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ABSTRACT

HYBRID QUANTUM-CLASSICAL GRAPH NEURAL NETWORKS
FOR PARTICLE TRACK RECONSTRUCTION

AT THE LARGE HADRON COLLIDER

Tüysüz, Cenk

M.S., Department of Physics

Supervisor: Prof. Dr. M. Bilge Demirköz

August 2021, 107 pages

Particle collider experiments aim to understand Nature at small scales. Particle accel-

erators, such as the Large Hadron Collider (LHC) at the European Organization for

Nuclear Research (CERN), collide particles at high rates (MHz) and high energies

(TeV) in order to probe such small scales. High collision rates may bring many com-

putational challenges. One of these challenges is particle track reconstruction, which

is the task of distinguishing the trajectories of charged particles passing through the

detector. The upcoming High Luminosity upgrade of the LHC is going to increase the

collision rates and require more computational resources. Particle track reconstruction

algorithms will also be under much more stress, as the current algorithms are scaling

worse than quadratically. This work presents a hybrid Quantum-Classical model to

solve the particle track reconstruction problem by combining novel Graph Neural

Networks with Quantum Neural Networks that are compatible with Noisy Intermediate

Scale Quantum (NISQ) computers. Results indicate that the hybrid model can match

the performance of the classical model within the limits of 16 qubits and 16 hidden

dimensions.
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Keywords: particle track reconstruction, quantum variational algorithms, machine

learning
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ÖZ

BÜYÜK HADRON ÇARPIŞTIRICISI’NDA
PARÇACIK İZİ YAPILANDIRMASI İÇİN

HİBRİT KUANTUM-KLASİK ÇİZGE SİNİR AĞLARI

Tüysüz, Cenk

Yüksek Lisans, Fizik Bölümü

Tez Yöneticisi: Prof. Dr. M. Bilge Demirköz

Ağustos 2021 , 107 sayfa

Parçacık çarpıştırma deneyleri doğayı küçük boyutlarda anlamayı hedefler. Avrupa

Nükleer Araştırma Merkezi’nde (CERN) bulunan Büyük Hadron Çarpıştırıcısı (BHÇ)

gibi parçacık hızlandırıcıları küçük boyutları incelemek için parçacıkları yüksek fre-

kans (MHz) ve enerjide (TeV) çarpıştırır. Yüksek çarpışma frekansları pek çok bilgi-

sayımsal zorluğu beraberinde getirmektedir. Bu zorluklardan bir tanesi ise çarpışma

sonucu açığa çıkan parçacıkların rotasının belirlenmeye çalışıldığı parçacık izi yapı-

landırma problemidir. Şu anda BHÇ üzerinde çalışmaları sürmekte olan yüksek ışınım

geliştirmeleri ise parçacık çarpışma oranlarını artıracak ve bilgisayım zorluklarını daha

da büyüyecektir. Şu anda kullanılmakta olan parçacık izi yapılandırma algoritmaları

ikinci dereceden daha kötü bir ölçeklenmeye sahip oldukları için de bu durumdan

fazlasıyla etkilenecektir. Bu çalışma parçacık izi tekrar oluşturma problemini çözmek

için yenilikçi Çizge Sinir Ağları’nı Kuantum Sinir Ağları ile birleştiren, Gürültülü

Orta Ölçekli Kuantum (NISQ) bilgisayarla uyumlu, bir hibrit Kuantum-Klasik model

sunmaktadır. Sonuçlar 16 kübit ve 16 gizli uzay boyutuna sahip hibrit modelin klasik
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model ile benzer sonuçlar verebildiğini ortaya koymaktadır.

