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ZUSAMMENFASSUNG

Ein leistungsfahiges Werkzeug zum Studium der starken Wechselwirkung bei kleinen
Energien ist die Untersuchung der Produktion und des Zerfalls von Hyperonen. Daher
konzentriert sich diese Dissertation auf drei Themen der Hyperonenphysik.

Der erste Teil prasentiert einen Track-Finding-Algorithmus fiir den Forward-Tracker des
zukiinftigen PANDA-Experiments unter Verwendung modernster neuronaler Graphen-
netze. Der Nachweis vorwarts gerichteter Teilchen spielt eine bedeutende Rolle bei
der Rekonstruktion und Analyse des Grundzustands sowie angeregter Hyperonen (z.B.
SO, S(1385), L(1405) and L (1520)). Als Eingabe fiir das Netzwerk dient ein Bild des
Forward-Trackers, wobei die Detektortreffer die Knoten und alle moglichen Verbindun-
gen zwischen zwei Treffern in benachbarten Schichten des Detektors die Kanten sind.
Das Netzwerk wurde als bindrer Klassifikator trainiert, um zwischen korrekten und
fehlerhaften Kanten zu unterscheiden. Auf Grundlage der Netzwerkausgabe wurde
ein Clustering-Algorithmus implementiert, der die zusammengehorigen Graphenpunkte
durch eine Tiefensuche ermittelt. Die Giite des Netzwerks wurde auf Grundlage von
Qualitétssicherungskriterien bewertet. Diese Krieterien sind die Reinheit, die Effizienz,
und die sog. Geisterrate. Im Durchschnitt wurde eine Reinheit von = 100%, eine Ef-
fizienz von = 90%, sowie eine Geisterrate von weniger als 3% ermittelt. Da das neuronale
Graphennetz darauf abzielte nur eine Projektion der Spur zu rekonstruieren, wurde ein
zweiter Schritt implementiert, der diese Projektion als Startpunkt fiir die Rekonstruktion
der gesamten Spur nutzt. Dariiber hinaus liefert der Algorithmus einen Schitzwert fiir
den Teilchenimpuls, wobei die berechnete relative Impulsauflésung 6.7% betragt.

Der zweite Teil der Dissertation beschaftigt sich mit der Untersuchung des Produktions-
mechanismuses des S° Hyperons. Hierzu wird die exklusive Reaktion p+p - p+K* + S
bei einer Strahl-Energie von 3.5 GeV gemessen mit dem HADES-Detektor verwendet.
Das Tochterphoton S° - Lg (BR = 100%) wurde dabei als fehlendes Teilchen be-
handelt, wahrend das Tochterteilchen L iiber den Zerfallsmodus L - pp~ (BR =
63.9%) nachgewiesen wurde. Dieser Nachweis erfolgte hierbei teilweise iiber die
zentralen HADES-Detektoren, und teilweise iiber die Forward-Wall. Ein kinematis-
cher Fit mit den zwei Nebenbedingungen, dass die Masse des Proton-Pion-Systems
der Masse des L Baryon, sowie die fehlende Masse aller gemessen Teilchen der Pho-
tonenmasse entsprechen, wurde durchgefiihrt. Insgesamt konnten 2613 Ereignisse
rekonsturiert werden, davon 58% mittels des zentralen HADES-Detektors und 42% iiber
die Forward-Wall. Des Weiteren wurde die Dynamik der Reaktion p+p - p+K*+ S0
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durch die Untersuchung der Winkelverteilungen im Schwerpunkts-, Gottfried-Jackson-,
und Helizitats-System studiert. Die verschiedenen Winkelverteilungen wurden mittels
der Inversen der Detektor-Antwort-Matrix korrigiert. Diese Inverse wurde durch die SVD-
Faktorisierungsmethode berechnet. Der Gesamtwirkungsquerschnitt der S Produktion
wurde durch die Integration der Ausbeute aus den verschiedenen Winkelvertielungen
berechnet und ergibt sich zu s = 18.74 £ 1.01(stat) = 1.71(syst) mb. Die korrigierten CMS-
Winkelvertielungen des S° und des Protons zeigen Anisotropien, wobei das erwatete Ver-
halten des Protons ausgepragter ist, wenn der Produktionsprozess vom Pionen-Austuasch
dominiert wird. Die Winkelverteilung im K*S° Gottfried-Jackson-System ist tendenziell
asymmetrisch, was duch Nukleonenresonanzen, die in K*S? zerfallen, hervorgerufen
werden konnte. Dariiber hinaus sind die Winkelverteilungen im Helizitédts-System nicht
mit isotropen Verteilungen kompatibel. Dies ist ein Hinweis darauf, dass die S° Pro-
duktion zuséatzlich zum reinen Phasenraum iiber resonante Kanile verlauft. Um die
experimentellen Winkelverteilungen besser beschreiben zu konnen, wurde eine Partial-
wellenanalyse im Zuge der BG-PWA durchgefiihrt. Die BG-PWA bestimmt den Beitrag
verschiedener Partialwellen zur pK*S0 Produktion. Es wurden mehrere Anpassungen
durchgefiihrt, wobei die Giite einer solchen Anpassung iiber den Wert der Log-Likelihood
bestimmt wird. Eine Anpassung basiert hierbei auf einer Sammlung von Partialwellen,
die im initialen Proton-Proton-System beitragen. Solch eine Sammlung nennt man
hiufig eine Losung. Die beste Losung in diesem Fall beriicksichtigt die 2Sg, 3Pg, 3Py,
3p,, 1D,, sowie 3F, Partialwellen. Aufgrund der begrenzten Statistik war es jedoch nicht
moglich, die genauen Beitrdge der Nukleonen-Resonanzen zu bestimmen. Dennoch sind
Nukeleonen-Resonanzen mit einer Masse nahe 1.710 GeV/c? (NLA710)) und 1.900
(NEA900) oder DEAL710)) mit Sicherheit fiir die Anpassung erforderlich.

Der letzte Teil der Arbeit prasentiert eine Machbarkeitsstudie zur Messung von ra-
diativen Zerféllen angeregter Hyperonen mit dem verbesserten HADES-Aufbau und
dem neuen Vorwartsdetektor im Rahmen des FAIR-Phase-O-Programms. Auch hier
wurde das Tochterteilchen L (Y - Lg) teilweise im zentralen HADES-Detektor und
teilweise im Vorwarts-Detektor nachgewiesen. Um die hauptsichliche Untergrund-
Reaktion (p+p - p+K*+L +p°) zu unterdriicken, wurden zwei Schnitte auf fehlende
Massen eingefiihrt. Zum Einen wird verlangt, dass die quadrierte fehlende Masse des
priméren Protons und des Kaons im Bereich (1.6 < MM?(p,K*)[GeV?/c*] < 2.6) liegt.
Zweitens muss die quadrierte fehelende Masse aller gemessen Teilchen die Bedingung
(=0.04 < MM2(ppK*L)[GeV?/c#] < 0.01)) erfiillen. Als zusétzliche Variable wurde der
Offnungswinkel OA(Lg) im Ruhesystem des Hyperons genutzt, dieser muss grofer als
165° sein.

Die Rekonstruktionseffizienz e dieses Kanals wurde fiir die verschiedenen Schnittkombi-
nationen ermittelt und bewegt sich im Bereich von 0.0250 - 0.0193 %. Zusétzlich werden
die erwartbaren Zahlraten fiir die kommende Strahlzeit im Jahre 2022 abgeschatzt.



ABSTRACT

A powerful tool to study the strong interaction at low energies is the investigation of
hyperon production and decay. Therefore, this thesis presents work focused on three
topics related to hyperon physics.

