finally, representation R (seps), With corresponding generator OPTIMUM (steps) shown in
Figure 9.1 (right), provides the most detailed reference scenario by avoiding any spatial pro-
jection onto a predefined grid altogether. Instead, it directly utilizes the ultimate resolution
— GEANT4 simulation steps — as they occur within the sensitive material. This results in the
highest achievable spatial resolution, completely free from projection artifacts, and represents
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the ultimate benchmark for evaluating the accuracy and potential information loss associated
with any spatial discretization scheme.

By leveraging these optimal generators — OPTIMUM (X1), OPTIMUM (X9), and OPTIMUM
(steps), insight is gained into the intrinsic limits imposed by projection artifacts, independent
of generative model performance. Moreover, they provide invaluable baselines against which
generative models can be assessed.

9.3 Single Particle Performance

A detailed validation of individual particle showers is crucial to ensure that these models
correctly capture essential physics characteristics before being used in more complex, multi-
particle scenarios or physics analyses.

An evaluation of key calorimetric observables for electromagnetic showers generated by
single photons using the generative models described previously is presented. Radial and
longitudinal shower profiles, energy resolution, linearity, and the intrinsic shower angle re-
construction are studied. These observables are usually chosen in the literature because they
encapsulate the essential features of electromagnetic shower development, and significantly
influence the performance of particle identification and reconstruction algorithms.

The generative models are further benchmarked against the optimal generators introduced
in Section 9.2. These optimal generators represent idealized performance scenarios that isolate
and quantify the intrinsic limitations arising from spatial discretization effects and detector
irregularities, independent of the generative model itself. By comparing the performance of
the generative models against both these optimal generators and the standard GEANT4 simu-
lation, a clear distinction can be made between artifacts arising from the data representation
and the intrinsic capabilities of the approaches to generative modeling explored. This struc-
tured approach enables a detailed assessment of generative model fidelity and highlights areas
requiring further improvement.

Dataset

The training dataset used in the study consisted of ~ 3 million samples, initiated by photons
with incident energies uniformly distributed in the range of 1-126 GeV, created at a position
of [X =0, Y =1804.7 mm, Z = —50 mm]| at the front face of the ECAL. The incident angles
were varied within a cone of up to 60° in ¢ (relative to the normal to the calorimeter layers),
with an azimuthal angle ¢’ uniformly distributed in [0°,360°), in the local frame of reference
where the Z axis is aligned with the normal to the calorimeter layers. This configuration
enabled uniform sampling over the space of possible incident directions on the calorimeter
face.

In order to validate the generalization capability of the trained models, independent test
samples were generated at multiple positions, uniformly distributed over a single ECAL barrel
segment. Test samples were produced at fixed photon energies between 10 and 100 GeV in
10 GeV increments. For each test energy, a sample consisted of 3,000 photon showers with
positions selected randomly on the front surface of the ECAL. The incident directions were
chosen such that they mimicked particles originating from the interaction point (IP), across
the angular ranges 43° < 6 < 137° and 79° < ¢ < 109° in the ILD global coordinate system,
thereby effectively covering one complete stave of the barrel. This configuration ensures
full coverage of the region where models are expected to operate, exposing them to a wide
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variety of incident directions and local geometries of the sensitive layers — thereby enabling
the evaluation of model performance under realistic conditions.

Results

Shower Profiles

The performance evaluation of the generative models begins by examining their ability to
reproduce the characteristic EM shower shapes, assessed through comparisons of radial and
longitudinal energy profiles, which are key observables reflecting the spatial energy deposition
pattern within the calorimeter.

The following observables are computed at the reconstruction level, after the generative
models have been fully integrated into the simulation pipeline. This ensures that any potential
geometric or systematic effects introduced by the integration framework are accounted for in
the performance evaluation.

The radial energy profile, shown in Figure 9.2 (left), illustrates the mean deposited energy
as a function of orthogonal distance from the axis aligned with the direction of the incident
particle to the center of the cell. The longitudinal energy profile, displayed in Figure 9.2
(right), represents the average energy deposited per calorimeter layer along the depth of the
detector.

Both models reproduce the longitudinal profile with good accuracy. The CALOCLOUDS3
model achieves the closest agreement with GEANT4, with deviations typically within a few
percent. The L2LFLOWS model performs similarly well, although it exhibits deviations of
up to 15% near the start and end of the calorimeter. Most of these deviations are due to the
finite simulation volume required for fixed grid models.

At first inspection, the radial energy profile appears to only be reproduced well by the
optimal generators — OPTIMUM (X1), OPTIMUM (X9), and OPTIMUM (STEPS), while the
CALoCrLoups3 and L2LFLOWS models have notable discrepancies at larger radial distances.
However, it is important to note that the radial profile of electromagnetic showers is inherently
steep and narrowly peaked, with the energy density rapidly decreasing with distance from the
shower axis. In fact, more than 90% of the total energy of the shower is contained within a
radius of 30 mm, indicating that deviations at large radii have a limited impact on the overall
shower description.

To better assess the fidelity of the models in the region that dominates the shower energy
density, Figure 9.3 zooms into the first 30 mm from the shower axis. Note that the dip in
the first bin arises from the fact that the binning here is applied at a distance less than the
width of a cell, whereas the hits in the shower are necessarily at the center of a cell after
reconstruction. This is the most relevant part of the shower which plays a crucial role in the
separation of overlapping showers during particle reconstruction.

In this region, the CALOCLOUDS3 and L2LFLOWS models show good agreement with
GEANT4, with relative deviations generally remaining below 10%.

By contrast, OPTIMUM (X1) underestimates the energy density by up to 20% in the in-
nermost bins. This demonstrates the intrinsic limitation imposed by the R representation,
where the coarser lateral granularity fails to resolve the sharply peaked energy profile near
the shower axis. The lack of detail in this region can significantly impact the reconstruction
of particle showers with a large degree of overlap. This highlights a significant disadvantage
of generative models trained on fixed grids using the true detector granularity.
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Figure 9.2: Radial (left) and longitudinal (right) energy profiles of electromagnetic showers,
computed at the simulation level after integration of the generative models. The
radial profile shows the mean reconstructed energy as a function of distance
from the shower axis, while the longitudinal profile shows the mean
reconstructed energy per calorimeter layer. These observables provide a detailed
characterization of the transverse and longitudinal shower structure and are
critical benchmarks for assessing how well generative models replicate GEANT4
showers in realistic detector geometry settings. The color coding corresponds to
the different generative models: CALOCLOUDS3 (orange), L2LFLOWS (violet),
OpTIMUM (X1) (blue), OPTIMUM (X9) (green), and OPTIMUM (STEPS) (cyan).
The GEANT4 reference is shown in the light gray filled histogram. The color
coding is consistent across all figures in this section. The shaded bands indicate

statistical uncertainties; lower panels show relative deviations with respect to
the GEANT4 baseline.