Anahtar Kelimeler: parçacık izi yapılandırma, kuantum değişimsel algoritmalar, yapay

zeka
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ship. This work was supported by Presidency of Strategy and Budget and travels

to CERN were supported by Turkish Atomic Energy Authority (TAEK) (Grant No:

2017TAEKCERN-A5.H6.F2.15 and 2020TAEK(CERN)A5.H1.F5-26). Part of this

work was conducted at "iBanks", the AI GPU cluster at Caltech. I acknowledge

x



NVIDIA, SuperMicro and the Kavli Foundation for their support of "iBanks". I ac-

knowledge the use of IBM Quantum services for this work. The views expressed are

those of the author, and do not reflect the official policy or position of IBM or the IBM

Quantum team.

xi



TABLE OF CONTENTS

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

ÖZ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

TABLE OF CONTENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xv

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xvi

LIST OF ABBREVIATIONS . . . . . . . . . . . . . . . . . . . . . . . . . . . xxi

CHAPTERS

1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2 PARTICLE TRACK RECONSTRUCTION . . . . . . . . . . . . . . . . . . 3

2.1 The Large Hadron Collider . . . . . . . . . . . . . . . . . . . . . . . 3

2.2 Problem Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.3 Approaches to Particle Track Reconstruction Problem . . . . . . . . 9

2.3.1 Traditional Approach . . . . . . . . . . . . . . . . . . . . . . 10

2.3.2 Deep Learning Based Approaches . . . . . . . . . . . . . . . 11

2.3.2.1 Neural Networks . . . . . . . . . . . . . . . . . . . . . 11

2.3.3 Recurrent Neural Networks . . . . . . . . . . . . . . . . . . . 15

2.3.4 Graph Neural Networks . . . . . . . . . . . . . . . . . . . . . 15

xii



2.3.5 Quantum Computing Based Approaches . . . . . . . . . . . . 17

2.3.5.1 Quantum Adiabatic Computing . . . . . . . . . . . . . 18

2.4 The TrackML Challenge and the Dataset . . . . . . . . . . . . . . . 19

3 QUANTUM COMPUTING AND MACHINE LEARNING . . . . . . . . . 23

3.1 Circuit-based Quantum Computing . . . . . . . . . . . . . . . . . . 24

3.2 State of Quantum Computing Hardware . . . . . . . . . . . . . . . . 30

3.2.1 Quantum Computing Hardware Paradigms . . . . . . . . . . . 31

3.2.2 DiVincenzo’s Criteria . . . . . . . . . . . . . . . . . . . . . . 33

3.2.3 Quantum Volume . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3 Variational Quantum Classification . . . . . . . . . . . . . . . . . . 37

3.3.1 Information Encoding . . . . . . . . . . . . . . . . . . . . . . 40

3.3.2 Parametrized Quantum Circuits . . . . . . . . . . . . . . . . . 42

3.3.3 Training Classical and Quantum Neural Networks . . . . . . . 49

3.3.3.1 Optimization . . . . . . . . . . . . . . . . . . . . . . . 49

3.3.3.2 Gradients in Variational Quantum Algorithms . . . . . . 53

3.3.3.3 Barren Plateaus in loss landscapes . . . . . . . . . . . . 55

4 METHODOLOGY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.1 Data Pre-processing . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.2 Hybrid Graph Neural Network . . . . . . . . . . . . . . . . . . . . . 65

4.2.1 The Edge Network . . . . . . . . . . . . . . . . . . . . . . . 66

4.2.2 The Node Network . . . . . . . . . . . . . . . . . . . . . . . 67

4.2.3 The Hybrid Neural Network . . . . . . . . . . . . . . . . . . 67

4.3 Training the Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

xiii



4.4 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.5 Hardware and Software Information . . . . . . . . . . . . . . . . . . 75

5 RESULTS & DISCUSSION . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.1.1 Embedding Axis Comparison . . . . . . . . . . . . . . . . . . 77

5.1.2 Number of Layers Comparison . . . . . . . . . . . . . . . . . 78

5.1.3 Number of Iterations Comparison . . . . . . . . . . . . . . . . 80

5.1.4 Hidden Dimension Size Comparison . . . . . . . . . . . . . . 82

5.2 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

6 CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

APPENDICES

A DEFINITIONS OF QUANTUM GATES . . . . . . . . . . . . . . . . . . . 107

xiv



LIST OF TABLES

TABLES

Table 2.1 Some of the popular activation functions used in NNs. . . . . . . . . 13

