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ABSTRACT

In this study, Machine Learning methods are applied to the problem of classifying b
quark-originated jets in particle physics. For this purpose, a custom dataset was specif-
ically prepared, and Multi-Layer Perceptron (MLP), XGBoost, and Retentive Networks
models were tested. Among these, the Retentive Network-based architecture, JetRetNet,
demonstrated superior performance. Performance evaluations were conducted by com-
paring JetRetNet with state-of-the-art models such as DeepJet and Particle Transformer.
While JetRetNet does not outperform these models, it shows significant potential for fu-
ture applications in b-jet tagging with further data and optimization.

Keywords: Particle Physics, Machine Learning, Heavy Flavor Tagging
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OZET

Bu calismada, parcacik fiziginde b kuark kaynakl jetlerin siniflandirilmasi problemine
Makine Ogrenimi yontemleri uygulanmustir. Bu amagla, 6zel olarak hazirlanmis bir veri
seti lizerinde Cok Katmanli Algilayici (MLP), XGBoost ve Retentive Networks modelleri
test edilmistir. Retentive Network tabanli JetRetNet mimarisi, lic model arasinda iistiin
performans gostermistir. Performans degerlendirmeleri, DeepJet ve Particle Transformer
gibi son teknoloji modellerle karsilagtirilarak gerceklestirilmistir. JetRetNet, bu model-
leri asamamakla birlikte, daha fazla veri ve optimizasyon ile gelecekte b jet etiketleme
problemlerinde onemli bir potansiyele sahip oldugunu gostermektedir.

Anahtar Kelimeler: Makine Ogrenimi, Parcacik Fizigi, Agir Tat Etiketleme
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1. INTRODUCTION

In this chapter, the necessary information that leads to jet formation and detection,
especially for the b quark-originated jets, will be given. In Section 1.1, The Standard
Model of particle physics will be introduced, and then in Section 1.2, the particle accel-
erators and their connection to High-Energy Physics (HEP) will be explained. This is
followed by the working principles of particle detectors in Section 1.3. In Section 1.4, the
physics that leads to jet formation and the definition of a jet will be explained. Finally,
in Section 1.5, the significance of the detection of b quark-originated jets will be given,

which is the main topic of this thesis.

1.1 Standard Model of Particle Physics

The Standard Model (SM) represents our current understanding of the behavior
of particles and their interactions at the smallest scale. Throughout history, scientists
have believed that they have discovered the most fundamental and unbreakable particles.
The Greek philosopher Democritus first proposed this idea, known as Atomism, which
comes from the Greek word Atomos, meaning uncuttable.” However, we later discovered
that atoms are composed of protons, neutrons, and electrons, which were assumed to
be the fundamental particles. Each time we made such an assumption, we eventually
realized that even more fundamental particles make up the ones we previously thought
were fundamental. Protons and neutrons are no exception to this observation. With the
advancement of theory and experimental capabilities, we have found that quarks and their
interactions form a proton or a neutron. Currently, physicists consider electrons (leptons)
and quarks to be the fundamental particles. However, if these are not the true fundamental
particles, we are currently unable to determine this since the Large Hadron Collider (LHC)

or any other collider does not possess the necessary energy to split these particles.



Various sub-categories of the SM can be explored. While we will cover most
of them, let’s begin with the most basic sub-division, which consists of two categories:

Fermions and Bosons.

Figure 1.1: Standard Model of Elementary Particles and Interactions. The model can be
divided into bosons and fermions, and the latter can be further divided into quarks and
leptons.[1]
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The fermions are relatively easier to understand because they align with our his-
torical and intuitive understanding of matter. The fermions consist of quarks, which form
protons and neutrons, as well as electrons (leptons) and their neutrinos. We will explain
neutrinos later. The brick-and-mortar analogy is a commonly used analogy to differenti-
ate between fermions and bosons. In this analogy, fermions are represented as bricks that
make up matter, while bosons are depicted as the mortar that holds these matter particles

together. It is important to note that this analogy is not comprehensive but rather provides



a general understanding of the subject. As the mortar analogy suggests, bosons are re-
ferred to as force-carrying particles. Therefore, contrary to our previous knowledge of
physics, particle interactions in the SM are represented by the exchange of force-carrying
particles.