Energy Resolution and Linearity

The energy resolution and linearity of the generative models are now investigated, two critical
performance metrics for calorimeter simulation. The energy resolution quantifies the model’s
ability to accurately reproduce the fluctuations in the deposited energy, directly affecting the
precision with which particle energies can be measured. Linearity assesses how accurately
the reconstructed energy scales with the true particle energy, essential for ensuring unbiased
energy measurements across a large range of incident particle energies.

The energy resolution is evaluated by measuring the relative width of the reconstructed
energy distribution for photons at various fixed energies, defined as 222 where 099 and pgg
are standard deviation and mean of the central 90% of the distribution, shown as a function
of the incident photon energy in Figure 9.4 (left). Figure 9.4 (right) displays the linearity,
expressed as the mean reconstructed energy divided by the true incident energy.

Similar to the radial profile results, the resolution plot shows the same trend. Among the
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Figure 9.3: Radial energy profile of the showers, zoomed in to the first 30 mm from the
shower axis. The shaded error bands correspond to the statistical uncertainty in
each bin. The lower subplot shows the relative deviation of the radial energy
profile with respect to the GEANT4 reference. The color coding is consistent
with Figure 9.2.

optimal generators, OPTIMUM (X1) performs the worst, showing significant deviation from
the GEANT4 baseline. This demonstrates that the coarse Ry, representation lacks sufficient
granularity to accurately capture the intrinsic energy fluctuations of electromagnetic showers.
Despite being derived from full GEANT4 simulation, this representation inherently limits the
achievable fidelity due to the loss of fine spatial information.

With increased granularity, OPTIMUM (X9) shows improvement, more closely tracking the
GEANT4 resolution. Finally, OPTIMUM (STEPS), which directly uses the individual GEANT4
steps without any spatial discretization, comes closest to reproducing the full simulation,
representing the maximum achievable performance.

Importantly, the two generative models follow the trends of their respective representations.
The CALOCLOUDS3 model, trained on de-quantized R«25, almost reaches the performance
of OPTIMUM (STEPS). L2LFLOWS trained on the regular Ry9 data representation, performs
comparably to OPTIMUM (x9), although the deviations from the optimal representation are
larger than for CALOCLOUDS3.

These findings demonstrate that both models have successfully learned from their respec-
tive training data representations, achieving performance that closely matches the optimal
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Figure 9.4: Energy resolution (left) and linearity (right) of reconstructed photon showers in
the ILD ECAL. The resolution is defined as the relative width ogg/ 1190 of the
central 90% interval of the reconstructed energy distribution. The linearity is
given by the mean pgg of this central interval as a function of the incident
photon energy.

generators derived from the same representation.

The linearity is reproduced well by all models being within a ~ 3% relative deviation from
GEANT4, over the entire energy range tested — from 10 to 100 GeV with 10 GeV steps.
Notably, the CALOCLOUDS3 model exhibits the best agreement, showing negligible deviation
from GEANT4. This is a result of a simple scaling applied during integration, where each
generated shower is rescaled by a constant factor determined from the difference in average
visible energy at 50 GeV between the model and GEANT4.

In principle, similar scaling could be applied to all models. However, for L2ZLFLOWS, and
any grid-based model in general, such calibration is more challenging due to its restricted
generation region, where an increasing fraction the shower’s energy leaks out with increasing
energy of the incident particle. As a result, the discrepancy between generated and true
visible shower energy becomes more pronounced at higher energies, limiting the effectiveness
of global rescaling.

This highlights a fundamental trade-off faced by grid-based models — they must balance
performance against computational efficiency. Increasing the size of the generation volume
can improve accuracy by reducing energy leakage, but it also significantly increases memory
usage and inference time. As a result, achieving high fidelity with grid-based models requires
careful tuning of the generation volume to remain computationally feasible while minimizing
physical artifacts.
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Intrinsic Angle Reconstruction

In a similar fashion to previous studies using the BIBAE model [5, 41], the previous state-of-
the-art generative model applied to the ILD detector, the angular response of the generative
models is evaluated by comparing the reconstructed intrinsic angles of showers simulated with
GEANT4 to those generated by the models. A principal component analysis (PCA) is applied
to all reconstructed hits of each shower to determine its principal axis. The resulting angular
distributions of the azimuthal and polar angles, denoted as ¢Phi and iT heta, respectively, are
presented as the difference between the reconstructed and true angles of the incoming particle
direction. These distributions are shown in Figure 9.5.
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Figure 9.5: Distributions of the differences between reconstructed and true intrinsic angles
for showers in the ILD barrel region (43° < 6 < 137°, 79° < ¢ < 109°),
comparing GEANT4 to various generative models. Left: azimuthal angle (i Phi).
Right: polar angle (iTheta). The top panel shows the angle residual
distributions, while the bottom panel presents the relative deviation with
respect to GEANT4. A PCA is applied to all reconstructed hits to extract the
principal axis of the shower.

As shown in Figure 9.5, both GEANT4 and the generative models produce angular distri-
butions that are centered around zero with comparable widths for both ¢Phi and T heta,
indicating that the models qualitatively reproduce the angular response observed in detailed
simulation.

The CALOCLOUDS3 and optimal shower generators, however, show a tendency to overesti-
mate the polar angle, resulting in a double-peaked structure in the ¢T heta distribution. This
indicates that this double-peak effect is likely related to the methodology of placing showers
generated in the regularized detector into the real detector readout (see Section 9.7). This
effect is more pronounced for CALOCLOUDS3, and is likely compounded by the fact that
CALOCLOUDSS slightly overestimates the energy for larger radii (i.e. further from the shower
axis).

L2LFrLows on the other hand shows a noticeably sharper peak in both the polar and
azimuthal angle distributions. This observation, combined with the fact that L2LFLOWS
generates showers within a tightly constrained spatial region [4, 123], suggests that a simple
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PCA applied to all hits in the shower may be a suboptimal procedure for reconstructing the
intrinsic shower angle. This is likely due to the high sensitivity of PCA to hits located far
from the shower core, which can disproportionately influence the estimated principal axis.
To address this, an energy-based hit selection is applied, retaining only the top 4% most en-
ergetic hits before running PCA. This suppresses noise from peripheral hits and improves the
stability of the reconstructed direction, meaning that this approach results in an improved an-
gular reconstruction algorithm. Quantitative studies with more details on this reconstruction
improvement were done in |3]. The results are shown in Figure 9.6.
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Distributions of the differences between reconstructed and true intrinsic angles

for showers in the ILD barrel region (43° < 6 < 137°, 79° < ¢ < 109°),
comparing GEANT4 to various generative models. Left: azimuthal angle (¢Phi).
Right: polar angle (iTheta). The top panel shows the angle residual
distributions, while the bottom panel presents the relative deviation with
respect to GEANT4. Here, only the top 4% most energetic hits are used for
PCA-based extraction of the shower axis, resulting in significantly improved
angular resolution compared to using all hits.