Table 2.2 Physics contents of different types of TrackML �les. . . . . . . . . . 22

Table3.1 Decoherence properties of some available Quantum Computers with

different architectures as of 6 April 2021. . . . . . . . . . . . . . . . . . . 34

Table4.1 Number of particle hits before and after thepT cut in the train and

test datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

Table 4.2 Confusion matrix for binary classi�cation. . . . . . . . . . . . . . . 72

Table5.1 Model labels and their respective PQCs used in different parts of the

network. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

xv



LIST OF FIGURES

FIGURES

Figure 2.1 CERN's accelerator complex. . . . . . . . . . . . . . . . . . . . 4

Figure 2.2 An illustration of a bunch crossing at the LHC . . . . . . . . . . 5

Figure2.3 An illustration of primary (red circles), pile-up (green squares)

and secondary (blue hexagons) vertices at the LHC. . . . . . . . . . . . 6

Figure 2.4 Subsystems of the CMS detector . . . . . . . . . . . . . . . . . 7

Figure 2.5 Subsystems of the ATLAS inner detector. . . . . . . . . . . . . . 8

Figure 2.6 Example of particle hits and tracks in a magnetic �eld. . . . . . . 9

Figure 2.7 Computation time required for the reconstruction of particle

tracks at the ATLAS experiment with respect to pile-up. . . . . . . . . . 11

Figure 2.8 Graphical representation of a perceptron. . . . . . . . . . . . . . 12

Figure 2.9 Some of the popular activation functions used in NNs. . . . . . . 13

Figure2.10 Graphical representation of a generic Deep Neural Network model.14

Figure 2.11 RNN approach of the Hep.TrkX project. . . . . . . . . . . . . . 16

Figure 2.12 Attributes of a Graph. . . . . . . . . . . . . . . . . . . . . . . . 17

Figure 2.13 The GNN model of the HEP.TrkX project. . . . . . . . . . . . . 17

Figure2.14 Coordinate de�nitions of a triplet in Denby-Peterson representation.19

Figure 2.15 Layer geometry of the TrackML detector . . . . . . . . . . . . . 20

xvi



Figure 3.1 Bloch sphere representation of quantum states. . . . . . . . . . . 25

Figure 3.2 A single qubit circuit representation. . . . . . . . . . . . . . . . 27

Figure3.3 An arbitrary Quantum circuit with various qubits and multi-qubit

gates. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

Figure 3.4 Bell state preparation circuit. . . . . . . . . . . . . . . . . . . . 29

Figure 3.5 Histogram of Bell state measurements. . . . . . . . . . . . . . . 30

Figure 3.6 Topologies of Quantum Computers with different technologies. . 32

Figure 3.7 Training schematic of a generic VQA. . . . . . . . . . . . . . . 38

Figure3.8 Absolute errors of expectation values of an example Quantum

circuit with different shots. . . . . . . . . . . . . . . . . . . . . . . . . 39

Figure 3.9 Angle embedding representations on the Bloch Sphere. . . . . . 42

Figure 3.10 An example construction of a two qubit parametrized gate. . . . 43

Figure3.11 Some of the hierarchical architecture types of PQCs in their 4

qubit con�gurations. . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

Figure 3.12 A generic variational Quantum circuit with an arbitrary PQC. . . 44

Figure3.13 Example 4 qubit toy con�gurations for entangling and parametrized

layers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Figure 3.14 A nearest-neighbor (checkerboard) PQC architecture . . . . . . 46

