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Streszczenie

Niniejsza rozprawa przedstawia kompleksowy opis pi¦ciu lat bada« prowadzonych

w ramach eksperymentu LHCb (ang. Large Hadron Collider beauty experiment)

w CERN. Praca koncentruje si¦ na opracowaniu i zastosowaniu technik uczenia

maszynowego w celu wzmocnieniu algorytmu do rekonstrukcji ±ladów córek,

rozpadów cz¡stek dªugo»yciowych (tak zwane ±lady downstream) i poprawy

wydajno±ci systemu wyzwalania eksperymentu LHCb oraz analiz¦ danych kalibra-

cyjnych detektora UT (ang. Upstream Tracker). Pierwsza cz¦±¢ pracy podzielona

jest na dwa etapy - zwi¦kszenie czysto±ci próbek ±ladów SciFi (ang. Scintillating

Fibre detector) oraz polepszenia jako±ci ±ladów typu downstream.

W rozprawie analizowane s¡ strategie wykorzystania tych nowych linii trygerowych

w celu maksymalizacji wydajno±ci rekonstrukcji bez nara»ania danych �zycznych.

Druga cz¦±¢ pracy koncentruje si¦ na detektorze UT, umieszczonym przed mag-

nesem dipolowym, który ma kluczowe znaczenie dla precyzyjnych pomiarów

p¦du oraz wydajno±ci trygera jako caªo±ci. Prace dotycz¡ce wzmocnienia algo-

rytmu do rekonstrukcji ±ladów typu downstream opieraªy si¦ na opracowaniu

dwóch oddzielnych modeli uczenia maszynowego. Pierwszy model ma na celu

popraw¦ czysto±ci próbki zawieraj¡cej segmenty ±ladów SciFi, które stanowi¡

podstaw¦ do bardziej zªo»onej rekonstrukcji ±ladów typu downstream. Drugi

selektor ma na celu identy�kacj¦ ±ladów downstream i eliminacj¦ ±ladów kombi-

natorycznych (ang. ghost tracks), powszechnie nazywanych �±ladami duchami�,

które nie odpowiadaj¡ »adnym rzeczywistym trajektoriom. Ta faza stanowi jeden z

najbardziej wymagaj¡cych technicznie aspektów bada«, obejmuj¡cy rygorystyczn¡

ocen¦ metryczn¡ i ocen¦ wydajno±ci modeli, a nast¦pnie ich integracj¦ i wdro»enie

w ramach oprogramowania Gaudi oraz algorytmów rekonstrukcji ±ladów LHCb.

Drugi projekt ma na celu opracowanie metodologii monitorowania do analizy

i kalibracji detektora UT, co pomo»e zoptymalizowa¢ stosunek sygnaªu do szumu

w celu lepszej rekonstrukcji hitów.

Sªowa kluczowe: ‘lady downstream, Uczenie maszynowe, Wyzwalacz wysok-

iego poziomu, Sieci neuronowe, Rekonstrukcja ±ladów
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Abstract

This thesis presents a comprehensive account of �ve years of research conducted

within the LHCb experiment at CERN. The work focuses on developing and ap-

plying machine learning techniques to enhance track reconstruction and detector

performance. The work is organised into two phases, each addressing distinct but

related challenges in particle tracking and data analysis.

The thesis explores strategies to leverage these software triggers to maximise

reconstruction e�ciency without compromising physics data. The second phase

focuses on the Upstream Tracker (UT), a detector positioned upstream of the

dipole magnet critical for precise momentum measurements.

The �rst phase focuses on improving downstream track reconstruction by devel-

oping two machine learning models. The �rst selector aims to enhance the quality

of SciFi track segments, which serve as the seeds for more complex downstream

track reconstruction. The second selector is designed to identify the downstream

tracks and eliminate combinatorial tracks, commonly called �ghost tracks,� which

do not correspond to real particle trajectories. This phase represents one of the

most technically demanding aspects of the research, involving rigorous metric

evaluation and performance assessment of the models, followed by their inte-

gration and deployment within the Gaudi software framework and the LHCb

track reconstruction algorithms. The second project aims to build a monitoring

methodology for analysing and recalibrating the UT detector, helping to optimise

the signal-to-noise ratio for improved track reconstruction.