The first part presents a track finding algorithm for the future PANDA experiment
forward tracker using the state-of-art graph neural networks. The detection of forward
emitted particles plays a significant role in the reconstruction and analysis of the ground
state and excited hyperons (e.g., S° , S(1385), L (1405) and L (1520)). The network
accepts an image of the forward tracker as an input, where the detector hits are the
graph vertices, and all possible connections between two hits in adjacent layers are the
graph edges. It was trained as a binary classifier to classify the graph edges. Guided by
the network output, a clustering algorithm that traverses the output graph depth-wise
was implemented in order to find the connected components. The performance of the
network were evaluated based on quality assurance measurements, which are the purity,
the efficiency, the ghost rate. On average, the purity was found to be = 100%, the
efficiency = 90% and the ghost ratio less than 3%. As the graph neural network was
aimed to reconstruct only a 2D projection of a track, a second step was implemented that
uses the projection as a seed to reconstruct the full 3D track. In addition, the algorithm
also provides an estimated value for the particle momentum, where the calculated
relative momentum resolution was found to be 6.7%.

The second part of the thesis presents a study of the production mechanism of the
SO hyperon via the exclusive reaction p+p - p+K* + S0 at beam energy 3.5 GeV with
the HADES detector setup. The daughter Lambda hyperon S - Lg (BR = 100%) was
reconstructed via the decay mode L - pp~ (BR = 63.9%) partly within the main HADES
acceptance and partly within the forward wall acceptance. A kinematic refit was applied
by constraining the secondary proton and the pion to the nominal L mass and the
overall missing mass to the photon mass. In total, 2613 events were reconstructed 58%
are within the main HADES acceptance and 42% within the forward wall acceptance.
Furthermore, the dynamics of the reaction p+p - p+ K"+ S0 were investigated by
studying the angular distributions in the CMS, Gottfried-Jackson and helicity frames.
The different angular distributions has been corrected using the inverse of the detector
response matrix calculated by the SVD factorization method. The total production cross
section of the SO hyperon was obtained by integrating the yield for the different angular
distributions and found to be s = 18.74 + 1.01(stat) £ 1.71(syst) mb. The corrected CMS
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distributions of the S% and the proton show anisotropies, this is more pronounced in
the case of the proton, which is the expected behavior if pion exchange dominates the
SO production process. The angular distribution in the K*S° Gottfried-Jackson frame
tends to be asymmetric, which could be caused by the excitation of nucleon resonances
decaying into the K*SO channel. In addition, the helicity angular distributions are highly
non-isotropic, which is a clear indication that there is a resonant component of the
SO production. In order to provide a better description of the experimental angular
distributions, a partial wave analysis using BG-PWA has been performed. The BG-PWA
determines the contribution of different partial waves to the pK*S? production. Multiple
fits have been performed and the fit quality is determined by a log-likelihood value. The
best solution was obtained by including the initial p+p waves 2Sg, 3P, 3Py, 3P,, 1D,
and 3F,. However, due to the poor statistics, it was not possible to obtain an accurate
determination of the relative contribution of each intermediate nucleon resonance to the
overall final state. Nevertheless, nucleon resonances with mass around 1.710 GeV/c?
(NEA710)) and 1.900 GeV/c? (NEE900) or DH1900)) are certainly required by the fit.

The last part of the thesis presents a feasibility study to investigate excited hyperons
radiative decays using the upgraded HADES setup and the new forward detector as part
of the FAIR Phase-0 physics program. The study focus on the exclusive reconstruction
of the reaction (p+p - p+K*+Y), where Y is any one of the lower-laying excited
hyperon. Once again, the daughter L. (Y - Lg) was reconstructed partly within the
main HADES acceptance and partly within the forward detector acceptance. In order
to suppress the main background (p+p - p+K*+ L +p?%), two missing mass cuts
have been introduced, (i) the squared missing mass of the primary proton and the
kaon 1.6 < MM?(ppK*)[GeV?/c#] < 2.6 and (ii) the squared missing mass of all charged
particles —0.04 < MM?(ppK*L)[GeV?/c*] < 0.01. An additional discriminating variable
was introduced, which is the opening angle OA(gL) in the hyperon rest frame that is
required to be greater than 165°.

The overall signal reconstruction efficiency e was calculated and found to be in the
range 0.0250 - 0.0193 % and the expected count rates for the upcoming 2022 proton
beam time is presented.
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INTRODUCTION

Particle physics tries to answer the ancient question “What is the world made of ?!”.
The ancient Greeks were rst to answer this question by describing nature in a systematic
way. The Greek Philosopher Democritus (460 B.C.) proposed a model, which stated that
matter consists of indivisible particles called atoms and a void. He stated that atoms
are indestructible, unchangeable, in nite in number and various in size and shape, and
perfectly solid.

It was only recently that individual atoms were discovered. In 1897, J.J. Thomson
discovered the electronwith his famous experiment on cathode rays. Since the atom
as a whole is electrically neutral, Thomson suggested that electrons were suspended
in heavy positively charged paste, like the plums in a pudding. Soon afterwards in
1911, Sir Rutherford proposed a different a model for the atom. Rutherford designed
an experiment, in which a beam of alpha particles, emitted by a radioactive material
are red into a thin sheet of gold foil. He observed that most of the alpha particles pass
through the sheet completely unde ected, but a few of them scatter at small angles.
Rutherford concluded that the atoms have their positive charge concentrated in a tiny
nucleus (10 ° smaller than the size of the atom) that contains almost all the mass of the
atom, subsequently, the nucleus of the hydrogen was called theproton. The essential
nature of the atomic nucleus was established by James Chadwick in 1932 with the
discovery of the neutron, an electrically neutral twin to the proton. These three particles
accounted for the structure of matter. But with the discovery of anti-particles, muons,
pions, strange particles, neutrinos and a plethora of other particles, a whole new world
was uncovered [68].

1.1 THE STANDARD MODEL

There are four known fundamental forces of nature, the gravitational force, the weak
nuclear force, the electromagnetic force, and the strong nuclear force. The elementary
particles interact with each other through one or more of these forces. However, gravity is
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too weak to play any signi cant role in elementary particle interactions. All interactions
are non-contact forces, which means that a force carrier (or a mediator) act between
elementary particles.

During the second half of the 20th century a theory emerged that described all the
elementary particles and their interactions, except gravity, the theory has come to
be called the Standard Model of particle physic§SM). The SM was formulated and
developed by the joint effort of experimental and theoretical physicists, it postulates that
the universe consists of three families offermions (half integer spin particles) classi ed
into leptonsand quarks. This classi cation is according to the way the particles interact
with each other. Quarks interact via the electromagnetic, weak and strong forces, while
leptons interact via the electromagnetic and weak forces. For each fermion there exists
an anti-fermion of the same mass and quantum numbers except for an opposite electric
charge. The forces between fermions are mediated by particles known agauge bosons
(integer spin particles).

Quantum Field Theory QFT is the theoretical framework that describes the interac-
tions between elementary particles, it combines the Lagrangian formalism from the
classical eld theory with the quantum mechanics and special relativity. Within the
QFT framework, all the fundamental interactions derive from one general principle, the
requirement of local gauge invariancewhere the force between two particles is visualized
as being due to the exchange of eld quanta that are called gauge bosons.

1.1.1 Leptons

The group of leptons consist of the three charged leptons: theelectrone , muon m
andtau t and the electrically neutral leptons: the electron neutrinone, muon neutrino
Nm, tau neutrino ny and their corresponding anti-particles. The charged leptons interact
with each other via the electromagnetic and weak force, while neutrinos interact only
via the weak forces.

