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Resumo

Hadrons sao particulas subatdmicas compostas por quarks. Quando nucleos suficiente-
mente pesados sdo acelerados e colidem entre si, é possivel encontrar caracteristicas funda-
mentais para o estudo das propriedades da matéria. Entre essas caracteristicas esta a criagao
do Plasma de Quarks e Gluons (QGP), um estado da matéria onde os quarks, particulas usual-
mente confinadas, tornam-se desconfinadas. O estudo da QGP pode fornecer respostas sobre o
universo primordial e a restauracdo de uma das simetrias mais importantes da fisica, a simetria
quiral, da qual sabe-se que a sua quebra espontanea gera as massas de uma grande parte das
particulas.

O ALICE 3, versao atualizada do atual experimento ALICE, é um futuro experimento que
visa responder algumas questdes em aberto sobre a QGP. Um dos objetivos do ALICE 3 é o
estudo de barions multi charmosos, como o =;. Previsdes tedricas revelaram que esta particula
possui uma taxa relativa de producdo em colisdes de Pb-Pb acima de cem vezes mais do que a
producdo em sistemas pequenos, como colisdes p-p. Se esta produgio relativa de =, quando
comparado a producédo de outras particulas carregadas, for observada pelo experimento, ela
podera ser utilizada como uma clara evidéncia da formacédo da QGP em sistemas pesados.

O presente trabalho tem o objetivo de estudar a possibilidade da medicao de barions multi
charmosos, em especial o =, em colisdes Pb-Pb com o detector ALICE 3 no LHC, através de
informagdes topologicas do decaimento das particulas reconstruidas pela técnica inovadora,
o strangeness tracking. Para isto, procedimentos de selecido de candidatos foram realizados a
fim de obter o maior valor possivel da significancia, métrica que indica a precisao estatistica
de uma possivel medida, em dados oriundos de simula¢des de Monte Carlo. Em especial, o
trabalho visou maximizar a significancia no intervalo de momento transversal, definido por
0.0-2.0 GeV/c. Duas abordagens foram feitas: a primeira usando o procedimento usual através
de cortes retangulares, do qual foi possivel obter uma significancia para este intervalo de apro-
ximadamente 30; ja na segunda abordagem utilizou-se técnicas de machine learning, onde foi
obtida uma significancia de aproximadamente 90, o que indica ser possivel medir o espectro de
massa invariante desta particula até momento transversal igual a zero. Este valor final obtido
para a significancia demonstra o alto poder desta técnica para selecdo de candidatos.

Palavras-chave: Grande Colisor de Hadrons (Franca e Suica); Plasma de quarks e glions;
Experimento ALICE



Abstract

Hadrons are subatomic particles composed of quarks. When sufficiently heavy nuclei are
accelerated to a speed close to that of light and collide with each other, it is possible to find
fundamental characteristics for the study of the properties of matter. Among these character-
istics is the creation of the Quark-Gluon Plasma (QGP), a state of matter where quarks, usually
confined particles, become unconfined. The QGP study can provide answers about the early
universe and the restoration of one of the most important symmetries in physics, the chiral
symmetry, whose spontaneous breaking is known to generate the masses of a large part of
particles.

ALICE 3, an updated version of the current ALICE experiment, is a future experiment that
aims to answer some open questions about QGP. One of the goals of ALICE 3 is the study of
multiply charmed baryon, such as = . Theoretical predictions revealed that this particle has a
relative production rate in Pb-Pb collisions above a hundred times higher than the production
rate in small systems, such as p-p collisions. If this relative production of =’ compared to the
production of other charged particles is observed in the experiment, it can be used as clear
evidence for the formation of QGP in heavy systems.

The present work aims to investigate the possibility of measuring multiply charmed baryon,
especially the Z!7, in Pb-Pb collisions with the ALICE 3 detector at the LHC by using topo-
logical information from the decay of the reconstructed particles through the innovative tech-
nique, strangeness tracking. For this, candidate selection procedures were carried out in or-
der to obtain the highest possible value of significance, a metric that indicates the statistical
accuracy of a possible measure, with Monte Carlo simulation data. In particular, this work
aims to maximize the significance at the transverse momentum interval, defined by 0.0-2.0
GeV/c. Two approaches were used: the first using the usual procedure through rectangular
cuts, which achieved a significance for this interval of about 3¢; and the second approach ap-
plied machine learning, where a significance of approximately 9¢ obtained, which indicates
that it is possible to measure the invariant mass spectrum of this particle up to zero in transver-
sal momentum. This final significance value shows the high performance of this technique in
the candidate selection procedure.

Keywords: Large Hadron Collider (France and Switzerland); Quark-gluon plasma; ALICE
experiment
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Chapter 1

Introduction

There are many open questions in nature, especially when it comes to the subatomic world
of elementary particles. One of the major research interests in recent decades has been the
Quark-Gluon Plasma (QGP), a state of matter characterized by high density and temperature
in which quarks, particles confined in hadrons, become unconfined. This state occurs when
heavy nuclei collide at speeds very close to that light. Numerous studies involving several re-
search centers devoted to exploring the physics that involves this state of matter. In particular,
knowledge of the QGP will open the doors to studies of the early universe, since it is believed
that during the first microseconds after the Big Bang the universe was in a deconfined state.
If the early Universe can be described as a state of unconfined matter, then its thermalization,
expansion, and evolution would be explained in terms of how it occurs in QGP.

The Large Hadron Collider (LHC) [1] is the world’s largest and highest energy particle ac-
celerator. One of its main experiments is A Large Ion Collider Experiment (ALICE) [2], which
was proposed to study the properties of QGP in heavy ion collisions. An ALICE upgrade is
expected to be in operation by the beginning of the next decade. This upgrade is known as
“ALICE 37, and will aim to answer open questions about QGP left by its predecessor. In partic-
ular, this experiment will have as one of its objectives the characterization of the production
of multi charmed baryons and how these production rates compare to collisions in which the
formation of this plasma is not expected to occur.

This work aims to explore data from Monte Carlo simulations that were generated with

++
cc?

ALICE 3 in mind. From these data, the objective is to study the multi charm baryon =
particle that by having two charm quarks allows the verification of the coalescence process in

—++

QGP. In addition to determine candidate selection criteria to isolate the = signal, allowing for
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the understanding of the behavior of the signal and the background involved in the trajectory
reconstruction of this particle. The information about trajectory reconstruction came from the
first performance tests of an novel experimental technique “strangeness tracking”, that relies
on measuring hadrons before they decay.

This thesis has been structured to provide the reader with enough knowledge to under-
stand the results that will be presented at the end. Therefore, Chapter 2 will provide a brief
introduction to the area, going through a contextualization of the physics of High-Energy
Heavy-Ion Collisions that is relevant to this thesis and, especially going into the topic of the
production of multi charmed particles in heavy-ion collisions. Chapter 3 aims to contextual-
ize, focusing in an experimental interpretation, where these particles will be measured, i.e., it

attempts to explain the proposals and composition of the ALICE 3 detectors.

++
cc?

Chapter 4 presents the properties of the baryon =, the standard procedure of candidate
selection criteria, details about the characteristics and functionality of the strangeness tracking
technique, the signal extraction after selection, and finally how the significance is calculated
using signal and background data. Chapter 5 introduces the concepts of the machine learning
technique used in this thesis, the Gradient Boosted Decision Tree (XGBoost) [3]. In addition,
Section 5.2 explains how the problem was modeled to use the machine learning technique.

Chapter 6 is the chapter where the results of this work are presented. It is expected that
the reader will be able to understand them with the knowledge previously provided.

The main results obtained in this thesis and an outlook for possible improvements will be

presented in the “Conclusions” chapter.
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Chapter 2

Introduction to High-Energy Heavy Ion

Collisions

Matter as we know it is made up of two types of particles: fermions and bosons. Fermions
are constituent particles and bosons are the particles that mediate interactions. Fermions
are semi-integer spin particles that have the dynamics described by the Dirac equation, obey
the Fermi-Dirac statistics, and comprise leptons and quarks, both with six distinct particles.
Bosons are particles with an integer spin and obey the Bose-Einstein statistics.

Bosons mediate three of the four fundamental forces: electromagnetism, the strong force,
and the weak force. The theory that describes all the properties and interactions of particles
is known as The Standard Model of Particle Physics. Despite not being a complete theory, it
explains with excellence the phenomena and experiments that involve particle physics.

Within this theory, it is possible to study phenomena such as Quark-Gluon Plasma (QGP),
which is a state of matter that reaches extreme conditions such that quarks, which are con-
fined particles, becomes asymptotically free. Studying this state of matter allows for a deeper
understanding of the primordial universe since it is believed that in the first microseconds
after the Big Bang, the universe was in a state of plasma of quarks and gluons.

In this chapter, a brief introduction will be made to the area of high energy particle physics,

especially to the physics that involves quarks and the unconfined state of matter, the QGP.
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2.1 The Standard Model of Particle Physics

The Standard Model is one of the best and most sophisticated theories developed in moder-
nity, having been extensively tested over many years. The modern version of this theory was
solidified in the 70’s and it is a comprehensive theory that identifies elementary particles and
specifies how they interact.

In the Standard Model, elementary particles are those that are not made up of other par-
ticles. That is, they are particles that have no internal structure. There are two groups of
elementary particles that compose the ordinary matter: quarks and leptons. Quarks are par-
ticles confined in hadrons, like protons and neutrons. These particles together with gluons
are the only ones that carry the color charge, the equivalent of electrical charge in Quantum
Chromodynamics (QCD). Subsequent sections will be dedicated to the study of the properties
of these particles.

Leptons are fermions particles of spin 1/2, that can be divided into two groups: charged
and neutrinos. Both of them cannot interact via the strong force. The charged particles are
the electron (e”), muon (u7), and tau (77). These particles define the ‘flavor’ of the leptons
particles. Neutrinos are light neutral particles that interact only by the weak force. In nature,
there one type of neutrino for each flavor: electron neutrino (v,), muon neutrino (v,), and tau
neutrino (v;). Being fermions, all leptonic particles obey the Dirac Equation, which, for a free
particle, is given by [4]:

(iy,0" - m)¥ =0, (2.1)

where i is the imaginary unit, y, are the Pauli matrices, o/ = (9*, 9%, 9%, 9%) are the derivative
operators in four dimensions, m is the fermion mass and ¥ is a vector of the fermion wave
functions. Solving the equation for a particle at rest results in two states for the positive energy

solution and two states for the negative energy solution, as follows:

Y, =™ , Wu=e™ ,positive energy solution. (2.2)

Y = etim , Py =eti™ ,negative energy solution. (2.3)
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Each of these states corresponds to one of two spin states of a spin-1/2 fermion. To explain the
negative energy solution, Dirac proposed the ‘Dirac sea’, a fully filled state and, therefore, not
accessible, in which there would only be electrons with negative energy and would be the de-
scription of the vacuum state in Dirac’s theory. When a sufficiently energetic photon provides
its energy to an electron in this sea, it excites and creates an electron with positive energy.
This causes the electron to leave the vacuum state and behave as a normal electron. In the
Dirac Sea, a hole would be created that would behave like a particle with the same properties
as an electron, but with a positive electrical charge. This hole, in the current Quantum Field
Theory, is explained as the creation of an anti-particle, named “positron” in this case. For all
fermions, there exists an antiparticle, which has the same properties as its respective particle
but with the opposite sign in the electrical charge.

The flavors of quarks and leptons and the forces experienced by them are shown in Tab.

2.1 . Note that all these properties can be extended to the respective antiparticles.

strong | electromagnetic | weak
downtype | s | b | d v v v
Quarks (colored) yp
up type u | c t v/ v/ v/
charged | e |y | v v
Leptons (color-free) g a
neutrinos | v, | v, | Vr v/

Table 2.1: The forces experienced by different fundamental particles. Adapted from [5].

In the boson group, there are two types of fundamental particles: gauge and scalar bosons.
The first type are bosons that act as force carriers, such as the photon. The interactions of
elementary particles, described by a gauge theory, are described by the exchange of gauge
bosons, acting as virtual particles. For every fundamental force described by the standard
model, there is at least one gauge boson: the photon for electromagnetism; gluons for the
strong interaction; and W and Z bosons for the weak interaction. For gravity, the existence of
a force carrier particle, the graviton, was hypothesized, however, this particle has never been
measured. The second type of elementary boson is the scalar boson, which has spin equal to
zero and has only one representative in the Standard Model: the Higgs boson. The interaction
between the Higgs field and an initially massless particle gives the mass of the latter. The
Higgs was discovered in 2013 at the Large Hadron Collider (LHC) [1] by the Compact Muon
Solenoid (CMS) [6] and the A Toroidal LHC Apparatus (ATLAS) [7] experiments. This event
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represented a remarkable validation of the Standard Model of Particle Physics. A summary of

the Standard Model, with the respective fermions and elementary bosons is shown in Fig. 2.1.

Standard Model of Elementary Particles and Gravity

three generations of matter interactions / force carriers
(fermions) (bosons)

| 1l 1
mass | =2.2 MeW/c* =1.28 GeWle2 =173.1 GeVie2 ] =124.97 GeVic® 0
charge % ¥ ¥z 0 a 0

spin | % u % C ¥ t 1 Q o H 2 G

up charm top gluon higgs graviton

=47 MeWic* =86 MeWic® =418 Gevic* 0
- ¥ -

« d x S « B 1 L

down strange bottom photon
=0.511 Meviez =105.66 Mevic: =1.7768 GeVic: =9119 Gevic:
-1 -1 -1 0
1 e % % T 1 y/
l'l g
electron muon tau Z boson

=1.0 eWc? =0.17 Mevic? =18.2 MeW/c® =80.39 GeWic?
0 1} 0 £l

¥ V e % V l‘l ¥ v T 1

4
electron muon tau b
neutrino neutrino neutrino W boson

Figure 2.1: Elementary particles and their properties in the Standard Model of Particles Physics

[8].