In the universe, we know there are (at least) four types of forces, each associated
with at least one boson, except for one force. The forces and their corresponding bosons
are as follows: the electromagnetic force is related to the photon (), the weak force is
associated with the W= and Z bosons, and the strong force is associated with eight types
of gluons.

As one may have noticed, the first force discovered, the gravitational force, is
missing. Theoretical predictions suggest the existence of a particle called the graviton,
which is associated with the gravitational force. However, experimental validation is lack-
ing. This may be because the gravitational force is much weaker than the other forces, or
it could indicate that it has a different nature. According to Einstein’s General Relativity,
the gravitational force arises from the curvature of space and time.

It is important to note that the SM is a Quantum Field Theory that incorporates
special relativity [2]. A theory that combines Quantum Field Theory and General Rela-
tivity is currently a significant goal in physics.

The Higgs boson, which was experimentally validated in 2012, is also involved.
The Higgs mechanism imparts mass to particles. Although it may appear to be related to
gravity, this mechanism explains why and how each particle has a specific mass but not
the gravitational interaction between the massive particles.

This encompasses our first subdivision, fermions and bosons. There are no further
meaningful subcategories of bosons, but there are for fermions. Fermions are divided into
quarks and leptons. There are six types of quarks: up, down, charm, strange, top, and

bottom quarks, with the latter being the focus of this thesis. Similarly, there are also six



types of leptons: electron, muon, tau, and their corresponding neutrinos.

Fermions can also be classified into generations. These generations correspond to
the three columns of the fermion side in Figure 1.1. As we move from left to right in Fig.
1, the generation and mass increase while the lifetime of the particle decreases. We are
most familiar with the first generation, which is stable, as the higher generations tend to
decay into the lower generations.

Having briefly discussed each type of particle, it is now time to discuss the in-
teractions between matter particles and the force carriers. Because of the nature of each
force and particle, we will see that some particles are ’blind” to others. What is meant
by ”blind” is that there is no direct interaction between certain particles, but they can still
interact via a mediator particle. It is best to examine this visually in Figure 1.2. Let’s

explore each force and understand the reasons behind these connections.

Figure 1.2: The interaction between the matter particles and bosons. Where each type of
particle interacts with one another through specific rules.

leptons

photon

Higgs boson

weak bosons

Let’s begin with the most familiar force, the electromagnetic force. It is known



that the electromagnetic force only acts on charged particles. Therefore, a photon can
interact with the quarks, all fermions except neutrinos, and the W= bosons. Since a
photon is a neutral particle, it does not interact with itself directly. Additionally, a photon
does not interact with the Higgs Field due to its lack of mass.

Moving on to the next force, the strong force. To comprehend why certain par-
ticles are affected by the strong force, it is necessary to provide some information about
their nature.

Similar to how some particles possess an electric charge and are influenced by
electromagnetism, certain particles have a color charge that is subject to the strong force,
explained by Quantum Chromodynamics (QCD). These color charges are not related
to actual colors, but their algebraic properties align with the Red Green Blue (RGB)
(Red-Blue-Green) group algebra. Just like electromagnetism has a positive charge and
its corresponding negative charge, color charges also have anti-colors. There are six color
charges: red, blue, green, anti-red, anti-blue, and anti-green.

In nature, only quarks and gluons possess color charge, thus making them the only
particles affected by the strong force. This explains why the strong force only manifests
within the size range of a nucleus.

An important phenomenon that governs strong force is known as color confine-
ment. This phenomenon states that no color charge can be observed in a bound state,
which means that quarks and gluons must form color-neutral groups to be in a bounded
state. The formation of protons, or more generally hadrons, directly results from this phe-
nomenon [3]. We will discuss the strong force further when we mention jet formation in
Section 1.4.

Next, we have the Weak Interaction, which is the mechanism responsible for nu-
clear decay. Similar to the strong force, it acts at a distance smaller than the diameter of a

proton. It can convert a proton into a neutron or vice versa.



An essential characteristic of the weak force is that it is the only interaction that
does not conserve the flavor of the particles involved. Recall that each quark has a flavor,
and the six quarks in Figure 1.1 have different flavors. This means that if we have a top
quark, it can only change generation through weak interaction. Another consequence is
that if we produce a b quark, its jet in the final state should also contain a b quark if
the process does not involve weak interaction. Depending on the charges of the initial
and final particles, the weak interaction is mediated by W# or Z bosons, also known as
charged and neutral currents.