1.1.2 Quarks

The group of quarks consist of the six different avorss, three of them carry a fractional
positive charge +% of the elementary charge (e): the up (u), charm (c), and top (t) and
the other three carry a fractional negative charge —%: the down (d), the strange(s) and
the bottom (b) and their corresponding anti-particles. The quarks interact with each
other via the electromagnetic, weak and strong forces.
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Both leptons and quarks are believed to be elementary that is have no internal structure
and they are arranged in three generations in increasing order of mass. Apart from the
mass differences, the physical properties in the three generations are the same in the
sense that they posses the same fundamental interactions.

1.1.3 Gauge Bosons

Electromagnetic Interaction

The Quantum Electrodynamics QED is a QFT that explains the electromagnetic in-
teraction at a fundamental level, where in this case the interaction is mediated by the
exchange ofvirtual photons (g). All particles that carry an electric charge feel the elec-
tromagnetic force. For each type of interaction, there is an associatectoupling strength
between the gauge boson and the fermion, which is a measure of the probability that the
fermion emits or absorbs a gauge boson. For the electromagnetic force, it is the familiar
ne structure constant:

¢ 1
4peghc 137’

where eis the electron charge, his the reduced Plank constant,ey is the permitivity of
vacuum and cis the speed of light.

Weak Interaction

The weak interaction occurs between all elementary fermions, and it is classi ed into
charged or neutral interactions depending on whether the particle participating in the
interaction suffers from a change of electric charge or not. The charged weak interaction,
which is responsible for the nuclear b decay, is mediated by the chargedweak gauge
bosonsW , while the neutral weak interaction is mediated by the Z boson. Due to the
huge mass of the weak gauge bosons, the weak interaction has a small coupling strength
aw 10 8and it has an extremely short effective range (L0 16 m) compared to the in nite
range of the electromagnetic force.

In the SM, the electromagnetic and the weak interaction are low-energy manifestation
of the electroweak interactionwhich is introduced in the Glashow-Weinberg-Salam theory.
The fermions that interact via the electroweak force carry aweak hypercharger,, that is

3
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conserved during the interaction, the weak hypercharge is related to theweak isospinT
and the electric charge Q via the Gell-Mann Nishijima formula:

1

where T3 is the third component of the weak isopsin. The weak isospin of the weak
gauge bosons isT=1, where the charged bosonsW have Tz 1 and the Z boson have
T3 0.

The Strong Interaction

The strong interaction binds quarks together to form mesongquark anti-quark pair
e.g. p, m...), Baryons(three quarks bound state, e.g.p, n, ...) and anti-Baryons (three
anti-quark bound state, e.g. p, L, ...). Both baryons and mesons are categories of more
general objects namedHadrons where a hadron is composite particle made of two or
more quarks. As a consequence of the Pauli exclusion principle, quarks are assigned a
color charge where a quark comes in one of three different colors, redr, and blue
b. These colors have nothing to do with actual colors, they are just labels to distinguish
different quarks. The gluonsare the mediators of the strong interaction. There are eight
of them predicted by the Quantum Chromodynamics QCD, which is a QFT theory that
describes the strong interaction. QCD is discussed in more detail in the next section.

The Higgs Boson

The nal building block of the SM is the Higgs bosonwhich was discovered in 2012 by
the ATLAS and CMS collaborations independently [2, 38]. In the SM, particles acquire
mass through a process known aspontaneous electroweak symmetry breakinghe idea
is to suppose that the vacuum contains a scalar eld known as the Higgs eld, which has
a non vanishing Vacuum Expectation Value (VEV) in the ground state. The result is that
the eld quanta (the gauge bosons) acquire mass when propagating through the Higgs
eld.

The properties of the elementary particles and the force carriers are depicted in Fig. 1,
these properties along with physical observables are derived from the SM Lagrangian,
which has to be invariant under Lorentz transformations, in addition it has to satisfy
some discrete symmetrigswhich of particular importance in particle physics. These
symmetries are thecharge conjugationC, parity P and time reversalT. Because of the
local gauge invariance principle, the SM Lagrangian has to be invariant underlocal gauge
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symmetries All of these symmetries are represented as elements dfie groups Therefore,
the SM has a symmetry groupSU"3¢c SU 2+, U"1ey, where C stands for color, L
means it only acts on theleft-handedstates andY stands for hypercharge.

Figure 1: A schematic depiction of the SM fermions and gauge bosons [101].

1.2 QUANTUM CHROMODYNAMICS

The theory of strong interaction is the Quantum Chromodynamics QCD, the under-
lying symmetry associated with the QCD is the invariance underSU" 3 local phase
transformation. Since the SU™ 3 symmetry group has eight generators, there are eight
gauge bosons (thegluong and because the eight generators do not commute, QCD is a
non-Abelian gauge theory, which gives rise to gluon-gluonself interaction verticesThe
SU™3e is an exact color symmetry, where the “color charge’r, g, and b are the labels of
the orthogonal states in the SU” 3¢ color space. Only particles that carry a non-zero color
charge feel the strong interaction. Therefore, only quarks interact via the strong force.
However, experimentally “free” quarks have never seen directly. This is explained by the
color con nementhypothesis, which states that colored particles are always con ned to

5
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color singlet states and no object with non-zero color charge can propagate as a free
particle. The color con nement hypothesis places strong restrictions on possible hadronic
states, where color singlet hadronic state is either in the form of mesons (), baryons
(qqQ or anti-baryons (qgq). The existence of pentaquark states qqa) is in principle
allowed by the color con nment hypothesis. In 2015, the LHCb collaboration announced
the discovery of a new pentaquark particle P,"4312 with statistical signi cance of 7.3
s, however, the binding mechanism of the pentaquark is not yet clear if it is a pure
hadronic state (qgqqqj) or a hadronic molecule (qQ)-(qqgq [3]. In addition, tetraquark
states, which are exotic particles, have been reported by many experiments. In 2003,
the Belle collaboration announced the discovery of the exotic mesonX”~3872, which
proposed to be a tetraquark state [42]. Since then, many of exotic states have been
uncovered, most recently, the LHCb collaboration reported the discovery of exotic states
with a quark content ( ccus) decaying to the Jy K nal state [4].

The coupling strength of the strong force as depends on the energy scale of the
interaction as a result of the vacuum polarizationphenomena. In terms of the squared
four-momentum transfer ¢?, the QCD “running” coupling strength is expressed as [124]:

~ 2 aSAm?° . B 11NC 2Nf
1 Bagmeln" %o’ 12p

: (1)

where Nj is the effective number of quark avorss, N¢ is the number colors de ned at
an energy scalem In a t-channel annihilation process both ¢? and n? are negative and
the the coupling strength is often written as a”Q2.. Since N = 6 and N = 3, then
B is greater than zero, hence,as decreases with increasing momentum transfer. This
behavior is known as asymptotic freedom Fig. 2 presents a summary of experimental
determinations of the QCD running coupling strength at different energy scales. An
average value was obtained at theZ boson massM; = 91.2 GeV~c?, ag" Mz+ =0.1181
0.0011.

The description of the strong interaction can be put into one of two categories depend-
ing on the energy regime:

1.2.1 High Energy Regime

High energy regime at $SA 100 GeV, the coupling strength is suf ciently small as 0.1
so that perturbation theory can be applied to predict different experimental observables,
in this case the theory of strong interactions is referred asperturbative QCD(pQCD) and
it provides very accurate predictions. This is the typical scale of modern high-energy
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Figure 2: Summary of determinations ofas as function of the energy scale. The determination is based on
perturbative approaches [121].

collider experiments. In this regime, the quarks are the relevant degrees of freedom, the
combination of quark anti-quark to form a meson results in a colored octet and colorless
singlet, in this case the color wave function of mesons is [124]:

n 1. =
y ao° °—:_3r gg bbe,

while the combination of three quarks to form a baryon results in a colorless singlet
[124]:

y qqa %Argb rbg gbr grb brg bgr.

