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Abstract

The phase diagram of the QCD matter in the baryon chemical potential region
500MeV  mg  800MeV will be studied by the future Compressed Baryonic
Matter (CBM) experiment in the beam energy range corresponding to pﬁ =
29 4.9GeV. The experiment will be carried out at the Facility for Anti-Proton
and Ion Research. A prerequisite for determining the properties of dense bary-
onic matter is the multi-differential measurement of the yield of (multi-) strange
hadrons.

This work evaluates the performance of CBM in measuring the multi-differential
(charged tracks multiplicity, transverse momentum, and rapidity) yield of the
most abundantly produced A° baryon for Au-Au collisions at a beam momen-
tum of 12 A GeV/c. The Kalman Filter algorithm is employed to reconstruct
the AY baryon through its weak decay to a proton and p topology, which is
selected non-linearly using the machine learning algorithm eXtreme Gradient
Boosting (XGBoost). The selection is performed multi-differentially in transverse
momentum and rapidity for the multiplicity interval [200,400] of charged tracks
to achieve a high signal-to-background ratio.

After the selection, raw-yield extraction is performed multi-differentially through
a multi-step fitting routine. The extracted raw-yield is corrected for the efficiency
of the reconstruction and selection procedure and the geometrical acceptance of
the experiment. The corrected yield is compared to the true yield to validate the
reconstruction, selection, yield extraction, and correction procedure. The system-
atic uncertainties are evaluated by varying the selection parameters and they are

typically below 3% but can go up to 6% for high transverse momentum intervals.
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Zusammenfassung

Das Phasendiagramm der QCD-Materie im Bereich des chemischen Baryonen-
potenzials 500MeV ~ mg  800MeV wird mit dem kiinftigen Experiment fiir
komprimierte baryonische Materie (CBM) im Strahlenergiebereich von pm =
29 4.9GeV untersucht. Das Experiment wird in der Facility for Anti-Proton
and Ion Research (FAIR) durchgefiihrt. Eine Voraussetzung fiir die Bestimmung
der Eigenschaften dichter baryonischer Materie ist die multidifferenzielle Mes-
sung der Ausbeute an Hadronen mit einem oder mehreren Strange-Quarks.

In dieser Arbeit wird die Leistungfdhigkeit von CBM bei der Messung der
multidifferenziellen (Multiplizitdt der geladenen Spuren, Transversalimpuls und
Geschwindigkeit) Ausbeute des am haufigsten produzierten A-Baryons fiir Au-
Au-Kollisionen bei einem Strahlimpuls von 12 A GeV/c. Der Kalman-Filter-
Algorithmus wird eingesetzt, um das A-Baryon aufgrund der Topolgie des
schwachens Zerfall in ein Proton und die p zu rekonstruieren. Mogliche A-
Kandidaten werden dem maschinellen Lernalgorithmus eXtreme Gradient Boost-
ing (XGBoost) ausgewdhlt. Die Auswabhl erfolgt multidifferenziell nach transver-
salem Impuls und Geschwindigkeit fiir das Multiplizitdtsintervall [200, 400]
geladener Spuren, um ein hohes Signal-zu-Hintergrund-Verhéltnis zu erreichen.

Nach der Auswahl wird die Ausbeute durch eine mehrstufige Fitroutine mul-
tidifferenziell extrahiert. Diese Ausbeute wird fiir die Effizienz des Rekonstruk-
tions und Auswahlverfahrens und die geometrische Akzeptanz des Experiments
korrigiert. Die korrigierte Ausbeute wird mit der wahren Ausbeute verglichen,
um die Rekonstruktion, die Auswahl, die Extraktion der Ausbeute und das Kor-
rekturverfahren zu validieren. Die systematischen Unsicherheiten werden durch
Variation der Auswahlparameter ausgewertet und liegen typischerweise unter

3%, konnen aber bei hohen Transversalimpulsintervallen bis zu 6% betragen.
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Chapter 1

Introduction

The matter that surrounds us in our daily lives is mostly composed of molecules,
which are tiny building blocks made up of atoms. An atom is not the end of
the story and it has been found to contain sub-atomic particles such as electrons
and nucleons (protons and neutrons). Hitherto, the electrons are considered to be
structureless particles but the nucleons are composed of fundamental particles
called quarks and gluons. The quarks and gluons interact with each other with
a strong force. The set of rules that dictate the behavior of the strong interaction
among quarks and gluons is called Quantum-chromo dynamics (QCD). QCD is
a quantum eld theory and its Lagrangian can be written as:

- . 1
Locp = Y11(ig™m mg)y ¢ ZGr?m a (1.1)

with y ¢ representing the quark elds and the subscript fl representing their a-
vors [1]. The gMare the Dirac gamma matrices and the co-variant derivative ( D)
can be expressed asD, = T igA5] a It contains the SU(3), Special Unitary
group in 3 dimensions, color symmetric gluon eld A& with aas a color index
and goes from 1 and 8. The Gell-Mann matrices are represented by | 5 and the
non-Abelian gauge eld strength tensor by G&,, While g is related to the strong
coupling constant as = g/4 p, mgq represents the mass of an individual quark.

A property of QCD, asymptotic freedom, reveals that ag gets weaker at short
distances or at large momentum transfer [2, 3]. Another property is that a single
qguark cannot exist freely. At high energies, due to asymptotic freedom, eq. 1.1

can be solved using perturbative approaches while at lower energies it becomes
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non-perturbative and can only be solved by numerical methods such as lattice

QCD and effective eld theories.

1.1 QCD-Matter Phase Diagram

QCD matter is generally composed of hadrons, quarks, and gluons, which at low
temperature and baryon chemical potential ms may exist as a pions-dominated
hadron gas [4]. The value of g represents the disparity between matter and
antimatter, and a zero value implies an ideal balance between the two. At higher
temperatures (T & 130 MeV) and small m, the hadron gas can undergo a phase
transition to a quark-gluon plasma (QGP), where quarks and colored gluons are

decon ned, and the number of effective degrees of freedom increases.

Lattice QCD calculations predict that the phase transition from hadronic mat-
ter to QGP is a smooth crossover, i.e., without any abrupt changes when ng
0 [5]. However, if ms/ T & 2 then various theoretical approaches predict that the
phase transition can become rst-order, exhibiting an abrupt change [6]. Unfortu-
nately, lattice QCD calculations fail to predict the value of s and the temperature

at which the rst-order phase transition begins, known as the critical point [7].

The QCD matter phase diagram maps the different phases of QCD matter as a
function of nm and temperature as shown in Fig. 1.1. The white-colored curve rep-
resents two co-existing phases separated by a rst-order phase transition. Along
this curve, state variables are discontinuous and become continuous again at the
critical point. The discontinuity originates from the fact that the entropy is higher
at the QGP side due to the availability of more degrees of freedom. In this dia-
gram, the rst-order phase boundary between the hadron gas and QGP ends at
a temperature near 150 MeV and n around 400 MeV, which is the critical point.
Various theoretical model calculations [6] have placed the critical point at this .
Below this region, the transition from a hadron gas to QGP is represented by a
blurry region representing the continuous region, smooth cross-over, of second-

order phase change.



Figure 1.1: The diagram shows different phases of the QCD matter. The image has been taken
from [4]. The three phases of the matter, i.e., hadron (light blue) gas, QGP (dark blue), and color

superconductivity (brownish yellow) are shown with different colors.

1.2 Heavy-lons Collisions

The naturally found nuclear matter on earth represents a small part of the QCD
matter phase diagram, i.e., at nite mgat T 0. The extreme environments re-
quired to study QCD matter at its various phases are naturally found in neutron
star mergers, in the cores of neutron stars, and in the micro-seconds old uni-
verse [8]. Those conditions of high energy densities and temperatures can be also
made on earth by heavy-ion collisions (HIC) at various energies. Different re-
gions of the phase diagram can be studied by varying the energy of the collision
and the size of the colliding nuclei. For example, nuclei collisions at the center
of mass energy in the P SuN  TeV energies can be used to study the phase di-
agram near the vanishing mg region. Similarly, with heavier nuclei and lower
beam energies corresponding to P Syun 2 3GeV the high g region can be
probed.

When heavy ions are accelerated close to the speed of light, the nuclei get
Lorentz contracted and their properties such as the collective dynamics can be
explained by a framework called the color-glass-condensate (CGC) [9]. Time di-
lation makes the color sources (quarks and gluons) static at the time scale of the
strong force. The collision of the nuclei leads to the creation of a reball, which is
not in equilibrium. Eventually, partons are created from the reball, and their col-

lisions with each other result in a locally thermalized phase, i.e., the QGP. After
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Figure 1.2: The image shows the different stages of the heavy ions collision; the evolution pro-
ceeds from left to right. The cartoon has been taken from the MADAI collaboration, Hannah

Petersen and Jonah Bernhard [11].

rapid expansion and cooling [10] hadron formation starts and when inelastic col-
lisions vanish their production stops, marking the chemical freeze-out. However,
elastic collision among hadrons continues and after some time, this also stops at
the kinetic freeze-out. A diagram of the evolution of the collision is shown in
Fig. 1.2. On the left side, two nuclei in red and blue color are shown and upon
their collision, a pre-equilibrium phase is formed. During equilibration, QGP is
formed and is shown by the red phase between the blue and red nucleons. Par-
ticle formation is shown in the next two stages of the diagram where elastic and
inelastic processes still carry on. This discussion is valid for the mg 0 case.
At higher my the nuclei are not so much lorentz contracted and the color-glass

condensate frame-work may not be applicable.