All optimum shower generators, including CALOCLOUDS3 and L2LFLOWS, now demon-
strate angular resolutions that closely match the GEANT4 reference. It is notable that the
distribution produced by the OPTIMUM (X1) shower generator shows the largest discrepancy,
producing a slightly wider distribution than GEANT4. The improved reconstruction shows
better alignment with GEANT4, and the double-peak structure previously observed in the
polar angle distribution disappears entirely.
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9.4 Di-Photon Separation

Having studied the single particle performance of the models, a multi-particle benchmark
is now introduced. While studying single-shower observables, as is now standard in the
literature, is important to gauge the performance of a model, in real physics events showers
from multiple particles may overlap. This significantly increases the complexity of evaluating
the performance of a model, as the breadth of the phase space makes disentangling the
interplay of overlapping showers with reconstruction algorithms a challenging task.

For this reason a step-by-step approach is taken, ultimately building towards benchmarking
the model in a full physics setting. The evaluation begins by studying the simplest scenario
for a multi-particle test — two photons fired into the face of the ECAL. This is a standard
benchmark which has also been used for the development of reconstruction algorithms, such as
PANDORAPFA [182]. This approach provides an isolated and controllable means of probing
generative model performance, as well as allowing connections to be drawn to the single
particle observables studied in Section 9.3.

Di-Photon Dataset

The Di-Photon benchmark dataset consists of 15,000 samples for each of three photon energy
configurations: 5 GeV, 20 GeV, and 100 GeV, with each sample containing two photons of
equal energy. The positions of the photons are randomly sampled within a small patch of
the ILD ECAL barrel, such that their separation ranges from 0 mm to a maximum of 90
mm. The photons are produced directly at the face of the ILD ECAL barrel, with their
direction of flight being orientated such that they appear to have been produced at the IP.
This configuration of flight direction is chosen in this study because PANDORAPFA assumes
by default that photons are produced at the IP, and uses this information when performing
particle identification.

The photon positions are randomly sampled to expose the di-photon system to different local
geometries of the sensitive layers, while ensuring that the separation between the two photons
varies uniformly from 0 to 90 mm. The photons impact the upper barrel module, within a
narrow angular range of 6 € [83°,87°] and ¢ € [88°,92°], corresponding to a small localized
patch of the detector. To ensure that all photon pairs remain fully contained within the
fast simulation trigger region (see Section 8.1) and avoid contamination from fully simulated
showers, the center of this patch is placed well inside the boundaries of the trigger region.
These samples are created for GEANT4, each of the Optimum generators described in Section
9.2, and for both the L2LFLowWS and CALOCLOUDS3 models. In each sample, both showers
are produced with the respective generator.

Di-Photon Results

The di-photon benchmark allows the performance of simulators to be studied in a scenario
where multiple showers overlap, emphasizing shower characteristics that are not directly
probed by studying single shower observables, while maintaining a controlled environment
that prevents any contamination which may be present in a realistic physics process. To eval-
uate this, the number of reconstructed photons is plotted against the separation between the
two photons in Figure 9.7 and 9.8, for symmetric di-photon energies of 5 GeV (left), 20 GeV
(middle) and 100 GeV (right). The performance is shown for GEANT4, CALOCLOUDS3,
L2LFrows, OpTiMUM (x1), and OpTIMUM (X9). Note that OPTIMUM (STEPS) is ex-
cluded to aid visibility in the plots and to reduce computational cost, as it performed on a
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similar level to GEANT4. The error bars represent the binomial error in each case. The red
line present in each plot represents two photons being reconstructed on average, which is the
optimal case for this reconstruction scenario.

For all energies, at separations of less than approximately 6 mm, only a single photon is
reconstructed on average. This corresponds to slightly more than one cell’s worth of sepa-
ration, meaning that the two individual shower cores cannot be resolved, with all hits being
clustered into a single photon. In addition, it is easier for two photons to be resolved as their
incident energy is increased. For photon pairs with incident energies of 100 GeV, the aver-
age number of reconstructed photons quickly rises to two for separations of only 10-20 mm,
while for incident photon pairs with energies of 5 GeV the average number of reconstructed
photons rises much more slowly, and only reaches an average of two for separations of around
60-65 mm. This is because incident photons with a higher energy have a higher energy core,
which is also more densely populated than for lower energy photon showers, making them
easier to distinguish [183].

Due to the relative simplicity of separating higher energy photons, both models and the
optimal generators agree well with GEANT4 in terms of the distribution of the average num-
ber of reconstructed photons for photon pairs with incident energies of 100 GeV, shown in
Figure 9.8. Relative deviations in this instance appear around the level of a few percent, with
the largest differences arising for the L2LFLOWS model.

At lower photon pair energies of 5 GeV and 20 GeV, shown in Figure 9.7, more significant
deviations occur. Here, the OPTIMUM (X1) generator shows significant discrepancies across
a large range of separations, reaching relative deviations around the 10-15% level. Both
the CALOCLOUDS3 and the L2LFLOWS models show more contained relative deviations,
typically less than 5%, with the most noticeable exception being for the CALOCLOUDS3
model at 20 GeV and separations of around 10-20 mm where the relative deviation slightly
exceeds this level.

These results indicate that training directly on the detector readout causes major discrep-
ancies in the reconstruction performance. This is likely due to artifacts created when placing
hits back into the detector geometry. The radial profile is of particular importance when
separating such showers, as the reconstruction is especially sensitive to how the profiles of the
two showers interfere. The effects observed around the core of the radial profile for photon
showers produced with OpTIMUM (X1) in Figure 9.3 are therefore considered a major fac-
tor in the poor performance of this generator. The differences observed for L2LFLowS and
CALOCLOUDS3 are linked to the deviations in the radial profile observed in Figure 9.2 (left),
although these are less influential as they occur further out from the shower core. The steep
fall in the radial profile of the L2ZLFLOWS model, predicted by the constrained cut required
for a regular grid model, seems to have little influence on the reconstruction performance in
this test, as at large separations it is easy to distinguish the showers from their core alone.

Even with a perfect generative model trained on Ry, we cannot outperform OPTIMUM
(x1), as it represents the ideal case scenario for the R.; data representation. This high-
lights the intrinsic limitations imposed by the Ry; granularity, where deviations in photon
reconstruction efficiency of up to 15% can occur when two showers are in close proximity.
These deviations primarily arise from the generator’s mismodeling of the radial profile of
electromagnetic showers — a feature that is crucial for separating overlapping photons during
reconstruction. As shown in Section 9.3, the OPTIMUM (X1) generator performs worst in
modeling the radial profile.
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Figure 9.7: Performance of photon reconstruction for di-photon events at 5 GeV (left) and
20 GeV (right) photon energies, evaluated as a function of transverse shower
separation d,.eep. The red horizontal line indicates the ideal case of perfect
reconstruction of two photons. The shaded error bands correspond to the
statistical uncertainty in each bin. The lower subplots show the relative
deviation of the number of reconstructed photons with respect to the GEANT4
reference.

In contrast, increasing the spatial resolution, as done in the Rg representation leads to
significantly better agreement with GEANT4, as can be seen by the OPTIMUM (X9) results.
Notably, both CALOCLOUDS3 and L2LFLOWS are able to learn from this higher-resolution
data, achieving a high level of agreement with GEANT4.