2.2 Quark confinement and asymptotic freedom

In 1964, the physicists Murray Gell-Mann and George Zweig separately proposed the exis-
tence of subatomic particles. They stated that the most important properties of hadrons could
be better explained if, in fact, they were formed by even smaller particles. These smaller par-
ticles are now known as quarks. Quarks are elementary that have spin 1/2, and therefore are
fermions. There are six types of quarks in nature, known as flavors: up (u), down (d), charm
(c), strange (s), top (t), and bottom (b) (see Tab. 2.1). The first two are lighter and the most
stable in nature. In addition to spin, these particles have other characteristics, such as electric
charge, mass, baryonic number, weak isospin, charm, strangeness, topness, and bottomness.
A summary of these properties for the six quark flavors is shown in Tab. 2.1. For every quark
flavor, there is a corresponding antiquark, which differs from quarks only in the electric charge
sign.

In nature, quarks are observed only confined to hadrons via the strong force, through the
gluons, and have never been measured experimentally in an isolated state. Hadrons can be

observed in two possible configurations: baryons (3 quarks) or mesons (2 quarks). In the
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k - Bottom-
Quark Mass Electric Spin | Baryon i:Zj;in Charm Stilae:fe Topness (;:::n
Flavour [MeV/c?] | charge [e] g number C (T ,
; : w | 91 " ®
up (u) 2.2 +2/3 1/2 1/3 +1/2 0 0 0
down (d) 47 -1/3 1/2 1/3 -1/2 0 0
charm (c) 1280 +2/3 1/2 1/3 0 +1 0 0 0
strange (s) 96 -1/3 1/2 1/3 0 -1 0 0
top (t) 173100 +2/3 1/2 1/3 0 0 0 +1 0
bottom (b) 4180 -1/3 1/2 1/3 0 0 0 0 -1

Table 2.2: Properties of quarks for each respective flavor.

first case, baryons are semi-integer spin particles, such as protons and neutrons. Mesons, in
turn, are particles of integer spin, such as pions, kaons, and J/¥. To allow the interaction
via the strong force, another property present in quarks and gluons is the color charge. For
quarks, there are three different color types: red (r), green (g), and blue (b). The color charge
of the gluons is a mixture of two of these three colors, totaling eight possible colors. For the
antiquarks, there are three anticolors: anti-red (), anti-green (g), and anti-blue (b).

Differently from quarks, hadrons are white particles, that is, mesons and baryons have
combinations of quarks in such a way that the resultant color is zero. For mesons, the combi-
nation is a quark (q) and an anti-quark (g). For baryons, the combination of quarks must be
an rgb or 7gb.

The theory which describes the interaction between quarks and gluons is Quantum Chro-
modynamics (QCD). In this theory, it is impossible to measure directly the colors of quarks,
because color triplet states objects (quarks and gluons) are always confined into singlet states
(hadrons)[9]. QCD predicts that the confinement of quarks occurs since quarks interact via
gluons and these, because they also have color, interact with each other through an attractive

potential. These potentials are taken to be of the form [10]:

4 a(r)
Vef = —g

he + kr, (2.4)
"

where r is the distance between colored particles, # is Planck constant, c is the speed of light
in vacuum, x = 1GeV/fm and «; is the strong coupling constant or QCD coupling constant.

This last factor depends on the square of the scale of the momentum transfer Q and assumes
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the following form [9]:

il
1+ a2 In (_u—QZZ)

a(Q%) = (2.5)

127

where a is the coupling constant for momentum transfer y and ny is the number of flavors. A
summary of the measurements of «; at different |Q| scales is shown in Fig. 2.2. It can be seen

that the value of «; increases as Q decreases.

— 0.25 , ‘ ‘
' —&— CMS Ry, ratio —— HERA
—l— CMS ff prod. —— LEP
—&— CMS incl. jet —— PETRA |
—— CMS3jetmass —V— SPS ]
—O— Tevatron |

HS(Q

0.20|
0.15}

0.10}

I as(Mz) = 0117133578 (3-jet mass)
005 BEI= os(Mz) = 0.1185 + 0.0006 (World average)

IIiIO — 1(50 I “1‘(I)‘OO
Q[GeV]

Figure 2.2: Measurements of the coupling constant ¢, from different experiments for different
|Q| scales. Figure from [11].

In the Eq. 2.4 there are two important limits to be studied. The first limit is when the
interaction takes place at high energies or if r assumes small values in such a way as to tend

to zero:

4 ay(r)
Verf(r — 0) = 3

hc. (2.6)

In this case, the colored particles are so close that the effective potential is dominated by a
behavior like Coulomb potential (1/r) and quarks become nearly free particles. In this domain,
the particles are in Asymptotic Freedom and the coupling constant becomes small, as shown

in Fig. 2.2. This is the regime of the perturbative QCD, or p-QCD.
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The second limit is when the interaction occurs at low energies or when r assumes large

values, such that the effective potential takes the following form:

Verp(r — o0) = k1. (2.7)

The interaction between colored particles becomes stronger as r increases, leading to the con-
finement of quarks and gluons. Experimentally, what is observed is that as a large amount of
energy is deposited in the system in order to separate the particles, this stored energy, which
behaves as k7, reaches a point that it is energetically more favorable for a new pair of particle
and anti-particle to be created than to separate the initial pair. This process is qualitatively

shows in Fig. 2.3. For this reason, quarks are never observed isolated.

F 3
v

Figure 2.3: Qualitatively diagram that represents a gluon string break, creating a new pair qq.
Figure adapted from [5].

2.3 Quark Deconfinement & The Quark Gluon Plasma

At high energies or at small distances, the interaction between colored particles becomes
small, i.e., quarks and gluons interact weakly, and the asymptotic freedom regime takes place,
as described in the last section. In this condition, as the density of colored particles increases,
a phase transition occurs to a state of matter known as The Quark-Gluon Plasma (QGP). In
this state, quarks and gluons interact effectively by a saturated potential, shown qualitatively
in Fig. 2.4. In this phase, which is characterized by a volume V, these particles behave like free
particles, so it is possible for them to pass through the entire high-density volume unimpeded.
The QGP was not initially predicted in the QCD theory, thus, in Fig. 2.4, the continuous red
curve shows what would be the behavior of the effective potential between two quarks, which

consists of the Eq. 2.4. However, studies using lattice calculations, the lattice gauge theory,
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indicated a new state of matter, with this new state that is observed being closer represented

by the dashed blue curve.
type 1 : Confinement type ! 2 : Deconfinement
0. 09
ap e_0 @ -
°e°%
Critical threshold : L ~ ag
3 ~
State of surrounding nucleons : = pegr = (1.8/0.9)°. pg ~ 8. pg
L, inter-hadron distance ~1.8fm
ap, nucleon radius ~09fm

pg- typical nuclear density ~0.17 nucleon/fm3

RS
W

Typical potential for a couple

(91,92) confined within a hadron

Figure 2.4: Effective potential as function of the distance between two quarks. In the continu-
ous line the behavior of the potential with no QGP; in the dashed blue line, with QGP. R,y is
the effective distance between these quarks and R, is the real distance. Figure adapted from
[12].

Fig. 2.5 shows an illustrative scheme of the QCD phase diagram, where the x-axis indicates
the baryonic density normalized by the nuclear hadronic density d, = 0.17 nucleon/f m*, and
the y axis the temperature in MeV. There are two extreme ways in which the phase transition
from hadronic matter to quark matter can occur. The first one is commonly called ‘hot QGP’.
In this case, the transition occurs when the baryonic density is close to zero, that is, the number
of quarks and the number of anti-quarks in the system are equal and the temperature reaches
very high values. The transition, in this case, occurs vertically in the Fig. 2.5. Calculations
using Monte Carlo lattice QCD simulations show that for this regime the phase transition
occurs at T, = 150 — 200 MeV, which is extremely high if compared with the temperature at
the center of the sun, 1.5x 10’K = 1.3 keV, that is, 5.0 x 10° times greater than this temperature

[13]. Studies show that the hot QGP may have occurred in the first 107s of the Universe’s
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lifetime after the Big Bang. The reason is that if a temporal extrapolation is made to these
initial seconds of the Universe the matter and the radiation was increasingly hotter and denser
resulting in a “primordial fireball”, where the QGP would be formed. Thus, studies on the phase
and evolution of the QGP can provide information about the early Universe and its respective
evolution.

The second regime is called “Cold QGP” and it occurs when the baryonic number density
increases and the temperature, relatively, becomes small. The transition for this case occurs
horizontally, as in Fig. 2.5. Due to its extreme conditions, few studies are possible, and what is

expected is that this regime can be found at the core of super dense stars, for example, neutron

stars.
1 . Quark-Gluon Plasma
~ 250 anordta\ . N
2 . 10°s) L XLTIN
= universe ( Nelp o3 e
= 200+ N
2 a5
I e
a_) 150+ Hadronic gas o
Q.
§
" 100/
Stars
50‘ "Solid" state Neu{ron
"Ordinary" state T
S 8388 ~ Net baryonic density
0 1 ‘ , ' 5 8 (normalised, d/dg)

Figure 2.5: QCD phase diagram for different conditions of temperature and baryonic number
density. The x axis indicates the baryonic density normalized by the nuclear hadronic density
dy = 0.17 nucleon/f m® and the y axis the temperature in MeV. Figure adapted from [12].

Another situation in which the occurrence of QGP can be found is in the initial stage of
colliding heavy nuclei at high energies. When two heavy nuclei, such as Pb-Pb (lead-lead),
for example, are accelerated such that they are both in a relativistic/ultra-relativistic regime
when a head-on collision occurs, and if the center of mass is greater than 100 GeV, the resultant
matter has high energy density and high temperature, but low baryonic density, so in the early
stage of this collision the QGP is formed. The formation of QGP in laboratories, such as LHC,

is shown in Fig. 2.6 and can be described by the following steps:

1. Initial hard scattering: The collision between two relativistic heavy nuclei. In the
range of relativistic energies, the nuclei suffers a Lorentz contraction and the collision is

characterized by a high momentum transfer. The colliding nuclei tend to pass through
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each other, and the matter produced between the receding nuclei has high values of

energy density and temperature, while the baryonic density is low [13].

2. Pre-equilibrium stage and thermalization: At this stage, the matter produced by
the heavy nuclei partons (quarks and gluons) begins to thermalize, i.e., they tend to
reach the thermal equilibrium through mutual interaction. In this stage, there is a high
production rate of particles, in special heavy quarks, and the system expands. When
the partonic matter reaches equilibrium, the QGP is formed, which is marked by a high

temperature, density and pressure.

3. Hadronization: In this stage, there is a great expansion of the volume. The density
and temperature start to decrease. It is at this moment that the first hadronic species are

produced.

4. Chemical and Kinematic Freeze-out: In the freeze-out, the end of the expansion
of the medium and the ceasing the inelastic interactions between hadrons occur. The

particles decay and can then be measured in large experiments.

Final distribution

. . and detection
Kinematic

Initial L freeze-out
density Hadronization .

'

Hadron gas

Overlay ({1} (
region

Figure 2.6: The time evolution of a high-energy heavy ion collision. Figure from [14].

It is worth mentioning that the collision of heavy ions is a very fast process, contained in a
spatial length of about 10 fm, and a time scale of approximately 10 fm/c ( 107%%) s [13]. As QGP
is created in the initial stages of this process, a direct measurement of this plasma becomes
unfeasible. Thus, as many particles are emitted during the process, the information from those

particles can be used in order to obtain QGP signals. The following are some possible QGP
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signatures, that is, some measurements indicating that the plasma was created in the timeline

of a heavy-ion collision:

1. Enhanced production of strangeness from QGP: experimental data showed that the
production of strangeness is much higher than the expected abundance if they were only

produced by hadronic interactions, and it saturates in a sufficiently excited QGP [15].

2. Enhancement of thermal photons and dileptons due to emission from decon-
fined QCD plasma: The deconfined medium is electrically charged and radiates pho-
tons and dileptons throughout its expansion. As photons and dileptons interact only
by electromagnetic force, and this is very low in the volume that occurs the QGP, these
particles can then be detected without having suffered interference from the medium.
Thus, the transversal momentum distribution of these particles reflects the local proper-
ties of the QGP at their point of emission, providing information about these properties

at the various stage of the collisions, including the early stages [16].

3. Increase of an elliptic flow (1,) of hadrons: As the QGP is characterized by being a
plasma, the particles emitted behave like a fluid, and then all of these particles must have
a common transverse velocity (collective flow) in addition to their thermal motion, that
is, the volume characterized by the plasma is expected to be described by hydrodynamic
models. Thus, the existence of a collective expansion is important to describe the space-
time evolution of a heavy-ion collision. This phenomenon can be observed due to a
large azimuthal anisotropy (elliptic flow) of the emitted particles. First observations

were made by the Relativistic Heavy Ion Collider (RHIC) [17].

4. Increased production rate of multi-charmed baryons in heavy-ion collisions (A-
A) if compared to proton-proton (p - p) collisions. In the early stages of heavy-ion
collision, heavy quarks such as the charm quark are produced. An increase in the rate
of production of these particles in collisions of heavy ions with respect to collisions of
small systems like p — p indicates that there is a kinetic equilibrium of heavy quarks in

the QGP.