Keywords: Downstream Tracks, Machine Learning, High-Level Trigger, Neural

Networks, Track Reconstruction
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Chapter 1
Introduction

1 Physics Motivation

High energy physics (HEP), also known as particle physics, is the �eld of science

dedicated to the exploration and study of the fundamental building blocks of

matter and the forces that govern them. The current theoretical framework strongly

depends on energy scales. On the macroscopic level, the dynamics of spacetime,

gravity, and everything associated with it explain the underlying mechanics of the

Universe; the General Theory of Relativity with remarkable precision. It is one of

the most widely accepted theories for explaining large-scale systems. However,

this classical framework cannot explain the quantum realm, and we need Quantum

Mechanics to explain that.

"It all starts with one simple question: How did it all begin?

One of the open-ended questions in science and the most puzzling mystery

for humankind is how it all started: the cosmic origins of celestial objects and the

Universe and everything within.

Big Bang Theory, one of the most widely accepted theories, describes that all

began from a quantum �uctuation, which was likely ampli�ed during the phase

called cosmic in�ation. This initial seed evolved over approximately 13.8 billion

years to grow [1] to the current state of the Universe that we observe (it is worth

noticing that the recent discoveries of the James Webb Space Telescope may strain

the classical cosmology). What existed before the Big Bang remains an open-ended

question yet to be understood. In popular opinion, it may have been one of several

signi�cant events in the early Universe. It may not be the only event, and the

concept of time itself may have lacked meaning before it.
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One of the intriguing puzzles in the aspects of the current Universe is its com-

position. The visible Universe consists mainly of matter components, yet the corre-

sponding antimatter is almost absent. According to the current theories, matter

and antimatter should have been produced in equal amounts in the early Universe.

However, the antimatter part is conspicuously missing. If a perfect symmetry had

existed, they should have annihilated each other, leaving only the energy; no atoms,

no universe, no life. However, a slight excess of matter remained over antimatter,

about 1 in a billion matter-antimatter pairs, for reasons not yet fully understood.

This tiny imbalance is responsible for the matter-dominated Universe in which we

live. One proposed explanation for the matter-antimatter asymmetry is based on

violating Charge-Parity (CP) symmetry. Although the theoretical frameworks for

violating the CP are well established, experimental validation is still ongoing [2].

It is worth noticing that the LHCb (Large Hadron Collider beauty experiment)

was especially designed to explore this puzzle in the heavy quark sector.

Particle accelerators are one of the key frontiers in the experimental validation

of these theories. Colliding particles at extremely high speeds allow us to recreate

energy scales similar to those of the early Universe. Experiments such as those

conducted at the Large Hadron Collider (LHC) help to make precision measure-

ments and uncover and study phenomena beyond the Standard Model of Particle

Physics.

2 The Standard Model and the Limitations

The Standard Model(SM) of Particle Physicsis a well-established theoretical frame-

work that describes the fundamental building blocks of matter and the forces that

govern their interactions, excluding gravity. Although it can explain all presently

known elementary particles, it is not a complete theory of nature. It fails to explain

several key phenomena, including the existence of dark matter and dark energy,

the accelerated expansion of the Universe, and it cannot incorporate gravity. SM

is built on the foundation of quantum �eld theory (QFT), and they have been

rigorously tested using high-precision experimental instruments like the LHC [3].

Elementary particles, the fundamental building blocks of all known matter, are

the constituents of the Standard Model. As shown in Figure [1], they are broadly

classi�ed into two categories:

ˆ Fermions: Fermions are the matter particles - they build up all the matter we

observe. There are 12 fundamental fermions, further split into two subcategories:

quarks and leptons.
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Each fermion carries 1
2 spin and is subject to the Pauli Exclusion Principle, which

prohibits identical fermions from simultaneously occupying the same quantum

state.