Lastly, the Higgs boson only interacts with massive particles. In other words,
particles that interact with the Higgs field acquire mass. Higgs mechanism explains how
particles acquire their masses.

One might notice that no fermion can directly interact with another fermion. They
require an interaction particle, or boson, to be able to interact. That is why the explanation
in Figure 1.2 was presented through the lens of the forces/bosons.

Even though the SM has extreme precision and explains most of the things we
observe in nature, it has its limitations. From cosmological observations and theories
(ACDM), we know that ordinary matter (SM particles) make up only 5% of the mass-
energy content of the universe. The rest is composed of 26.8% Dark Matter [4] and 68.2%
Dark Energy. The currently SM does not have any explanation for these observations.
Hence, the physicists constantly search for particles Beyond Standard Model (BSM), or

look for places where the experiment does not match SM predictions.

1.2 Particle Accelerators and High-Energy Physics

In the most fundamental sense, HEP examines the collisions of particles that are
very fast and small and, therefore, possess high energy. There are two primary reasons

for the necessity of high energy.



The first reason is to generate particles with a significant mass greater than that of
an electron. This can be understood by considering Einstein’s energy-momentum relation

given in Equation 1.1.

E? = p?c2 + mi204 = m?c4 (1.1)

The subscripts 7 and f refer to the initial and final states. By assuming the final
state momentum is zero to obtain the minimum energy, it becomes clear that in order to
produce massive final particles, the initial particles must possess high momentum and,
consequently, high energy. It is important to note that this calculation relies on the con-
servation of energy, a crucial aspect of most particle physics calculations.

The second reason for the high energy requirement is its ability to investigate
small scales. This concept is not immediately obvious and can be explained as follows: In
collider experiments, we primarily collide protons or electrons, both of which are subject
to quantum mechanics and possess a de Broglie Wavelength, given in Equation 1.2.

h

A= (1.2)
p

Where h represents Planck’s constant, and p denotes the particle’s momentum. As
the momentum and energy increase, the wavelength decreases. To illustrate this, consider
the analogy of two distant stars that appear close to each other. If we send a wave, as
depicted in the upper image of Figure 1.3, we are unable to distinguish the two stars and
perceive them as a single entity. However, if we send a wave, as shown in the lower image
of Figure 1.3, we can discern the two stars as separate entities.

This same logic applies to collider experiments: with smaller wavelengths, we
are able to investigate smaller phenomena. Figure 1.4 depicts energy scales and their
corresponding research areas. Understood from here, as we reach the Tera electron Volt

(TeV) scales, we are able to probe the quarks and the bosons.



Figure 1.3: Observing two distant stars with different wavelengths. Long wavelengths
on the upper part and short wavelengths on the lower part show the relationship between
separability and wavelength.
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Figure 1.4: The nature of observation of particles at different energy scales.[5]. At the
eV range, we can observe atoms, at the MeV range, we can study the nuclei and quarks
at the GeV scale, and finally, the electroweak sector, the Higgs boson, and new physics.
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Since we have gained an understanding of HEP, it is now time to discuss particle
colliders. In order to comprehend the composition of something, it is possible to smash
those objects together and examine the remnants of the collision. For instance, if we were
to crash two cars, we would obtain the vehicle’s various parts as the outcome. If we were
to crash them at a low speed, we would get nearly two complete cars, which is not very
informative. However, if we were to crash them at a very high speed, we may even break
the engine and examine its components. This is certainly not the most effective method

for understanding the constituents of a car, but it is an excellent method for studying small



particles.

This is essentially what physicists do with particle colliders; they accelerate the
particles to nearly the speed of light and collide them head-on. One significant difference
from car collisions, although not the only one, is that we can obtain new particles that
were not present in the initial state. This is a direct consequence of Equation 1.1.

There are various types of particle accelerators. The first decision to make is
which particles to collide with. The two most common options are proton-proton (pp)
and electron-positron (e*e™) pairs. Both types have their advantages and disadvantages.
Since electrons/positrons do not possess an internal structure, they collide with the precise
energy they are tuned to. This makes them highly suitable for precision measurements.
Additionally, due to the absence of an internal structure, the output of the collisions is
less noisy compared to pp collisions. However, a disadvantage of e*e™ collisions is the
limitation on the energy that the particles can carry, resulting from the low mass of elec-
trons/positrons.