About the last signature, the increased production rate of multi-charmed baryons, the next

section will make a dedicated discussion about its process and measurement.
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2.4 The Statistical Coalescence Model and Multi-Charmed
Baryons

The Statistical Coalescence Model (SCM) or Statistical Hadronization Model expanded to
quark charm (SHMc) [18] is a model that attempts to describe the production of multi-charmed
baryons in heavy-ion collisions. With this approach, it is possible to derive formulas that allow
to calculate the yield of multi charm particles and to demonstrate that in large system collisions
the relative production rate of these particles is much higher than in p-p collisions. This may
be intrinsically related to QGP as this phase is expected to form in heavy systems collisions
such as Pb-Pb, while in p-p collisions this phase should not occur due to the fact that this
system does not have a large enough volume for the formation of a QGP phase. Moreover, it
shows that if more than one charmed quark-antiquark pairs are created in the collision, at the
hadronization point they will coalesce into hadrons where double and triple charms can be
formed. The observations of such effects would represent a great achievement for the study
of the properties of deconfined matter, as the the comparison between observations and the
predictions can provide a sensitive measure of the degree of equilibration of charm quarks in
the medium and, beyond that, a system-size dependence.

According to the hypotheses of the SHMc model, charmed quark-antiquark pairs are cre-
ated at the initial stage of a heavy-ion collision. This should occur because the time of charm
equilibration in the QGP is large and exceeds the lifetime of the fireball. In addition, the rate
of charm production and annihilation should be low to keep the number of heavy quark-
antiquark pairs at their chemical equilibrium value at later stages.

The SHM c assumes the following postulates to describe the production of charmed quarks

[19] in the Quark-Gluon Plasma:

1. The charm quark (c) and anti-quark (c) are created at the initial stage of A-A reaction in

a heavy-ion collision;
2. Creation and annihilation of cc pairs can be neglected at later stages of the collision;

3. The formation of observed hadrons with open and hidden charms takes place near the

point of chemical freeze-out in accordance with the laws of statistical physics.

From these postulates, it is possible to use the SHMc model to calculate the average mul-

tiplicities of the production of multi-charm hadronic species. For this, it is needed a partition
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function. In the case of the numbers charm and beauty, it is not possible to use directly the
Grand Canonical ensemble, as is done for cases of electric charge, strangeness, and baryonic
number, because the multiplicity of hadronic species with charm and beauty flavor is not large
enough for the use of this ensemble.

Let v, be the number of ¢, v; of ¢, vj, of b, and v; of b quarks. The relevant partition function

was calculated in [18] [20] and is given by:

x exp

d
Z (Vey Vzy Vi, Vj) [H / ¢f el dr
=c¢,ebb Y

ZZjAje—lvcj(ﬁc—lV@jq;c—lvbj¢b—1V[}j§5b , (2.8)
J

where Z; is the grand-canonical partition function including all light-flavored species, A; are
the fugacities with respect to electric, baryonic and strangeness charges, v.;, v¢;, v, Vj; are the
number of ¢, ¢, b and b quarks, respectively, of the j-th hadronic species and z; are one-particle

partition functions, which are given by:

ng 2 m mT ¥ -m/T
Zj = ﬁm TKZ <?> m>z>T g]V E € s (29)

where g; is its spin degeneracy and T is the temperature. Using this partition function, it’s

possible to calculate, in events with fixed numbers of heavy quarks, the average multiplicities:

<n > _, 7 (vc = Vejs Ve = Vej» Vo = Vij> Vi — VEJ') (2.10)
J J Z (Ves Ves Vi, V) . |

To perform this calculation it is necessary to consider some numerical and physical approxi-
mations that can be found in the reference [20], where the calculations are developed in more

detail. Then, the multiplicity is given by:

oy TT (¢ ”f>) co TT e

f= ¢,é,b,b f=c,c,b,b

where ay; is the sum of z;A; for hadrons with one unit of open flavour f = ¢, b. The Eq. 2.11 can
be applied to estimate the average multiplicities of multiply heavy flavored hadrons in different
experiments and then used to compare with the multiplicities in a p — p collision. Regarding
this, Fig. 2.7 shows production yields for the single parton scattering (SPS) expectation at
s = 14 TeV for mass number equal to one : A=1 (proton) [21] [22]. For the SHMc predictions

on the ratio between the yields of multi-charm baryons (E;} (ccu), Q. (ccs), Q7. (ccc) ) and

—cc cce
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that of the single-charm, A, (udc), at \/syy = 5.02 TeV for A # 1 [23], as a function of mass
number of the ions in the collision. It is possible to observe that for =7 there is an increase
of 10?, if compared to the value for the p-p collision, in the production yield, while there is a

dramatic increase of 10° for the Q7.
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Figure 2.7: Production yields for the single parton scattering (SPS) expectation at /s = 14 TeV
[21] [22] and for the SHMc predictions for the ratio between the yields of multi-charm baryons
and that of the single-charm, A, at \/syy = 5.02 TeV for A # 1 [23], as a function of mass
number. Figure from [24].

For the measurement of these multi-charmed baryons, it is necessary for a detector to have
unprecedented high pointing and mass resolution, particle identification over a large trans-
verse momentum range, an ultra-low material thickness, and detection layers close enough to
the interaction region, with the tracking layers spaced very closely to allow the measurement
of the particles before they decay. To investigate these and other properties of QGP, a new
detector is being planned, called A Large Ion Collider Experiment 3 (ALICE 3) [24], which is
associated with the novel experimental technique “Strangeness Tracking” that will be able to

measure these production yields and provide a clear indication of QGP formation.
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Chapter 3

A Large Ion Collider Experiment 3

A Large Ion Collider Experiment (ALICE) [2] is one of eight experiments at the Large
Hadron Collider (LHC) [1]. Located in Switzerland, the LHC is the world’s largest and most
powerful particle accelerator ever built. It has a 27-kilometer ring of superconducting mag-
nets, 175 meters below ground level. Inside the accelerator, there are two high-energy particle
beams, using protons or nuclei of ionized atoms, that travel in opposite directions, in separate
beam pipes, guided by a strong magnetic field that is maintained by superconducting electro-
magnets. Along the tunnel through which the particles collide, there are four main detectors:
ATLAS [7], CMS [6], LHCb [25], and ALICE. These detectors collect data for various study
purposes. In general, the LHC was constructed to test predictions of different theories of par-
ticle physics, including the Higgs mechanics and the unconfined state matter. In special, the
ALICE experiment, which was first proposed as a central detector in 1993, in its first version
had the goal to study head-on collisions between heavy nuclei at the top energy of LHC, 5.02
TeV per nucleon pair, as well as the physical properties of the strongly interacting matter at
extreme energy densities, where the formation of a QGP phase is expected [2].

Despite the great progress made by the ALICE experiment, some questions are not yet pos-
sible to be answered with the current capabilities of the detector. In order to be able to tackle
these problems, a novel detector is being proposed, the ALICE 3, that will own a high read-
out rate, unprecedented high pointing resolution, excellent tracking and particle identification
over a large acceptance using advanced silicon detectors.

In this chapter, the main physics goals of ALICE 3 is presented. Notions about the basic
kinematic variables used in high energy detectors, such as ALICE, and details about the new

ALICE 3 detector will be presented, as well as their respective experimental aspects.
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3.1 Introduction to the ALICE 3’s Physics Goals

The primary science goals of ALICE 3 includes quantitative understanding of transport and
hadronization of heavy flavors in the QGP medium. This study will be possible by performing,
among other things, a measurement of an azimuthal correlation between charm and anti-

charm mesons and the production of multi-charm baryons, like =} and Q!

cc cce*®

Another goal is
the measurement of electromagnetic radiation from the QGP medium, which will be possible
with a dilepton measurement below J/¥ mass, down to zero pr, to map the evolution of the
collision. With the measurement of real and virtual photon emissions, it will be possible to
determine the temperature of the evolution of the QGP as the flow of the particles. These
measurements will allow for the study of the chiral symmetry restoration [24].

The following is a brief introduction of some of these goals.

3.1.1 QGP hadronisation and multi-charm hadrons

As mentioned in section 2.4, measuring the production yields of multi-heavy-flavor hadrons
will provide essential details and unprecedented sensitivity about the production of heavy-
flavor hadrons and hadron formation from a deconfined QGP. To perform measurements of
multi-charm baryons, some requirements are needed, such as a very high tracking precision
close to the interaction point, a large acceptance in order to study the dependence of the pro-
duction of these particles on the variation of the heavy quark density with rapidity, precision
particle identification over a wide transverse momentum range. The scope of this work is
to study, using Monte Carlo simulation data, the possibility of measuring these particles in

ALICE 3, especially the Z;.

3.1.2 Electromagnetic radiation

Real and virtual (dileptons) photons are emitted during all timeline of the evolution of
the collision and do not interact strongly with the medium, not being affected by the high
quarkonic density present in the QGP. In this way, these particles reflect the initial state that
they were produced. Another important aspect is that there are different mechanisms that
produce both photons and dileptons, which provides different information about the collision.

These mechanisms are:
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« Hard parton interactions in the early stage of the collisions. In this case, hard photons
and Drell-Yan dileptons ' are produced and with these particles it is possible to recover
information about the primary/pre-equilibrium stage. In special, it is possible to recover

the effective initial state parton distributions;

+ Thermal photons and dileptons emission by the medium. As quarks and hadrons are
interacting all the time during the collision evolution, photons and dileptons are con-
stantly produced by the medium, with the rates increasing strongly with temperature.
Thus, these particles provide information about the successive stages, from the forma-

tion of the QGP to the freeze-out process.

« Hadrons produced at any stage of the collision can decay and emit photons or dileptons.
With these particles, it is possible to recover the information about the dense interacting

hadronic matter and to probe in medium hadron modifications.

Hence, the study and measurement of the real and virtual photons produced during all
phases of the collision will provide important information on the temperature and radial ex-
pansion velocity of QGP, that is, the radial flow velocity. Furthermore, with the invariant mass
distribution of the dileptons, it will be possible to obtain a Lorentz-invariant measure of the
temperature that is unaffected by the collective radial expansion of the medium [26], [27], [28].

To perform these measurements, ALICE 3 proposes a larger sampled luminosity, that is,
to increase the measurement of how many collisions are occurring in the detector. Operating
at high luminosity means increasing the chance to measure very rare events. Furthermore, a
large acceptance and a very thin and light tracker will also be needed to have a high photon

conversion ? tracking to minimize the background from these particles.

3.1.3 Chiral symmetry restauration

It is known that most of the mass of ordinary matter is generated by the spontaneous
breaking of the chiral symmetry associated with the condensate of quarks and gluons, and
a negligible portion of this mass is generated by the Higgs field. Calculations using lattice

QCD show that the temperature at which the phase transition from confined to deconfined

IDrell-Yan process is the creation of a virtual photon by the combination of quarks from the collision between
two hadrons, this virtual photon will later decay into a lepton - anti lepton pair.

ZPhoton conversion is the creation of e*e” pair from a photon. These photons can be measured via the
tracking reconstruction of these particles in the detector.
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matter occurs is close to the temperature of the chiral phase transition. Because the transition
temperatures are close, it is possible to use QGP phenomena to investigate the chiral symmetry
restoration, since with this restoration it is expected to change the properties of hadrons as
the temperature of the medium approaches the restoration point. A strong candidate for such
studies is the p meson, with a lifetime around 4.5 x 107* s [29], which would have its mass

reduced considerably, indicating, in this way, the restoration of chiral symmetry [30], [31].

3.2 ALICE coordinate system and relevant variables

Before discussing the ALICE 3 experiment and its detection system, it is necessary to briefly
introduce the kinematic variables used to represent the results collected in this experiment.

Initially, the coordinate axis used is defined as a right-handed orthogonal cartesian system
with the origin at the beam’s interaction point, which can be seen schematically in Fig. 3.1.
The z direction is defined to be along the direction of the incident beam of the accelerator:
in ALICE, the Muon Spectrometer is at negative z. The x direction is aligned with the local
horizon and points to the centripetal direction of the LHC ring, thus, the X is perpendicular to
the mean beam direction. The y direction is perpendicular, following the right-hand rule, to
the x and z directions. The coordinate ¢ is the azimuthal angle with 0 < ¢ < 27 and @ is the

polar angle with 0 < 6 < 7. The x and y axis define the reaction plan.

Kinematic
Variables

V= (Es Px> pya@

Transverse J
direction

Longitudinal
direction

Figure 3.1: Coordinate system and relevant variables used to describe events in ALICE. The
Muon Spectrometer is highlighted in green. Adapted from [32][33].
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Once the coordinate system is defined, the kinematic variables of interest can be presented.
These variables can then be divided with respect to the transversal and longitudinal direction

of a collision. In the transverse frame, the transverse momenta of a particle is defined as

pr = \/p,% + P (3.1)

where p, and p, are the momentum components in the transverse momentum plane. In High

follows:

Energy collisions, it is essential to measure the momentum of all particles produced in the
collisions. With the moment along the beamline, only the beam particles can be observed. In
contrast, the transverse momentum can be associated with any other particle produced at the
vertex interaction. Another characteristic of this variable is that the transverse momentum is
invariant under Lorentz transformation.