The 100 GeV case, shown in Figure 9.8, demonstrates excellent agreement with the GEANT4
reference across all generators. The high-energy photons produce showers with a very dense
energy core, which increases the contrast between nearby energy deposits and allows individual
photons to be identified even at small separations. All models, including CALOCLOUDS3,
L2LFrows, OpTIMUM (X1), and OPTIMUM (X9), track the GEANT4 baseline closely over
the full separation range, with relative deviations generally within 3%. However, the Jensen-
Shannon (JS) divergence, which quantifies differences between two distributions, suggests that

OpTiMUM (X1) performs the worst among the models. A full comparison across all energies
is provided in Table 9.1.

9.5 Full Physics Benchmark

The performance of generative models for the simulation of photon showers in a full physics
process is now studied. As the performance required of a fast simulation tool will depend
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Figure 9.8: Performance of photon reconstruction for di-photon events at 100 GeV photon
energy, evaluated as a function of transverse shower separation d,,sp,. The red
horizontal line indicates the ideal case of perfect reconstruction of two photons.
The shaded error bands correspond to the statistical uncertainty in each bin.
The lower subplot shows the relative deviation of the number of reconstructed
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heavily on the physics process for which the tool is used, a physics process is chosen that
provides a stringent test of a fast simulation tool for electromagnetic showers. To this end,
hadronic decay modes of the tau lepton in the process ee™ — 777 are selected. The dataset
used is described in Section 9.5. The physics results are then studied in Section 9.5.

Dataset

The dataset used in this study consists of samples of the process e"e” — 777 in an ILC
running scenario at a center-of-mass energy of 250 GeV. MC Generator samples, provided
by the ILD Software Working Group in the MC-2020 production [184], were created with
WHIZARD [108] version 2.8.5. A realistic ILC beam energy spectrum and crossing angle, as
well as the effects of bremsstrahlung and initial state radiation were included. All samples
contained beams of 100% polarised left-handed electrons and right-handed positrons (e; ef).
The decay of the tau leptons in the samples were simulated with the TAUOLA library [185].

In order to enable a direct comparison between the various shower representations and
models described in Sections 9.2 and generative models, the same set of MC generator inputs
were used in all cases. This means that for each case, only the detector simulation differs,
removing any differences in underlying event topologies or physics processes. In addition, no
background is overlaid onto events. These two choices reduce event dilution that would only
serve to obscure the performance of the calorimeter shower simulators.
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Several selection criteria were put on the events, to further enhance the sensitivity of the
analysis to the performance of the calorimeter shower simulators. It was required that all
events contained at least one 7° produced in a tau decay, with the 7° then decaying into two
photons. Both of the photons were required to have an energy above 5 GeV and to satisfy the
geometry region trigger described in Section 8.1.4. Detector simulation was then run for each
of the various shower representations and models described in Sections 9.2 and generative
models. The software configuration employed, used the DDML implementation described
in Section 8.1.4. All photons with an energy above 5 GeV incident on the electromagnetic
calorimeter which passed the geometry region trigger were then simulated with the appropriate
simulator.

For each calorimeter shower simulator, samples were created with three different random
seeds for the detector simulation. This provides a means of estimating the uncertainties on
post-reconstruction physics observables that would otherwise be difficult to estimate, given
the high level of correlation arising from using identical generator level input. In total this
meant that samples, consisting of 3 random seeds each containing 6791 events, were gener-
ated for GEANT4, each of the optimal generators OpTIMUM (X1), OPTIMUM (X9), OPTIMUM
(sTEPS) and for both the CALOCLOUDS3 and L2LFLOwWsS models. The standard ILD recon-
struction chain was then applied to each sample.

Results

The post-reconstruction performance of the various simulation approaches for the full physics
benchmark based on 7% produced in hadronic decays of the tau lepton is presented. These
results are split into an investigation into the global performance of the 7° reconstruction in
the process ete™ — 7777 in Section 9.5, followed by a study of the modeling of key 7° physics
observables in Section 9.5.

Global Reconstruction Performance

The evaluation begins by studying the overall quality of the reconstruction of 7’s produced in
the tau decays for each shower simulator in comparison to GEANT4. For this evaluation, it is
necessary to create a relation between Monte Carlo (MC) Truth particles and reconstructed
particles. The weight of each relation is determined by the energy weighted contribution of
each MC Truth particle to a reconstructed particle. If multiple MC Truth particles have a
relation to a given reconstructed particle (or vice versa), the one with the highest weight is
taken.

These relations are used to define four different categories of reconstruction quality into
which a given reconstructed 7° may fall. Firstly, nGood is defined as the number of correctly
reconstructed 7%s. Secondly, nFake is defined as the number of 7% reconstructed without
being linked to an MC Truth 7°. Thirdly, nConfused is defined as the number of 7’s re-
constructed where only one of the constituent photons was reconstructed correctly. Finally
nMissed represents the number of MC Truth 7% for which there was no reconstructed 7.
The total number of 7s reconstructed, nRecoPi0, is also calculated. nFake is constrained on
a per-event basis by the equation nFake = nRecoPi0 — nGood — nConfused.

The results for each of the optimum generators OPTIMUM (x1), OPTIMUM (X9), OPTIMUM
(STEPS), together with the L2LFLoOWS and CALOCLOUDS3 models, are shown in Figure 9.9.
In each case, the results are plotted in comparison to the GEANT4 result. For each category,
the results show the average over the 3 different GEANT4 random seeds, with the error
calculated from the standard deviation across seeds.
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Figure 9.9: Overall reconstruction quality of 7s produced by tau decays in the process
e"e” = 777 for the OPTIMUM (X1) (blue), OPTIMUM (X9) (green),
OPTIMUM (STEPS) (cyan) generators, and the L2LFLowsS (violet) and
CALOCLOUDS3 (orange) models in comparison to GEANT4 (gray). The quality
of the reconstruction is characterized by five different categories: nRecoPi0, the
total number of m¥s reconstructed; nFake, the number of 7% reconstructed
without a corresponding 7% in the MC Truth; nGood, the number of correctly
reconstructed 7%; nConfused, the number of 7’s reconstructed only partially
correctly; and nMissed, the number of MC Truth-level 7’s that were not
reconstructed. The errors on each category are derived from the standard
deviation across three different random seeds used for the detector simulation.
The lower panel represents the relative deviation from GEANT4 in each category.

For the optimum generators, the cell-level generator OPTIMUM (X1) shows the clearest
mismatches. Large deviations from the GEANT4 samples are observed in all categories ex-
cept nFake. This includes on average almost 10% fewer 7% being reconstructed in total.
On average more than 10% fewer s are correctly reconstructed, while many more 7’s are
reconstructed incorrectly (nConfused is on average more than 10% greater, while nMissed
is on average more than 5% larger) with respect to GEANT4. It should be noted that while
nConfused exhibits a high relative deviation, nConfused itself is low meaning that the absolute

deviation is small.