Since the internal structure of protons consists of quarks and gluons, the energy
of the colliding particles is not deterministic. These internal particles are referred to
as partons, and various parton distribution functions are used to estimate the interaction
energy and probability of collision for the individual particles. This internal structure
results in only a fraction of the energy being utilized in the collision. However, due to
protons having a much higher mass than electrons, they are less susceptible to synchrotron
radiation. As a result, significantly higher energies can be achieved compared to e™e™
accelerators.

The second factor to consider when designing a particle accelerator is whether to
utilize two colliding beams or a fixed target with a single beam. One of the most crucial
quantities in a collider experiment is the center of mass energy, denoted as /s. The

Lorentz invariant quantity, s, is expressed in natural units (c=1) as:



s = (Z E)? — (Zﬁi)? (1.3)

The summation indices represent the two colliding particles, and p; denotes the
three-dimensional momentum vector. It is known that both energy and momentum are
conserved in any collision. Let’s first consider a fixed-target experiment involving two

protons.

s = (E+myp)® —p* = B> —p> + 2Em, + m2 = 2m2 + 2Em, =~ 2Em,  (1.4)

If we take E = 7 TeV, the calculation in Equation 1.4 yields /s = 115 GeV, in-
dicating a significant energy loss. Now, let’s consider the case of two colliding beams. In
this scenario, the momentum vectors have equal length but opposite directions, resulting

in their cancellation. Consequently, what we are left with is given in Equation 1.5.

s=(E+ E)*=4E? (1.5)

Again, if we take £ = 7 TeV, then /s = 14 TeV. It is evident that the latter
configuration yields a much higher center of mass energy. Therefore, we will employ
the two colliding beams setup in our simulation, specifically the LHC at The European
Organization for Nuclear Research (CERN) Geneva. LHC is designed to work with a
collision energy of 14 TeV. In our simulated dataset, we will be using a collision energy

of 13 TeV.

1.3 Particle Detectors

Inspection of the output from collisions is not straightforward. Particle detectors
collect the data from collisions in the center of the detector. Many types of particle detec-

tors are used worldwide to detect many different particles; discussing one general-purpose
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detector, the CMS detector in LHC, is best.

A particle detector is similar to a cylindrical onion, with each layer, or sub-
detector, detecting different particles or characteristics. The particles passing through
these sub-detectors create digital (RAW) signals. We can obtain a detailed representation
of an event by reconstructing these layers of various signals with the use of the Particle
Flow (PF) algorithm. Figure 1.5 shows a transverse slice of CMS and how the various

particles are reconstructed.

Figure 1.5: A transverse slice of the CMS detector and its subdetectors. Reconstruction
of the particle flow (PF) objects is represented on the right side.
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The sub-detectors of the CMS are as follows from the interaction point to out-
wards: tracker, Electromagnetic Calorimeter (ECAL), Hadronic Calorimeter (HCAL),
and muon detectors. We will now go over each sub-detector.

When a charged particle passes through a medium, it ionizes the atoms and re-
leases electrons along its path. A silicon tracker detects this ionization using layers of
silicon micro-strip sensors, enabling us to reconstruct the trajectory of any charged parti-

cle with great precision.
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Calorimeters are designed to halt and absorb the energy of passing particles. Typ-
ically, two types of calorimeters are used: Electromagnetic and Hadronic calorimeters.

ECAL primarily detects electrons and photons and consists of a grid of scin-
tillators. When an electron passes through a scintillator, it slows down and emits a
bremsstrahlung photon. This photon then generates an electron-positron pair. This pro-
cess continues until the particle comes to a stop, resulting in an electromagnetic shower.
This shower interacts with the scintillator, exciting its molecules. The decay of these ex-
cited states emits ultraviolet light, which is amplified and collected by photon detectors to
reconstruct the particle’s energy.

Charged hadrons, such as protons and charged pions, also deposit energy through
ionization. However, regardless of whether they are charged or neutral, all hadrons in-
teract with the nucleus of the detector material through strong interaction. An HCAL
has alternating layers of an absorber and an active material, such as a scintillator. The
hadronic shower occurs within the thick and dense absorber, followed by a thin layer of
active material (scintillator) where the energy losses of charged particles are measured
similarly to ECAL.