Quarks: Quarks are the strongly interacting particles, and they have six �avours

that we know so far. Up, Down, Charm, Strange, Top, and Bottom Quarks.

They possess a quantum entity color charge that leads them to have a strong

nuclear force mediated by gluon force carriers.

Leptons: Leptons come in three generations, the electron, muon, and tau, and

their neutral counterpart, the neutrino. They do not experience strong

interactions and participate in electromagnetic and weak interactions.

Figure 1: Standard Model of Particles [4]

ˆ Bosons:Bosons are force carriers in the standard model � they mediate inter-

actions between fermions. They carry integer spin values and do not obey the

Pauli Exclusion Principle, allowing multiple bosons to occupy the same state.

Gauge Bosons: Gauge bosons mediate the fundamental forces described by the

Standard Model. The photon is the electromagnetic force carrier, the gluon

mediates the strong force between quarks, and the W � and Z bosons are

responsible for the weak nuclear force.

Higgs boson: The Higgs boson, commonly known as God's particle, is a scalar

particle with spin 0. It is associated with the Higgs �eld. The Higgs �eld is a

quantum �eld that gives mass to the W and Z bosons and fermions through

spontaneous symmetry breaking. The Higgs boson was discovered at the

LHC in 2012, con�rming a key prediction of the Standard Model [5].

5



CHAPTER 1. INTRODUCTION

3 CERN and the LHC Experiment.

CERN, the European Organisation for Nuclear Research (originally Conseil Eu-

ropéen pour la Recherche Nucléaire), is one of the world's largest and leading scien-

ti�c institutes in particle research. The scienti�c facility is located near Geneva,

Switzerland. CERN was established in 1954 by twelve Western EU countries to

conduct scienti�c experiments with global collaboration, hosting a community of

researchers worldwide. Its mission includes exploring fundamental questions in

physics, probing beyond the Standard Model, and advancing our understanding

of particle physics. CERN houses the Large Hadron Collider (LHC), the world's

largest and most powerful particle accelerator. The LHC is a circular proton-proton

collider with a circumference of 26.7 kilometres, situated approximately 100 meters

underground, and spanning the border between France and Switzerland.

As the name suggests, the Large Hadron Collider (LHC) accelerates and collides

hadrons, speci�cally protons, at near-light speeds. At LHC, hadrons are used for

several reasons, including that protons are stable and easy to accelerate using

electromagnetic �elds. Colliding protons allow us to access the internal structure,

quarks, and gluons (partons). Most importantly, the high energies involved in

these collisions can recreate conditions similar to those just after the Big Bang,

allowing the creation and study of rare or heavy particles or potential new physics

beyond the Standard Model.

The LHC hosts four major experiments: ATLAS (a toroidal LHC apparatus),

CMS (compact muon solenoid), ALICE (a large ion collider experiment), and

LHCb (LHC-beauty). The LHC is designed to accelerate protons and heavy ions in

two counterrotating beams that travel in opposite directions within separate beam

pipes. Each proton is accelerated to 6.5 TeV in proton-proton collisions, resulting

in a total centre-of-mass energy of 13TeV [7].

The �nal energy is achieved through multiple stages of a complex accelerator

chain. The protons travel through several stages before being injected into the LHC.

The beams collide at four designated interaction points, supplying data to all four

experiments and other experiments. The LHC operates with a bunch-crossing rate

of 40MHz, meaning that proton bunches collide up to 40 million times per second,

although only a small fraction of these events are recorded after the trigger systems

[8].

6



4. WLCG - COMPUTING GRID AND DIRAC.

Figure 2: LHC-Complex [6]

Figure [2] shows the LHC complex. The Step-by-step acceleration of protons in

the LHC begins with a linear accelerator. Historically, Linac2 accelerated protons

to 50MeV, but now it has been replaced by Linac4, which accelerates negative

hydrogen ions ( H � ) to 160MeV. These ions are then stripped of their electrons

to produce protons before injection into the Proton Synchrotron Booster (PSB).