Figure3.15 Model Expressibility vs. number of layers comparing two PQCs

with different parametrized layers. . . . . . . . . . . . . . . . . . . . . 48

Figure3.16 Model Entangling Capability vs. number of layers comparing

two PQCs with different entangling layers. . . . . . . . . . . . . . . . . 49

Figure 3.17 Binary cross entropy for different predictions of a sample . . . . 50

xvii



Figure 3.18 Absolute errors of estimated gradient values of a PQC with

different number of shots. . . . . . . . . . . . . . . . . . . . . . . . . . 54

Figure 3.19 The layout of the PQC that is used to obtain gradient samples. . . 55

Figure3.20 Expectation values of the PQC in Fig. 3.19 with 4 layers using

various number of qubits vs. the� 1;1 parameter. . . . . . . . . . . . . . 56

Figure3.21 Variance of gradient of a single parameter of a PQC vs. number

of qubits and layers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

Figure 4.1 2D projection of the TrackML detector geometry. . . . . . . . . 60

Figure 4.2 Stacked histogram of number of hits vs pT. . . . . . . . . . . . . 61

Figure4.3 A drawing of the cylindrical coordinate system for particle colli-

sions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

Figure 4.4 A sketch of particle track reconstruction. . . . . . . . . . . . . . 63

Figure4.5 Histogram of fake and true segments in construction of graphs

from 100 events. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

Figure4.6 2D projection of hits, fake and true edges of an event after pre-

processing. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

Figure 4.7 A schematic of the GNN architecture. . . . . . . . . . . . . . . 66

Figure 4.8 The HNN architecture design. . . . . . . . . . . . . . . . . . . . 68

Figure 4.9 The 4 qubit con�gurations of the PQCs used in this work. . . . . 70

Figure4.10 Expressibility and Entanglement Capacity vs. number of layers

for some of the PQCs in their 4 qubit con�gurations. . . . . . . . . . . 71

Figure 4.11 ROC plot of an arbitrary model. . . . . . . . . . . . . . . . . . . 74

Figure 5.1 Axis of angle embedding comparison. . . . . . . . . . . . . . . 78

Figure 5.2 Embedding axis comparison training curves. . . . . . . . . . . . 79

xviii



Figure 5.3 Number of layers comparison. . . . . . . . . . . . . . . . . . . 80

Figure 5.4 Comparison of training curves for different (1, 3, 5 and 7) layers. 81