In the longitudinal direction, the main geometric variable used is the pseudorapidity 7,
which is important to characterize particles whose unique available information is the angle 8
between its momentum and the beam axis. It is possible to obtain the pseudorapidity for any

charged particle that has been detected by the experiment. The pseudorapidity 7 is given by:

1 |;5|+pz> [ (9>]
=-In( = =-In|tan| = ||, (3.2
[ <|p|—pz 2 :

where p is the momentum vector for a given particle, p, is the particle’s momentum component

in the longitudinal direction z, and @ is the angle between the particle’s momentum and the
beam axis, as indicated in Fig. 3.1.

Let E = \/W be the total particle energy. Another useful variable used to describe
the kinematic conditions of a particle and specially to measure the relativistic velocity is the

rapidity y:

1 E+p.\ _ Pz _
y = 5 In (E - pz> = arctanh ( e ) = arctanh(v,), (3.3)

where v, is the longitudinal component of the velocity. The rapidity y can only be measured
for identified particles, i.e, particles with known mass. In the nonrelativistic limit, the rapidity
of a particle traveling in the longitudinal direction is equal to the pseudorapidity and equal to
the velocity of the particle in units of the speed of light.

With the notions of transverse momentum and rapidity, it is possible to define yet another

quantity, the transverse momentum distribution of charged particles:
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d’N
dp.dy

where N is the total particle rate production. It is commonly used the density production in

=f(pr), (3.4)

the central rapidity region, dN/dy. The d*N/dydpr spectra allows us to calculate the total

production of a given particle in a certain rapidity range. The function f(pr) refers to:

Vsu d*N
f(p):Mzi<d_N ) (3.5)
T [mdy Ay \dpd,,)” '

where y;,r and y;,, are the rapidity limits of the analyzed particles and Ay = y,, — yins , which

is chosen to be small enough so that dN/dp, is constant within the rapidity range considered.

3.3 Centrality

In colliding beam experiments, collisions can be initially described and classified according
to their impact parameter (l;). This quantity is a vector that connects the center of the collid-
ing nuclei in the transverse plane to the beam axis. The magnitude of the impact parameter
is correlated with the size of the overlap region of the nuclei, and with it is possible to deter-
mine the size and shape of the resulting medium. The overlap region corresponds only to the
number of nucleons participants, i.e., particles that will undergo at least one binary collision,
with the spectators being particles that do not participate in the collision and, therefore, in the
overlap region. A schematic collision between two nuclei showing the impact parameter and
the respective spectators and participants are shown in Fig. 3.2.

The impact parameter allows the calculation of some quantities, with centrality among
them. This variable is a geometric factor that defines the fraction of participant nucleons that
will be included in the collision and is usually expressed as a percentage of the total nuclear
interaction cross section o:

bde g1/
c(b) = %. (3.6)
0 dv

The full centrality range is 0 to 1. Peripheral collisions have centrality closer to 1 (or 100%)

while the most central events have centrality close to 0.

Since the impact parameter is a quantity that cannot be measured directly due to the order

of the colliding ions (10*°m), the centrality is estimated experimentally using a signal distribu-
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Figure 3.2: Schematic collision between two nuclei showing the impact parameter b and the
respective spectators and participantes. Figure from [34].

tion of some detection system. With this, the measurements in terms of this variable are then
divided into classes of centrality, which are in turn related to an impact parameter interval.
For this, Monte Carlo techniques are used, i.e, an approximation is made geometrically using
the Glauber model [35], which treats nuclear collisions as a superposition of binary nucleon-
nucleon interactions [36]. The distribution of amplitudes in the VZERO scintillators (VOM) is
shown in Fig. 3.3. This is the most common detecting system for centrality determination in
the ALICE experiment, which is then fitted with the Glauber model combined with negative
binomial distribution and divided into centrality classes.

When performing analysis with heavy-ion collisions, centrality is displayed graphically in
centrality intervals that have a width of 10, like 0 — 10%. When referring to the 10% centrality

class it is meant the interval including all events from 0% to 10%.

3.4 ALICE 3 Detectors and Systems

The ALICE experiment, which was in operation until LHC Run 2 (2015-2018), relies on a
series of central detectors with |g| < 0.9, which consists of an ITS (Inner Tracking System),
which is a set of layers of silicon detectors; a TPC (Time Projection Chamber), that allows
the identification of particles by measuring the energy loss when they pass through the ac-

tive gas; and a TRD (Transition Radiation Detector) which uses the y-dependent threshold of
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Figure 3.3: Graph with the distribution of the sum of amplitudes in the VZERO scintillators
(VOM) from ALICE experiment, the fit using NBD-Glauber model and the divided centrality
classes. Figure from [36].

transition radiation to distinguish between electrons and protons. With this configuration,
ALICE operates at a luminosity of = 5 x 10°® cm™ s™'. These detectors can be employed
when immersed in a 0.5 Tesla solenoid magnetic field parallel to its axis, which is responsi-
ble for particle drift, improving tracking resolution. This configuration, especially due to the
presence of the TPC and ITS, makes the current detector relatively slow, despite having an
excellent spatial resolution [33].

For Run 3 (2022-2025), further improvements were made to the experiment, thus designing
ALICE 2. The following upgrades were made in the central detectors [37]: The diameter of
the beam pipe was reduced and replaced to be closer to the center of the experiment; for ITS
the first detector layer is closest to the collision point. For ALICE, the very first layer had a
radius of 22.4 mm with respect to the beam pipe, while this radius was reduced to 18 mm [38]
for ALICE 2. To further improve the measurement precision, this detector will also make use
of the technology Monolithic Active Pixel Sensors (MAPS). With these changes, ALICE 2 will
increase the track reconstruction and readout capabilities to achieve all the Pb-Pb interactions
besides enhancing particle identification capabilities. ALICE 2 is expect to collect 1 nb™! of
Pb-Pb collisions at a peak luminosity of = 5x 10?7 cm % s7%.

For Runs 5 and 6, the planned experiment is ALICE 3 (see Fig. 3.4). It is intended to be
constructed in such a way to be a nearly massless barrel detector consisting of truly cylindrical
layers of ultra-thin silicon sensors using MAPS technology. For this, one of the main changes

between ALICE 2 and ALICE 3 is the removal of the TPC, because, as mentioned before, it is a
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relatively slow detector, despite generating an excellent resolution. To increase the resolution
of the measurements, the magnetic field that the detectors were immersed in will be replaced
by a new one of 2.0 Tesla provided by a superconducting magnet system, which in turn will
produce a curvature in the particle’s momentum. In other words, all ALICE 2 detectors will
be removed from the cave that hosts it, and ALICE 3 will be built in the place. Fig. 3.4 shows
the ALICE 3 detector concept, with emphasis on the superconducting magnet system and the

tracker detector.

TOF

Superconducting R|cH
magnet system

Muon
absorber

Muon
chambers

Figure 3.4: Overview of the ALICE 3 detector concept: the superconducting magnet system,
a silicion tracker, the vertex tracker, a time-of-flight (TOF) detector, RICH detector, photon
detector and a muon system detectors. Fig. from [24].

ALICE 3 will work with a peak luminosity of = 3.3 x 10°” cm™ s7! at interaction rate
of Ry = 93 kHz [24]. Fig. 3.5 shows the improvement of pointing resolution * and effec-
tive statistics when compared to two other experiments, using the acceptance (A#) x (Pb-Pb
interaction rate (kHz)).

The following section contains a brief description of the system of ALICE 3 that is impor-

tant to the tracking reconstruction.

3Pointing Resolution is the precision with which the position of a particle’s primary vertex can be determined
by the hits recorded in the detector.
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Figure 3.5: Comparation between the threes experiments: ALICE, ALICE 2 and ALICE 3 in
the pointing resolution and the acceptance (An) x (Pb-Pb interaction rate (kHz)) . Figure from
[39].

3.4.1 Detector concept

The Vertex Detector and the Outer Tracker are the most interesting detectors for particle
tracking, see Fig. 3.6. These two detectors will consist of 11 barrel layers and 2 x 12 forward
discs, which allows the possibility to cover the pseudo-rapidity interval of || < 4 [24]. The
Vertex Detector consists of the first 3 layers and the 2 x 3 discs that will be retractable and
installed inside a secondary vacuum. The reason for this is that in order to be as close to
the interaction point as possible, the detector must be mounted so that it can be retracted
when the LHC is operating in the injection stage (at least R,,;, = 16mm) and placed closest as
possible from the interaction point when in the data collection phase. The radial distance of
these first layers will be 5mm, 12mm, and 25mm from the interaction point. These layers will
be responsible for measuring the first particle hits. The number of layers and their positions
have been chosen to deal with fake hits. Another property of this detector that will guarantee
a good reconstruction of the particle tracking is the resulting position resolution of 2.5 um,
which gives a very high intrinsic spatial resolution. For this, the technology used will be the

Monolithic Active Pixel Sensors (MAPS). The MAPS consists of a pixel chip, which is made of
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a silicon single die with a size of 15 mm x 30 mm and which incorporates an epitaxial layer
of high resistivity silicon (sensor active volume); a matrix of charge collection diodes that
will perform the collection of the loads (pixels); and an electronics responsible for performing
signal amplification, performing the digitization and zero-suppression.

The Outer Tracker will consist of the remaining 8 barrel layers and 9 discs on either side of
the interaction point. With this, it will provide a relative momentum resolution of 1-2% over

a large acceptance by measuring about 10 space points.

Figure 3.6: Overview of the Vertex (near to the beam pipe) and Outer Tracker detector assem-
bly. Figure from [24].
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Chapter 4

Topological Reconstruction & the

Strangeness Tracking Technique

With the objective of measuring multi-charm hadrons on the ALICE 3 experiment, it is
necessary to study efficient techniques of track reconstruction, which are commonly used in
high energy physics for extremely rare particles. In particular, this work will focus on the
candidate selection of the baryon =.

The data collected in experiments such as ALICE are massive and it is necessary to perform
a complete reconstruction of the events, with an extensive data analysis performed on those
particles. For this, the data analysis tool ROOT [40] was the software employed in this work,
which was developed by CERN and is highly applied to variate analysis tasks in high energy
physics. This framework is object-oriented with a code base written entirely in C++.

The process of reconstructing events through topological variables is referred to as Topo-
logical Reconstruction, which despite being a highly used technique in particle physics, it is not
sufficient to cover extremely rare particles as the =?_. For this, a technique for tracking weakly
decaying strange particles is being developed, called Strangeness Tracking, which will act as
the second stage that follows after secondary track finding. In other words, it is a technique
that makes use of topological reconstruction to increase the accuracy of the reconstruction of
events.

This chapter aims to characterize the doubly charmed baryon = in Pb-Pb collisions at
Jsvn = 5.52 TeV. It introduces the usual technique of event reconstruction, the topological

reconstruction, as well as the strangeness tracking. It will also address how the standard se-
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lection of candidates is made, the extraction of signal, and the concept of the metric “statistical

significance", which is used in this work to verify how successful the selection was.

4.1 Z=77: The Doubly Charmed Baryon

cc*

+

The = particle is composed of two heavy charm quark and one up quark. Hence, it is a

doubly charm baryon that is part of the family of weak decay gqq with the charm quantum

number C = 2. This isospin doublet (!} = ccu) have spin parity equal to J* = 1/2* and a

“cc
lifetime, measured by the LHCb collaboration, equal to 7 (£}}) = 0.256 )02 ( stat ) + 0.014( syst

) ps [41]. Due to the presence of two charm quarks, =7 is a massive baryon, with mass equal
to 3621.24 + 0.65( stat ) + 0.31 (syst) MeV/c* [42]. This particle have the following expected

weakly decay channels, relative to the particle =:

B —El+n" (ct~77pum) (4.1)
E.— E +27° (ct =132 pum) (4.2)
and,
E—El+x"  (ct~77pm) (4.3)
El—na +K +p (crt~132um) (4.4)

where c7 is the flight distance. This is the average distance, in the laboratory frame, traveled
by a particle whose speed is approximately equal to the speed of light.

This work will focus on the decay defined by the Egs. 4.1 and 4.2, for which the complete
decay of the channel can be seen in the Fig. 4.1. To this channel, there are six prong decay *
with a total Branching Ratio of 5% x 2.9% °.

The point of interaction from which the particles are produced, immediately after the
heavy nuclei collision, is called the primary vertex. All particles that come from this ver-
tex, that is, the ones that are direct products of the collision, are called primary particles. The

baryon =7 is one of them. Particles that are products of decays are called secondary particles.

4Prong decay refers to the number of charged particles in the final state of the particle decay.
Branching Ratio is the probability of a particle to decay by a given process (channel) among all possible
decay processes.
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Figure 4.1: Cascade topology of = particle decay diagram for the following channel: =7 —
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However, excluding all decay products to find the primary particles is experimentally infeasi-
ble. The ALICE collaboration has the convention that the primary particles are all those that
originated in the high energy collision and those that are products of strong decays or decay
of quarks c,b, and t, and the secondary particles are those that are products of weak decays of
s quarks or that have hadronic interactions within the detector material. Because of its decay
into successive secondary particles, =7 has a characteristic cascade topology. Both £} and =
have very short flight distances, which, even for ALICE 3, ends up being unfeasible for direct
detection. Fig. 4.2 shows the relationship between the decay of the E!} with the radius layers
of the ALICE 3 detectors.

The final particles that are detected leave hits in the detectors allowing for the trajecto-
ries to be obtained. With this information, it is then necessary to combine them to generate a
potential cascade decay, called (cascade) candidate. Therefore, the final detected tracks (daugh-
ter particles) are used to reconstruct the decay of the particles of interest, with these named
"mother particles" and being responsible for generating the former via weak interactions. The
study of the descendants to reconstruct the tracks that correspond to a given decay channel
is called tracking. As there is an immensity of particles produced in a collision, it is impos-
sible to combine all possible particles to reconstruct a given decay. What is usually done is

the application of different types of filters on the possible candidates to reject candidates that
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Figure 4.2: Scheme relating the decay of = to the scale of the ALICE 3 detector. Note that
=:7and Z! do not appear because they decay before the first layers.