Various messengers from the different stages of the collision can be used to
study its evolution in time. For example, spectra of the emitted particles can
reveal information about quantities such as energy density, pressure, and en-
tropy. Similarly, information about the thermodynamics of the system can be
extracted from observables such as ow, correlations, uctuations, particle ratios,
etc. Dileptons and photons, i.e., electromagnetic probes, produced at different
stages of evolution can escape the medium without interactions and can reveal
information about the medium at the time of their production. Observable as-
sociated with the QGP phase (ms 0 case) is the suppression of the production
of J y becausecc bonding is suppressed due to Debye screening [12]. In the
high g region, the extent of equilibration of the reball can be investigated by

measuring excitation functions of (multi)-strange hyperons in A+A collision with
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different mass numbers A. This will lead to nding a signal for the onset of de-
con nement in QCD matter at high g [13].

To calculate the various particle yields based on theoretical models, collision
generators are required. These simulators will give predictions for experiments

to improve our understanding of the phases of QCD matter.

1.2.1 Collision Simulators

To describe the results obtained from heavy-ion collisions, various theoretical
models have been put forward based on various hypotheses. For example, ther-
mal models [14, 15] hypothesize that global thermodynamic chemical equilib-
rium is reached. Assuming a thermal source, these models predict the production
yields of hadrons at chemical freeze-out. Similarly, hydrodynamic modeling [16]
requires a local thermal equilibrium and treats the matter created in the collision
collectively like a uid. This modeling predicts the production yields and spectra
of various particle species. The partition function in the case of the thermal model
and the equation-of-state (EoS) in the hydrodynamical case drives the physical
processes of the collision. However, modern and up-to-date transport models
use various assumptions and different models to simulate heavy-ion collisions.
Two transport models are used in this work and they are brie y introduced in
this section.

The Ultrarelativistic Quantum Molecular Dynamics (UrQMD) [17] is a Monte
Carlo event generator that can simulate the collision of a proton with a proton, a
proton with a nucleus, and a nucleus with a nucleus at energies ranging from SIS
(SchwerlonenSynchrotron) [18] to Large Hadron Collider (LHC)[19] energies, i.e.,
from a few GeV to TeV. There are 70 different baryons and 39 types of mesons in
the model [20]. The cascade mode of the model is established on the propagation
of hadrons and re-scattering among hadrons is allowed. This mode offers the
solution for the relativistic Boltzmann equation.

The Dubna Cascade Model with the Quark Gluon String Model (DCM-QGSM)
and the Statistical Multi-fragmentation Model (SMM) as afterburner [21] is an-
other Monte Carlo event generator. For energies, lower than 1 GeV, the model

only considers nucleons, pions, and deltas for the collision dynamics. In compar-
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ison, above 10 GeV QGSM is used to describe elementary hadron collisions.

The difference between the two models is that in UrQMD spectators are pro-
tons and neutrons, while DCM-QGSM-SMM (DCM) contains spectator fragments

and uses coalescence for their formation.

1.2.2 Experimental Facilities to Study the QCD Matter

To study the different phases of the QCD matter, various heavy-ion collisions
experiments have been set up in the past at the CERN SPS facility [22], at BNL
Relativistic Heavy lon Collider (RHIC) [23], at the CERN LHC facility, and at the
GSil facility [24]. A new phase of matter named the Quark Gluon Plasma (QGP)
was discovered at the CERN SPS program and con rmed at the RHIC facility in
the 1990s and 2000s; it contains quarks not bound inside nucleons but moving
freely inside a plasma of quarks and gluons [25, 26, 27]. The RHIC experiments
showed that the plasma is not a weakly interacting gas of its constituents, i.e.,
the gluons and the quarks [28]. It is like a strongly interacting opaque uid. The
high transverse momentum ( p7) hadron production was studied at the LHC and
it was found that the QGP is so dense that high energetic quarks (a few GeV)

traversing it lose a large fraction of their energies [29, 30, 31].

Past experiments at RHIC studied the phase diagram from very low (25 MeV)
to high (760 MeV) g with beam energies corresponding to P SN = 3 200GeV.
But in the high g region corresponding to P S\n = 3 13.7GeV, except the
3 GeV, the mid-rapidity region, which is important for physics, was only partially
covered by the detector's geometrical acceptance [32]. The highmng part at lower
energies is challenging and to study the signatures of the phase transition with
high detail, high statistics are required. Therefore, new xed target experiments
such as the Compressed Baryonic Matter (CBM) at the Facility for Anti-Proton
and lon Research (FAIR) are being built to solve the issue. To accumulate the
required statistics CBM needs to operate at an unprecedented interaction rate of
up to 10 MHz.



1.2.3 Strangeness Enhancement as a QGP Observable

Strange quarks do not exist in nuclear matter and are only produced in extreme
conditions such as the collision of high-energy heavy ions. A strange quark
(mass 93 MeV) is lighter than heavy quarks, i.e., charm, beauty, and top but
is comparatively heavier than light quarks (up and down) [33]. The strangeness
guantum number for the strange quark is -1 and is considered to be conserved in

strong interaction while it is violated in the weak interaction.

One of the earliest signatures put forward for the formation of QGP was strangeness
enhancement [34, 35]. A notable difference between A-A collisions and proton-
proton collisions is the chemical equilibration of the production of strange quarks
[36, 37]. During the hadronization stage of the QGP, hadrons are formed and the
total yield of hadrons containing strange quarks can be measured over a consid-
erable kinematic domain to get insights into the QGP creation and its subsequent
evolution [38]. The gluon component of the QGP creates pairs of quarks [39] and
their high density at the time of hadronization produces multi-strange hadrons:
which are rarely produced in the case of hadron collisions.

Therefore, for the study of the different phases of the QCD matter the study
of hadrons containing strange quarks is required. Due to their short lifetimes,
particles that contain strange quarks decay near their production point and can
be identi ed and reconstructed by analyzing their daughter particles. The exper-
imental yield for different particle species, especially ones containing short-lived

strange quarks, is used to improve models of collision simulations.

1.3 The Facility for Anti-Proton and lon Research

The GSI Helmholtz Centre for Heavy lon Research in Darmstadt, Germany has
successfully hosted heavy-ion experiments such as High Acceptance Di-Electron
Spectrometer (HADES) [40, 41], FOPI [42], and A Large Acceptance DIpole mag-
Net (ALADIN) [43] with its UNILAC (the linear accelerator) and SIS18 acceler-
ator facility. The FAIR facility, next to the GSI facility, will host the heavy-ion
synchrotron SIS100 and experiments such as the CBM experiment. Fig. 1.3 shows

the GSI facility with blue color and the future FAIR facility with red color.
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Figure 1.3: The image shows the existing GSI facility (blue color), with blue color, and the future
FAIR facility (red), with red color. The CAD drawing has been taken from [46].

The SIS100 accelerator will have super-conducting magnets that will provide
magnetic rigidity up to 100 Tm [44]. The SIS100, having a radius of around
175 m, will accelerate protons up to 29 GeV beam energy at a rate of 10/s [45].
It will also accelerate heavy ions such as Au (other ions such as C and Ca) up
to 11 AGeV?! (14 AGeV). This will enable experiments such as CBM to collide Au
nuclei on the Au target to achieve an interaction rate up to 10 MHz at a maximum

beam energy corresponding to P SuN = 4.9GeV.

1.4 The CBM Experiment

Microscopic models (transport and hydrodynamic) predict that the density, in the
center of an Au-Au collision, is more than 8 times the saturation density rg at a
beam energy of 10 AGeV [47, 48]. Rare probes need to be employed to study the
QCD matter at high ng, i.e., at conditions with more baryons than anti-baryons.

To acquire enough rare probes, one needs to operate at a high beam-target in-

1A is for energy per nucleon



Figure 1.4: The CAD model of the CBM experiment is shown here. The drawing is from the CBM

collaboration [49].

teraction rate. A multi-purpose detector with xed target geometry is ideal for
such a scenario. CBM is a xed target forward geometry experiment designed to
operate at high interaction rates, up to 10 MHz [13]. This constrains the detector
material budget to be low to not generate secondary particles and the detector to
be resilient to radiation.

Due to the operation at a high interaction rate, CBM can detect and measure
the yields of hadrons, electrons, and muons at p  p and HIC, with high statis-
tics. The detected charged particles can then be used to reconstruct short-lived
mother particles. Due to high statistics, the yields of rare probes will be analyzed
multi-differentially. This will require to understand the systematics uncertainties
at high precision and reduce them. The experimental setup contains tracking,
particle identi cation, centrality and reaction plane determination systems along
with the target. The CAD drawing of the different sub-systems of the CBM de-
tector is shown in Fig. 1.4.