Figure 5.5 Comparison of the number of iterations. . . . . . . . . . . . . . 82

Figure 5.6 Comparison of the training curves of number of iterations. . . . . 83

Figure 5.7 Comparison of hidden dimension size. . . . . . . . . . . . . . . 84

Figure 5.8 Comparison of training curves for hidden dimension sizes. . . . 85

Figure5.9 Comparison of hybrid and classical models for different hidden

dimension sizes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

xix



xx



LIST OF ABBREVIATIONS

2D 2 Dimensional

3D 3 Dimensional

ADAM Adaptive Moment Estimation

ANN Arti�cial Neural Networks

ATLAS A Toroidal LHC Apparatus

AUC Area Under the ROC Curve

BP Barren Plateau

CERN European Organization for Nuclear Research

CKF Combinatorial Kalman Filter

CMS Compact Muon Solenoid

CPU Central Processing Unit

DL Deep Learning

DNN Deep Neural Network

FC Fully Connected

FN False Negative

FP False Positive

FPR False Positive Rate

GNN Graph Neural Network

GPU Graphical Processing Unit

HEP High Energy Physics

HHL Harrow-Hassidim-Lloyd

HL-LHC High Luminosity Large Hadron Collider

HNN Hybrid Neural Network

IEC Information Encoding Circuit

LHC Large Hadron Collider

LSTM Long Short Term Memory

ML Machine Learning

xxi



MLPF Machine Learned Particle Flow

MPS Matrix Product State

NISQ Noisy Intermediate Scale Quantum

NN Neural Network

PQC Parametrized Quantum Circuit

QA Quantum Annealing

QC Quantum Computer

QCD Quantum Chromodynamics

QGNN Hybrid Quantum-Classical Graph Neural Network

QNN Quantum Neural Network

QPU Quantum Processing Unit

QUBO Quadratic Unconstrained Binary Optimization

QV Quantum Volume

RNN Recurrent Neural Network

ROC Receiver Operating Characteristic

TN True Negative

TP True Positive

TPR True Positive Rate

TPU Tensor Processing Unit

TTN Tree Tensor Network

VQA Variational Quantum Algorithm

VQC Variational Quantum Classi�er

VQE Variational Quantum Eigensolver

xxii



CHAPTER 1

INTRODUCTION

Particle accelerator experiments aim to understand the nature of particles by colliding

groups of particles with each other (or with �xed targets) at high energies and try

to observe the creation of particles and their decays. The Large Hadron Collider

(LHC) [1] at the European Organization for Nuclear Research (CERN) hosts four

major experiments at interaction points that each focus on different problems in High

Energy Physics (HEP). Both the LHC and the experiments come with many hardware

and software challenges.

Particle track reconstruction is one of the problems that is computationally challenging

for most HEP experiments due to its combinatorial nature. In this problem, the aim

is to identify unique trajectories of each outgoing particle that appear after particle

collisions. Although traditional approaches can handle the current rate of particles,

they are struggling with the transition to High Luminosity Large Hadron Collider

(HL-LHC) [2]. HL-LHC is the name used for the next era of the current LHC, and is

expected to have more particles in the beam by 2027 [3]. Therefore, there is a need for

new algorithms that can handle increased luminosity and also have better scaling to

support future applications.

Graph Neural Network (GNN) [4] approaches bring a novel machine learning perspec-

tive to solve the particle track reconstruction problem [5, 6]. Their use has already

gained lots of interest in recent years and continues to extend to similar problems [7].

Quantum Computer (QC) approaches have also gained popularity, as one can translate

parts of the tracking problem to be solved by quantum search or annealing methods [2,

8–10]. In this work, we investigated the possibility of combining both paradigms and

implemented a Hybrid Quantum-Classical Graph Neural Network (QGNN).
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The proposed QGNN model is trained and evaluated using the publicly available

TrackML dataset [11], which has been widely used by the particle track reconstruction

community in recent years [12] and compared against a classical model [5] to investi-

gate possible advantages. Results of this work are important for several reasons. First,

this work implements a �exible hybrid QGNN algorithm that can be applied to particle

track reconstruction and many other graph learning tasks. Second, it presents results

that would help improve the current understanding of Quantum Neural Networks

(QNNs), which is very limited. Finally, it provides valuable insight for future Hybrid

Neural Network (HNN) implementations.

The outline of the thesis is as follows; In Chapter 2, we start by presenting a background

for HEP experiments at LHC and continue by de�ning the particle track reconstruction

problems. Then, we give the current status and recent approaches to solve this problem.

In Chapter 3, we introduce QC along with Variational Quantum Algorithms (VQAs).

In Chapter 4, we present details of the proposed model from how it is built to how its

performance is evaluated. In Chapter 5, we present our results along with an extended

discussion of our �ndings. Finally, in Chapter 6 we give an overview and conclusion

of the thesis.
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CHAPTER 2

PARTICLE TRACK RECONSTRUCTION

2.1 The Large Hadron Collider

European Organization for Nuclear Research (CERN) hosts the Large Hadron Collider

(LHC), which is world's largest and highest energy particle collider, in Geneva at

the border of Switzerland and France [1]. The circular particle accelerator has a

27 km circumference and is designed to accelerate both protons and lead-ions to a

center-of-mass energy of 7 TeV and 13 TeV, respectively. The purpose of the LHC is to

answer fundamental questions in physics through high energy particle collisions. The

LHC hosts four major experiments, each focusing on different properties of particle

collisions. While the A Toroidal LHC Apparatus (ATLAS) and Compact Muon

Solenoid (CMS) collaborations study the Higgs boson and investigate new physics, the

ALICE experiment investigates heavy-ion collisions and tries to understand the state

of matter and properties of quark-gluon plasma just after the Big Bang. The LHCb

collaboration investigates the difference in the amount of matter and antimatter. These

experiments are placed at four points across the LHC beam and operate independently.