Increasing the granularity of the resolution drastically decreases the deviations with respect



9.5 Full Physics Benchmark 81

to the GEANT4 samples, with the OPTIMUM (X9) generator showing much closer agreement.
However, deviations are still clearly visible, with on average fewer nGood 7% relative to
GEANT4 and a similar excess in nConfused as was observed for OpTIMUM (X1).

At the step-level resolution in OPTIMUM (STEPS), the average for each category is con-
sistent with GEANT4 within error except for nConfused. Again, the deviation of nConfused
relative to GEANT4 is of a similar magnitude to that found for the OpTiMUM (X1) and OP-
TIMUM (X9) representations. These results demonstrate that increasing the granularity of
the representation past that of the detector readout results in improved physics performance
for this use case.

Turning to the performance of the generative models, L2LFLOWS shows major differences
to GEANT4 in a large number of categories, including relative deviations in excess of 10%
for nRecoPi0 and nGood, and in excess of 15% for nFake. The deviation with respect to
GEANT4 for nMissed exceeds the 5% level, while nConfused shows the closest agreement with
a relative deviation of only a few percent. These deviations are consistent with the significant
discrepancies observed for single particle observables produced with the L2LFLOWS model in
Section 9.3.

By contrast, the CALOCLOUDS3 model shows much closer agreement with the GEANT4
baseline, with all categories showing relative deviations only at the level of a few percent.
While at first glance it may be surprising that CALOCLOUDS3 is able to achieve better
performance than OPTIMUM (STEPS), for example in the nConfused observable, it should
be noted that an extra calibration was applied to the CALOCLOUDS3 model as described in
Section 9.3.

Physics Observable Performance

The performance of the individual simulators in terms of key 7° physics observables is now
studied. In order to perform a fair comparison, all 7’s selected are required to have been
correctly reconstructed (i.e., those that fell into the nGood category described in Section 9.5).
As before, the results show the average over 3 different GEANT4 random seeds, with the error
calculated from the standard deviation across seeds. It should be noted that some of these
distributions are already constrained by the selection of 7%s that fall into the nGood category.
This is due to quality criteria imposed by the 7 reconstruction procedure, which includes
performing a constrained kinematic fit [106].

Firstly, the invariant mass of the reconstructed 70, M oge., is calculated, which is equivalent
to the invariant mass of the di-photon system M., given by

M,, = \/2EE;(1 — cos(n)), (9.1)

where F; is the reconstructed energy of photon 7, £; is the reconstructed energy of photon
j, and 7 is the opening angle between their reconstructed flight directions. The invariant mass
distributions for GEANT4, each of the optimum generators, and both the L2LFLOWS and
CALOCLOUDS3 models are shown in Figure 9.10 (left). All models show broad agreement
within the stated uncertainties around the bulk of the distribution. Larger relative deviations
appear for all optimum generators and both models in the tails of the distribution, although
the increasing errors on the ratio make the exact discrepancy less clear.

The next observable studied is the difference between the reconstructed energy of the 7° and
the energy of the corresponding MC particle, E orec — Fromc, which is shown in Figure 9.10
(right). It can be seen that in comparison to GEANT4 the reconstructed energy tends to be
slightly biased towards lower energies than that of the MC particle, although this deviation
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Figure 9.10: Key physics observables for 7’s produced by tau decays in the process
e"e” — 777 : the reconstructed 7V invariant mass M og,. distribution (left),
and the difference between the reconstructed energy of the 7 E op.. and the
corresponding MC Truth 7° E oy (right). Each of the optimal shower
generators OPTIMUM (X1) (blue), OPTIMUM (X9) (green) and OPTIMUM
(STEPS) (cyan), as well as the two generative models CALOCLOUDS3 (orange)
and L2LFrows (violet) are shown, with the GEANT4 reference shown in gray.
In both cases, the errors are derived from the standard deviation across three
different random seeds used for the detector simulation. The lower panels in
each case show the relative deviation from GEANT4.

is heavily suppressed by the large magnitude of the uncertainties. This effect appears to be
strongest for OPTIMUM (STEPS) and L2LFLowS, which correlates with the shifts in linearity
for single photons observed for these approaches in Section 9.3.

Finally, the reconstructed angular differences for the 7% in both the 0, 0 ogec — Oxone, and
@, OroRec — PxoMc, directions are shown in Figure 9.11. For the distribution in 8, the clearest
deviation occurs for the OPTIMUM (X1) representation at the level of the detector readout,
which produces a noticeably broader distribution with relative deviations quickly exceeding
the 30% level away from the core of the distribution. Clear mismodelings from the L2LFLOWS
model are also present in both the 8 and ¢ distributions, with relative deviations around the
20% level around the core of the distributions. The other models and generators show good
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Figure 9.11: Reconstructed angular deviations for 7% produced by tau decays in the process
ete” — 777 the difference between the reconstructed 0,op.. and MC Truth
Oomc direction in 6 (left), and the difference between the reconstructed ¢ ogec
and MC Truth ¢ropc direction in ¢ (right). Each of the optimal generators
OpTiMUM (X1) (blue), OpTIMUM (X9) (green) and OPTIMUM (STEPS)
(cyan), as well as the two generative models CALOCLOUDS3 (orange) and
L2LFrLows (violet) are shown, with the GEANT4 reference shown in gray. In
both cases, the errors are derived from the standard deviation across three
different random seeds used for the detector simulation. The lower panels in
each case show the relative deviation from GEANT4.

agreement with GEANT4 across both angular distributions, with deviations typically within
the uncertainties.

9.6 Computational Performance

To quantify the speed advantage of the fast simulators in the full ILD software chain, the
wall-clock time per shower on a single CPU core of an AMD EPYC" 7402 is measured. The
measurements for GEANT4 and for all generative models were taken on the same machine and
software setup. As a result of the integration of the models using the DDMTL library described
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in Chapter 8, all timing measurements are directly comparable to those of GEANT4, thanks
to the use of an identical software configuration, including overheads such as hit placement
in the detector geometry. This enables us to perform a fair and realistic timing benchmark,
which is not possible without model integration.

Figure 9.12 (left, top) reports the time per shower as a function of photon energy 10—
100 GeV. The GEANT4 baseline lies at the few second level and grows linearly with energy,
reflecting the increasing number of interaction steps. CALOCLOUDS3 shows a similar trend,
but with a much smaller slope. By contrast, the grid-based models, L2ZLFLOWS and BIBAE,
show no energy dependence and remain flat across the full range.

Complementary to the time per shower as a function of photon energy, Figure 9.12 (right)
shows the average single core throughput over 10-100 GeV, normalized to the GEANT4 base-
line (x1). Single-shower simulation speed-up factors of x129.29 for CALOCLOUDS3, x11.66
for BIBAE, and x1.20 for L2ZLFLOWS are observed across this range of incident photon
energies. The striking gain for CALOCLOUDS3 reflects its lightweight point-wise inference.