“cc

are not consistent with the desired decay topology. One of these filters is the application of

topological cuts, which will be discussed in the next section.

4.2 Candidate Selection Criteria

The combination of trajectories to reconstruct the decay is used to recover the mass of the
original particle. In this way, the combination of trajectories to search for the cascade decay of
= is done as follows: first, candidates to A are found performing proton-pion combinations;
then these candidates for A are combined with one more trajectory of a pion to find a candidate
for =Z°. These candidates for =~ are combined with the trajectory of two other pions to obtain

candidates for =], which finally has its trajectory combined with that of a pion to obtain

c?

=+

candidates for =.

Since the four-momentum modulus is invariant under Lorentz transformations, it is pos-
sible to consider its value in the original particle’s rest frame, and hence this quantity has a
modulus equal to the original particle’s mass. Also, the four-momentum is conserved during

the decay processes. Thus, if the modulus is computed for the decay products, and if these
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products indeed originated from a cascade decay, then it is possible to recover the original

particle’s mass. The recovered mass is called invariant mass and is given by:

M? = (ZE>2 —‘

where the sum is over the possible decay products of the interested particle. In practice, the

(4.5)

5

invariant mass calculation for the decay candidates provides a peak centered on a mean mass
value. This peak, due to the high background, can be imperceptible, so it is necessary to
apply cuts, that is, a candidate selection is applied to decrease the contaminations from the
background without significantly affecting the signal. This selection can refer, for example, to
the charges of the daughter particles, the energy deposited in the detector, the proper lifetime
ct, or topological variables. It is the latter that will be discussed in this work.

If a chosen combination in the reconstruction is indeed from the decay of =, the invariant

mass, calculated using the Eq. 4.5, should be close to 3621.24 MeV/c?, with small variations

arising from the analysis as well as from imprecision in the measurements of the moments.

4.2.1 Topological selection of cascade candidates

Trajectory reconstruction involves a huge number of combinations of particles and candi-
dates since an immensity of particles is produced in Pb-Pb collisions at energies of \/syy = 5.52
TeV, whether these combinations are to reconstruct the daughter particles or the original par-
ticle. Therefore, topological selections are employed to filter the tracks used in the baryonic
reconstruction to reduce the number of possible combinations. This selection makes use of
geometric variables that refer to properties of the topology of each particle. The determina-
tion of the intervals on these variables is used to select trajectories that have characteristics
that make them more likely to have come from the decay of interest.

In Fig. 4.3, it is possible to see an example of these topological variables for the decay
of 2. The same variables could be applied to the Z!! decay. Following this, there is a brief

description of each type of these variables.

« DCA to PV: It is the Distance of Closest Approach (DCA) from a trajectory to the

Primary Vertex (PV), also know as the impact parameter of the track. It can be obtained
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Figure 4.3: Example of topological cuts used to combining particle trajectories in candidate
decays of =". Figure from [32].
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in both longitudinal and transverse directions:

IDCA| = \/DCAgy + DCAL. (4.6)

The goal is to use a maximum value (upper bound) for primary particles and a not so
small minimum value (lower bound) for secondary particles in order to be able to dis-

criminate them.

« DCA of the cascade daughters: It is the Distance of Closest Approach (DCA) between
the tracks of two possible daughters of the decay. It is used to ensure that the trajectories
were close enough together at some point, presumably at the time of decay. Usually, an

upper bound is defined to ensure that two particles come from the same vertex.

« Decay radius: It is the distance between the spatial position of the particle immediately

before decay and the center of the detector.

As the data used in this work comes from Monte Carlo simulations, it is also possible to
use topological information of the original particle itself.

With the application of these cuts into data, it is feasible to reconstruct the trajectories
and select candidates for the Z!!. Then, it is possible to graph the invariant mass and observe
a peak in it. However, this is not a simple task, since it is necessary to choose a subset of
variables among a great number of them and select the values of the cuts to be used with
these variables. Therefore, this process demonstrates the real challenge of this work.

In addition, improving the resolution of these topological observables makes the cuts more
accurate, thus eliminating more backgrounds from the candidates. To enable high-precision
measurements of these variables, a new technique is being developed with the idea of finding
signatures of multiply charmed baryons via their weak decays into strange baryons, called

Strangeness Tracking.

4.3 The Strangeness Tracking Technique

The strangeness tracking technique is a new method that is under development to detect
multiply charmed baryons using information from their decay into strange baryons. This
method is based on using high-resolution detectors in the first layers, which are very close

to the primary vertex, to measure the hits of weak decay hadrons before their decay and
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combine such information with the reconstruction of the daughters of these decays to improve
significantly the pointing resolution. Strangeness tracking acts as a second stage after the
topological reconstruction.

A particularity of this technique is that it has an intrinsic dependence on two factors: the
proper lifetime of the particle and the detector performance. To perform the technique, it is
necessary that the particles hits in the innermost detector layers before they decay. For exam-
ple, in Fig. 4.4 there is a survival probability graph of =~ and Q~ baryons with a momentum
equal to 1 GeV/c as a function of the distance to the primary vertex. It is possible to see that
the = has a decay length equal to ¢t = 4.9 cm, and the probability that this particle decays
after crossing the first ALICE 3’s detector layer and leaves a direct hit is around 90%, while in
respect to the Q7, that has a decay length of c7 = 2.5 cm, it is approximately 70%. Therefore,
for these two cases, it is possible to apply strangeness tracking in the track reconstruction of

these particles.
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Figure 4.4: Survival probability of =~ and Q7, with a momentum equal to 1 GeV/c, as a function
of the distance to the primary vertex. The decay length of each particle and the innermost
layers of ALICE 3 are indicated in the figure. Figure from [24].

The algorithm behind the technique is structured as follows: for each decay candidate,
the trajectory information is calculated and used to extrapolate back to the primary vertex, as
shown in Fig. 4.5 for £ decay. This back propagation has a hit search window and the hits
that are close enough to the propagated trajectory will be added to track parameterization to
increase the precision of the decay candidate tracking reconstruction. If a hit that was added to

the track parameterization turns out to be incorrect during the extrapolation, it can be deleted
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and the back extrapolation is updated, improving the resolution of the reconstruction. In this
way, the back propagation represents a high constraining for the addition of the correct hits

of the inner layers to the trajectory reconstruction [43][24].
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Figure 4.5: Illustration of strangeness tracking in the ALICE 3 full detector simulation with
the decay of =] into ;] — E] + 7" and the decay of Z; into £, — = + 27", In (a) it is
possible to see the daughter decay in the last layers and in (b) is a close-up in the innermost
layers showing the decay of =~ and the hits that were added to its trajectory. Figure from [24].

One of the concerns of the strangeness tracking technique is the association of fake hits to
parameterization. The resolution in track determination must be high enough to avoid these

fake hits. For this, the hit density in a given layer py;;s must obey the relation[43]:

1

Phits

==

searchs (4' 7)

where &search is the search window. For ALICE 3 innermost layer in central Pb-Pb collisions, the
expected average occupancy, using a full simulation, is approximately 10-12 hits/mm?, which
corresponds to around one hit for each 0.1 mm? and calculations reveal that the expected
search window size of strangeness tracking seqren is approximately 5 - 10 mm?. Thus, the
more hits left in the detector layers by interest candidates, the greater the pointing resolution
will be.

The strangeness tracking provides a direct tracking of weakly decay hadrons and, with
this, it is expected a great improvement of the pointing resolution. This improvement can

be studied and verified by performing an investigation of the effect on the distribution of the
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Distance of Closest Approach (DCA) of = particle to the primary vertex. In Fig. 4.6 there
is a comparison between topological reconstruction with and without strangeness tracking
in (a) DCA,, and (b) DCA, resolutions in the transverse plane and longitudinal direction,
respectively, for the =~ decay in function of the layers of the ALICE 3 detector. In the magenta
curve, there is a pure topological reconstruction, and it is possible to observe that the width
of the residuals distribution deteriorates as the extrapolation distance increases (note that the
distance of back propagation increases in the direction of the primary vertex). The blue curve
represents the topological reconstruction with strangeness tracking, that is, including direct

detection information. In this last case, it is possible to observe that the width of the residuals

decreases.
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Figure 4.6: Comparison between Topological Reconstruction with (blue) and without (ma-
genta) Strangeness Tracking in the (a) DCA,, (b) DCA, resolution in transverse plane and
longitudinal direction, respectively, for the =~ decay. Figure from [24].

In Fig. 4.7, there is the normalized counts for the DCA to primary vertex in (a) trans-
verse plane and (b) longitudinal direction for =~ candidates. The magenta curve shows the
pure topological reconstruction, using only daughter information, while in the blue curve the
strangeness tracking is included. The resulting improvement in DCA resolution from the use
of strangeness tracking is approximately augmented by a factor of 4 in both transverse and

longitudinal directions, which indicates an interesting potential to this method.
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Figure 4.7: Comparison between topological reconstruction with (blue) and without (magenta)
strangeness tracking in the distributions of (a) DCAyy and (b) DCA, to Primary Vertex for =~
. Figure from [24].

4.4 Signal Extraction

Once candidate selection has been applied, using the topological observables, it is then
possible to observe a peak in the invariant mass, as shown in Fig. 4.8, where the background
is quite regular and almost linear. With the invariant mass peak identified, the next step is to
count the number of candidates at the peak. The analytical process for this count is done in
the following manner: initially, a function constituted of a gaussian and a linear polynomial
is fitted in the peak and background region of the invariant mass, respectively. After that, the

gaussian parameters are used to define the peak and background regions:

« Background to the left:

(x - 2Lo,x - Lo), (4.8)
« Background to the right:

(x + Lo, x + 2Lo), (4.9)
+ Peak region:

(x-Lo,x + Lo), (4.10)

where o is the standard deviation and x is the mean of the fitted gaussian, and L is a value
conveniently chosen depending on the invariant mass distribution. This choice selects a region

that represents the combinatorial background and should be sufficiently distant from the peak.
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Once these regions are defined, the bin counting technique can be applied. Note that the
two background sampling regions have together the same width as the peak region. One can
subtract the count in these two regions adjacent to the peak from the number of candidates in
the peak region. For each case, it is calculated the integral below the curve, which gives the
counts for the background and the peak. The difference between these two counts gives the

raw signal:

Raw Signal = N(x - Lo, x + Lo) - N(x + Lo, x + 2Lo) - N(x - 2Lo, x - Lo), (4.11)

where N(A, B) denotes the number of candidates inside de interval defined by [A, B]. This
count is usually done considering the candidates in a specific transverse momentum interval

(pr) , such that it results in a set of candidate numbers indexed by to the defined pr interval.
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Figure 4.8: Demonstration example of the background sampling process used for signal ex-
traction for the particle =~. The orange region is the average background estimated. Figure
from [38].

4.5 Significance computation

The objective of this master’s project is to study the possibility of measuring the particle

=+t
—cc

in the ALICE 3 experiment, and one way to verify this possibility is to use the significance
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calculation. As ALICE 3 is an experiment for the next decade only, this study is performed
using Monte Carlo simulation.

In Monte Carlo simulations, the simulated candidates can be classified into two types:
signal, which is the complete simulation of the final states corresponding to the reaction of
interest, or background, which is all candidates that are not due to this reaction but have
similar characteristics. These two types of candidates correspond to two hypotheses that must
be distinguished from each other: the “signal hypothesis” H; and the “background hypothesis”
H,. The topological selection procedure that was described before is an hypothesis test that is
applied to every single trigger® collected by the experiment [44].

A statistical hypothesis test is a quantity that allows quantifying the degree of confidence
in a decision. When the statistical test is applied to the simulated data, a value ¢ is calculated
and compared to the test statistic data distribution following the H; and H, hypothesis, and
then it is decided between H; and H,. It is possible to quantify the Type-I and Type-II errors:
the first refers to signal candidates that are discarded, that is, the H; hypothesis is declared
false when it is true; and the second is about background candidates that contaminate the
signal sample, in this case, H; is declared true when it is false. This process is shown in Fig.
4.9 where « is the Type-II error and f is the Type-I error. Notice that, in a hypothesis test, it is

necessary to choose a critical t-value, or threshold, to either reject or accept the hypothesis.

A Background
f hypothesis
c
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o »
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TN
EN B }PF\ .

Decision Test statistic
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Figure 4.9: Density of signal and background test statistic data, where « is the Type-II error
and f is the Type-I error. TP reefers to “True Positive’, TN to ‘True Negative’, FP to ‘False
Positive’, and FN to ‘False Negative’. Figure from [45].

®A trigger is an event that the logic of the experiment decides to retain for offline analysis. That is, is the data
that is collected to pursue the analysis.
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To optimize the selection procedure, it is necessary to use a score function that will define
the optimum cuts applied to the data, such that the result contains the maximum possible
signal in the candidate sample and the minimum as possible background contamination.