Accelerating particles to such high energies is not a simple task. Particles go through

several stages of acceleration, before being fed to the LHC to reach the desired

energies. If we take the proton acceleration as an example; protons start their journey

in a bottle of Hydrogen gas. An electric �eld is used to separate electrons fromH2

molecules. After the separation,H + ions or protons are ready to be accelerated. First,

they go through LINAC 2 which is a linear accelerator that accelerates protons to 50

MeV. Then, they are fed to the Proton Synchrotron Booster to reach 1.4 GeV. The

acceleration continues with Proton Synchrotron to reach 25 GeV and Super Proton

3



Synchrotron to reach 450 GeV before the �nal stage, LHC, that accelerates protons to

6.5 GeV. All of these stages, along with the four experiments of the LHC can be seen

in the the general layout of the CERN accelerator complex in Fig. 2.1.

Figure 2.1: CERN's accelerator complex. Several stages of the LHC is given with

different colors. The main LHC beam line is shown with the dark blue circle and the

four major experiments are marked with yellow circles. Figure is retrieved from [13].

The LHC accelerates particles to high energies in groups referred to as bunches that

are separated in time. Two beams contain bunches and travel in the opposite direction.

LHC was designed to have 2808 bunches in a proton beam, each containing1:1� 1011

protons corresponding to a luminosity of1034cm� 2s� 1. Luminosity is the unit of

number of particles per unit area per second. All bunches are separated in 25 ns

intervals which corresponds to a 40 MHz collision frequency, which is also called

bunch crossing [1].

At the centers of the four experiments the two beams are brought together. These

points that are referred to as interaction points. Head-on collisions with a minimal

angle are produce at the interaction points. This angle is called crossing angle (� C )

and it has a small range between 150-200� rad[1]. The majority of the particles pass

through these points, that allows the bunches to be reused to produce new collisions.
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An illustration of a bunch crossing is displayed in Fig. 2.2.

Figure 2.2: An illustration of a bunch crossing at the LHC. Cylinders represent bunches.

The crossing angle (� C ) is exaggerated for visual purposes. The bunch length (� z)

is ~7.5 cm and the bunch width (� x ) is ~16� m at the interaction points. Figure is

adapted from [14].

A bunch crossing is called an event that typically includes multiple proton-proton

collisions. There are 3 types of reconstructed spatial locations, called vertices, at these

experiments. The �rst is the primary vertex, which results from rare high energy or high

momentum transfer interactions. The second is called a pile-up vertex and is a result

of frequent soft Quantum Chromodynamics (QCD) interactions (low energy inelastic

interactions). Only few hundred events out of the possible 40 million collisions/sec

have a high enough energy primary vertex that makes it interesting to analyze. The

abundance of pile-up vertices make distinguishing primary vertices in an event harder.

The average amount of pile-up vertices in a bunch crossing is referred to as the pile-up

(h� i ) at LHC. The last type is called secondary vertices as they are the result of a

decay process of long-lived particles produced by a primary or pile-up interaction. An

illustration of these vertices is given in Fig. 2.3.

Particle collider experiments consist of several parts, each focusing on a different

property of particles to measure. They are called to have an onion shape due to their

layered structure. Silicon tracking detectors are generally located near the collision

center and focus on measuring the trajectory of particles. Outside the tracking detectors,

there are several types of calorimeters to measure the energies of particles. Muon
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Figure 2.3: An illustration of primary (red circles), pile-up (green squares) and sec-

ondary (blue hexagons) vertices at the LHC. Figure is retrieved from [14].

detectors are placed at the outmost layers, since almost all muons travel through the

inner layers without disintegrating. In addition to these detectors, collider experiments

contain magnets that produce magnetic �elds on the order of several Teslas. The

magnetic �eld bends the charged particles, and the bending radius is used to estimate

the momentum of particles. As an example to these experiments, an overview of the

CMS experiment and its components can be seen in Fig. 2.4.