The target for the Au-Au collision will be a segmented one and before it, there
will be a diamond beam monitoring (BMON) counter with less than 50 ps time
precision. It will give the initial time  tg of the collision. After the target, the mag-
net will be placed housing the tracking system, shown by the blue color in Fig. 1.4.

It will be followed by different particle identi cation sub-systems such as the
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Ring Imaging Cherenkov detector for electrons identi cation, shown in Fig. 1.4
by the purple haze color box after the blue magnet. Further electron identi ca-
tion will be achieved by the transition radiation sub-system which lies behind it.
The Muon chamber will be used in the alternative setup to measure muons and it
is stationed on the right side of the Ring Imaging Cherenkov detector in Fig. 1.4.
The time of ight wall is shown by the yellow color and it will identify hadrons.

At the very end along the beamline, the geometry determination detector will be
placed and it will be followed by a beam dump.

The tracking system will be inside a superconducting dipole magnet of 1 T m
eld strength with an aperture of 25 polar angle [50]. The magnetic eld is per-
pendicular to the beam direction and bends a charged particle passing through
the detector based on its momentum-to-charge ratio. The maximum magnet size
will be 4.7m  3.73m and it should have a minimum aperture size of height

1.47 m and width 3.3 m.

1.4.1 Tracking System

The trajectory of a charged particle passing through a magnetic eld is curved

and the curvature depends on the momentum-to-charge ratio of the particle and
also on the strength of the magnetic eld. The interaction of a charged particle
with a charge-detecting material, in the form of a hit, inside the magnetic eld

can be used to nd the location of the interaction. The hits can be connected
to form tracks and if the magnetic eld strength is known then momentum can

be calculated from the curvature of the track. The tracking system of the CBM
collects hits of traversing charged particles in the detector and it is placed inside
a magnetic eld strength of 1 Tm. It consists of two sub-systems, i.e., the main
tracking detector in the form of a Silicon Tracking System and a decay vertex

reconstruction detector, a Micro-Vertex Detector.

1.4.1.1 The Micro-Vertex Detector

The Micro Vertex Detector (MVD) of the CBM experiment is required to have
a spatial resolution of around 5 um and a low material budget [51]. The posi-

tion on the z-axis, 5 20 cm after the target in the beam direction, makes it face
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more radiation than any other detector sub-system so it needs to be radiation
hard. The MVD will enable CBM to reconstruct tracks with momentum as low
as 300 MeV/c. It will help in the reduction of combinatorial background and
will be able to resolve the vertices of short-lived particles (hyperons and charm
hadrons) that decay very close to the primary vertex. Therefore, the MVD will be
placed close to the primary vertex. The CAD rendering of the detector is shown in
Fig. 1.5a. The MVD will reside inside the target vacuum box, inside the magnet.
The MVD will have 4 layers of sensors separated by 5 (or 8) cm and the sensors
will be CMOS 2 Monolithic Active Pixel Sensors (MAPS) named MIMOSIS. MI-
MOSIS pixel sensors will be used to make up the MVD detector with each pixel
size 0f 26.9 30.2 pm?. MIMOSIS sensors were selected for the MVD because of
their low material budget, 50 um thickness, radiation hardness, and 5 pm single-
point resolution. A sensor will host a pixel matrix of 1024 504 and will have
dimensions of 31 17 mm?2. Each pixel will have an integrated circuit that will
amplify, shape, and discriminate the signal. The whole setup will contain up to

300 sensors.

1.4.1.2 The Silicon Tracking System

To reconstruct the tracks of more than 700 charged particles per collision event
with momentum resolution of the order of Dp/ p® < 2%, 8 tracking layers of
silicon-based detectors are under construction [53, 50]. These 8 layers will be
put inside a thermal enclosure in the forward direction of the beam after the
target at distances of 30 100 cm and will cover the polar angles between 2.5°
and 25°. Minimizing the interaction of charged particles with the sub-system,
so that no further charged particles are produced, increases tracking ef ciency
and improves momentum resolution. Double-sided microstrip sensors (thick-
ness of 320 um), with a stereo angle of 7.5 will be mounted on carbon ber sup-
port structures. The Front End Electronics will be placed outside the acceptance
of the detector along with cooling and mechanical support structures to reduce

the material budget. The readout cables, made from multi-layers of polyimide-

2Complementary metal-oxide—semiconductor

3Dp/ p= preconstF;tJrcut:d Ptrue
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() (b)

Figure 1.5: The image shows the drawings of the MVD detector. The left image shows the full
MVD setup with its 4 stations, sensors, and cooling pipes (tubes on both sides). The light grey
color part consists of the heatsinks and mounting structures. The orange part contains the data
and Power Cables. The right side image shows a cross-sectional view with the 3rd station in full

showing a module. The image was taken from the MVD section of the CBM website [52].

Aluminium, will transmit analog signals from the sensor to the front-end elec-

tronics.

The silicon sensors of the silicon tracking system (STS) are made of n-type
oat-zone silicon, obtained by vertical zone melting silicon, and implants of p-
type material. The thickness of the sensors was chosen as 300 um to optimize the
signal-to-noise ratio and material budget. Thicker sensors produce better signal-
to-noise but more multiple scattering as well. The sensors are divided into 1024
strips on each side at a strip pitch of 58 um. The strip pitch was selected as a
trade-off among resolution, the number of readout channels due to the noise of
each read-out, and material budget. Smaller polar angles will receive a higher hit
density; therefore, the strip length will increase from lower angles to higher an-
gles. The central area of the rst two layers of the sensors will constitute sensors
with a strip length of 22 mm to get more granularity. The width of the sensors
is 62 mm but the height, due to the length of the strips, varies (22, 42, 62 or 124

mm). Each strip has a contact pad for the connection to readout.
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The sensors will be connected to the STS-XYTER through microcables to read
out, amplify and digitize the signal from the double-sided micro-strip sensors [54,
55]. The sensors (up to 10) and microcables, for readout, are mounted on support
structures (called ladders) made of carbon ber with lengths up to 100 cm, as
shown in Fig. 1.6b. This ASIC ® has 128 channels and to read a single side of a
silicon sensor 8 STS-XYTER ASICs are required, which will be put on a single
front-end board. There are 106 ladders in total in the STS assembly and 896 STS
sensors will be mounted on them. The ladders are then mounted on an Al support
frame called C-frame because of its C shape. An assembly unit of STS is shown in
Fig. 1.6¢ consisting of C-frame and electronics boards. Also, Fig. 1.6¢ shows the
main STS frame that will accommodate all the stations.

Simulation studies show that keeping the sensors under 10 °C will help in
preventing the deterioration of the momentum resolution of the detector [56]. To
receive equilibrated air ow throughout the detector, the cooling gas will have
to ow inside carbon- ber tubes. Similarly, the front end electronics will also
dissipate heat and that can cause the sensors to heat up, so they must also be kept

under 10 °C.

4Silicon Tracking System-X—Y-Time—Energy Read-out
Sapplication-speci ¢ integrated circuit
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Figure 1.6: The image shows the different components of the STS detector setup [57]. (a) The
image shows on the top left the double-sided silicon sensors that will be connected through the
microcables to the FEBs. (b) Sensors and cables mounted on a ladder. (c) The top image shows
an Al C frame to hold the ladders. The FEBs are on the top and bottom of the ladders and the
readouts are on the right side. The lower image shows the STS main frame to hold all the layers

of the tracking system.
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1.4.2 Particle Identi cation Detectors

Various particle species such as electrons, muons, protons, strange hadrons, and
nuclei will be produced by the interaction of the STS-100 beam with the target of
the CBM experiment. CBM has various particle identi cation detectors that can
provide particle identi cation (PID) hypotheses for the measured particles. In
this section, the PID sub-systems will be described starting from the one closest

to the target along the beam axis.

1.4.2.1 Ring Imaging Cherenkov

Electrons identi cation is important because the electron-positron pairs in the
low-mass (masg ¢ < 1 GeV/c?) range reveal information about chiral symme-
try restoration, the medium mass (1 < masg & < 3 GeV/c?) range give hints
about the reball temperature and the high mass ( masg ¢ > 3 GeV/c ?) is useful
for charm quark studies. In the Au-Au collisions of the CBM experiment pions
will be produced abundantly and they can be misidenti ed as electrons. To iden-
tify electrons with up to 8A GeV/c and segregate them properly from the pions,
the Ring Imaging Cherenkov detector (RICH) [58] is used. The RICH will be
placed after the STS and will have a size of 2 4 5 m [59]. To detect photons,
it will have Multi-Anode Photo-Multipliers (MAPMTs) and 80 trapezoidal glass
mirror tiles arranged in two half-spheres for focusing the photons. The RICH will
use as a radiator CO, gas at atmospheric pressure and will have around 28 hits
for a single electron cone's ring on the plane containing the MAPMTs. The radius

of the cone can be used to lIter electrons from other particles.