Overall, the scaling behavior is favorable for grid-based models as their inference time
is constant with respect to shower energy because the computational cost is fixed by the
constant voxelized volume. As a consequence, the relative speed-up over GEANT4 grows with
energy. At the low-energy end of the spectrum, where GEANT4 showers contain fewer steps,
the absolute latency gap narrows and the grid models can approach GEANT4 in wall-clock
time. Toward higher energies, where GEANT4 scales approximately linearly with the number
of interaction steps, the flat cost of L2LFLOWS (and other grid models such as the BIBAE)
becomes increasingly advantageous.

By contrast, the point-cloud based CALOCLOUDS3 shows a mild energy dependence, with
its simulation time rising with energy as the number of generated points grows with incident
energy. However, the slope remains well below that of GEANT4, yielding a more uniform
though less asymptotically dramatic speed-up across the full range. For completeness, it
should be noted that model initialization (loading weights, caching etc.) is excluded from
the timings shown, as including it only affects small sample sizes and does not change the
observed scaling trends.

In addition to inference speed, the memory footprint and model size are important practical
factors for deployment within large-scale simulation workflows. The compiled CALOCLOUDS3
model has a total weight size of approximately 27 MB, corresponding to a memory footprint
of 198 MB during inference. By contrast, the grid-based L2LFLOWS model is substantially
larger, with a compiled weight size of 2.5 GB and a peak memory footprint of about 4.4 GB.
This reflects the higher parameter count and larger activation maps inherent to convolutional
grid-based architectures.

While the scaling behavior is favorable for grid-based models — their inference time is
essentially constant with shower energy because the compute is fixed by the voxelized volume
— they also exhibit larger physics performance deviations at higher energies due to leakage
from the bounded generation volume. As energy increases, a growing fraction of the shower
can reach the box boundary and leak out, degrading containment and biasing observables (see
Section 9.3 and the single particle profiles in Section 9.3). Mitigations such as expanding the
generation volume reduce leakage but increase memory footprint and latency, reducing part
of the speed advantage.
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Figure 9.12: Single particle timing on a single core of an AMD EPYC™ 7402 CPU within
the full ILD chain. Left: wall-clock time per shower (top) and speed-up vs.
GEANT4 (bottom) for photons at energy range from 10 to 100 GeV with 10
GeV steps. Right: average single core throughput over 10-100 GeV, normalized
to GEANT4.

9.7 Systematics from Simulation Methodology

When applying generative models trained at a single reference location to other positions
within the detector, systematic biases can arise from differences between the idealized training
geometry and the realistic detector structure. This section examines these effects by studying
the spatial distribution of deposited energy across the ILD ECAL barrel.

Figure 9.13 shows the average reconstructed energy pattern for photon showers, visualized
as YZ projections of the mean energy per voxel across 90,000 events. The vertical direction Y
corresponds to the calorimeter layers, while Z indicates the position within the upper ECAL
barrel in mm. All optimal shower generators and generative models reproduce the overall
longitudinal and transverse structure observed in the GEANT4 reference, including layer-
dependent modulations and geometrical features of the detector segmentation. No significant
deviations are visible at this scale, demonstrating that all models are properly integrated into
the detector geometry and capture the overall event topology with high fidelity.

All methods exhibit a characteristic concave curvature in the reconstructed energy pattern,
a direct consequence of the angular distribution of incident photons. Photons entering at
non-normal angles traverse a larger effective thickness of absorber material, causing earlier
shower development and thus higher energy deposits in shallower calorimeter layers (lower Y
indices). This leads to the observed bending of the average energy profile across the stave.

In addition, a secondary increase in energy is visible in the last layers (Y > 20) across all
models. This is attributed to the thicker absorber layers implemented in the final third of the
ILD ECAL stack, which result in a small but systematic increase in energy deposition per
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layer in this region.

In contrast, the relative per-voxel energy difference maps shown in Figure 9.14 reveal small
but systematic biases. To the right of each panel, zoomed-in views highlight regions near
module boundaries and absorber gaps. Because all surrogate models were trained on ideal-
ized geometries without inactive regions, they tend to overestimate the early energy deposi-
tion. The showers in the surrogate models start slightly earlier since the absorber material is
present in every layer homogeneously in the idealized geometry. In the realistic ILD geometry,
however, the presence of structural gaps in the absorber delays the shower onset, allowing the
energy to penetrate deeper. This results in a characteristic underestimation of energy in the
later layers for all surrogates when compared to the full GEANT4 simulation.

These effects originate from the interplay between the idealized local training setup and
the complex global detector structure. They represent geometry-dependent systematic biases
that persist even for the most accurate surrogate, OPTIMUM (STEPS), and define a practical
upper limit on achievable agreement when a single conditional model is reused across the
barrel.

Because the affected regions are spatially confined, extending the approach with localized
trainings or lightweight region-specific calibrations offers a straightforward path to further
reduce the remaining discrepancies.

9.8 Observable Comparison Summary

Table 9.1 provides a concise overview of the agreement between the evaluated surrogate models
and the GEANT4 reference across all benchmark observables. The comparison employs the
Jensen-Shannon (JS) divergence and the mean absolute error (L;) as quantitative metrics,
both measuring the deviation of a model’s reconstructed distributions from those obtained
with GEANT4. Lower values correspond to better agreement.

Uncertainties are estimated from repeated evaluations using identical event samples simu-
lated with different random seeds, for both GEANT4 and the surrogate models.

Among the reference optimal shower generators, OPTIMUM (X1)- trained directly at detec-
tor readout granularity — shows systematically larger deviations, indicating that coarse spatial
representations limit achievable fidelity. Progressively finer geometrical resolution in OPTI-
MUM (X9) and OPTIMUM (STEPS) significantly improves the match, providing an effective
upper bound on achievable performance for surrogates.

9.9 Conclusions

This chapter presented the first comprehensive evaluation of generative calorimeter surro-
gates under full physics conditions, incorporating realistic detector geometry, particle flow
reconstruction, and diverse physics processes. The integration of generative models into the
DD4HEP software ecosystem through the DDML library enables production-ready bench-
marking and provides access to reconstruction-level physics observables, addressing a critical
gap in the validation of fast simulation approaches.