These experiments have been the ultimate tools to test particle theories, most im-

portantly the Standard Model. Although the discovery of the Higgs boson by the

ATLAS [16] and the CMS [17] experiments is mostly known in the media, they

showed and still continue to show success in many occasions, discovering and pre-

cisely measuring many types of particles and their decays [18]. However, a discovery

is never an end point in physics, there are still more theories to test and more to

discover in particle physics. Therefore, there is always a need for particle accelerators

that reach to higher energies as well as luminosities to increase the statistics.

Currently, the LHC is going through an upgrade phase to have increased luminosity

and will be named High Luminosity Large Hadron Collider (HL-LHC) [3]. The

major goal of HL-LHC is to increase the intensity of the beam by reducing its size

in order to have more collisions. This upgrade involves major changes to LHC sub-

systems from more powerful magnets to new superconducting links that can carry
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Figure 2.4: Subsystems of the CMS detector [15]. Subsystems are placed such that the

granularity and precision of the detectors decrease, while the density increases from

inside to outside, because the track density falls as1=r2.

more current through cables. Another key component is the upgrade to the injectors,

which increases the bunch population while maintaining the beam size. HL-LHC

is expected to be completed by 2027, resulting in a factor of 10 increase in the

luminosity compared to design luminosity of the LHC, which was1034cm� 2s� 1. With

the increased luminosity, total number of events will be increased and statistical errors

in all analyses will decrease signi�cantly. However, this comes with challenges in

both hardware and software. In this work, we investigate one of the computational

challenges, which is called particle track reconstruction.

2.2 Problem De�nition

Each component of particle collider experiments are complex and very large teams are

needed to design, manufacture and also operate them. The silicon tracking detector

7



that we consider in this thesis is no exception. Generally, the overall layout of the

tracking detectors are similar. The ATLAS inner detector, shown in Fig. 2.5, can be

viewed as an example layout of tracking detectors. Pixel detectors are located in the

innermost section to be as close as possible to collision center. On the outside, there

are trackers that wraps the pixel detectors. These are referred to as barrel trackers due

to their shape resembling a barrel. There are also disk-shaped trackers on the outer

layers located along the beam axis. These trackers are called end-cap trackers due to

their location.

Figure 2.5: Subsystems of the ATLAS inner detector. 4 layers of pixel detectors are

located at the center and 4 layers of semiconductor trackers surround them on the

outside. The transition radiation tracker wraps the semiconductor tracker. These 3

types of detector form the barrel region due to their geometry. There are 9, disk-

shaped, semiconductor tracker layers on each side and another transition radiation

tracker located away from the center along the beam axis (end-cap region). Figure is

retrieved from [19].

Charged particles bend under a magnetic �eld, if the magnetic �eld has a component

orthogonal to the momentum vector of the particle. This is one of the reasons for the

need of a sophisticated tracking detector geometry. Under a static magnetic �eld B(r),

a particle with momentump and signed chargedq follows the trajectory governed

by Eq. 2.1 [20]. The bending causes particles to follow a helix-shaped trajectory. A
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particle's propagation under a magnetic �eld can be visualized as in Fig. 2.6.

d2r
ds2

=
q
p

dr
ds

B(r ) (2.1)

When charged particles pass through a silicon tracker detector, they create signals

that are calledhits. The reconstructed trajectories of particles are referred to astracks.

Fig. 2.6 (c) shows examples of hits and their associated tracks with different colors

for each particle. The particle track reconstruction is the task of determining the

trajectories of particles that propagate outwards from the collision center, using the

measurements (hits) of the silicon tracker detectors.