This inner detector (Tracker, ECAL, HCAL) is surrounded by a large supercon-
ducting solenoid that generates a uniform magnetic field perpendicular to the transverse
plane. (This fact is valid for the barrel part of CMS, but we will be working only with
the barrel.) This magnetic field exerts a transverse force on the charged particles, causing

curvature in their trajectories. The formula for the magnetic force is given in Equation

1.6.

Fp = q(¥ x B) (1.6)

Where ¢ represents the charge of the particle, B is the applied magnetic field, v

is for the velocity of the particle, and # represents the angle between the velocity and
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magnetic field vectors. The direction of the curvature can indicate whether the particle is
positively or negatively charged. By examining the magnitude of the curvature, which is
determined by v sin # (the projection of the particle’s velocity onto the transverse plane),
we can determine the particle’s transverse momentum (pt). Conversely, neutral particles
do not have curvature or trajectories because they do not interact with the magnetic field
or the tracker.

Outside the solenoid, there are muon detectors and iron return yokes. These return
yokes serve two purposes. Firstly, they complete the uniform magnetic field lines inside
the solenoid by forming a loop. This is their primary function, providing a uniform and
desired path for the magnetic field lines. As a result, they generate a reverse magnetic
field, causing the curvature to be reversed, as shown in muon paths in Figure 1.5. The
return yoke’s second purpose is to absorb muons. There are various types of muon de-
tectors, but they all rely on charged particles ionizing the path they traverse. We will not
delve into the details, as the principle is similar to that of the Tracker.

Each type of detector is strategically placed to ’capture” the desired particle. The
positions of these detectors are determined by considering the particle’s lifetime. One
might wonder why muons are not detected in the ECAL, as they are also charged. The
muons produced in particle accelerators are highly energetic, resulting in time dilation.
Consequently, their lifetime in the laboratory frame is extended. This is why muon detec-

tors are positioned as the outermost layer.

1.4 Jet Physics: Formation and Characteristics

A jet is a collimated spray of stable particles commonly observed when quarks
or gluons are produced in high-energy particle collider experiments. Jets are not distinct
entities but depend on the parameters and reconstruction algorithms used.

As mentioned in Section 1.1, color confinement requires that all particles with
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color charge form color-neutral groups known as hadrons. Quarks and gluons, which are
essential components of the SM, are frequently produced in hadron colliders. Due to the
high collision energies, these produced quarks and gluons also possess high energies.

Two significant phenomena of the strong force play crucial roles in jet formation.
The first is asymptotic freedom, which states that the strong force weakens as the energy
increases or the scale decreases [3, 6]. The second is color confinement, where the strong
force grows stronger as the distance between particles increases, unlike electromagnetism
or gravity. This behavior can be compared to an elastic band: as the distance between
quarks increases, the energy of the strong force also increases.

Jet formation occurs in two stages: the parton shower stage and the hadronization
stage. In the parton shower stage, a high-energy collision produces partons (quarks or
gluons) that move apart due to momentum conservation. As the distance between partons
increases, the strong force becomes so intense that it is energetically more favorable to
produce additional quark-antiquark pairs or gluons than to maintain the force between the
separating partons. The process happens through the emitting of gluons, shown in Figure
1.6. The quarks decay into another quark and a gluon to preserve the color charge of the

event; the gluons can also split into other gluons, etc.

Figure 1.6: Feynman diagram of a parton shower, a gluon splitting into two quarks and
then other gluons splittings create the particle shower.

14



This cascading process continues until the energy of the emitted particles and their
relative angles become small enough that further splitting is unlikely. At this point, non-
perturbative QCD effects like hadronization dominate. The partons form bound states
(hadrons) as a result of confinement, producing a collimated spray of stable hadrons—a
jet. Determining the flavor of the originating parton is challenging due to the decay
and subsequent formation of particle groups. The Color preserving nature of the parton

shower and two types of clustering algorithms are shown in Figure 1.7.

Figure 1.7: String and clustering hadronization methods. As single-color charged quarks
decay through gluons, they lose energy and hadronize. Gluons are represented with dou-

ble lines.[7]
o o
= j@?:
=

As mentioned, the definition of jet in each event depends on the reconstruction
algorithm. One of HEP’s most commonly used jet reconstruction algorithms is the anti-
kr algorithm [8] given in Figure 1.8.

