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ABSTRACT

HYBRID QUANTUM-CLASSICAL GRAPH NEURAL NETWORKS
FOR PARTICLE TRACK RECONSTRUCTION
AT THE LARGE HADRON COLLIDER

Tiiystiz, Cenk
M.S., Department of Physics
Supervisor: Prof. Dr. M. Bilge Demirkoz

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.



Keywords: particle track reconstruction, quantum variational algorithms, machine

learning
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0z

BUYUK HADRON CARPISTIRICISI’NDA
PARCACIK 1Z1 YAPILANDIRMASI ICIN

HIBRIT KUANTUM-KLASIK CIZGE SINIR AGLARI

Tiiysiiz, Cenk
Yiiksek Lisans, Fizik Bolimii

Tez Yoneticisi: Prof. Dr. M. Bilge Demirkoz

Agustos 2021 , 107 sayfa

Parcacik carpistirma deneyleri dogay: kiigiik boyutlarda anlamay1 hedefler. Avrupa
Niikleer Arastirma Merkezi’nde (CERN) bulunan Biiyiik Hadron Carpistiricis1 (BHC)
gibi pargacik hizlandiricilar kii¢iik boyutlari incelemek i¢in parcaciklar yiiksek fre-
kans (MHz) ve enerjide (TeV) carpistirir. Yiiksek ¢arpigsma frekanslari pek ¢ok bilgi-
sayimsal zorlugu beraberinde getirmektedir. Bu zorluklardan bir tanesi ise carpisma
sonucu agi8a ¢ikan parcaciklarin rotasinin belirlenmeye calisildig pargacik izi yapi-
landirma problemidir. Su anda BHC iizerinde calismalar siirmekte olan yiiksek 1s1nim
gelistirmeleri ise pargacik ¢arpisma oranlarini artiracak ve bilgisayim zorluklarini daha
da biiyiiyecektir. Su anda kullanilmakta olan parcacik izi yapilandirma algoritmalari
ikinci dereceden daha kotii bir 6lgeklenmeye sahip olduklart icin de bu durumdan
fazlasiyla etkilenecektir. Bu calisma parcgacik izi tekrar olusturma problemini ¢cozmek
icin yenilik¢i Cizge Sinir Aglar’’n1 Kuantum Sinir Aglan ile birlestiren, Giirtiltiili
Orta Olgekli Kuantum (NISQ) bilgisayarla uyumlu, bir hibrit Kuantum-Klasik model

sunmaktadir. Sonuglar 16 kiibit ve 16 gizli uzay boyutuna sahip hibrit modelin klasik
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model ile benzer sonuglar verebildigini ortaya koymaktadir.

Anahtar Kelimeler: pargacik izi yapilandirma, kuantum degisimsel algoritmalar, yapay

zeka
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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).



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
(QNNSs), 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.



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 patrticle 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 electronshrpm
molecules. After the separatiod,” 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 contaihindg0'!
protons corresponding to a luminosity b#*cm 2s *. 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 afigle (
and it has a small range between 150-208d[1]. The majority of the particles pass

through these points, that allows the bunches to be reused to produce new collisions.

4



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 §) is exaggerated for visual purposes. The bunch length (

is ~7.5 cm and the bunch widthy) 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 rstis 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

5



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 fall&=as.

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 @& cm 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
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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 momenturp and signed chargeglfollows the trajectory governed

by Eq. 2.1 [20]. The bending causes patrticles 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.

% = gg—;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 t@elks

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. Itis 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 Iter and Hough transform based

approaches. Despite the Kalman Iter based approaches' high accuracy tracking

performance, they scale quadratically or worse in general @(gf) [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 bfi = 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 witth 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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