The protons are subsequently accelerated through the Proton Synchrotron (PS)

and the Super Proton Synchrotron (SPS), reaching an energy of 450GeV before the

�nal injection into the LHC. At LHC, they are accelerated to a maximum energy of

6.5TeV per beam. Filling both beams takes approximately 4 minutes and 20 seconds,

followed by an additional 20 minutes to ramp the beams to their maximum energy

levels.

4 WLCG - Computing Grid and Dirac.

Due to the high collision rates and precision requirements, the LHC produces a

large volume of data. The experiments rely on a multi-level data acquisition and

processing system to handle this. CERN has a robust and well-structured frame-

work for managing computational resources, from data acquisition and storage to

a global distributed processing system of experimental data.
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An important key component in this computational infrastructure is the World-

wide LHC Computing Grid (WLCG). WLCG is a distributed computing system

designed to handle and store massive volumes of data generated by the LHC

experiments as shown in Figure [3].

Figure 3: WLCG Network [9]

WLCG comprises thousands of computational nodes distributed across the

globe, providing distinct services within the Grid. Globally, it is built and structured

in a four-level tier system.

Tier 0 Located at CERN and performs initial data processing, handling about 25%

of the total computational load.

Tier 1 Includes 14 large data centres, and is the primary backup support for Tier 0

[10]

Tier 2 Consists of 150 universities and research facilities, focusing mainly on sim-

ulation tasks and user-level data analysis.

Tier 3 Consists of many small, locally maintained computing resources.

A powerful middleware framework called DIRAC(Distributed Infrastructure with

Remote Agent Control)orchestrates the e�cient coordination of these distributed

infrastructures [11]. Dirac plays a central role in job scheduling, resource allocation,

and management across the Grid. Scalable, high-throughput distributed systems

are critical for an experiment like LHC. WLCG and Dirac together make it feasible.
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5 Upgrade I

Following the Long Shutdown 2(LS2), the LHCb experiment entered its Run 3

phase. It is a milestone, marking the beginning of Upgrade 1, in enhancing data

acquisition capabilities and precision measurements. The experiment was resumed

with the proton-proton collision at a centre-of-mass energy of
p

s = 14TeV. One of

the signi�cant upgrades happened in the detector read-out systems, transitioning

to a more robust software trigger system that replaced the old hardware trigger

systems. In Run 3, the LHCb experiment will operate at an increased instantaneous

luminosity of 2 � 1033 cm� 2s� 1. This is a signi�cant improvement over Run 1 and

Run 2. This change can result in a collection of approximately integrated luminosity.

50 f b� 1 during Run 3. Compared to the combined integrated luminosity of Run 1

and Run 2, it is 8 f b� 1.

5.1 Instantaneous Luminosity

Instantaneous luminosity( L) is one of the improvements from Upgrade 1. It is the

measure that quanti�es interactions per unit of area per unit of time. It quanti�es

how often particles collide in the detector.

The instantaneous luminosityL is de�ned as:

L =
N � f

A
(1)

And for practical analysis, Integrated Luminosity (Lint ) is preferred as a relevant

parameter. It is the total number of expected signal events for a given process. The

event rate is given by:

dN
dt

= L � s (2)

Where:

ˆ N is the number of particles per bunch crossing,

ˆ f is the bunch crossing frequency,

ˆ A is the e�ective transverse area of the beam overlap.

ˆ s is the cross-section for the process of interest.

This increased L leads to a higher average of visible interactions per bunch

crossing, called pileup. This directly increases the average event size by a factor of

3x. This scale-up requires a more robust trigger system. LHC is designed to handle

a maximum instantaneous luminosity of 1034 cm� 2s� 1, using 2808 bunches per
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