1.4.2.2 Transition Radiation Detector

The identi cation of electrons by RICH is restricted to the lower momentum re-
gion of p < 6 GeV/c. Also, the separation of deuterons from “He is not possi-
ble with the CBM primary detector for hadrons identi cation (the TOF detector),
only. The Transition Radiation Detector (TRD) will [60] augment the pion sup-
pression (by 10 to 20 times) in the low-mass, medium-mass, and high-mass re-

gions. It will also help to distinguish nuclei fragments *H from ?H and “He. The
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TRD will be made from MWPC © and will be lled with either Xe/CO  ». The TRD
will have 4 layers and will have two different types of modules (57 57cn? and
99 99 cn?) and it will be placed after the RICH.

1.4.2.3 The Muon Chamber

For the identi cation of muons, the Muon CHamber (MuCH) of the CBM exper-
iment will be used [61]. The MuCH will be put behind the STS and will replace
the RICH to study di-muons from the decay of low-mass vector mesonsand J Y.
The MuCH will contain 6 absorbers and tracking stations, to track the particles
passing through it. Apart from the rst absorber, graphite, and concrete made,
the other 5 will be made from Fe with varying thicknesses. For tracking the Gas
Electron Multiplier will make up the rst two stations because of its resolution
and can operate at high rates. The 3rd and 4th stations will be Resistive Plate

Chamber based.

1.4.2.4 TOF wall

The Time-Of-Flight (TOF) wall is the main PID sub-detector of the CBM experi-
ment for charged hadrons such as pions, kaons, and protons [62]. It will be con-
structed using Multi-gap Resistive Plate Chambers and cover an area of 120 m?.
The TOF wall will have a time resolution of approximately 80 ps to record the
time of charged particles passing through it accurately. Located at a distance of
6 10 m from the target, the TOF wall will face an incident-charged particle ux
in the range of 0.1 100 kHz/cm 2 as a function of angle due to the 10 MHz in-
teraction rate of CBM. Because of the different uxes, TOF will be modular, and
its elements (modules) will be located according to rate requirements. There will
be 6 different types of modules and a total of 226 modules will be integrated into
the TOF wall.

One can use the time parameter from the time detector tg to calculate the mass
of a charged particle using the equation:

!
2

t
mas$ = p? % 1 (GeVic?)? (1.2)

6Multi-Wire Proportional Chambers
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with p representing the momentum of the charged track, ttor = tst to offset
time between TOF and time detector including offset, | distance, and c the speed
of light (constant value). The ts; can either come from the TOF wall or another
beam monitoring detector, a beam fragmentation detector. Matching a TOF hit
to a corresponding track in the tracking system can provide the p of the charged

track since p is saved for each track during tracking.

1.4.3 Collision Geometry Determination Detector

The impact parameter between the two colliding nuclei in a heavy-ion collision
reveals information about how central the collision was but one cannot directly
measure this quantity. Some parts of the colliding nuclei take part in the collision
while others do not and are referred to as spectators. To nd out the central-
ity and the orientation of a heavy-ion collision a detector is required to measure
the energy and spatial distribution of the spectators. At the current stage, vari-
ous types of detectors based on other experiments such as the HADES forward
wall [63] and the event plane detector of the STAR experiment [64] are under con-
sideration for such a sub-system. As of March 2023, the underlying technology

for the forward detector is still under investigation.

1.4.4 Data Acquisition System

There are no straightforward observables that can be used to apply a hardware
trigger on the streaming readout system, therefore, the CBM experiment, due to
its high interaction rate, will produce data at a rate of around 1 TB/s [65]. A
system containing 200 FPGA-based Common Readout Interface boards will pre-
process the data before sending it to a computing farm via optical bers. Events
are reconstructed and ltered by the First-level event selector at the computing
farm. The selection of interesting events is performed from the physics point of

view, and the data of the selected events will be saved on tape.
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1.4.5 CBM Reconstruction Chain

A charged particle traversing the tracking detectors leaves hits in the detectors.
Three hits are then combined to form triplets which are then converted to track
candidates and selection criteria are applied to select tracks. Tracks are tted by
the Kalman Iter method that returns various track parameters. Tracks sharing
origin in time and space are grouped to form a single event.

When a charged patrticle traverses the bulk region of the silicon sensor of the
STS, electron-hole pairs are created and they drift in the presence of an applied
electric eld toward their respective electrodes. Current sensing ampli ers am-
plify the current and the response is digitized by a digitizer. Adjacent hit strips
by a charged track with a joint time stamp are grouped in a cluster. The center of
gravity (COG) equation ( Xcoc = & clusterSiXi/ & clusterSi) gives the cluster posi-
tion when the position of the ith strip, X;, and the signal amplitude, S; are known.
If the two clusters are associated with the p and n sides of a single sensor and
they are inside a pre-de ned time window then the cluster is referred to as a sin-
gle hit. In the case of MVD, the discriminator on the pixel detects a hit, and then
this information is forwarded to the readout.

A cellular automaton based track nder algorithm is used to reconstruct tracks
in the CBM experiment [66]. Cellular automaton was chosen as the optimum can-
didate, in terms of speed and ef ciency, over other algorithms such as conformal
mapping, hough transformation, and track following. The algorithm takes in hits,
containing position and time coordinates, in the input from the tracking system

and reconstructs tracks. The algorithm has 3 main steps:

1. Three hits on consecutive stations are combined into tracklets (triplets)

2. Tracklets containing two common hits are merged to form candidates for

tracks

3. Selection criteria are applied to the candidates to Iter reconstructed tracks.

The above steps are repeated three times to reduce combinatorics and increase
ef ciency. In the rst attempt easier tracks (high-momentum primary tracks)
are reconstructed, and the associated hits are eliminated in the other two itera-

tions. In the second iteration, low-momentum primary tracks are reconstructed
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and the related hits are discarded in the next iteration. Finally, all other tracks
are searched. In step (1), only those hits are combined that coincide with each
other in time. Step (1) is the most computationally expensive and creates huge
combinatorics but step (2) and step (3) reduces that consecutively. Tracks candi-
dates' construction begins at the last layer and goes toward the target. The triplet

structure was selected because momentum can be calculated from three hits.

The Kalman Filter (KF) method is used to estimate track parameters [67]. A
state vector is used to parameterize the track and gets updated by a measurement
of a hit. The Kalman Gain, which depends on the uncertainties of the measure-
ment and track estimate, controls the updating of the state vector. The c¢? matrix
encapsulates the difference between the measurement and the track estimate. The
quality of the Kalman t is checked using the distribution of the  ¢2. The saved
track parameters include initial and nal coordinates, slopes, time, and o p(qgis
the electromagnetic charge sign). Similarly, the position of the PV is found by
the KF method where extrapolated to the PV state vectors of tracks are used as

measurements.

Stable charged particles such as protons and electrons or particles with the ct
(cis the speed of light and t is the mean half-life) larger than the length of the
tracking detector are reconstructed directly by tracking. However, short-lived
particles (e.g. K2 and L %) with ct smaller than the length of the tracking detector
need to be reconstructed by using their daughter tracks. If a short-lived particle
decays and the hits of the charged daughter tracks are available then the point
of the decay of the mother particle, the secondary vertex (SV), is reconstructed

using the KF method in the KFParticle package [67].

The event builder algorithm groups the reconstructed tracks into different
events based on the time, which is obtained as a t parameter during track t-
ting using the Kalman Iter t. Tracks are propagated to the PV and the time
parameter value in the KF along with its error is used for the assignment of a
track to a particular event. Initially, a track with the least ¢? and smallest time
error st is used as a seed for the event. Other tracks are added to the event if they
coincide within 3 s; of the time of the seed of the event. After the event builder,

the tracks of an individual event are saved separately.
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1.4.6 Reconstruction of L ° Hyperon

For the reconstruction of short-lived particles through a speci ¢ decay channel,

all the candidate daughters are combined. The reconstructed short-lived candi-
dates are mostly combinatorial pairs when the particles to be reconstructed are
rare particles. Therefore, certain variables need to be reconstructed with the help
of which true short-lived particles (signal) can be distinguished from the combi-

natorial combinations (background). This work focuses on the reconstruction of
L O (referred to as L from now onwards) hyperon and its selection criteria opti-

mization so the variables which have separation power for L will be discussed
here. The decay with the largest branching ratio (63.9%)for L isL3  p*p with
p*
To reconstruct L through the mentioned decay channel, all positive tracks (hy-

representing a proton and p representing the negatively charged pion [68].

pothesized as protons) will be combined with all negative tracks (hypothesized
as pions).

Au-Au collisions are simulated with collision simulators, at  ppeam = 12 A
GeV/c, such as DCM and UrQMD and the produced particles are transported
through the CBM setup (APR20 version [69]) in the Geant4 [70] engine. The
tracks are found by the cellular automaton package and the KFParticle package
(PFSimple [71]) is used to reconstruct L candidates from all the negatively and
positively charged tracks. The analysis has been performed event by event and
not time based. In the future, it should be performed on time based simulations
but the over all procedure of this analysis will not change. The combinatorics
contain more combinatorial background than the signal (MC true L ). From now
onwards, when the data generated by these generators will be mentioned it will
mean that the CBM reconstruction chain has been implemented and L candidates
have been reconstructed. If the discussion will be about simulated L s by these
generators, without the CBM reconstruction chain, then the word simulated Ls
will be used.