1.2.2 Low Energy Regime

At small energies$S- 1 GeV, the coupling strength is of O"1¢ and the perturbation
theory is no longer applicable. In this case, the theory of strong interaction is referred as
non-perturbative QCD(non-pQCD) and the understanding at this energy regime is still
very poor. The transition between pQCD and non-pQCD is characterized by a critical
energy scale given by [39]:

7
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At this energy scale the QCD coupling constant diverges to in nity, which is de ned as
the energy, below which the perturbation theory is inapplicable.

In this energy regime, the wavelength of the exchange particle is large compared to
the radius of the interacting hadron and thus the interaction happens between hadrons
not constituent quarks. Therefore, in the non-pQCD, the degrees of freedom are no
longer quarks and gluons but hadrons themselves. Since the perturbation theory is not
applicable, other methods were developed to describe the strong interaction. The Chiral
Perturbation Theory cPT [97] is one of those methods, where an effective Lagrangian is
constructed using hadrons as the degrees of freedom. Another interesting and powerful
tool is the Lattice QCD [70], which is a gauge theory formulated on a lattice of space-time
points and solved through numerical calculations.

1.3 THE QUARK MODEL AND THE STRANGE SECTOR

During the period (1937-1961), many mesons and baryons were discovered, including
muons (M), pions (p) and strange particles (e.g.,K, L, ...), they were referred collectively
as theparticle zoa In 1961, Murray Gell-Mann proposed the Eightfold Wayto arrange the
particles of the zoo into geometrical patterns according to their chargeand strangeness
quantum numbers [68]. The pseudoscalar mesor(s® = 0 , where Jis the total angular
momentum and P is the parity) can be arranged into a hexagonal pattern called the
meson octe(see Fig. 3a), where the particle charge Q) lie along the diagonal of the
octet and patrticles of the same strangeness$) lie along the same row. Baryons, on the
other hand, are arranged into the baryon octet(JP = % ) (Fig. 3b), contains the eight

lightest baryons and the baryon decuplet( P = % ) incorporating ten heavier baryons
(Fig. 4). Once again, particles having the same strangeness lie on the same row and the
diagonal elements represent the particle charge [68].

The Eightfold Wayled to the discovery of the W baryon [25] in 1964, which was the
last piece that completed the baryon decuplet. The discovery ofW proved the success
of the Eightfold Wayand eventually led to formulating the quark model[63].

In the quark model, the hadron are composed of quarks, where a baryon is three quark
state (gqg and a meson is quark-anti-quark state (@) and all the Eightfold Waymultiples
emerge naturally.

Because the strong force Hamiltonian treats all quark avors equally, the strong force
must possess a avors symmetry, for example, nothing would change if an up-quark is
replace by a down-quark or vice versa. As a consequence of this up-down avor symmetry,
the proton (uud) and the neutron ( udd) are manifestation of a single entity named the
nucleon This avors symmetry can be extended to include the strange quark, however,
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(@) (b)

Figure 3: (a) The meson octet. (b) The baryon octet. Diagonal lines represent the particle char@Qég 4énd
horizontal lines determine the strangenes$) [68].

Figure 4: The baryon decuplet [68].

in this case the avors symmetry is not exact since the strange quark mass ¥ srange
96 MeV~c?) is much larger than the up and down quark masses My, 2.2 MeV~c?
and Mgown 4.7 MeV~c2). The mathematical group that describes the up-down-strange

avor symmetry is the SU” 3¢ symmetry group.

The total baryon wave function have to account for all possible degrees of freedom.
Therefore, it is composed of several terms, the spatial term, the color term, the spin term

and the avor term and it can be written as:

y'qqae f “spaceh”colorf“spinec” flavore.



10

INTRODUCTION

The overall wave function y~qqq is required to be antisymmetric, i.e. it must obey
the Pauli exclusion principle since quarks are fermions. For ground state baryons
(L=0), the space wave function is symmetric, since the exchange symmetry is given
by ( 1b). Therefore, for the total wave function to be antisymmetric, the combination
f "spaceh”color has to be antisymmetric and the combinationf “spinec” flavore has
to be symmetric under interchange of any two quarks. The avor wave function of the
ground state baryons is obtained by combining three quarks inSU" 3« avors symmetry:

3a3a3 10 8 8 1,

which gives rise to a symmetric decuplet, two mixed symmetry octets and a totally
antisymmetric singlet state. In the quark model, the ground state baryon masses are
given by [124]:

2G5 A @ SA @ A,

mimsy mims moms

(2)

M m my mg

where A is a parameter can be determined experimentally,S;, S, and Sz are the three
guark spins and my, mz and mg are the constituentquark masses.

1.3.1 Hyperons

A hyperon is a baryon that contains one or more strange-quarks. Hyperons are of
particular interest since the strange quark is heavier than the up/down quarks, where
in this case the SU" 3+ avors symmetry is not exact. In most nucleon models, the
strange quark appears as a sea quark, while the lighter up/down quarks appears as both
valance and sea quarks [102]. Therefore, hyperons serves as a tool to investigate several
phenomena. The scale of a hadronic reaction is in uenced by the mass of the produced
quarks, the strange quark massMs 96 MeV~c? is close to the con nement scale
(L ocp = 100 - 300 MeV). Therefore, hyperon production provides a straightforward
way to study the con nement domain of QCD. Furthermore, good understanding of
the strangeness production mechanism is crucial for model calculations of heavy-ion
collisions since strangeness enhancement is generally seen to be a signature for the
formation of the quark-gluon plasma [93].

Hyperons decay via the strong, electromagnetic or weak interactions. However, weak
hyperon decays violate parity and as a consequence the hyperon spin is experimentally
accessible, i.e, if the hyperon is produced with some degree of polarization, this will
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manifest in the angular distributions of the daughter particles. Therefore, hyperon weak
decays serve as a tool for testing CP violation.

The quark model was remarkably successful in describing the ground state hyperon
wave functions, however, it was less successful in the case of excited hyperonsy|.
Therefore, various theoretical models have been proposed to better describe the hyperon
wave function. A powerful tool to discriminates between different models is the the
electromagnetic decays of a decuplet hyperon to an to octet hyperonY L g, whereY
is an excited hyperon) as different models predict different decay widths. In addition,
the radiative decays provide an important milestone in the hyperon Dalitz decay studies
(Y Le e)that provide access to the electromagnetic transition form factors, which
are an important tool to study the internal structure of hyperons [108].

1.4 THESIS OUTLINE

This thesis focusses on the hyperon production and their radiative decays. Chapter
2 brie y describes the HADES and PANDA detector setups. Chapter 3 presents a deep
learning algorithm proposed for the PANDA straw tube forward tracker, the detection of
forward emitted particles is of particular importance for the reconstruction of ground
state and excited hyperons. Chapter 4 presents an analysis of the production mechanism
of the SO hyperon produced in p+p collision using the HADES detector setup. This
analysis is the rst step towards measuring the excited hyperon's radiative decays as
the SO hyperon decays electromagnetically 8° L g) with a branching ratio 100 %.
In addition, this measurement highlights the importance of the detection of forward
emitted particles for the hyperon reconstruction. Chapter 5 presents a feasibility study
for the radative decay of excited hyperons using the upgraded HADES setup and the new
forward detector, which is based on PANDA straw tubes.
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EXPERIMENTAL SETUP

In this chapter, a brief description of the HADES and the future PANDA detector setups
are presented. This includes a description of the experiment software tools that have
been used in order to perform the Monte-Carlo simulations.