New reconstruction-level benchmarks have been introduced for the evaluation of generative
models designed for electromagnetic shower simulation in highly granular calorimeters. These
include a first multi-particle benchmark involving di-photon separations and a full physics
benchmark based on hadronic decays of the tau lepton in the process ete™ — 777, While
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Figure 9.13: Average reconstructed energy of 90,000 photon showers incident on the upper
barrel segment of the ILD ECAL, projected onto the YZ plane. Each panel
shows one generator or model (name of the model in the title of each panel),
with Y denoting the calorimeter depth (layer index) and Z denoting the global
detector coordinate in mm. The color scale corresponds to the mean deposited
energy per voxel.
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Metric

OpTIMUM (X1)

OpTIMUM (X9) OPTIMUM (STEPS)

L2LFrows (x9)

CALOCLOUDS3 (x25)

Single shower observables

JSFradiai00) (5 10~4) 4.71 + 0.04 0.04 + 0.01 0.06 4 0.01 8.37+ 0.03 1.11 + 0.02

JSPraiic0) (x10~4) 23.33 + 0.16 0.46 + 0.02 0.04 + 0.01 1.92 £ 0.06 2.24 £ 0.06

JSBene (x1074) 0.049 £ 0.013  0.050 & 0.013 0.049 + 0.013 0.313 £ 0.023 0.050 + 0.011
JS P hires(100%) (5 10~4) 13.84 4 1.58 22.72 £ 2.07 24.68 £ 2.02 342.18 £ 7.96 48.64 £ 3.62
J§ P iresta) (5 10~4) 299.91 + 7.08 9.33 + 1.20 1.37 + 0.53 6.58 + 1.20 16.85 + 1.93
Jg T hetares100%) (5 10~4) 44.40 + 3.15 37.72 £ 2.71 37.52 £ 2.82 553.91 £ 10.26 374.08 £ 8.83
JgThetaresast) (5 104) 195.27+ 5.5/ 1323 + 1.32 2.02 + 0.66 39.12 + 2.49 32.10 + 2.16
Lm0 114.33 £ 548  29.84 £ 5.13 11.63 + 5.08 49.31 £ 5.35 17.98 £ 5.26
L0 0.25 + 0.04 0.29 + 0.03 0.40 + 0.03 1.06 + 0.04 0.09 + 0.04

Multi-particle observables

J§7rree (x 1076)@5GeV 182.69 £ 27.87  18.09 + 10.28 - 28.52 + 13.56 36.30 + 14.21
JS e (x1076)@20GeV  380.74 + 32.14  10.54 + 6.04 19.56 + 8.86 34.21 + 12.79
JS7rree (x 1076)@100GeV 5.57 + 2.94 2.17 + 1.24 - 7.28 £ 4.48 2.95 + 1.77

JSM=o (x1074) 23.12 4+ 7.38 13.91 + 6.89 25.83 + 8.58 82.06 £+ 8.74 22.08 + 7.40
JSER (x1074) 31.40 + 9.93 19.62 + 6.74 35.88 + 8.02 27.24 + 8.22 26.87 + 8.82
JSm0res (x 1074) 143.62 + 16.41  10.97 &+ 4.94 7.04 + 4.27 34.97 + 7.63 10.69 + 4.90
JSPr0res (x 10~4) 25.07 + 6.98 13.90 £ 6.05 16.11 £ 6.38 49.74 £ 10.14 8.68 + 4.91

JS™ee (x1074) 9.90 + 1.66 0.73 £ 0.28 0.49 + 0.33 1275 + 2.3 0.51 + 0.28

Table 9.1: Quantitative comparison of models’ performance relative to GEANT4. Metrics are
JS divergence or L; distance as indicated, lower values correspond to better
agreement. Bold entries denote the best agreement with GEANT4 per observable,
italics denote the worst.

previous studies have focused primarily on single-particle shower shapes and energy distribu-
tions, the tests presented in this chapter assess model performance in the context of complete
event reconstruction, examining whether generative surrogates preserve the correlations and
subtle detector effects essential for realistic physics analysis.

The comparison of shower representations at different granularities reveals that building
datasets directly at the level of detector readout granularity results in significant deviations in
key physics observables when using realistic detector geometries. These deviations are visible
across all levels of post-reconstruction observables — from single particle observables through
to higher level 7° observables in the tau decay process. As the quality of shower representation
fundamentally limits the maximum achievable performance of a generative model trained on
a given dataset, optimized representations that operate on shower information at a finer
level than the detector readout are essential. This remains true beyond highly granular
calorimeters, as demonstrated by recent work which optimized a voxelized representation for
photons in the barrel region of the calorimeter of the ATLAS experiment, showing significant
improvement over the current fast simulation tool [186].

Two distinct generative models with different data representations were evaluated in this
study. L2LFLOWS is designed to operate on a fixed grid structure, while CALOCLOUDS3
employs a point cloud representation. Due to the limitations of training directly on detector
readout, both models are trained on finer granularity shower representations. However, this
requirement has greater impact on the L2LFLOWS model, which must use a restricted gran-
ularity due to limitations imposed by the regular grid structure. As a result, the L2LFLOWS
model shows poor simulation throughput relative to GEANT4 and exhibits several deviations
in observables, including higher-level physics quantities. A significant factor in the larger
deviations observed for L2LFLOWS results from the constrained bounding box necessitated
by the use of a regular grid, which is the major reason this approach exhibited consistently
larger deviations than the corresponding OPTIMUM (X9) generator with its far less restrictive
bounding box.
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By contrast, CALOCLOUDS3 operates on a more granular and therefore more accurate
shower representation while achieving more than two orders of magnitude faster simulation
throughput than GEANT4 for single showers with energies between 10 — 100 GeV on a single
CPU core. This demonstrates that point cloud representations offer not only a more efficient
solution than regular grids but also enable a superior speed-accuracy trade-off for highly gran-
ular calorimeter simulation in realistic applications. The results confirm that CALOCLOUDS3
achieves excellent agreement with GEANT4 across all benchmark observables, with its perfor-
mance approaching the theoretical upper bound established by optimal shower generators.

While some deviations are present in CALOCLOUDS3 observables, particularly for single
particle showers, these are suppressed in subsequent reconstruction for the physics cases stud-
ied. This emphasizes that while studying model performance at the level of single show-
ers provides useful model insight, model performance must ultimately be judged on post-
reconstruction level physics observables. The relative importance of certain shower features
depends on the target downstream analysis — for example, the deviations observed in intrinsic
cluster angles may be more relevant for certain searches for physics beyond the Standard
Model [187]. It should be noted that the extent to which these deviations appear for CALO-
CLouDs3 depends on the approach used to determine the intrinsic angle (see [3] for more
details).

Some deviations remain even for the OPTIMUM (STEPS) generator, setting an upper limit
for CALOCLOUDS3 performance. These deviations are caused by shower placement into
isolated regions in the geometry which feature greater irregularities, arising from the idealized
training geometry lacking absorber gaps and detailed module structure. While reconstructed
energy in these regions could be corrected by dedicated calibrations, improving the modeling
of shower structure would require the addition of dedicated model trainings in those specific
detector regions.

The DDML library introduced as part of this work provides essential functionality for in-
tegrating fast simulation models back into the software ecosystems used in particle physics ex-
periments, enabling both placement into actual detector geometry and access to reconstruction-
level observables. Being designed to be generic, the library facilitates the straightforward
addition of new ML models and detector geometries. While this work focused on the ILD
detector, other detectors proposed for future colliders such as FCC-ee are already supported,
including the CLD detector [188] and the ALLEGRO detector [189].