The distance of the closest approach between the PV and the daughter (d)
of a short-lived particle when extrapolated to the PV can be used as a criterion
to separate the signal from the background. This means that a daughter track

that originates closer to the PV is most likely not produced by hyperon decay.

20



@ (b)

Figure 1.7: The variables associated with aL decay to p* (blueline) and p ((red)) are illustrated.

; 2 2
The variables Chrim p orim p

tween the PV (magenta circle) and SV (cyan circle) L is illustrated in the drawing in 1.7b.

+,C , and DCA associated are illustrated in 1.7a. The separation be-

The extrapolation of d to the PV means that the uncertainties will also increase
because there is no tracking layer very close to the PV. The distance needs to be
divided by the errors to take the uncertainties into account. The distance of a
daughter to the PV divided by the error is represented by czrim 4 in this work. It

p
is de ned as:

Coima = Drg pv(Ca+ Cpv) 'Drg py (1.3)

with Dry py representing the distance of the closest approach between the daugh-
ter d and the PV [72]. The covariance matrix associated with the track of the
daughter d is Cq, and the covariance matrix of the state of the PV is Cpy. Fig. 1.7a
illustrates the L decay in terms of its daughters, i.e., p* (blue line) and p (red
line), and the magenta circle represents the PV. For the daughter p*, c%rim qisil-

lustrated as c2 . andforthe p itis shown as c?2 .FortheL ! p*+p

prim p prim p
decay the p (p*) from 17000 Au-Au events generated by UrQMD, variable

2 2
Cprim p (C prim p

ground and black color showing the signal distribution.

+) is shown in Fig.1.8d (1.8e), with red color showing the back-

The point of closest approach between the daughters is bene cial for the ini-
tial approximation of the SV and also for the segregation of the signal from the
background. The shortest point of approach can be used to calculate the dis-
tance of the closest approach (DCA) and those tracks with longer distances can
be regarded as combinatorial backgrounds. The DCA is illustrated in Fig. 1.7a

with the cyan color. Similarly, those tracks which have small values (a few cm)
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of DCA can be regarded as good candidates for the signal. The DCA, in units of
cm, distribution is shown in Fig. 1.8b for signal and background. Finding the SV

requires the extrapolation of the daughter tracks. This increases the errors of the
parameters of the tracks and therefore DCA can be normalized to its errors in the

form of Cgeovariable. It can be de ned as:
Cgeo Dr (C + C ) 1Dr 1 d2 (| 4)
g di d2 dl d2 di d .

with Drg; 4o representing the distance between the two tracks, and Cy; and Cyo
the error matrices of the daughter tracks. A smaller portion of the céeodistribu-
tion is shown in Fig. 1.8a for better visualization of the two distributions.

The distance between the PV and the SV can also be used to separate the signal
from the background. This distance is illustrated as a drawing in Fig. 1.7b as a
double-sided arrow and indicated by L. The selection criterion based on such
a variable works because the smaller the distance between the PV and the SV
the smaller the chance that the daughter particles are originating from a decay.
Therefore, a variable L/ DL, i.e., the distance between PV and SV normalized on
the errors is made for the isolation of the signal from the background. The L/ DL
for the L decay is shown in Fig. 1.8c in a smaller range.

For the identi cation of charged patrticles, PID detectors can be used alongside
the tracking detectors. In the case ofL , the charged decay daughters arep and
p* and for their identi cation, the mas$ information from the TOF wall can be
used. The distribution of mas$ in units of (GeV/c?)? for p* (p ) is shown for
signal and background in Fig. 1.8g (1.8f). The variables used in this study are
summarized in Table 1.1. Also, the other detectors of CBM such as the TRD and
RICH can be useful to separate the electrons from thep but they are not used in
this study. In the future, the information from them can be also incorporated into

the reconstruction and selection of short-lived particles.

22



Variable

Description

Cgjeo
L/ DL

mas%

mas%+

Squared distance normalized to error between p and PV

Squared distance norm

Distance of closest

alized to error between p* and PV

approach betweenp® and p

Squared DCA normalized to its error

Normalized to its error distance between PV and SV

mas$ of the p from TOF

mas$ of the p* from TOF

Table 1.1: The variables associated with the L decay and its daughters, i.e., p* andp .
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Figure 1.8: The variables associated with the L reconstruction are shown here in the log scale on

the y-axis. The L candidates were reconstructed from the UrQMD simulated L s.

24



Chapter 2

Machine Learning Theory

New accelerator facilities are aiming to provide high beam luminosities, driving
research to upgrade detector technologies [73]. The increase in the beam intensi-
ties has allowed HIC experiments to operate at increasing interaction rates, i.e.,
up to a few MHz [74]. Simulations of HICs through collision generators predict
experimental results such as particle yields with high precision, and the interac-
tion of the produced particles with detector material is also well simulated within
Geant4 [70]. For the processing of this data, algorithms are required that can
learn from the simulation and experimental data and analyze the real experimen-
tal data. Machine Learning (ML) algorithms have been used in HIC experiments
for various purposes such as tracking, identifying particles, and selection criteria
optimization of reconstructed particles [75, 76, 77].

This chapter de nes ML algorithms and describes the eXtreme Gradient Boost-
ing (XGBoost) algorithm. It also highlights the optimization of hyperparameters
(HPs) of ML models using different techniques. Various tools to quantify the
performance of different ML models are also discussed brie y. Finally, the inter-

pretation of ML models is described.

2.1 Introduction to Machine Learning

ML is a division of computer science where algorithms are designed to predict an
outcome (y9 by learning from the data. The algorithm may be used to nd pat-

terns or learn correlations in the data. The algorithm learns from the variables or
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features (X = X1,X2, ,Xp) of the data. After learning, the algorithm can predict
an outcome when provided with the same features of the data not yet seen by
the algorithm during the training stage. Mathematically, the ML model is a map-
ping from the features to the prediction, i.e., f(x) = y% Sometimes in the training
of the algorithm, the target or output ( y) is also given as an input, the goal is to
learn the correlations between the variables and the target, this type of learning
is called supervised learning [78]. In another case, unsupervised learning, the
algorithm is given only the features, and the algorithm clusters subsets of data
based on the values of the features. In both cases, after training the ML model, it
is deployed on the unseen or test data, and the performance of the algorithm is
evaluated on this unseen data.

In the case of supervised learning a cost function c(y,y9 is used to train the
algorithm and also to evaluate its performance on the test data. During the learn-
ing stage, the algorithm learns from the data by minimizing the cost function. A
well-trained algorithm has a lower cvalue on the test data. If the dependent vari-
able, y, is a continuous value then the mapping f(x) is called a regression, and
often the cost function c(y,y9 = (y y9Z2is used. If the responsey is a category
or a number then the prediction is known as classi cation and the most used cost

function is the negative log-likelihood de ned as

c(y,p)= [y log(p)+(1 y) log(1 p)l (2.1)

Here pis the predicted probability or output, and the minus sign ensures that the
minimization of c(y, p) is required to make the difference between y and p small,
without the minus maximization would have been required. If the number of
categories is two then the classi cation is called a binary classi cation and this
thesis focuses on binary classi cation. For simpli cation, the two classes will be
0 (noise/background) and 1 (signal), and the goal will be to segregate these two
classes on the basis of certain input features.

To perform the task of a binary classi cation various ML algorithms are avail-
able and they are optimized for speed and performance. For example, the ML
algorithm decision tree (sec. 2.2) is a simple and fast algorithm but with lim-
ited power of prediction on complex data sets. Complex means that the data

is large and has many variables and each variable has a low separation power of
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distinguishing the different classes. While complex algorithms such as XGBoost
(sec. 2.3.1) are useful for large and complex data sets they take often longer to be

trained and deployed.

2.2 Decision Trees

A Decision Tree (DT) is a sequential ML model that is used in supervised learning
for classi cation and regression. In each step, an if-else condition is applied to the
data to partition it into different groups. The point where the condition is applied
is called a node while the data passing the condition is stored in one category, i.e.,
a so-called leaf, while the data not passing the condition is stored in another leaf.
The selection of the condition at each node is made through a process that aims
to maximize the purity of the data in the leaf nodes relative to the data in the
parent node. Because of nding the quickest way to optimize the selection, DTs
are called greedy algorithms. The goal is to have a leaf with one class only if no
pruning criteria, e.g. a limit on the depth of the tree, are set. Pruning prevents
the DT from over- tting on the training data and therefore makes it generalized.
DTs are preferred over other complicated black-box models because they can be
easily interpreted [79].