Antikr is an Infrared and Collinear (IRC) safe algorithm. These two concepts are
the common requirement of a good jet reconstruction algorithm [9]. The definition is best
given without alteration: “An observable is IRC safe if it is insensitive to infinitesimally
soft or exactly collinear emissions” [10]. This means the low-energy (infra-red) emissions
will not change the jet reconstruction nor the splitting of a particle into two collinear
particles.

Although we have talked about jet formation, the definition of a jet in data is still

ambiguous. This issue will be addressed in Chapter 2 when the data preparation will be
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Figure 1.8: A sample parton level event clustered with anti-kr algorithm. Here the col-
ored circles represent the 2D image of the reconstructed jet given with AR parameter.[8]

presented.

1.5 Significance of b Quark Originated Jet Tagging

Since the operation of the LHC and other particle colliders began, physicists have
been able to study the first two generations of particles extensively. As technology has
advanced, the maximum center of mass energy achieved by these colliders has gradually
increased, allowing for the production of heavier particles such as the top quark, Higgs
boson, W boson, and Z boson. However, our knowledge about these heavy particles
is limited due to their relatively recent discovery. Therefore, further investigation and
production of these particles may lead to expanding the SM or discovering new physics.

One challenge in detecting these particles is their short lifetime due to their high
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mass. The lifetime of a particle is not directly related to its mass but rather to the forces
responsible for its decay. Figure 1.9 shows a correlation between a particle’s mass, its
proper lifetime (7), and the mean distance it travels before decaying (c7). In this context,
7 represents the mean lifetime of the particle in its rest frame. For example, the top quark
has a lifetime of approximately 5 x 1072° seconds, while the Higgs boson has a mean
lifetime of 1.6 x 10722 seconds. But B-hadrons are in the range to create a displaced
vertex in the detector. It is essential to mention that all the lifetimes mentioned are mean,

as particle decays are statistical.

Figure 1.9: Particle Mass vs. proper lifetime and mean distance traveled graph for some
of the elementary particles and some hadrons. Showing also the interaction with the
detector.[11]

et [m]
10-16 10712 107®% 10~¢ 1 10* 108 1012
LI I I N N O N N N Y I O )
10° I§_ Detector-prompt 1 Displaced | Detector-stable = 1073

o -t HO | vertex | . .

C o 3
§ 10°ge  ° o | 2102 7

EW Z | | I n U
O ~ ’ \ \ \ 3
D 10tk oY o A, | 20t =
e f o JAb A%‘I]?A i ] o

— 0 E QO
0 lE o o NOgK*E | T o Kit 0 -, PL3 g
n S ° [ e eoK -
o] E W n 0 | L0 bk - i
s L 7 | B gmE 3 —

1071 \ | ) 10t I
2 2 o . . O
Q — =
=P gl £ E 22 =
o 107°F =h =h e 110 >
ch E Y 'l E -
103 51 & 15 o 103
E| AN T I T T Y T 1 L1 1 [ 1 I T T T T T Y |_|q

10726 10-22 10718 1074 1071 10=¢ 1072 102 106
Proper lifetime 7 [s]

One can examine the Branching Ratio (BR) of these particles, for example, the

top quark and the Higgs boson. BR represents the probability of a specific decay mode
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occurring among all possible decay modes. The top quark almost always (=~ 100%)
decays into a W boson and a bottom quark [12]. Furthermore, the Higgs boson also has a

high probability to decay into a bb pair, as shown in Figure 1.10.

Figure 1.10: Branching Ratios of the Higgs Boson for various masses. bb is seen to be
the dominant channel.[12]
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We can also examine the decay products of a Higgs boson pair, where the decay
modes are visualized in Figure 1.11. With more than 90% probability, a bb pair will be
generated.

Understanding the properties of these two particles is essential to explore the mys-
teries of the particle physics. The Higgs boson is speculated to be a portal to the dark
sector, meaning since the Dark Matter particles are massive, they should interact with the

Higgs boson [14]. Hence, if we are to observe a Dark Matter candidate, it can decay to
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Figure 1.11: Stack visualization of the decay modes of a Higgs boson pair[13].
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SM particles through the Higgs mechanism. And since Higgs boson is too short-lived for
it to interact with the detector, we can only detect it via its decay products.