Let N be the number of candidates at the end of the selection, S the number of candidates
classified as signal, obtained from the peak region using the bin counting, and B be the number
of candidates classified as signal but that in reality are false-positives. With that, the best
estimation of S is given by:

S=N-B. (4.12)

Taking N to be a Poisson distribution, the variance of S is:
a%(S) = o*(N) + c*(B) = N + ¢*(B). (4.13)

For large Monte Carlo statistics, the uncertainty o(B) is low and negligible. With this, and

using Eq. 4.12, its possible to define the quantity Z:

,_ S S S
oS JN JS+B

which is given in number of standard deviations. This quantity receives the name of Signif-

(4.14)

icance: it is a non-dimensional number and should be as large as possible since it provides
information on how well the signal can be observed in a number of standard deviations. Sig-
nificance also indicates the accuracy of a measurement, that is, indicating if a particle can or
not be measured.

Since in a real experiment it is not possible to know to values of S and B to be used in the
calculation of Z via Eq. 4.14, the extraction of signal procedure, presented in section 4.4, is
used to estimate these values.

In literature, a common standard interpretation for the values of significance are given by:

[44]:

+ Z < 30: The H, hypothesis is not statistically significant, which means that there is not

enough data to observe the signal.
« 3 < Z < 50: Characterizes an evidence, the signal is close to be observed.

« Z > 50: The H, hypothesis is statistical significant and characterize a discovery. In other

words, if there is a signal, it will be observed.
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+

The studies dedicated to the E particle are focused on the simulation of its production and
decay in the ALICE 3 and, with the data, on trying to find the best combination between the
topological cuts through strangeness tracking which returns the highest possible significance

value, in special a value greater than 50.
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Chapter 5

Machine Learning Applied to Candidate

Selection Criteria

The term Machine Learning (ML) was initially conceived by the pioneer in Artificial Intel-
ligence (AI) Arthur Lee Samuel in 1959 and according to him “machine learning is a field of
study that gives computers the ability to learn without being explicitly programmed" [46]. But
before receiving an official name, the concept of machine learning was already being used: in
1943, the scientists Walter Pitts and Warren McCulloch published a paper titled “Logical Cal-
culus of Ideas Immanent in Nervous Activity" [47] in which they tried, using mathematical
techniques, to map the processes of thought and decision making that occur in human cogni-
tion.

Machine learning is a set of computational and mathematical techniques that uses previ-
ous information and data to improve its performance and make predictions about a given task.
These computational techniques are usually applied when there is a need to process and ob-
tain useful information from the data, especially when this process is not feasible to perform
manually or when the analysis involves a large amount of data. In physics, machine learning
is also applied when the goal is to discover an equation or model that governs a specific set
of data, providing for example a fit on it. For these cases, it is necessary to automate tasks,
thus simulating human behavior. Currently, ML techniques can be classified as supervised,
unsupervised or, more recently, as reinforced learning. For this particular work, the Gradient
Boosted Decision Trees (GBDT) was used as our algorithm of choice, a supervised technique,

which was used to perform the selection of candidates for the =7 .
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In this chapter, the Gradient Boosted Decision Tree algorithm will be presented, as well as
the concepts of supervised and unsupervised learning, classification and regression problems.
The decision tree and gradient boosting algorithm will be explained in order to construct the
idea behind the GBDT. It will also describe how the pre-processing of the data used to obtain
the results of this thesis was carried out and how it composes the methodology applied to the

=+
E:7 problem.

5.1 The Gradient Boosting Decision Trees

The Gradient Boosting Decision Trees is a supervised machine learning algorithm that can
be used for regression and classification problems. The main principle is to first create simple
prediction models sequentially, that is, connect smaller models such that each subsequent
task can cover the imprecision’s of the preceding ones. In GBDT, these individual learners are
decision trees. Because it is a sequential algorithm, GBDT is a slow model to build, but highly
accurate. To understand and employ it for selecting candidate particles, the following sections

will go through the essential details of this machine learning algorithm.

5.1.1 Supervised and Unsupervised Learning

A machine learning model is said to be learning from a dataset when it looks for patterns
and relationships between these data. Learning can be divided into two major groups: super-
vised and unsupervised learning. The difference between these two types of learning is that
the first makes use of labeled data so that the machine can perform a specific task and measure
its accuracy with respect to the given labels from the test dataset (See Fig.5.1). In unsupervised
learning, the data is not labeled and the algorithm must learn by itself the correlations con-
tained in the data.

Mathematically, in supervised learning, the general rule that associates inputs with outputs
correctly can be defined as follows: let = {(x;, y;)} be the dataset, where x; are the variables
present in the data used as input to the predictions, called predictor variables or features, and
i is the target output that the model will try to predict. This latter variable is often called of
outcome or response variable.

The dataset  will then be divided into two subsets: the training and the test datasets,

where the training data will be used to build the machine learning model. This model can be
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represented by a mapping function f which, for a given sample of feature x; the model will give
a prediction y; = f(x;). To find the f mapping the algorithm will try to solve an optimization
task, measuring the prediction quality for an object x; using a loss function  (y;, f(x;)) which

will be minimized in order to find the best model.

Input Data
(dataset) Machine Learning J
Algorithm o
Data Labels ‘

New Data Predictive Model Expected
Output

Figure 5.1: Schematic of supervised learning. This fluxogram represents the steps of providing
the input data, training and application of the model to make predictions.

After the model is built, it is applied to the test data. With that, it is possible to make
predictions for the samples in this set that, in turn, will be compared with the correct outcome
to evaluate the model. Once the final model is obtained, it can be applied to make predictions
to a new dataset with similar features from the training stage, for which the correct outcome

is unknown.

5.1.2 Classification and Regression Problems

When subdividing supervised learning problems, two main groups of algorithms can be
used to compose a ML solution: those for classification problems and others for regression
tasks (see Fig. 5.2). In classification problems, the algorithm is trained to classify input data
into discrete variables, that is, the algorithm will predict a class, or category, from a finite set
of classes defined in the training data. For regression tasks, the algorithm is trained to predict
an output from a continuous range of possible values. The algorithm in the regression process
needs to identify a functional relationship between the input parameters and the output such
that the output value is not discrete as in classification, but a continuous function of the input
parameters, so that the response variable y will be continuous.

On the other hand, a binary classification problem, this is, when the data belong to two

different classes, for example signal being equal 1 and background being equal 0, can be trans-
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Figure 5.2: Schematization between the two types of supervised learning: classification and
regression. Figure from [48]

formed into a regression problem: the regression model will provide a continuous spectrum
from 0 to 1, which could be interpreted as a probability that the correct outcome is signal,
and the user can then define a classification threshold that will separate what will be consid-
ered signal and what will be considered background. In this way, the regression value will be
transformed into a binary category, so the output can be interpreted as a classification prob-
lem. Once the threshold is defined, it is possible to perform a visualization of the algorithm’s
performance by looking at the true positives (TP), false positives (FP), true negatives (TN), and
false negatives (FN), as in classification problems. This can be visualized in a confusion matrix,

as shown in Tab. 5.1.

Predicted Classification

Negative Positive
Negati TN FP CN
True Classification cgative
Positive FN TP CP
RN RP N

Table 5.1: Structure of a confusion matrix, where it is possible to divide the data into classes
like true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN), de-
pending on how the model classify the input given a threshold. CP and CN indicate the num-
ber of events in the positive or negative class and RN and RP indicate the predicted posi-
tive/negative events.
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5.1.3 Decision Tree

Before introducing the GBDT model, it is necessary to understand the Decision Trees (DTs)
learning technique, which are the basic components of the GBDT, as it represents the weaker
learners of this algorithm [49]. Decision trees are a supervised learning method that is based
on creating iterative questions. Using simple decision rules inferred from prior data, it parti-
tions new data until it reaches a prediction. This algorithm can be used for classification and
regression problems.

A decision tree is a predictive model that has the structure of a tree, that is, it starts at
the root node of the tree and continues in a descending way through the nodes (see Fig. 5.3).
Each node is used to denote a question about a feature of the dataset, and each branch is used
to denote a decision. The first node contains the complete data sample. During training, the
algorithm builds the tree recursively, in which the first nodes refer to the most important at-
tributes as calculated from a metric such as the information gain. In this way, the deeper nodes
of the tree will consequently be the ones of less importance or those that exert less influence
on the resulting prediction [50]. Fig. 5.3 shows schematically an example of a decision tree for
the selection of events in which the circles are called nodes and represent questions about one
feature of the data sample, while the lines connecting the nodes show the outcome of differ-
ent decisions such that the next node receives a certain subset of the data with the respective
cut. After each cut, the sample is then divided, in the case of the figure, into two smaller sets,
connected to the original sample by lines. With that, the rules are formed by the thresholds
T,, Ty, T, and T, applied to the variables V,, V,, V. and V,, which can be any topological or
energy variable. The classification of events in the leaves of the tree is decided by a majority
vote in the training data.

To perform decisions, the model needs to evaluate two fundamental criteria: 1) what are
the most important variables to perform the cuts and 2) what is the optimal value of the cut.
For this, the algorithm needs to quantify how well separated the classes are after each cut, that
is, it is necessary to make use of an attribute that minimizes the information needed to classify
the partitions in order to minimize the randomness. The algorithm is then said to measure the
impurity of the classification.

Let S be a set of s data samples with m distinct classes labels C; (i=1,..., m) and s; be the

number of samples of S with class equal to C;. The common measures of impurity I are [49]:
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Figure 5.3: Schematic of a decision tree for selection events in signal/background. The rules
are formed by the thresholds T,, Tj, T, and T, applied to the variables V,, V,, V. and V,. The
events are then classified as signal or background. Figure adapted from [51].

« Gini:

I(S1, Spy ey Sm) = Zpi(l—pi), (5.1)

+ Log Loss or Shannon Entropy:
I(s1, 825> 5m) = = Y, pilog, (p1). (5.2)
i=1

where p; is the probability that a sample belongs to class C; and is calculated by s;/s.

The most used impurity measure in decision tree is the entropy, actually, the Information
Gain. This quantity is used to select informative features about the class of a sample, and that
consequently will be employed to make the split. Hence, the feature with the highest infor-
mation gain (or greatest entropy reduction) will be at the base of the tree. Shannon entropy
can also be interpreted as the total information needed to classify a given sample. Thus, if
an attribute A has v distinct values ay, a, as, ..., a,, it can be used to partition the set S into v

subsets S;, 53, Ss, ..., Sy, such that S; contains all samples of S with attribute A equal to a;. If A is
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selected as a test attribute, i.e, best attribute for splitting, then these subsets will be distributed
over the v descendant branches from the node containing the set S.
Let s;; be the number of samples of class C; in a subset S;. The expected information based

on the partitioning by A is given by [52]:

E(A) = Z LS-FS"”I (S1jseevs Smj) » (5.3)
=1

where (slj +... 4+ smj) /s is the weight of the j™ subset and corresponds to the fraction of sam-
ples from S that have the attribute A equal to a;. The smaller the entropy value, the greater
the purity of a subset of partitions. With this, it is possible to finally define the Information
Gain as:

Gain(A) = I (s, S3,..., Sm) — E(A). (5.4)

Therefore, the Gain(A) can be interpreted as the expected reduction in the entropy caused by
the knowledge of the value of attribute A [52].

The Information Gain is calculated for each feature, and the feature with highest gain is
selected to make the split. This process is repeated considering the remaining features until
some stop criteria is reached. For example, this criteria can be the maximum depth of the tree,
which is the number of nodes along the longest path from the first node to a given leaf [53].

To make the split, it is possible to separate the values of the attribute into two groups. This
is done when the decision tree is used for regression problems. In this case, the values are
continuous and a threshold is set to define the two branches (Fig. 5.3). Inside a leaf, the value
that best represents the train data that reaches this leaf is chosen as the outcome, that is, the

value that minimizes some loss function.

5.1.4 Gradient Boosting

In practice, a single decision tree is not enough to be used in complex problems like candi-
date selection in particle physics. One of the most advanced techniques based on the decision
tree is Boosting, in which decision trees are combined into numerous weak learners, which
work sequentially and connected so that each subsequent tree attempts to minimize the er-
rors of the previous ones. When a new tree is created, it fits into a modified version of the
initial dataset, putting more weight on data that was classified incorrectly by the previous

trees. This generates a collectively strong, high efficiency and accurate model.
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The boosting process occurs through the following steps [3][54], as can be seen in Fig. 5.4:

1. Each weak model (tree) is created sequentially;

2. In the j™ step, a new tree that generates an outcome fY(x) is created together with a

weight w(x), which is relative to its accuracy.

3. The ensemble outcome in the j™ step is:
9 (x) = Z w(x)fO(x) = PV (x) + w(x)f9(x). (5.5)

4. To find f¥(x) and w¥(x), the algorithm tries to minimizes an objective function Obj(x),

which is given by:

Ob](’) Zl U)x, y, +Z]:Q
=1

; (5.6)
Zl 070 ) + w (o) fO (), yi) + Y, Q (),
=1
where the summation in the index i is over the training data samples; [ ( $9(x), ;) is
the loss function, which is defined as a measure of the distance between the real value
y; and the value jY(x;) predicted by the algorithm for the i*" sample; and Q ( f(t)) is
the regularization function, which penalizes the complexity of the model f to avoid

overfits 7.

5. After each iteration, each data sample is given a weight based on its misclassification,
so that data samples that are more frequently incorrectly classified will have greater

weights.

Gradient boosting is a type of boosting where it uses gradient descent to minimize the
objective function. Thus, in this model, the outcomes are targeted for the next model in an
effort to minimize errors, that is, the weak learners are combined to fit the residuals from
the previous model, improving the training. The targeted outcome for each case is based on
the gradient of the error relative to the prediction. The gradient is used because the function

generated in the training contains multiple variables.