One of the selection criteria for deciding to split the data is maximizing the

information gain

| = Enode < Beaves™ - (2.2)

The entropy (E), measures the impurity of a leaf/node, for each class i is de ned
asE = aLl,( plogp) with p as the probability of each class in a node/leaf.
The < Eeaves > represents the average entropy of the leaves. The probability p
for a classi is calculated by taking the ratio of the samples of this class to the total
number of samples. Every variable is scanned, and the variable which gives the
maximum information gain at a particular value is selected. At the next node,
again the same selection is applied and sometimes one variable is used multiple
times. This makes the selection non-linear.
Table 2.1 shows some made-up data for two classes, i.e., 1 and 0 as speci ed

by the target variable. Figure 2.2 shows a made-up structure of a DT. Tree depth
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is the number of decision nodes in a tree, for example, the tree of Fig.2.2 has
a depth of 2. The goal of the decision tree is to classify the two classes based
on the variables provided. The entropy at node O can be calculated as the sum
of the entropy of each classE = (1/2)( 1)+ (1/2)( 1) = 1, where the
probability of each class is 1/2. Leaf 1 gets the same target value samples so
its entropy is 0, since logpl = 0 and the entropy of the other leaf (labeled as
node 1)isé = ( 1/4)( 2)+( 3/4)( 0.415 = 0.811. An information gain
of | = 1 (0+ 0.8)/2 = 0.594 has been achieved through the rst selection.
This information gain is more than the gain which can be achieved if Var2 is used
instead of Varl, i.e., | = 1 (0+(( 2/5) ( 1.322)+(( 3/5)( 0.739) =
0.51. Similarly, at node 1 a selection criterion on Var2 splits the data to increase
the information gain. The response of the tree to predict the target in terms of
variables Varl and Var2 can be written as

3
f(var) = § Ojlf (varl,var2) 2 Rig (2.3)
=1

with R as a leaf and O; as the response, output value of the individual leaf, of
the DT model, [78]. Thus for an element in a leaf x 2 R; the tree response can
be summarized as a constant value, i.e., f(x) = O;. In the example (Tab. 2.1),

sample 1 in leaf 1 has a prediction value of 1.

S.No. Target Varl Var2 Node O

1 1 10 30 varl<20

2 0 20 30 Z

3 1 15 30

4 0 30 20 leaf 1 Node 1

5 1 30 10 samples 1,3 var2>10

6 0 30 30 Z
Table 2.1: A table of pseudo-data to leaf 2 leaf 3
show how a DT will classify the two samples 2,4,6 sample 5

classes of the target variable based on
the variables Varl and Var2. S.No. is Table 2.2: A DT to classify the classes in the target

the sample number. according to Varl and Var2.
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2.3 The Gradient Boosting Algorithm

DT-based results are easily interpretable but the algorithm, with a limited tree
depth, is a weak learner (models performing a little better than guessing). There-
fore, the DT algorithm only works well for less complex and smaller datasets.
One way to combine weak learners, such as DTs, to get a strong learner, with
good accuracy, is gradient boosting [80]. The DTs are combined in an iterative
way to get a nal classi er that takes into account all the previous results of all
the trees. Suppose, there is a dataseD = (xi,yi)i”: 1 With X = (Xi1,Xi2, Xin)
representing the independent variables and y the target variable of the n samples
in the data. A cost function c(y;, F(X;)) can be used to quantify the prediction
performance of ML model F(x) on some data. In the case of classi cation, the
differentiable cost function often used is the negative log-likelihood (eq. 2.1) of

the observed data (y;) given the ML prediction F(x;), i.e.,

c(yi, F(x)) = Iyi log(F(xi)) +(1 yi) log(1 F(xi))]. (2.4)
The main gradient boosting algorithm proceeds in the following steps [78]:

1. Initialise the ML model with a constant value
n
Fo(x) = argmin & c(yi, F(x;)) (2.5)
i=1

2. Fit m-th DT to the datawhere m2f1,2,3, ,Mg:

(&) Compute the pseudo-residuals (riy) for m th tree for all n samples at
F(x) = Fn 1(x),i.e.,

Mty ooy
m TF(xi)

(b) By tting a regression tree to the iy, values, leavesR;, are created. For

(2.6)

each leafj intree m,i.e.,j = 1, ,Jn, the output value is determined

by
Ojm = argmin g c(yi,Fn 1(x;) + O) (2.7)

Xj eRij

often Ojn, is not easy to solve and Taylor expansion is used

c(Yi, Fm 1(x)+ O)  (Vi,Fm 1(X))

1
+ grad dy;, Fn 1(x))O =

2hess eyi, Fm 1(xi))0O? (2.8)
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(c) Update the previous prediction

Jn
Fn(X) = Fn 1(x)+ h é Ojm!(xeRjm) (2.9)
=1

3. The nal classi er is the combination of all trees in Ry (x).

eq. 2.5 is initialized for binary classi cation with  log(p/ (1 p)) of the differ-

ent classes present in the data with p as the probability of one of the classes in
the data. With the selected cost function eq. 2.4, the pseudo-residuals in eq. 2.6,
will become ri, = y;i p, i.e., the difference between the actual class label and
the probability for individual entry. The algorithm is named after the step in
eq. 2.6 as Gradient-Boosting. The grad (related to gradient) in eq. 2.8 is the rst
order derivative ( W‘:nl)) and the hess (related to Hessian) is the 2nd order one
(#jm)' The h in eq. 2.9 is a regularization term and it scales the contribution
of the tree, éf‘;‘leml(xeij), by a factor 0 < h < 1. Empirical evidence [80] sug-
gests that smaller values of h result in better test data performance but require
more trees (M) with lower values of depth; therefore, F(x) becomes computation-
ally expensive. Subsampling is another regularization parameter that reduces
computing usage but increases the performance of the model on the test data. If
a subsampling of 0.8 is selected this will lead to the selection of 80% of the total
training data and the next tree will be trained on it. This will reduce the comput-

ing power by 20% and will also make the model less dependent on the training

data.

For example, the initial prediction for the data in table 2.1 will be Fy(x) =
log(p/ (1 p)) = log(0.5/0.5) = 0. Therefore, all candidates will be treated as
background and pseudo-residuals in eq. 2.6 will be calculated and will be r =
( 1,0, 1,0, 1,0). Atreeis used to predict the pseudo-residuals, instead of the
target, using the variables Varl and Var2. To prevent the tree from over- tting
onto the data h = 0.2 can be used and the nal classier in eq. 2.9 p will be
F(x)= 0+ 0.2 éf;lojll(xele). To improve the result, another tree could be
added and this time the prediction of F(x) will be the initial prediction and the
nal classi er willbe Fy(x) = FR(x)+ F(x)+ 0.2 éjJilezl(xeRjz).
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2.3.1 XGBoost

To create a library that uses the gradient boosting algorithm ef ciently and effec-
tively Tiangi Chen and Carlos Guestrin introduced Extreme Gradient Boosting
(XGBoost). XGBoost is better than other boosting libraries in terms of speed and
accuracy. It offers parallel processing and can handle missing values. It has won

several ML competitions and is an open-source project [81].

2.3.1.1 The XGBoost Algorithm

Since XGBoost is a gradient boosting algorithm, most of the theory of sec. 2.3
applies here. However, some changes were made to the original algorithm to
modify it for speed and accuracy. An initial prediction, Fy = 0, is used for all
candidates of the target variable, and residuals rj,, (eq. 2.6) are calculated. DTs are
added iteratively to predict the residuals using variables of the data, excluding
the target variable, and the nal classier is a combination of all the previous
ones. For a classi cation problem, the cost function in eq. 2.4 is used but an
additional term is added for regularization, i.e., gR+ 0.5 O2. R represents the
total number of leaves and g is a pruning term, i.e., it controls the depth of a
decision tree. The regularization term 0.51 O? takes into account the output value
of aleaf O and then shrinks it by a factor | . The output values (Ojy,) of the leaves
(Rjm) for the m-th tree are again calculated using the Taylor expansion mentioned
ineq. 2.8. If I is the instance set of leaf j then Oy, in terms of the new cost-function

become
iz, 9rad
&izi hess+ 1~

Ojm = (2.10)

However, instead of using the impurity measure mentioned in sec. 2.2 as the

splitting criteria for node into leaves, XGBoost uses a score given as

R (&i2), grad)
scores = 8 Ryl ¢ (2.11)
2j=1 a2l hess+ |
The gain achieved by two leaves, | and I, after a split is given by
n #
1 & gradf &iz1, gracf 821, 9rac
Gain= - + - - g. (2.12)
2 &j hesst |l &jp,hesst | &y  hesst |
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A node is split into leaves if eq. 2.12 is greater than zero. Sog and score control
the splitting of the node to leaves and therefore g regularizes the depth of the
tree.

Finding the best split exactly using eq. 2.12 is very costly for bigger data sets
and therefore an approximate method is also available. In this method (hist tree),
the data in a variable is divided into percentiles and then the splitting of a node to
leaves is checked on these percentiles. Whichever percentile corresponds to the
biggest gain will be selected to split the data. If a feature has missing values then
during the data splitting from node to leaves, the missing data entries are added

to different percentiles and the one resulting in the highest gain is selected.

2.3.1.2 Hyperparameters of XGBoost

Apart from the HPs discussed in section 2.3, i.e., tree depth (max _depth), number
of trees (n_estimatoror negt for short), h, and subsampling, XGBoost offer a wide

variety of HPs.

* | : regularization parameter controlling output values of leaves. It is also
known as L2 regularization and a higher value will mean a more conserva-

tive model.

g- pruning parameter that controls tree depth

a: L1 regularization that control leaf outputs, i.e., eq. 2.10. Increasing it

makes the model more conservative.

subsample: By de ning this fraction the algorithm selects a subset of the
training data based on this fraction. Subsample 0.8 means that XGBoost
would randomly sample 80% of the training data before growing trees to

minimize over tting.

scale position weight (scale P-W): This controls the weights of different
classes if the data is unbalanced: different classes do not equally populate
the data.