2.1 HADES DETECTOR SETUP

The High Acceptance Di-Electron Spectrometer (HADES) is located at the GSI Helmholt-
zzentrum fur Schwerionenforschung in Darmstadt [16]. It is a xed target experiment
designed especially to study in-medium properties of the light vector mesonsr, w and
f via their rare di-electron decayse e . As its name suggests, the HADES detector has
excellent capabilities for electron reconstruction and identi cation, but it also provides
good hadron identi cation capabilities, which has been exploited in strangeness physics
investigations (e.g [11, 12]). The detector setup operates at the Schwerlonen Synchroton
(SIS18) accelerator, which can deliver beams with kinetic energies in the range 1-2 AGeV
for heavy-ions and proton beams up to 4.5 GeV.

Figure 5: Schematic cross sectional view of the
HADES detector setup [16].
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Fig. 5 shows a schematic cross sectional view of the HADES setup. The detector is
characterized by six identical sectors which cover almost the full azimuthal range and
cover the polar angular range from g = 18%to q= 85X For proton-induced reactions, the
relative momentum resolution for charged particle tracks was determined to be 4 %
[29]. In the following the different sub-systems of the spectrometer are brie y described,
a detailed description of the different HADES sub-systems can be found in [16].

2.1.1 The Target

The HADES target is placed in a magnetic eld free region, various targets can be
mounted in the setup depending on the physics experiment. For heavy ion collisions, a
segmented solid state target is used, while the elementary reactions are studied with
either a liquid hydrogen target ( LH») or a polyethylene target (CHy).

2.1.2 START Detector

In order to obtain a start signal for the time of- ight measurement, a dedicated START
detector has placed upstream the target position. For high intensity proton beams, the
START detector is based on mono-crystalline Chemical Vapor Deposition (CVD) diamond
strip counters [96].

2.1.3 The RICH Detector

The Ring Imaging Cherenkov (RICH) detector is the rst sub-detector encountered
by the particles after the collision, which encloses the target and covers the full HADES
acceptance. It is a hadron-blind system that designed to detece e pairs with momenta
in the range 0.1 @p [GeV/c] @1.5. It consists of a volume lled with C4F¢ having a
characteristic Lorentz factor for Cherenkov radiation of gy, = 18, which suppresses
Cherenkov light emitted by hadrons in this momentum range. The Cherenkov photons
are re ected by an aluminum coated carbon mirror through a CaF, window and enter
the photon detector volume lled by CH4, where they hit a Csl photo cathode. The
produced photo-electrons are collected by Multi-Wire Proportional Chambers (MWPC),
which are equipped with individual pad readout. Leptons can be identi ed by matching
the RICH ring position with a reconstructed track.
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2.1.4 The Magnet

The determination of a charged particle's momentum requires a magnetic eld, since
a charged particle traversing a magnetic eld experiences the Lorentz force, which bends
the particle trajectory. For this purpose, an in-homogeneous toroidal magnetic eld
(IronLess Superconducting Electromagnet ILSE) is installed between the MDC planes II
and Il (discussed below). It consists of six coils surrounding the beam axis and covers
the full azimuthal angles. The created magnetic eld intensity is very small around the
target and MDC planes | and IV ensuring straight line tracks in those regions (B 0.08 T
in MDC I). A large eld is only created between the two MDC planes Il and Il with B =
0.9 T in the center of a sector.

2.1.5 The MDC Detector

The HADES spectrometer is equipped with four planes of Multi-Wire Drift Chambers
(MDC I-1V) in order to reconstruct charged patrticle trajectories. They are arranged in
six sectors around the beam axis, with two planes are placed before the magnet (MDC |
and MDC Il) and two planes after the magnet (MDC Ill and MDC IV). The planes are
oriented in different stereo angles to optimize the spatial resolution. The chambers are

lled with a helium based counting gas ( He:C4H10=60:40), a charged patrticle ionizes
the gas along its trajectory and the produced electrons drift in the electric eld created
by the wires, create particle avalanches when they eventually reach the wires, thereby
producing electric signals.

The charged patrticle track is reconstructed in two steps: rst, the hit positions in MDC
I and Il are combined to an inner track segment and the hit positions from MDC Il and
IV are combined to an outer track segment. These line track segments are de ected with
respect to each other due to the magnetic eld. In the second step, the Runge-Kutta
algorithm combines the information from the inner and outer segments in addition to
the META (explained below) hits as start parameters and the particle equation of motion
inside the magnetic eld is solved numerically. The MDC sub-system also provides
information about the energy loss of particles, which is used as a discriminating variable
for the particle identi cation procedure.

2.1.6 The META System

The Multiplicity Electron Trigger Array (META) system is a combination of sub-
detectors that is used for time-of- ight measurements and the determination of the

15



16

EXPERIMENTAL SETUP

particle multiplicity in each event, which is used as a rst-Level Trigger (LVL1), the META
system consists of:

The TOF detector

The TOF is one of the HADES Time Of Flight sub-systems that covers the polar angles
from q= 44Xto g= 88X Itis arranged in six sectors, each contains 64 plastic scintillators
rods combined to 8 modules. When a charged particle hits the scintillator module it
induces visible photons that are collected by Photo-Multiplier Tubes (PMTs), which
measure the arrival time as well as the signal height. Therefore, the TOF provides
information about the particle time-of- ight and the energy loss. The TOF intrinsic time
resolution is s = 150 ps.

The TOFino detector

The TOFino is Time Of Flight detector, which also consists of plastic scintillators, but
with a low granularity of only eight paddles per sector. It covers polar angles from q =
18%to q= 45X Its time resolution is s = 400 ps.

In 2009, the TOFino was replaced by a much higher granularity Resistive Plate
Chamber (RPC) detector with much better time resolution of s = 100 ps [64].

The PreSHOWER detector

The PreSHOWER detector is an electromagnetic shower detector, located directly
behind the TOFino that provides further possibility for lepton identi cation. Is consists
of alternating layers of gas wire chambers lled with counter gas and lead converter
planes Pbfor shower creation. Unlike hadrons, leptons create an electromagnetic shower
due to Bremsstrahlung and pair production in the Pb planes, the signal of the shower is
collected at the cathode of the chambers, which has high granularity that is optimized to
push the double hit probability below 5% in the Au+Au collisions. It is worth to mention
that both hadrons and leptons deliver a signal in the PreSHOWER, however, the signal
amplitude for leptons rises faster from one active layer to the next than for hadrons.
Therefore, by comparing the integrated charge deposited in the wire chambers between
the Pbconverters, it is possible to distinguish electromagnetic showers from hadronic
tracks.
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2.1.7 The Forward Wall

The Forward Wall (FW) consists of a scintillating hodoscope placed 7 meters down-
stream of the target and covers the very forward polar angles fromg= 0.33to q= 7%
It was installed to detect the spectator proton during the d+p beam time at 1.25 GeV
and the event plane reconstruction in Au+Au collisions. It consists of three different
module sizes: 1.5 1.5cm (5-rows), 4 4 cm (2-rows), and 8 8 cm (3-rows), which are
used to deliver the hit position of an incident particle. The FW measures the arrival time
of particles with a time resolution s 700 ps [15].

2.2 HADES SOFTWARE TOOLS

Simulations are an important tool in particle physics. Monte-Carlo Simulations are
needed to compare different theoretical predictions to the experimental data. Event
generators are rst used to simulate the particle generation based on physical assump-
tions, then the patrticle trajectories are propagated through the detector volume, which
simulates the interaction of the particle with the detector material. Hydra is the HADES
simulation and analysis framework [76], it has three main processes:

2.2.1 Event Generator

PLUTO is a Monte Carlo based event generator developed for the HADES experiment
[59]. It can serve as an event generator for elementary reactions like p+p, proton-
nucleus reactions (p+A) or nucleus-nucleus reactions (A+A). In PLUTO, the patrticle
production is generally calculated according to the available phase space volume, but
can also be modi ed to match used-provided angular distributions.