7Overfitting is a term used to indicate when a Machine Learning model fits too well the training data in such
a way that it becomes ineffective at predicting new results.
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Figure 5.4: Schematic representation of working process of an GBDT: decision trees are com-
bined into numerous weak learners, which works in sequence to allow each model to improve
the error of the previous model, consequently generating a collectively strong model. Figure
from [55].

For this work, the XGBoost (Extreme Gradient Boosting) [3] was used, which is a dis-
tributed Gradient Boosted Decision Tree machine learning library that is typically used in
particle physics problems. This library provides an optimized solution through parallel pro-

cessing, handling missing values, and regularization to avoid overfitting problems.

5.1.5 Hyperparameters used in the GBDT model

To create a GBDT model using XGBoost, it is necessary to assign the hyperparameters.
This quantities are algorithm variables defined before training that are adjustable and allow to
control the structure and functioning of the training process of the model. The optimal choice
of these parameters can produce significant improvements in the final results, acting directly
on the performance and predictivity of the model.

In XGBoost, there are many hyperparameters that can be used to construct a GBDT model.
However, in this work, only five of them were used. The following is a brief description of the

functionality of each of these hyperparameters [3]:

+ n_estimators: It is the number of estimators (trees) and controls the number of boosting

rounds;

+ learning_rate: This parameter controls the step size of the gradient boosting, deter-
mining how fast or slow the model will learn. For this, a weighting factor is applied in

the new corrections added by trees to the model.
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« max_depth: This parameter sets the maximum depth of each tree that will be built.
Increasing this value will make the model more complex and more susceptible to over-

fitting.

+ objective: It defines the loss function that the algorithm will try to minimize. Notice
that, if the objective is binary:logistic then the model will try to minimize a logistic

regression for binary classification.

« max_delta_step: This parameter sets the maximum delta step for each tree’s weight
estimation, helping the update step to be more conservative. If it is set to be a positive
value, the logistic regression might be improved for cases when the class is extremely

imbalanced.

The hyperparametersn_estimatorsand learning_rate are correlated: to avoid over-
fitting due to a large number of trees, the l1earning_rate must be adjusted, decreasing its
value, which must vary between 0 and 1.

Increasing the value of the number of estimators or the depth of the trees will make the
model more complex and increases its predictive power. However, due to overffiting, increas-

ing the value of hyperparameters is not necessarily related to increasing model performance.

5.2 The =; 7 Candidate Selection Case

The application of machine learning in this work arose from the need to maximize the
significance, as discussed in Section 4.5. In this section, the modeling of the candidate selection
problem for E;; will be explained.

Initially, note that the =} observation is a complex problem, as it involves information
about nine particles that participate in the decay process, with six of them being the observed
daughter particles. As a consequence, many topological variables can be considered, making
the standard candidate selection process very complicated. Furthermore, given that it is a
very rare particle, the magnitude of the simulated/measured background is significative, with
about one signal to six thousand background candidates, thus complicating the detection of

its signal.
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Thus, our main objective in using machine learning is to detect rare signal candidates over
a large amount of background candidates. For each candidate, whether signal or background,

the data from the simulation were organized as follows:

« Thirty-five topological variables about the candidate were selected. These will be the

features that the model will use to make the predictions;

« The label for the candidate was chosen to be a binary output from the simulation that

indicates if the prediction will be characterized as signal (1) or background (0).

With that in mind, the data will contain signal information, being it the H; hypothesis, and
background as the alternative hypothesis (Hp). Then, the trained model will be applied to the
test set to classify signal/background on an unseen dataset, which will have the same set of
features with a proper distribution on the H; and H, hypotheses.

Some pre-cuts were applied to these variables: selection of centrality chosen to be 0 - 10%,
and a range within the invariant mass centered at 3.621 GeV/c* with a variation of o = 0.08
GeV/c?, that is, only candidates with invariant mass in the range [3.541, 3.701] GeV/c* were
selected. As for the test set, the selection of invariant mass has an sigma equal to ¢ = 0.4,
more detail is shown in Chapter 6. The GBDT will choose the most important parameters
from which the model can classify the output based on the provided features, that is, the
model will be able to select, based on the topological variables, between signal and background
candidates, thus optimizing the standard candidate selection method.

Despite being a classification problem, the regression method was chosen because the pre-
diction applied to the results will return a value between 0 and 1, that in turn can be interpreted
as a probability of the predicted candidate being a signal. With this, it is possible to define a
threshold such that all data that are greater than or equal to this threshold will be consid-
ered signal and everything that is less will be classified as background in order to apply the

significance calculation, as it was discussed in Section 4.5.

5.3 The simulation chain

The data used in this work come from Monte Carlo simulations generated by the ALICE

collaboration for the ALICE 3 experiment. To use the Strangeness Tracking to study particles

++
cc?

such as =/, high statistics and an accurate description of weak decays are required. To satisty
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these conditions, what is currently used is a combination of two types of simulations: full
simulation and fast simulation. This combination is called hybrid simulation. The following

is a brief description of these two types of simulations.

+ Full simulation: The full simulation presents a more complete and realistic approach
to event production, propagation, and interaction of particles with matter and the de-
tector. For this case, the ALICE framework used for simulation, reconstruction, and data
analysis, called O? [56], is used. In this framework, it is possible to develop more com-
plex simulations to accurately simulate the ALICE 3 geometry. The events are initially
generated using PYTHIA 8 [57] and the final-state particles are then passed to GEANT3
[58] which will do the entire interaction process with the matter as well as the respective
detection in the active volumes. Detections are represented by hits left on the sensitive
volume of the detector. In addition, Gaussian smearing is applied to the hit position to

emulated the tracker’s position resolution and to represent the intrinsic pixel resolution.

 Fast simulation: Fast simulation is used to speed up processes that do not need to be
treated with high accuracy and precision. The basic principle is to apply smearing on
tabulated parameters from an event generator without the need to propagate it using
GEANTS3. For this simulation, it is used the package DELPHESO? which is based on
DELPHES [59] fast-simulation package and the O®. The final-state particles generated
by PYTHIA 8 are passed to the DELPHES’ modules where they will be propagated using
the information about the curvature in the magnetic field and the decay to the desired
radius. This information is stored for the next processing which will apply the detec-
tor’s response using smearing on the kinematic variables. The tracking resolution and
the elements of the covariant matrix for the track parameter are calculated using in-
formation like multiple scattering, detector occupancy, and energy loss. This covariant
matrix is stored in multi-dimensional Look-up tables (LUTs) as a function of particle
mass, pseudo-rapidity, transverse momentum and the event charged-particle density
[24]. After the application of LUTs to the events, the final track list is converted to the
ALICE analysis data and processed with standard analysis that is usually done for the

data from the full simulation.

The hybrid simulation combines these two approaches to generate data. For the case where

it is necessary high accuracy response for the detector, to be possible to use strangeness track-
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ing, it is used the full simulation. This is the case of the weak decay hadrons K?, A, =~ and
Q" and for the daughters of the Z!} that comes from the decay of =7, including the pions and
protons. This can be seen in the Fig. 4.2. All the other particles that do not require the com-
plete propagation to the detector are only smeared with the fast simulation. This is the case

of the pions that are daughters from =7 and =!.
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Chapter 6

Results and Discussion

The methodology presented to perform candidate selection were described in Chapters 4
and 5 using the standard selection method and machine learning, respectively. This chapter
will be dedicated to present the results of the application of these techniques to the Monte
Carlo simulation data of = in Pb-Pb collisions at /syy = 5.52 TeV in the centrality of 0-10%
in order to maximize the significance calculation. In particular, the objective is to obtain a sig-
nificance greater than 5o for the low transverse momentum defined by 0.0 < pr < 2.0 GeV/c,
which is characterized as a delicate region since the candidate count drops significantly. In
both cases, the topological variables used in this work were reconstructed using the informa-
tion from the daughter particles associated with the strangeness tracking technique.

The results will be presented in two major blocks: using the standard candidate selection
method and using machine learning, the latter being a computational resource that enables
the intelligent combination of topological cuts. For both cases, an invariant mass spectrum
is presented in which the signal extraction is performed, and thus the signal and background

spectra and the respective ratio between them. Finally, the significance of the two cases is

compared to determine which method has the better performance.

6.1 Candidate Selection: Standard Method

The standard candidate selection method was the first approach to study the = problem.
Initially, it was necessary to study the topological variables, identifying regions where cuts
could exclude a larger number of background candidates than signal candidates. Later, these

variables were used to select candidates and obtain the invariant mass spectrum of the Z!;. The
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invariant mass was used to perform the signal extraction described in 4.4, where the count-
ing of background and signal candidates was performed. This can then be used to calculate

significance. Each of these steps and their results is described in the following subsections.

6.1.1 Study of signal and background behavior in topological vari-
ables

Section 4.2.1 described some types of topological variables used for selection. The distri-
bution of the different topological variables is shown in Figs. 6.1 and 6.2 for the signal (in
magenta) and the background (in blue), respectively, as well as the region (dashed line) where
the candidates were selected that gave the best significance value for the standard selection
method. Thus, these cuts work as follows: For all 2!} candidates, these variables are tabulated;
those not within the cut are discarded, and those passing the cut are selected for the recon-
struction of the invariant mass. The background candidates that pass through these cuts are
called ‘false positives’ that contaminate the signal. The major limitation of this procedure lies
in the fact that little is known about which regions are best suited to define the cuts and which
values would be ideal for discarding primary particles, for example.

Therefore, a systematic study was conducted to test the cuts for some of these variables
across multiple ranges. First, it started with default values for a given set of variables. Three
possible values were examined for each variable, keeping the values of the other variables
fixed. Thus, the cutoff value for the particular variable that had demonstrated greater signif-
icance, especially for low-pr (0.0-4.0 GeV/c), was fixed. After doing that for one variable, the
same process was done sequentially for all the other ones. The best values are shown in Tab.

6.1.
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the =7 decay. In the dashed line it is possible to see the defined selection region.

=il selection E!T selection
Eff DCAyy to PV (um) [DCAL,| <12 (1) m « E} DCA,y to PV (um) [DCALy| <10
ErY DCA, to PV (um) |IDCA,| <12 (1) m « E; DCA; to PV (um) [DCA,| <15
Ef DCA,, to PV (um) [DCALy| <10 (2) m < E; DCA,y to PV () [DCALy| <10
E! DCA, to PV (um) IDCA,| <10 (2) 1 « E; DCA; to PV (um) [DCA,| <15
E™ DCAyy to PV (um) [IDCAy,| <10 (2) 277 Decay Radius (cm) >0.015
=~ DCA, to PV (um) |[DCA,| <10 E! Decay Radius (cm) >0.003
7 «— B DCAy, to PV (um) | |DCA,| <20 | EZ; DCA Between Daughters (um) <8
m«— E7 DCA. to PV (um) | |DCA;| <10 | E! DCA Between Daughters (um) <14

Table 6.1: Topological variables and the respective intervals that define the regions used for

the selection of candidates.
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Figure 6.2: Signal (in magenta) and background (in blue) of topological variables associated to
the £ decay for Pb-Pb collision at /syy = 5.52 TeV. In the dashed line it is possible to see
the defined selection region.

6.1.2 Invariant Mass and =] Yield

The invariant mass spectrum of =] particle is shown in Fig. 6.3, where the blue curve
presents the spectrum without the topological selection and in magenta the same spectrum
but with the cuts presented in Tab. 6.1. It is then possible to observe that once the topological
cuts are applied, the peak on invariant mass turns visible. In (a) there is the invariant mass
spectrum for the transverse moment region of 0.0-4.0 GeV/c and in (b) the same but for the
region 4.0-15.0 GeV/c.

To create these spectra, it is necessary to apply a set of scaling factors in the invariant
mass histogram that are different for signal and background. This difference occurs because
the production of =] is a very rare event and it is costly for the Monte Carlo simulations to
produce the events in the correct proportions.

The following operations were performed for the signal:

1. Divide the count of the mass histogram by the number of event N,enss in the centrality

of 0 - 10%;
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Figure 6.3: Invariant mass spectrum of = particle for (a) low-pr:0.0 - 4.0 GeV/c and (b) high-

—cc
pr 4.0-15.0 GeV/c. In blue is the spectrum without any topological selection and in magenta

the spectrum with the selections listed in Tab.6.1.

2. Divide by the bin width, transformed into a density;

3. Multiply by per-event yield in central events (calculated by Becattini in [20]) 2/137

(factor 2, considering particle and anti-particle);
4. Divide by 400 to account for two Branching Ratios (BR) of 5% x 2.8%;

5. Divide by 5 to account for signal injection with dN / dy = 5 (increase the number of

events).
As for the background, the following factors were applied:

1. Divide the count of the mass histogram by the number of event N,enss in the centrality

of 0 - 10%;

2. Divide by bin width (same bin width as signal).

All invariant mass spectra presented in this work were constructed taking these factors
into account. Once the invariant mass was calculated then the bin counting process is applied
for each pr interval. The counting of candidates for signal and background using these spectra
is shown in Fig. 6.4 (a). For high-pr bins, an extrapolation using the following power law was

done:

f(x) = [0] x x™, (6.1)
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where [0] is a free renormalization parameter and [1] is a fixed parameter obtained from a fit
with the same law of Eq. 6.1 to the data from the simulation with a magnetic field of 0.5 T. This
procedure is necessary because at high momentum (above 6 GeV/c) the background yield is
very scarce, and in some cases there is no counting. In the case of a magnetic field of 0.5 T,
there is more background counting in relation to the 2.0 T. The assumed hypothesis was that
the behavior of the background spectrum with a magnetic field of 2.0 T would be the same for
the case where the field is equal to 0.5 T. To avoid generating gigantic and impractical amounts
of background, an extrapolation that describes it sufficiently well must be done. Moreover, the
power law function was chosen because, among the models that describe the behavior of this
spectrum, it is the one that provides the most conservative result, i.e., the one that produces
the highest count of background candidates.