Figure 2.6: Example of particle hits and tracks in a magnetic �eld. Particles travelling

in a magnetic �eld away from the primary vertex (a), leaves hits in the detectors as

shown in black points (b). These hits are reconstructed with track �nding algorithms

to particle tracks (c). Figure is adapted from [11].

2.3 Approaches to Particle Track Reconstruction Problem

Particle track reconstruction is a very challenging and computationally expensive

problem. It is the most computationally expensive task of the CMS event reconstruction

and it is reported to take the same amount of time with the rest of the computations [21].

The LHC experiments currently employ Kalman �lter and Hough transform based

approaches. Despite the Kalman �lter based approaches' high accuracy tracking

performance, they scale quadratically or worse in general (e.g.O(n6) [2]). This lead
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researchers to start investigating new methods for particle track reconstruction as a

result of this situation in recent years. Global methods based on pattern recognition

are started to be considered in contrast to local methods (i.e. Combinatorial Kalman

Filter (CKF) based methods [20, 21]), which were used at Run-1 and Run-2, where

each track is reconstructed one by one. On top of these methods, developments in

Deep Learning (DL) and Quantum Computer (QC) technologies opened the door to

new possibilities in particle track reconstruction. In the next sections, a more detailed

overview of these approaches is given.

2.3.1 Traditional Approach

The particle track reconstruction algorithms at the LHC generally share a similar

work-�ow [20]. Track reconstruction starts with merging the charge deposition mea-

surements on pixel detectors to single hits. Then, three hits from different layers of

detectors are selected to form triplets that are called seeds. This stage is called track

seeding. At least 3 hits are required to estimate a track's curvature, which will later be

used to calculate its parameters such as the charge, momentum and point of closest

approach (perigee) to the interaction region. These triplets are chosen to be good seeds

according to requirements set by geometry, momentum and perigee. Good triplet seeds

are then fed to a CKF algorithm [22], which uses each seed to estimate hits in the next

layer that might belong to the same particle and builds track candidates after going

through all detector layers. At the last stage, a set of quality criteria are applied to

track candidates to get rid of ambiguities and track candidates with shared hits [23].

Track seeding and building stages are the most computational expensive stages of

particle track reconstruction at the LHC. Both scale worse than quadratic in number

of hits [24]. This behaviour can be seen in Fig. 2.7, where previous Run-2 results are

plotted in empty black boxes. Fig. 2.7a compares the total inner detector reconstruction

time of the Run-2 with the simulated results of the new inner tracker hardware [25],

at respective pile-up values ofh� i = 20 and 60 for Run-2 and values up to 200 (to

cover HL-LHC conditions) for the new hardware. Fig. 2.7a further compares the

default track reconstruction software with the proposed Fast Track Reconstruction

algorithm [26]. The times are given in HS06 benchmark [27], which is a benchmark
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used to quantify performance of CPUs in the HEP community. Both �gures show

that signi�cant improvements are expected with the deployment of new hardware and

software.

(a) (b)

Figure 2.7: Computation time required for the reconstruction of particle tracks at the

ATLAS experiment with respect to pile-up. Times are given in HS06 benchmark [27].

Run-2 results withh� i = 20 and 60 is plotted with dashed lines and empty markers.

The expected reconstruction performance of the upgraded ATLAS inner tracker (ITk)

is plotted with straight lines and �lled markers. Computation time of different track

reconstruction stages are given with different colors (a). The expected performance

of the Fast Track Reconstruction algorithm is plotted with red circles (b). Figures are

retrieved from [26].

2.3.2 Deep Learning Based Approaches

2.3.2.1 Neural Networks

Arti�cial Neural Networks (ANN or NN in short) are machine learning models that are

inspired from the working principles of neurons. The �rst conceptual use of NNs date

back to 1940s. McCulloch and Pitts proposed a mathematical model to explain the

nervous activity [28] and A.M. Turing considered the human cortex as an unorganized

machine and theorized on educating this machine [29]. Later, �rst practical algorithm

was implemented by Frank Rosenblatt, named the perceptron [30].
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