2.2.2 HGeant

The patrticle track information, obtained by PLUTO, is used as an input for the detector
simulation software HGeant that is based on the Geant package [34]. HGeant provides
a realistic description of the HADES setup including scattering processes, secondary
collisions, energy loss and track curvature in the magnetic eld.
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2.2.3 DST

The digitization is the last step of the simulation process, where the particle hits
are transformed into realistic signals. The obtained particle track information like
momentum, energy loss etc. are stored in Data Summary Tape (DST) les, the same
process also applies for real data. Starting from the DST les, the data and the simulations
can be analyzed.

2.3 FACILITY FOR ANTIPROTON AND ION RESEARCH

The Facility for Antiproton and lon Research (FAIR) is a future international accelerator
complex located on the grounds of GSI at Darmstadt, Germany. It is a research facility
planned to investigate a wide range of physics topics, e.g. the structure of matter. It
offers infrastructure for experiments with high intensity antiproton and ion beams. The
FAIR setup is shown in Fig. 7, it is currently under reconstruction on the grounds of
the existing GSI facility. The GSI linear accelerator and the SIS18 ring are used as pre
accelerators for the SIS100, the main accelerator ring for FAIR, which can accelerate
proton beams to an energy of up to 29 GeV [133].

Antiprotons are produced from the proton beam, the proton beam collides with a
metal target producing the reaction p A p X, where X stands for any nal particles.
When the full facility is in operation, the antiprotons are collected and pre-cooled by the
Collector Ring (CR) and then injected into the High Energy Storage Ring (HESR), the
main ring for storing and accelerating the antiproton beam. The antiproton beam can be
accelerated with momenta in the range 1.5 GeV/c to 15 GeV/c [133].

2.4 THE PANDA DETECTOR SETUP

The antiProton ANihilation at DArmstadt ( PANDA) experiment is one of the key
facilities at FAIR located in one of the straight sections of the HESR [26]. PANDA is a
xed target experiment, where antiprotons of beam momenta ranging from 1.5 GeV/c
to 15 GeV/c will collide with a xed proton target. This interaction enables a diverse
research of hadron physics since particles of all quantum numbers can be produced.

The research topics of the experiment include:

» Hadron Spectroscopy: Investigation of [121] reveals a long list of mesons and
baryons for which many of them the evidence is only fair or even poor. In the
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Figure 6: The future FAIR facility with different accelerators and experiments annotated [53].

charmonium sector, PANDA will be able to perform precise threshold scans due
to the narrow beam momentum spread (% 4 10 °) of HESR. Therefore, it will
re ne current measurements and establish new ones [26]. In the strangeness
sector, the excitation spectrum is not well understood (e.g., X*), PANDA will run
with a comprehensive baryon spectroscopy program as the production cross section
for baryon-antibaryon nal states is very large.

Nucleon Structure: Nucleon structure investigation at PANDA can be achieved by
studying Drell-Yan processes (e.g.pp e e, which give access to the time-like
region of the proton form factor. In addition, Dalitz decays of hyperon resonances
(e.g., L ¥, S%) to a ground-state hyperon and a virtual photon give access to the
electromagnetic transition form-factors, which carry information about the hyperon
structure [30].

Gluonic Excitation: The QCD allows hadronic states bound together by an excited
gluon, either as gluonic excitations of valence quarks (hybrid mesons and baryons)
or glueballs(states consists solely of gluons). However, none of these states have
yet been seen clearly and unambiguously in experiments. ThereforePANDA offers
the opportunity to measure these states [26].
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Figure 7: The PANDA detector setup [1].

The detector (shown in Fig. 7) has two main components, the Target SpectrometefTS)
and the Forward Spectromete(FS). Each component has tracking, particle identi cation
and calorimetry sub-systems.

The TS covers the central region around the interaction point and instruments nearly
the full 4p solid angle. It is embedded inside a solenoid magnet, providing a homoge-
neous magnetic eld up to 2T. The rst component traversed by particles in the TS is the
Micro Vertex Detector (MVD) followed by the Straw Tube Tracker (STT) as central track-
ing detectors. For the purpose of a charged particle identi cation, the DIRC (Detection
Internally Re ected Cherenkov light) and ToF (Time-of-Flight) are planned. The recon-
struction of neutral particles requires installation of the Electromagnetic Calorimeter
(EMC). The Muon System is planned for muon identi cation. At the Endcap of the barrel
part, Gas Electron Multiplier (GEM) chambers are planned as a tracking detector [26].
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The FS is downstream of the interaction point and is dedicated to measure the forward
boosted particles at small polar angles. It covers polar angles belowl0X horizontally
and 5% vertically. Particle identi cation is provided by the Forward ToF (FToF) and the
Forward Ring Imaging CHerenkov (FRICH) systems. The forward detection of neutral
particles is provided by a Shashlyk-type calorimeter. The Luminosity Detector (LMD) is
planned at the very end of the forward spectrometer to measure the interaction rate.
The forward tracking system is the main tracker of the FS.

2.4.1 Forward Tracking System

The Forward Tracking Stations (FTS) is foreseen to measure the momenta of forward
emitted charged patrticles. It will be implemented inside a dipole magnet with a magnetic
eld of a maximum bending power of 2 Tm. The FTS consists of three pairs of tracking
stations shown in Fig. 8, (FTS1, FTS2) placed before the magnet, the second pair (FTS3,
FTS4) is placed inside the magnet gap and the last pair (FTS5, FTS6) after the magnet.

Figure 8: The PANDA Forward Tracking Stations, adapted from [114]. Each station consists of four double
layers of straw tubes, the outer double layer are vertical, while the inner double layers are tilted by
q= 5%

Each tracking station is equipped with four double layers of self-supporting straw
tubes. The outer double layers are vertically aligned and the inner double layers are
tilted with respect to the vertical direction ( y) by g= 5Xand q= 5% respectively, a
schematic depiction of the FTS is shown in Fig. 8.
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The straw tubes are identical to the ones used for the STT, the tubes are made out of a
27 mm thick aluminized Mylar cylinder with a 10 mm inner diameter, they are lled with
a gas mixture Ar~CO, with a mixing ratio of 90/10 and operated at a gas overpressure
of 1 bar, which provides their mechanical stability and maintains the anode wire tension.
The anode at the center of the tube is made of gold-plated tungsten wire with 20 nm
diameter [114].

When a charged particle traverses the active volume of the tube, it ionizes the gas
along its trajectory, the electrons drift towards the node wire and are multiplied by the
avalanche effect and nally reach the wire, where they induce an electronic signal in the
readout. The time it takes for the ionized electrons to travel to the wire is known as the
drift time. Through a calibration procedure of the r"te curve, the isochrone radiuscan be
calculated with the knowledge of the drift time, which represent a cylinder around the
wire that contains all possible positions of where the particle might have traversed the
tube and generated a signal of the measured drift time. Fig. 9 shows an illustration of
the isochrone radius as the red dashed circles.

Figure 9: Thex z projection of the FTS straw
tubes. The black dots represent the an-
ode wire position at the center of the
tube, where the electronic signal is in-
duced. The green dots are the correct
hit position and the red circles repre-
sent the isochrones.

2.5 PANDA SOFTWARE TOOLS

The PANDA simulation, reconstruction and analysis software framework is called
PandaRoot , it is an object oriented software written in C++ and built on top of  FairRoot
[126]. FairRoot is a common framework for multiple FAIR experiments including
PANDA and is built on top of ROOT, CERN's data analysis framework [22]. The
PandaRoot work ow is shown in Fig. 10, which is modularized in main steps that
are summarized as follows:

* Event Generation: PandaRoot has adopted several event generators including
Pythia, EvtGen, Dual Parton Model DPM, box generator and other generators.
The diversity of event generators enablesPandaRoot to simulate different physical
models [19].
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Detector Simulation: The output of event generators is used as an input for the next
step, where the generated particles are transported through thePANDA detector
implemented with the GEANT4 simulation toolkit [17]. The detector response to
the hits created through the event propagation is then simulated in the digitization
step.