Here L1 regularization originates from Lasso regression where the absolute value

of output is regularized by a regularization parameter | . While in L2 regulariza-
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tion, i.e., Ridge regression the square of the output is regularized by the | . There
are also other HPs but since they are not used in this work, they will not be dis-

cussed here.

2.3.2 Treelite

The Python implementation of XGBoost is slow when it comes to predicting the
outcome for a very large data set e.g. data of Terabytes in size. In high-energy
physics, selection criteria are generally optimized on a local computer (host ma-
chine) on a smaller data set. The optimized selection criteria are then utilized
on larger data on a supercomputer cluster (target machine) with 1000s of Central
Processing Units (CPU).

The treelite [82] can convert the python-based XGBoost model into a C++ li-
brary and therefore offer accelerated performance in terms of speed. It was made
with the intention to install treelite on the local machine and then take the trained
ML model to the host machine without installing any software. The library con-
verts the decision rules of XGBoost into if-else conditions. For example, a tree
node division into leaves is converted into a single if-else rule and if the leaf
further divides then other if-else conditions are added into the parent if or else

condition.

2.4 Hyperparameter Optimization

ML algorithms are often complex mapping functions from observables to an out-
put distribution. To t the mapping functions such that they t the train data

and also have useful predictions on unseen data, the number of the free param-
eters of the mapping function needs to be found. The mapping is then tted
on the training data by nding the values of the t parameters. The resulting
mapping is then tested on some unseen part of the data (test data). Some pa-
rameters improve the performance of the mapping on the available data while
others control over- tting on it so that the prediction power on unseen data

is comparable to the one on training data. Generally, a cost function, such as

c(x) = true label ML prediction, i.e., the difference between the true target
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label value and the ML output value, is used to quantify the performance of the
ML model. The free parameters of the mapping are often so many that one needs
an automatized tool to nd them.
If there is an ML model and it has N HPs to be optimized then the total space
of HPs is:
X=c1 C» CN- (2.13)

The individual domain of the i-th HP is ¢; and a vector from this space would
be x 2 X. When an ML model such as a classi er is applied to certain data it
gives predictions for the target label. Algorithmically, one is trying to minimize
or maximize a cost function c(x) such as:

X = arg min c(x). (2.14)

X2 X

Here the cost function measures the performance of the ML model on the test
data and the x is the best HPs vector. The goal of an HP optimization algorithm
should beto nd x efciently in terms of computation power.

For example, in the case of XGBoost, these parameters can be the number of
trees (nesy, max depth the h, etc. If an HP, like the number of trees, is selected and
the domain is selected to be between 1 and 1000, therc = f1,2, ,100Q. Sim-
ilarly, if an HP such as the depth of each tree is selected to have values between
1 and 20, thenCmay gepth = 1,2, ,209. The total space would be Xxgpoost =
Cnest Cmaxdepth EXamples of x 2 XxgpoostWill be x; = (1,1), x2 = (1000, 9,
and x3 = (11000, 20. In total 1000 20= 20, 000 differentx will be in Xxggoost

2.4.1 Sequential Model-based Global Optimization

Brute force searches such as grid search, where HP points are placed on a lat-
tice, are computationally expensive because it searches the provided space exten-
sively [83]. As an alternative, Bayesian optimization [84] can be used to nd the
HP more quickly. In sequential model-based (SMB) bayesian optimization a sub-
sample of X is selected with a sampling strategy such as random, quasi-random,
and Latin hypercube sampling. On a sub sample of X, a setkE = f(xq,¢c(x1),
,(Xj,c(xj)) g is created by evaluating the expensive cost function, c(x) at each

vector x 2 c¢. A surrogate model S (generally probabilistic regression) is tted
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to E and a probability distribution p(c(x)jx, E) is created. The probability dis-
tribution should contain the uncertainty of the surrogate model for mimicking

the cost function. New locations within X are iteratively selected by optimizing
a selection function A which uses the surrogate model instead of the expensive

objective c(x) for the HP optimization.

2.4.1.1 Tree-structured Parzen Estimators

Tree-structured Parzen Estimators (TPE) is an SMB optimization algorithm. In-
stead of predictive distribution over the cost function, p(c(x)jx, E), it models
p(xjc(x), E) and generates two density functions, i.e., h(x) and j(x) [85]. Both h(x)
and j(x) model the domain variables when the cost function is below and above a

speci ed quantile c(x) (usually setto 15%):
8

2 .
p(xjc(x),E) = hG) el < o) (2.15)

Ti) ifox)  o(x)
The ratio h(x)/ j(x) is related to the selection function A and is used to predict
new HP. A tree of Parzen estimators for conditional HP is used by TPE and has
been shown to perform well on different datasets [85, 86]. It is easier to under-
stand, computationally less expensive than conventional methods and offers the
option of parallelization. The disadvantage of TPE is that it does not model inter-

actions between HP.

2.4.1.2 Evolutionary Strategy

The nding of HPs is an optimization problem, and since Evolutionary Strategy
(ES) is a stochastic search algorithm, therefore, can also be used to nd HPs. In
an ES, a subset ofX is taken as a population and then one X; = ( Xj1, Xi2,  ,Xin)
is selected randomly as a parent. An offspring xiO is generated from the parent
by adding an independent mutation ( d), sampled from a normal distribution to
one of its N variables e.g., xi0 = (Xj1+ dz,Xj2, ,Xjn). Here zis a random vec-
tor coming from a normal distribution. The mutation part is the stochastic part
of the algorithm. A selection procedure then lters the worst samples from the

population and therefore one is left with a number of x as the best HPs [87]. The
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disadvantage of these algorithms is that they are very slow and therefore compu-
tationally expensive.

A popular ES algorithm is the Covariance Matrix Adaptation Evolutionary
Strategy (CMA-ES) [88]. In this method, the offspring is created not from a single
parent but from a weighted mean of the population where the best candidates
get a higher weight. The offspring are then mutated by adding terms to variables
from a normal distribution with zero mean and variance that comes from a co-
variance matrix. This covariance matrix is updated at each iteration and therefore

the new population generated is based on it.

2.4.2 Optuna

Optuna [89] is an HP optimization library that offers ef cient sampling and prun-

ing algorithms. The library provides different sampling methods such as grid
search, random search, relational, e.g., CMA-ES, and independent, e.g., Tree Parzen
Estimators (TPE). The relational method uses the correlations among the param-
eters while the independent method samples each parameter independently. The
library optimizes the HP by using a loss function, which takes in HP and gives
back a validation score. In every trial, an improved validation score is searched.
Optuna can generate HPs through the "suggest API" within limits provided by

the user. The library makes the search more ef cient by applying pruning meth-

ods through its "should prune APL." Through pruning, it terminates a trial in

which a pre-de ned condition is not met.

2.4.3 Cross Validation

For a simpler data set, with fewer variables having great separation power be-
tween classes, one often splits the data into two parts, i.e., train and test data. The
ML algorithm is trained on the train part and is evaluated on the test part. How-
ever, if the data sample is complex, more variables with less separation power
and one needs the HPs of the ML model to be tuned separately, then one can
divide the data into three equal parts. One part of the data will be used for nd-

ing HPs, one for training, and one for testing the ML model. Often generation
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and handling of such big data are expensive. There is a better strategy of k-fold
cross-validation where one divides the data into the conventional train and test
data and then further divides the train data into k equal subsets [78]. Then one
uses all k-1 subsets, selected randomly out of k subsets, to train the ML model on
a particular vector of HPs and uses the kth subset to evaluate the model perfor-
mance. The same process is performed k times and the average performance of
the model is calculated. In the search to nd a new and better HPs vector than
the previous one, another HP vector goes through k-fold cross-validation. This
process is repeated several times and the best HPs are found.

After nding the best HPs the complete training data is used to train the ML
model. Now to check the performance of the ML model on data that it has not
seen during the HPs optimization stage, the model is deployed on the test data.
The difference between the test data target and the ML model output is used to

guantify the performance of the ML model.

2.5 Model Performance Evaluation

To quantify the performance of the ML model on the train-test data sets a cri-
terion is required. This criterion should reveal the variance and bias of the ML
model on the train-test data sets. Often a confusion matrix (CM) is used to quan-
tify the performance of an ML classi er on different data but a selection needs
to be applied to the ML output for that. A CM [90] for a binary classi er con-
tains 2 rows and 2 columns as shown in Fig. 2.1 left. The top left column shows
the number of true class 1 candidates correctly classi ed as class 1 candidates by
the classi er i.e true positives (TP). The top right plot shows the number of true
class 1 candidates misidenti ed as class 0 candidates, i.e., false negatives (FN).
The bottom right shows the class 0 candidates correctly classi ed, i.e. true neg-
atives (TN), while the bottom left shows the misclassi ed background, i.e., false
positives (FP). To check the performance of the ML model on many selections,
creating and analyzing CMs is time-consuming.