The ratio of signal to background yields is shown in Fig.6.4 (b). The signal is observed to

be significantly lower for low-pr bins.
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Figure 6.4: (a) Yields of signal and background around the =] peak region, the counts was
estimated using the bin counting procedure. (b) Ratio between signal and background yields
for =7 particle for Pb-Pb collision at ,/syx = 5.52 TeV.

6.1.3 Significance

Using the calculated yields shown in Fig. 6.4 and Eq. 4.12 it is possible to obtain the
significance for each pr interval. The results are shown in Fig. 6.5. Except for the first bin,
all the other momentum intervals have significance greater than 5¢. For the first bin, which

characterizes the pr interval of 0.0-2.0 GeV/c, the significance assumes a value around 3o.
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Note that this significance value does not provide enough statistical confidence to verify that
it will be possible to measure this particle in central Pb-Pb collisions down to zero pr with
ALICE 3. This measurement is important to reduce uncertainties in total yields. It allows a
pr-differential measurement with good statistical accuracy since with this measure it will not
be necessary to carry out any extrapolation to zero, a process that involves a high degree of
uncertainty. For this, it is necessary to explore techniques that allow to perform a particle

identification that results in a significance greater than 5¢ in this p; interval.
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Figure 6.5: Significance obtained using the standard candidate selection for =_;

Pb-Pb collision at ,/syy = 5.52 TeV for centrality 0 - 10%.

particle for

6.2 Candidate Selection: Machine Learning

To try to improve the results obtained using the rectangular candidate selection, a different
approach was applied. As described in Section 5.2, due to the problem of =7 having many
daughters, making the selection of its decay can be challenging. Machine learning techniques
were then applied to optimize the selection of candidates. In particular, the technique used
was Gradient Boosted Decision Tree, as described in Chapter 6.

This process involves the following steps: initially, data pre-processing is applied, in which
centrality and invariant mass filtering take place; subsequently, with these data, the machine

learning model is trained; the latter is applied to a test dataset to obtain an output of the model,
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in which there is a spectrum between 0 and 1, which can be interpreted as the probability of a
candidate being a signal. This spectrum is stored and processed in an analysis chain similar to
the one used to produce the results of the rectangular cuts, with the difference that this time a
threshold value about the mentioned spectrum is passed as an argument. The use of different
threshold values allows for the calculation of the mass distributions that contain both true
positives and the remaining false positive candidates. These distributions are then used in the
analysis. Note that the machine learning threshold works as an application of all cuts together,
considering all topological variables passed as features of the model. Different thresholds were

studied to find the best that maximizes the significance in 0.0 < pr < 2.0 GeV/c

6.2.1 GBDT Model training and application

To train the machine learning model, the data was separated by transverse momentum
interval. Only candidates that had transverse momentum within the 0.0 < pr < 4.0 GeV/c
interval was used for training. The values of the hyperparameters of the model that presented
the highest performance to the significance value for this region are shown in Tab. 6.2. To
obtain these values, the hyperparameters were systematically tested so that they had their
values varied in order to maximize significance.

Note that, although the training includes data from only momentum in the region defined
by 0.0 < pr < 4.0 GeV/c, the test data in turn include the entire transverse momentum range,
i.e., the data comprises the region of 0.0-15.0 GeV/c. Furthermore, the model were trained
considering an invariant mass interval of o = 0.08 GeV/c? around 3.621 GeV/c* and the test

dataset have an invariant mass window of ¢ = 0.4 GeV/c?.

n_estimators | learning rate | max_depth objective max_delta_step

' ’ Low-pr training 100 0.1 9 binary regression 10

Table 6.2: Hyperparameter values used to create the GBDT model that had the best perfor-
mance for the region of 0.0 < pr < 4.0 GeV/c.

Thirty-five input features were passed to the trained model, but some of them have more
impact and importance. Calculating the importance level of each feature to the model helps,
among other things, to understand the behavior of the data as well as the relationship be-
tween the features, which in this problem are the topological observable, and the target vari-

able. Understanding this ranking also helps to optimize the model in terms of computational



CHAPTER 6. RESULTS AND DI1SCUSSION 78

consumption, since less important features can be removed for future training. The feature

importance for the trained model of Tab. 6.2 are shown in Fig. 6.6.

Feature importance
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Figure 6.6: Feature Importance from the training for low-pr using the hyperparameter of the
Tab. 6.2. In the vertical axis there are the features used to train the model and in the longitu-
dinal axis there are the score ranking.

Note that the DCA between the daughter of the directly decay of the E!’ (XiccDaughter-
DCA), the DCA to the primary vertex in relation to the transverse plane of the 7~ emitted
in the decay of =], (PiccDCAxyToPV) and the DCA to primary vertex in the longitudinal di-
rection for the Z!; (XiccDCAzToPV) represents the variables with greater influences for the
learning of the model in low-p7.

Once the model is trained it is then possible to apply it to the test dataset and visualize its
response. The output of the machine learning for low-pr applied in the train and test datasets
are shown in Fig. 6.7. In magenta, the curve represents the prediction of the model to the data
that was in fact signal, which presents a peak at 1. The blue curve is the prediction of the
model to the data that was in fact background. The triangles are the response of the model
for the train dataset, with the same colors as before for signal and background. Note that the

background doesn’t have a peak in 0 because a pre-cut was applied discarding all data below

0.1 to reduce the file size and allow the data to be processed.
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Figure 6.7: Gradient Boosted Decision Tree response for train and test dataset for low-pr:
0.0-4.0 GeV/c.

When comparing the training and test curves in Fig. 6.7, it is noticeable that they fit each
other with a proper concordance, which indicates that the model does not overtrain [44]. This
comparison between model’s output curves for the training and test data is usually used in
high-energy physics as an indication of whether the model overfits or not.

The region of interest for analysis is located around the peak at 1. Strictly tight cuts in
the threshold proved necessary, since, in general, the tighter the better the result. However,
once a certain threshold is reached, this relationship no longer holds and either significance
decreases or both signal and background are completely truncated. In addition, despite a high
number of false positives, the region around 1 has also been shown to have a higher number
of true positives, making it the region of interest.

In these machine learning outputs, one can observe that a background peak is formed in
the region around 1. This can be explained by the incorrect classification of the algorithm with
respect to the primary particles =7, since this particle has very similar tracking properties to
the particle = and also decays before passing through any layer of the ALICE 3 detector.

In the current study, the threshold that showed the best performance in terms of signifi-
cance was 0.9987 for low-pr. A significance above 50 for the region 0.0 < pr < 2.0 GeV/c was
already obtained with a threshold above 0.9908 using the model built with the hyperparame-

ters in Tab. 6.2.
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6.2.2 Invariant Mass and = Yield:

For the threshold mentioned before, the invariant mass spectra obtained are presented in

Fig. 6.8. These were then used to calculate the yield of =7, which can be seen in Fig. 6.9.
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Figure 6.8: Invariant mass spectrum of = particle using training for low-p7:0.0 - 4.0 GeV/c.
In blue there is the spectrum without any topological selection and in magenta the spectrum
with the machine learning cuts.

Note that for this case there was sufficient background count for the analysis and there
was no need to use the extrapolation process for the background yield. It is also possible to
observe that the number of candidates that were selected is greater than those of the standard
procedure. This is due to all the cuts applied throughout the process that involves the use of
machine learning.

It is important to mention that the amount of data used to train the model is much smaller
when compared to complete statistics, especially for the background, in which only 1% of the
total data was used. However, to assemble this data set, the portion that was used represent
the same statistical distribution as the full sample. It was necessary to use only this amount
of data due to the fact that training the machine learning model involves high consumption
of memory, so, in order to perform this method, it is necessary to use a smaller background

dataset, although representative, of what is used in the standard analysis.
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Figure 6.9: (a) Yields of signal and background around the Z7] peak region, the counts were
estimated using the bin counting procedure and an extrapolation from a scaled power law. (b)
Ratio between signal and background yields for =] particle for Pb-Pb collision at ,/syy = 5.52
TeV using the GBDT model trained to low-p7:0.0-4.0 GeV/c. Note that the test dataset involves
all pr regions.

The dataset used in the test and, therefore, in the analysis presented for the calculation of

significance was the complete statistics provided by the simulation of =, in ALICE 3.

6.2.3 Significance

The significance calculated using the yields of the =7 from the selection employing the
low-pr training is shown in Fig. 6.10. Note that this low momentum training demonstrated a
high significance value for low-pr, in particular, a significance above 90 was obtained for the
0.0-2.0 GeV/c region, which, according to the criteria presented in Chapter 4, would charac-
terize a discovery. In other words, this value presents an indication that this particle can be
measured in a transverse momentum down to zero.

For the pr interval defined by 2.0-4.0 GeV/c the significance reaches the value of 380 and for
high momentum it also provided a good result, far superior to that obtained with the standard
approach. Although the significance value obtained previously for high-pr region was already
relatively high, the machine learning process has managed to significantly increase this value
and showed satisfactory performance even in the regions that the model was not dedicated to.

Furthermore, in this approach using the GBDT machine learning model, all transverse

momentum regions had significance greater than 5o.
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Figure 6.10: Significance obtained using the machine learning procedure to candidate selection
for =7 particle for Pb-Pb collision at \/syy = 5.52 TeV for centrality 0 - 10%. In green is the
significance using the model trained to the interval of momentum: 0.0-4.0 GeV/c, in blue the
significance for model trained in 4.0-15.0 GeV/c and the magenta curve is the significance for
standard selection.

These results demonstrate the high power of the application of machine learning tech-
niques to candidate selection. It is important to comment that a machine learning model
depends not only on the hyperparameters chosen but also on the dataset used for training,.
Therefore, this significance value, although encouraging, may suffer some fluctuations de-

pending on the training set.
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Chapter 7

Conclusion

In general, the objective of this work has been satisfactorily achieved. It was possible to

—++

explore and study the standard approach of candidate selection for the particle =} as well as
a new approach using machine learning techniques. The latter in turn showed a better dis-
criminatory character between signal and background, improving the results of significance.

The results of this work demonstrated that the multi-charm baryon E!} can be measured

in the ALICE 3 experiment with the strangeness tracking reconstruction in all transverse mo-

—++
—cc

ments. Machine learning procedure particularly presents that the can be measured with
transverse momentum lower than 2 GeV/c.

Originally, this work was devoted to the study of the behavior of the topological variables
corresponding to the decay of the particle =’ . This study allowed a better understanding of
the behavior of the signal and background curves in order to indicate, albeit vaguely, in which
regions the rectangular cuts should be made. Several combinations were tested to obtain the
highest possible significance value. Since Z;; has a complex decay with many prongs, this
method, normally used in particle physics, is not practical as many combinations must be
tested. Therefore, this method proved to be limited for this case.

Since the usual method of candidate selection is inefficient, it was proposed to use machine
learning resources for candidate selection. It was decided to work with ensembles of decision
trees, i.e., a set of models that make decisions based on thresholds for numerical features. This
is similar to the process of making cuts, and the machine learning algorithm used can be seen
as applying all the cuts at once. Modeling the Z!’ problem and preprocessing the data was

the first difficulty with this approach, as it was necessary to investigate which of the variables

provided by the simulation should be used as features and which should be used as outcomes.
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Once the data were organized, it was decided to work only with the centrality of 0 — 10%, that
is, with the central events, since this would reduce the problem to some extent.

Another limitation arose with respect to the range of invariant mass in which the data
were selected. A larger range increased the number of candidates selected for the proce-
dure, which significantly affected the available computing power. Therefore, the invariant
mass cut for training had to be fairly restricted to include as many background candidates as
possible around the peak region of the invariant mass. For this, it was necessary to apply a
o = 0.08GeV/c? for the training data and a ¢ = 0.4GeV/c? for the test data. These complica-
tions can be summarized in a single problem: the amount of data to be processed. A large
amount of data requires high computational power, which ultimately limited the analysis of
this work using this method. Consequently, the results could have shown better performance
if all available data had been used.

The second point using the machine learning approach was to find a model that would
provide a maximum reasonable value for significance in the interval of transverse momentum
defined by 0.0 < pr < 2.0 GeV/c. This, in turn, was the subject of investigation until the last
moment of this work. The results presented in Chapter 6 showed that the machine learning
approach performed better than the usual candidate selection approach despite the circum-
stances. It provided a significance value around of 9o for the interval 0.0 < pr < 2.0 GeV/c
and 380 for the interval 2.0 < pr < 4.0 GeV/c which is approximately three times greater, in
both regions, than the results obtained via the standard method. A good improvement over
the standard approach for high-pr was also observed, although the data used in the training
did not contain this region. However, this procedure also showed instability in terms of the
significance value obtained. The reason for this is that the performance of a model depends
not only on the hyperparameters used in its construction, but also on the dataset used for
training. It was also observed that these results varied slightly as the amount of background
data in the test set increased.

In conclusion, with this work it was possible to gain knowledge of data analysis commonly
performed on large experiments in high energy physics, such as in the future experiment AL-
ICE 3. It was also possible to explore a new approach using current machine learning methods
to successfully select candidates for the double charm baryon E;!. The results obtained with

C

this technique, compared to the standard approach, are a strong indication that this is the right
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direction for the future analysis of this particle and other multiply charmed baryons, such as

QFt

cee*
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