Track Reconstruction: In the next step the group of hits that belong to the same
Monte-Carlo track are clustered together in a process known agarticle tracking,
which is the topic of the next chapter.

Particle Identi cation (PID): The particle track reconstruction algorithm delivers a
list of reconstructed tracks along with a set of parameters (e.g. charge, momentum,
etc.). A PID algorithm determines the particle type given the information delivered
by the tracking algorithm.

Analysis: The nal step is to analyze the particles and events. For this step,
PandaRoot offers an analysis framework, theRho package that provides a exible
physics analysis environment [72].

Figure 10: ThePandaRoot work ow illustrating the main steps of the physics analysis chain [19].
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In this chapter, a deep learning based track reconstruction algorithm at the PANDA
forward tracker is presented, in particular tracking with the state-of-art graph neural
networks. The charged particles created in the collision of the beam and the target are
recorded by the tracking detectorsin the form of an interaction of particles with the
detector material, which is a position measurement and termed hits. The main goal of a
track reconstruction algorithm is to reconstruct the particles' trajectories by grouping the
recorded detector hits. Therefore, the track reconstruction is a pattern recognition task,
which is a well know problem in the eld of machine learning and applied mathematics
that makes use of cluster analysis, results of statistics, combinatorial optimization and
other algorithms [61]. The track reconstruction is one of the most important and time
consuming tasks in the physics analysis chain. A typical track reconstruction algorithm
consists of two main steps, thetrack nding , which is the assignment of the detector
hits to track candidates and the track tting , which aims to determine track parameters
and the covariance matrix for each track candidate. SincePANDA is a xed target
experiment, the reaction products will be boosted in the forward direction. Therefore, a
robust track reconstruction algorithm for the forward angles is of crucial importance for
various physics channels. The detection of forward peaking particles play a signi cant
role in the reconstruction and analysis of the ground state and excited hyperons &9,
S7138%, L "140% and L "1520) as will be presented in chapters 4 and 5, respectively.

The focus of this chapter is on the track nding task in the PANDA FTS and how deep
learning techniques can be incorporated to perform this task. Given a set of detector
hits or position measurements, a track nding algorithm is equivalent to partitioning the
position measurements into disjoint sets, where each set corresponds to a real particle
trajectory.
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3.1 INTRODUCTION

Track reconstruction is a combinatorial problem: the ability to nd the correct hits
that originate from the same particle from a given set of possible hit combinations. This
can be more challenging in the presence of detector inef ciencies, which can lead to
noise hitsor fake hits. Machine Learning (ML) and Deep Learning (DL) methods proved
to be a competitor to traditional algorithms, especially at high detector occupancy where
traditional algorithms, e.g., Kalman lters [60], scale poorly.

Fundamentally, ML is a sub- eld of Arti cial Intelligence (Al) that involves building
mathematical models to help understand data [127], i.e, using data to train a ML model
to perform a speci ¢ task. ML can be categorized into two main categories: supervised
learning and unsupervised learning

Supervised learningnvolves modeling labeleddata, i.e., nding the relation between
the measuredfeaturesof data and some associatedabelsor target function. This is further
subdivided into classi cation and regressiortasks [127].

Unsupervised learningnvolves modeling the features of a data-set without reference
to any label [127], one example of unsupervised learnings clustering

In 2018, a team of tracking experts from CERN set up a tracking ML challenge
TrackML on the Kaggle platform to reach out computer scientists to nd new types of
algorithms and approaches to the tracking problem. Different approaches based on ML
techniques were proposed as potential solutions for the TrackML challenge [81]. One of
the proposed solutions, is the use of the DBSCAN clustering algorithm (Density-Based
Spatial Clustering of Applications with Noise) [51]. A clustering algorithm is a category
of unsupervised learningechniques that allows to discover hidden structures in the
data, given the fact that we do not know the correct answer in advance. As its name
implies, DBSCAN assigns cluster labels (in this case a track candidate) based on dense
regions of points (hits). The notion of density is de ned as the number of points within
a pre-speci ed radius e. One of the main advantages of the DBSCAN is that it does not
assume that the clusters have a speci ¢ shape and its capability of removing noise points.

The tremendous increase in the computing power and the start of theBig Dataera
have increased the popularity of DL algorithms. Unlike traditional ML algorithms (e.qg.
DBSCAN), DL algorithms tend to perform better with increased training data size as
shown in Fig. 11. Therefore, various DL based tracking algorithms were proposed. These
algorithms can in general be classi ed into two categories, image-based approaches and
point-based approaches [54], in the former approach, computer vision techniques like
image segmentation and captioning are utilized and the detector hits are treated as an
image, while in the latter, the hits are treated sequentially, i.e, the data is converted into
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Figure 11: A comparison between the perfor-
mance of traditional ML algorithms
vs DL algorithms with increasing
amounts of data [95].

a list. DL is a sub- eld of ML that is concerned with training Arti cial Neural Networks
ANNSs.

3.1.1 Arti cial Neural Networks ANN

The ANN is inspired by how the biological neural system of the human brain works.
ANNSs are at the core of DL. They are powerful and capable of approximating any
measurable function to the desired accuracy [75]. Arti cial neurons are the building
blocks of the ANNSs, they were rst introduced in 1943 by Warren McCulloch and Walter
Pitts [89]. In their paper, McCulloch and Pitts proposed an arti cial neuron that has one
or more binary inputs and one binary output, it activates its output when more than
a certain number of its inputs are active. They showed that this simple model is able
to perform any logical computation. Afterwords, in 1957 Frank Rosenblatt proposed
the Perceptron[103], a variant of arti cial neuron, where the inputs and outputs are
numbers and each input have a corresponding weight. The output of the Perceptron
is calculated as a weighted sum of its inputs and then applies anactivation function
(e.g. sigmoid function) to that sum and outputs the result. A schematic diagram of a
Perceptron is illustrated in Fig. 12.

Assume that the inputs are real-valued numbersxy, Xo, ..., Xn, the Perceptron output is
calculated as follows:

O R s"W RN xoe, (3)
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Figure 12: A Perceptron. The weighted sum of the inputs is calculated and then an activation function (a
sigmoid function in this case) is applied. [90]

where xq is a bias, s is the activation function and Ware the weightsof the Perceptron,
which are real-valued numbers that determines the strength or the contribution of each
input x; to the Perceptron output. Training the Perceptron or in general an ANN involves
nding the appropriate set of weights such that the Perceptron gives the desired output
[90].

The question is still how the Perceptron is trained or how the weights are determined.
Several algorithms are known to solve this learning problem. One simple and common
algorithm is called the delta learning rule[90] and is based on the gradient descent to
search for the possible set of weightsw; that best t the the training data. This rule is
important because it provides the basis for theback propagation which is the standard
learning algorithm for ANNs with many inter-connected arti cial neurons [90].

The delta learning rule begins with random weights, then iteratively apply Eq. 3 to
each training example. The output of the Perceptron is compared to the true output
or the target, this is done by de ning a cost functionthat is a measure of the training
error. The choice of the cost function depends on the problem at hand. A cost function
for a classi cation problem is different from a regressionproblem. For the purpose of
explaining the delta learning rule, a simple choice of the cost function can be the sum of
the squared error [90]:

EWe Q°ty 0g°2, (4)

where tq is the target output for the training example d (x;) and o4 is the output of the

Perceptron (Eq. 3) for training example d. The sum runs over all the training examples.
The core idea behind thedelta learning rule (also the back propagationalgorithm) is to

minimize the cost function or calculating the direction of steepest descent along the error
hyper-surface. Mathematically, this can be found by computing the derivative of the cost
function with respect to each component of the vector W [90]:
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The weights are then updated according todelta learning rule
W W hoE W, (6)

where h is the learning rate, a positive real number that moderate the degree to which
weights are changed at each step [90].