The CMs for many selections on the ML output can be quanti ed by making a

plot of true positive rate (TPR) vs false positive rate (FPR) in a Receiver Operating
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Figure 2.1: The left drawing shows a confusion matrix for a binary classi er. The y-axis labels are
the true labels of the data, and the x-axis labels are the classi er-predicted labels. The right side

drawing shows a CM normalized to 1 for an ideal classi er.

characteristic Curve (ROC). Where TPR and FPR are de ned as:

TP TN
TPR= 757 ENn  FPRE TN+ Fp

(2.16)
In terms of two classes in the binary classi cation, the TPR is the ratio of true class
1 candidates classi ed correctly to the total true candidates of class 1. Similarly,
FPR is the ratio of the correctly classi ed class 0 candidates to the total class 0 can-
didates. The Area Under the ROC Curve (AUC) of the ROC plot can be used as
a criterion for distinguishing different models. Fig. 2.2 shows the performance of
an ML model on two data. Generally, a higher value of ROC-AUC indicates better
classi cation performance for an ML model, but this is not always the case. For
example, a model with more complexity can give a better ROC-AUC on train-
ing data (Fig. 2.2 left, blue dash-dot line) but not better results on the test data
((Fig. 2.2 right). Therefore, a good classi er will have high ROC-AUC on both
train and test data. An ideal ML model will have ROC-AUC equal to one while

random guessing will have a 50% chance of success if the two classes are equally

likely to appear in the data.

2.6 Model Interpretability

A supervised ML model is a complex mapping from input variables (the indepen-
dent ones) to a target variable (the dependent one) with many hyper-parameters

and is not easily interpretable. The functionality of ML models is not easily un-
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Figure 2.2: The left side images shows the ROC plot for the train data set. The right side plot

shows the ROC plot for the test data. All the models trained had a xed learning rate of 0.1.

derstandable by mere visual inspection. Approximation of an ML model by a
simpler model is required to interpret the results of the ML model intuitively.
Models which approximate the ML model locally explain individual predictions
of the ML model and then selecting multiple such predictions reveals the inner
workings of the ML model. For example, the simpler explanation model can be a
linear regression model or a decision tree.

The Shapley Additive exPlanation (SHAP) library approximates the original
ML model, f(x), locally (on a single input x) by an explanatory model, g(x9, [91].
It is not made for some speci ¢ ML model and can be applied to any ML model.
A mapping function x = hy(x9 connects the original inputs x to simpli ed inputs
x% Individual feature i 2 N (e.g. the DCA between two tracks), is given a SHAP
scoref; and the ML model is approximated in additive feature attribution way
as:

N
f(x) = g(x9=fo+ & Fx° (2.17)
i=1

with x°2 f0,1gN. If features of the output f(x) were unknown, then the model
would predict the base value f o. Each feature contribution can be written as:

0

(%) = Oé jz(]!(NN!z

z2 x0

D@ t(@ni)l. (2.18)

Here 20  x%shows all z0vectors that have non-zero entries as a subset of the
non-zero entries of x°. The number of non-zero values in z%is represented by jz§.
In eq. 2.18, the (2% = f(hx(z9) shows the presence of the feature in the model

prediction. The zOniin fx(z°ni) symbolize the con guration z°= 0 and shows
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the absence of the feature in the model prediction. This means that each feature
contribution should be calculated as the difference between its presence (fyx(z%)
and absence (x(z%ni)) in the model prediction. Missing features should have no
inuence, i.e.,, xX°’= 0) f; = 0. In Kernel SHAP, a minimization algorithm ts
the local approximation g(z9 to the ML model f using the squared loss function
L for nding the f over a set of samples in the simpli ed input space weighted
by the local kernel p,o, i.e.,

argmin L(f,g,pyo). (2.19)
g2G

The explanation model g for sample x minimizes the loss L. L quanti es how
close the explanation model is to the output of the ML model, i.e.,

h i
Lhapa= & (') o) “palD. (2.20)
VAL VA

G encompasses all similar simple explanatory models, for example, all possible
linear regression models[92]. Kernel SHAP has a unique weighted local kernel,

which can be mathematically expressed as:

N 1
(N choosgz9) jzJ(N  jz9)’

pyo(2% = (2.21)
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Chapter 3

Performance for Multi-differential

Yield Measurement

The hot and dense matter created during heavy-ion collisions can be studied in
a xed target experiment by measuring the multi-differential yields of hyperons.
To calculate the yield of a hyperon, the tracks of its daughter particles are recon-
structed and then combined to form candidates for the hyperon. This leads to a
huge combinatoric and a selection process is required for its removal. Detectors
are made for general purposes in xed target experiments; they are not perfectly
optimized for a particular decay scheme in terms of placing tracking detectors
downward the target. The purpose is to reconstruct most particles in order to get
a complete picture of the collision. Often the decay vertex of a short-lived particle
cannot be clearly resolved from the primary vertex when the detector geometry
is not optimized for this type of decay. Therefore, the application of selection cri-
teria will reduce the combinatorial background, but the particle yield also gets
diminished. To not diminish the yield of a rare decay, mild selection criteria are
applied and some background is left under the signal peak of the invariant (inv.)
mass distribution of the decay. A tting routine is used to estimate the yield
and the remaining combinatorial background. The particle yield needs to be cor-
rected for ef ciency and geometrical acceptance. The systematic uncertainties are

evaluated by varying the selection criteria.

This chapter focuses on the selection criteria optimization for L hyperon through

the ML algorithm of XGBoost. The performance of the ML model will be evalu-
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ated using ROC-AUC curves and the selection criteria visualization will be per-
formed with SHAP. A comparison is also made to manually optimized selection
criteria.

The next chapter (ch. 4) focuses on the multi-differential yield extraction pro-
cedure through a tting routine. The yield is ef ciency corrected and the system-
atics are evaluated from the response of the corrected yield to the variation in
selection criteria. The corrected yield and the simulated yields are compared and

a summary is also be presented.

3.1 The Selection Criteria Optimization of L

L hyperons are crucial to study the decon ned matter created during heavy-ion
collisions because they contain a strange quark. Since they are the most abun-
dantly produced strange baryons at FAIR energies they are useful for assessing
the systematic uncertainty of a selection procedure. For the same number of sim-
ulated collision events, a rarer decay than L has lower statistics and the system-
atic uncertainty calculation gets less precise. L s are neutral particles that decay
via weak interaction and their tracks are not registered in the tracking detectors.
Also, their ct is 7.89 cm [93], so their decay vertex is on average shifted from the
primary vertex and lies between the rst layer of the micro-vertex detector and
the target. A L can decay through multiple decay channels but the decay channel
with the highest branching ratio (63.9%)is L ! p* + p , so this channel will be
studied in this work. There are L s that are produced in the collision of heavy
nuclei and they are referred to as primary L s in this work. There are also L s
which are produced in the decay of other particles such as X° and X [93]; also
inelastic processes such as the interaction of charged particles with the detector
material can produce L s called secondaryL s. In this work, the contribution of
the secondary L s to the yield will not be discussed. In appendix A.1, the reason
for the exclusion of secondaries is discussed.

Data, products of Au-Au collisions at ppeam = 12 A GeV/c, from two dif-
ferent collision simulators, i.e., UrQMD and DCM are passed through the CBM

Geant4 setup. KFParticle package [67, 71] is used to reconstructl candidates.
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The combinatorics contain more combinatorial background than signal and the
signal and the background produced in such collisions depend on the centrality
class, pt, and rapidity ( y_ ap). The values of the various variables, associated with
the daughters of L, vary in different intervals because of the response of the CBM
detector and the tracking algorithms. selection criteria need to be applied to the
variables to segregate signal from the combinatorial background in various cen-
trality, pr, and y, gpintervals. Simulations of the variables of the signal are easier
to produce than those associated with random combinatorial backgrounds. The
reason is that the random background can come from various sources, such as
protons and pions produced due to the interaction of the collision-produced par-
ticles with a detector component that was not taken into account during simu-
lation. This can be overcome by using the combinatorial background from real
data in a phase space of inv. mass distribution where L s are not expected, i.e.,
inv. mass< 1.1 andinv. mass> 1.13. Also, this optimization needs to be per-
formed for different energies of the colliding nuclei.

The optimization of selection criteria in a multi-dimensional space of variables
manually is a laborious job. It gets more demanding if one wants to optimize
the selection criteria non-linearly for each energy of colliding nuclei for different
centrality, pr, and y| g intervals. ML algorithms can optimize selection criteria

non-linearly and multi-dimensionally in an automatized way.

3.2 Data Preparation for ML

KFParticle reconstructed L candidates generated by the DCM model are treated
as a simulation while those generated by UrQMD are considered real experimen-
tal data. When the FAIR facility will start operating, the experimental CBM data
will replace the 2nd model data but the procedure will remain the same. This
type of analysis is partially data-driven because the easier to simulate data comes
from simulation and the less predictable part comes from data .

In an average UrQMD (DCM) Au-Au collision, the ratio of p and p* pairs
produced in a L decay to combinatorial background is around 3.8 10 /(3

10 7). Therefore, to enhance the number of signal candidates, 5 10° events of
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