The benchmark establishes that generative machine learning models, particularly point
cloud-based approaches, can serve as reliable alternatives to traditional Monte Carlo simula-
tion for electromagnetic calorimetry in highly granular detectors. Future work could investi-
gate the case of electron or positron showers, where charged particle tracking and track-cluster
associations may add increased importance to particular shower observables. To achieve sig-
nificantly faster simulation throughput at the level of full physics events, addressing the chal-
lenge of highly granular hadron shower simulation will be necessary. Recent work [6] has
demonstrated that the use of a diffusion-transformer mechanism in point cloud models can
provide accurate modeling of hadron showers, including for single particle observables at the
post-reconstruction level. However, further work is still required to develop a model which can
achieve significantly faster simulation throughput, as well as to develop benchmarks similar
to the ones shown here targeted at hadronic showers.
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This thesis addresses the computational challenge of simulating calorimeter showers in highly
granular detectors for high energy physics experiments. As experiments move toward higher
luminosities and more complex detector designs, traditional Monte Carlo simulation meth-
ods based on Geant4 require substantial computational resources. The work presented here
demonstrates how deep generative machine learning models can provide faster simulation
while maintaining sufficient fidelity for physics measurements.

10.1 Summary of Results

This work presents CALOCLOUDS, a novel generative model for fast electromagnetic shower
simulation in highly granular calorimeters, developed and evaluated using the silicon-tungsten
electromagnetic calorimeter of the International Large Detector [42] as a case study. The
model represents calorimeter showers as point clouds (sets of energy-weighted coordinates
with continuous spatial positions) rather than fixed voxel grids. This approach addresses
limitations of previous grid-based methods and allows for geometry-independent simulation
within regions of consistent material structure.

The CALOCLOUDS model comprises two components, SHOWERFLOW and a diffusion model.
SHOWERFLOW is a normalizing flow that generates global shower properties such as per-layer
energies and energy deposition counts, and a diffusion model generates individual energy de-
positions.

A crucial contribution of this work is the introduction of optimal shower generators, ideal-
ized references constructed by projecting Geant4 simulation steps onto virtual grids of varying
resolution without generative modeling. These benchmarks allow for separation between the
limitations imposed by data representation choices and those arising from generative model
performance. Comparisons with these references show that CALOCLOUDS3 achieves fidelity
close to the finest-grained optimal generator (OPTIMUM (STEPS)), suggesting that the model
performs near the limits imposed by the data representation. Comparisons with coarse-grained
optimal generators reveal limitations of fixed-grid representations that are independent of
model architecture.

The model has been integrated into the ILD simulation and reconstruction software chain
through the DDML library [168], enabling evaluation with standard reconstruction tools in-
cluding Pandora particle flow algorithms [111]. Physics benchmarks spanning single-photon
observables, di-photon separation, and 7° reconstruction in 7¥7~ events show state-of-the-art
agreement with Geant4 for most observables. These benchmarks include both shower-level
metrics and reconstructed particle properties.

On CPU hardware, CALOCLOUDS3 achieves more than 120-fold speedup relative to full
Geant4 simulation, while on GPU hardware, speedups of several thousand-fold are achiev-
able [190]. These speedups, combined with the demonstrated physics fidelity, indicate that
CALOCLOUDS provides a practical approach for electromagnetic shower simulation. The
point cloud representation offers several advantages. It provides better information density
than voxel-based approaches, which is particularly beneficial for highly granular calorimeters
where shower data is sparse in fine grids. By avoiding fixed grid structures, the model can
capture shower physics at high resolution without the computational overhead of processing
large, mostly empty tensors. The point cloud approach and the point-wise formulation of the
diffusion model also result in a compact model with a memory footprint of ~200 MB during
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inference, substantially smaller than grid-based approaches which typically require several gi-
gabytes for the same detector. Additionally, a single trained model can be applied to different
detector positions with the same longitudinal structure, reducing the need for position-specific
retraining that would be required by grid-based approaches.

10.2 OQOutlook

The results presented in this thesis have broader implications for fast simulation in high energy
physics.

Computational efficiency for future experiments: For the High-Luminosity LHC [14] and
proposed future colliders such as the ILC [15], FCC [17], and CLIC [16], where simulation
needs are projected to exceed available computing resources, generative models represent one
possible approach. The speedup achieved could allow experiments to generate larger Monte
Carlo samples while remaining within computing budgets.

Geometry independence and adaptability: By decoupling shower generation from spe-
cific detector readout geometries, the point cloud approach enables a single trained model
to be applied across different positions in a detector with consistent material structure. The
continuous spatial representation also reduces projection artifacts that arise when mapping
fixed-grid outputs onto irregular detector geometries. The successful adaptation to the CMS
High-Granularity Calorimeter [164] demonstrates the model’s flexibility across different de-
tector designs.

Validation methodology: The optimal shower generators introduced in this work provide a
benchmarking methodology that can be applied to other fast simulation challenges, including
hadronic shower modeling.

10.3 Future Directions

While this thesis establishes CALOCLOUDS as an effective solution for fast electromagnetic
shower simulation, several promising directions remain for future development.

Extension to hadronic showers: The point cloud approach developed for electromagnetic
showers is being extended to hadronic shower simulation in combined ECAL-HCAL systems.
Preliminary work with collaborators has shown initial results [6], and in very recent work [190],
a new model sharing the same point cloud representation has been developed that can gener-
ate different particle types with a single model in combined ECAL-HCAL systems, achieving
exceptional agreement with Geant4, though further development is required to improve in-
ference speed. Hadronic showers present additional challenges due to their more complex
physics, larger spatial extent, and greater variability. Continued development of hadronic
shower models will be needed for more comprehensive fast simulation coverage.

Multi-detector deployment: While this work focused on the ILD detector, the geometry-
independent nature of the point cloud approach makes it well-suited for adaptation to other
detector concepts. The model has been successfully adopted for the CMS-HGCAL [191],
demonstrating transferability of this approach across different detector designs. Broader de-
ployment to additional calorimeter technologies would further validate the generality of this
approach, though practical deployment will require further validation and optimization.

Foundation models and transfer learning: As more data becomes available from multiple
experiments and detector designs, it may be possible to develop foundation models pre-trained
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on diverse calorimeter data that can be fine-tuned for specific detector configurations. Such
an approach could reduce data requirements for training models on new detectors.

10.4 Concluding Remarks

This thesis demonstrates that deep generative machine learning models, when combined with
appropriate data representations, can provide fast and accurate simulation of electromagnetic
showers in highly granular calorimeters. The CALOCLOUDS model achieves more than 120-
fold speedup relative to Geant4 while maintaining physics fidelity across a comprehensive set
of benchmarks, from single-photon observables to 7 reconstruction in ete™ — 77~ events.

The point cloud representation addresses key limitations of grid-based approaches, offer-
ing better information density, reduced memory footprint, and geometry independence. The
evaluation framework based on optimal shower generators provides a methodology for separat-
ing data representation effects from model performance, applicable to future fast simulation
development.

As high energy physics moves toward more complex detectors and higher luminosities, fast
simulation approaches will be essential to address computational constraints. The results
presented here demonstrate that machine learning techniques can contribute meaningfully to
this challenge.
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