A group of arti cial neurons (or Perceptrons) can be arranged in layers to form a
multilayer feed forward neural network; also called a MultiLayer Perceptron (MLP).
When all the neurons in a layer are connected to every other neuron in the previous
layer, the layer is called a fully connected layer. The rst layer of the neural network is
called the input layer and is used to represent the input values. The last layer is called
the output layer and is used to represent the output values, the layers in between the
input and output layer are called hidden layers If the neural network consists of more
than one hidden layer, it is called a deep neural network The back propagationis the
standard algorithm used to train a MLP or an ANN, which is a generalization of the delta
learning rule. The idea introduced by David Rumelhart et. al. in 1986 under the name of
generalized delta rulg104].

According to the universal approximation theorem[92], an ANN with non-linear
activation functions and an appropriate set of weights can represent a wide range of
interesting functions.

There are numerous architectures that can be implemented for a variety of problems.

Fortunately, Fjodor van Veen from Asimov institute compiled a wonderful chart for the
different neural network architectures, this chart can be found in [128].

One serious problem arise when training a large ANN isover tting the training data
(high model variance), which means that the model has so much exibility such that
it learns the underlying data distribution in addition to the associated random errors
[127]. This results in a poor performance when the model is evaluated on new data.

Over tting the training data is directly related to the behavior of the validation
curve shown in Fig. 13. If the model capacity/complexity is very low, the model
under ts the training data, which means it has a poor performance on both the training
and the validation (unseen data) data-sets. On the other hand, for very high model
capacity/complexity, the model over ts the training data, which means it describes the
training data very well but fails for any unseen data. Therefore, the model complexity or
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the model parameters have to be tuned such that the validation curve has a maximum
value, which indicates a suitable trade-off between over tting and under tting [127].

Figure 13: The validation curve, a relation-
ship between between model capacity,
training score, and validation score
[127].

A powerful technique to regularize the performance of the ANN and to reduce the
over tting is the Dropout [118]. During the training phase, some number of layer outputs
are randomly ignored or droped out this has the effect of reducing the capacity of the
neural network during training. Consequently, reducing the chance to over t the training
data. Dropout can be thought of as making bagging for ensembles of many large neural
networks, which means training and evaluating multiple models. This technique is used
for neural networks developed in this thesis. Fig. 14 shows an ANN with and without
dropout layers [95].

@ (b)
Figure 14: An ANN (a) without dropout (b) with dropout [95].

3.1.2 Related Work

In [55] Steven Farrel et al. proposed a type of Recurrent Neural Network RNN called
LSTM (Long Short-Term Memory) [73] as a hit predictor model. A track seedthe rst
three hits in detector layers) is provided to the LSTM and the network predict the hit
location in the next detector layers. The input to the LSTM is a detector layer in the
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format of pixel array, the LSTM is followed by a fully connected layer that produces the

hit predictions. The model was evaluated on a toy data-set and showed promising results.
In the same reference, a Convolution Neural Network (CNN) [18] has been proposed
to perform a pixel level classi cation, i.e, the CNN takes the detector image as an input
and the task is to classify each pixel (hit) in the image, in other words, assign pixels to

classes (track candidates).

The BM@N (Baryonic Matter at Nuclotron) Collaboration developed a deep neural
network to improve the tracking ef ciency of the GEM microstrip detector [24]. A main
problem in the GEM is the great amount of fake hitsthat appears along with real hits
because of extra spurious crossings of strips. A two step tracking algorithm has been
investigated, on the rst step, track seeds are created by a simple algorithm that has
relatively low ef ciency. Hits are combined into track candidates and the algorithm and
lters out tracks by a loose c? criterion. The second step uses a deep neural network
to classify which of the found tracks by the rst step are real track and which are fake
tracks. In their analysis they combined a 1D convolution layer with a Gated Recurrent
Unit (GRU) (a type of RNN) [41], the main reason behind using a convolution layer is
that it can produce a greater number of new meaningful features for the GRU. The model
evaluated on a test sample with fakes factor with the value of 2 scores 98% tracking
ef ciency.

In [50], a rst deep learning-based tracking algorithm has been proposed for the
PANDA forward tracker. This algorithm involves two steps: the rst step uses a simple
feed forward ANN as a binary classi er to build track segments in three different parts
of the FTS, namely FTS1, FTS2, FTS3, FTS4, and FTS5, FTS6. The ANN takes the
coordinates of hit pairs as input and classi es the pairs as being true or fake pairs. The
output of the ANN can be used to combine multiple hits together into a track segment.
The second step is to match the track segments from the different parts of the FTS to
form a full track candidate based on an LSTM network. First, all possible combinations
of the found track segments are made, then the LSTM is trained to classify true and
fake combinations, i.e., which combination is a true track and which is not. Preliminary
results on a test sample showed that the tracking ef ciency was on average 85%.

3.1.3 Graph Neural Networks

Since the input data to a neural network are detector hits and the aim is to nd the
correct connections between those hits (track candidates), the data is best represented
as an image, where the hits are the image pixels. The image can be considered as a
function on the Euclideanspace [32]. Convolutional architectures CNNs are the type
of neural networks that are able to work on images and extract their hidden features.
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A CNN is able to exploit the shift invariance and the local connectivity of image data
[130]. However, there is a draw back of using CNNs for particle tracking, that is most
tracking detectors have irregular shape (on-Euclidean datd while images should have
a regular structure, i.e. certain height and width. Recently, there were many studies
to extend DL for non-Euclidean geometric data [32]. A graph is the primary instance
of a non-Euclidean datatype. Formally, a graphG "V, Ee consists of a set of objects
V  "vq,Vy,..e called verticesor nodesand another setE  “e,&,..s, whose elements
are called edgeswhere each edgeg, connects a pair of vertices™v;, vjs [46]. There are
two different types of graphs, a directed graph in which the graph edges are directed
from one vertex to another and undirected graph here the graph edges do not have a
direction, an edge connecting the ordered pair”v;, v« is the same connecting the ordered
pair vj,Vvie.

There is an increasing number of applications where data can be represented as a
graph. For example, in social networks, the characteristics of users can be modeled
as signals on the graph vertices [86]. In chemistry, molecules can be represented as
graphs [65], where atoms are the vertices and the chemical bonds are the edges. In track
reconstruction, an image of the detector hits can be represented as a graph, where the
vertices of the graph are the hits [54]. Extending DL techniques to the non-Euclidean
domain is often called Geometric Deep LearninGDL) [32]. Motivated by CNNs, RNNs
and autoencoders, new generalizations and operations have been developed to handle
non-Euclidean geometric data. A good example is the convolution operation shown
in Fig. 15, a similar operation can be performed on graphs by taking the weighted
average of a vertex neighborhood information. Graph Neural Networks(GNNs) are
powerful class of neural networks that can operate on graphs. There are a variety
of GNN architectures, Convolutional graph neural networks ConvGNNgeneralizes the
convolution operation, Recurrent graph neural networks RecGNMé&nNs to learn node
representations with recurrent neural networks, Graph AutoEncoders GAEwhich are
unsupervised learning frameworks that learn the network embeddings and Message
Passing Neural Networks MPNN® which node features can be passed from one node to
another along edges [130, 131].

Different GNN architecture can perform a variety of tasks that can be classi ed into
three categories: node-level:this includes node classi cation, node regression and node
clustering, edge-levelthis includes edge classi cation and link prediction and graph-level:
this includes the classi cation of the whole graph and graph regression [131].
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