The lifetimes of different quarks are an important discriminator for flavor tagging.
Up and down quarks are stable particles that don’t decay into lighter particles. Strange
quarks live long enough to travel in the order of meters. Top quarks live so short that
they can only travel in the order of 1016 meters, which is around 1/10.000th the diam-
eter of the proton. But, bottom and charm quarks travel in the order of millimeters, the
charm being slightly shorter. This distance approximately corresponds to the tracker de-
tectors in most particle accelerator detectors, like A Toroidal LHC Apparatus (ATLAS)
and CMS in LHC. Thus, we get detailed information on tracks and secondary vertices of

jets originating from bottom quarks and charm quarks to some extent.
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To summarize, the “interesting” particles that we want to inspect cannot be de-
tected directly, but they decay into b quarks most of the time. B hadrons decay either
very close to or within the detector, making them detectable. Tagging b-jets might benefit
both the detection side and the analysis side. Using trigger algorithms that use b-tagging
models would be highly beneficial in collecting all the Higgs and top quark events. On
the analysis side, selecting b-jets in this way would also drastically reduce the background

for certain analyses, making it possible to make more precise measurements.
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2. DATASET PREPARATION FOR B-JET TAGGING

The selection of the dataset proved to be one of the most crucial elements of the
model’s performance during this thesis’s work. We tried many different configurations,
parameters, and events to achieve a pure and realistic dataset.

In this chapter, the details of the dataset preparation process will be discussed.
Section 2.1 will address the event selection and generation. Then, feature extraction will
be discussed in Section 2.2. Section 2.3 gives the details of the pre-processing step,
which prepares the dataset for the model training. Finally, Section 2.4 will elaborate on

the selection of the parameters.

2.1 Data generation

The true flavor of the originating parton in a jet in an actual collision event is
unknown. Hence, Monte Carlo event generators are used to produce a labeled dataset that
is pre-processed and trained with supervised deep-learning models.

Semi-leptonic pp — tt decay event is used at 13 Tev, given in Figure 2.1. In this
diagram, the right-hand side of the red dot is arbitrary and can be an interaction of any
parton in the colliding protons. One of the reasons behind this selection is that the LHC,
with its unprecedented collision energy and high luminosity, is often referred to as a ’top
quark factory.” It produces an abundant number of top-antitop (¢t) quark pairs through
proton-proton collisions, primarily via gluon-gluon fusion [15, 16].

The semi-leptonic channel includes a charged lepton (e or ) and missing trans-
verse energy from the neutrino are distinguishable from pure QCD backgrounds compared
to fully hadronic decays. This channel introduces diversity in the background while still
providing sufficient statistics, as it avoids the complete reliance on neutrino reconstruc-

tion like the di-leptonic channel [18]. A representative image is given in Figure 2.2 for
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Figure 2.1: Feynman diagram of a semi-leptonic tt decay. The upper top quark decays
into a b quark and a W boson, which further decays leptonically. Lower anti-top decays
into anti-b and a W boson, which decays into two quarks hadronically. The left part of
this event before the top production is irrelevant for us.[17]

this event.

Decay modes of the ¢t are also given as a pie chart in Figure 2.3. Around 45% of
the events are semi-leptonic, which we will be working with.

We have first generated a dataset at the parton level using MADGRAPHS([21].
Then, the parton showering and hadronization is simulated using PYTHIA8[22] with
Initial State Radiation (ISR), Final State Radiation (FSR), and Multi-Parton Interac-
tion (MPI) all allowed. Finally, DELPHES[23] is utilized to simulate the effects of the
CMS detector and also reconstruct the jet objects. Default parameters are used except
in Delphes. The TrackSmearing module is added to the default CMS card to be able to
extract dy, d,, 04,, 0., parameters of each track. For the jet clustering AntikT algorithm

[8] with AR = 0.4 is preferred, where AR is defined in Equation 2.1
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Figure 2.2: Visualization of the semi-leptonic tt decay. The top quark on the right decays
to a b quark, and two additional quarks from the W boson form jets. And on the right,
anti-top decays into a b quark producing jets, and a muon and its neutrino. [19]

antitop

AR = /(An)? + (Ag)? 2.1)

We first trained our models with this dataset. while it provided a good baseline
to train our models, we recognized that using DELPHES for detector simulation has in-
herent limitations, particularly in modeling track parameters such as dy, d,, 04,, and o,.
After taking some expert opinions, we decided to use a dataset that has been simulated
using GEANT4[24], which is a full detector simulation, whereas DELPHES is a fast de-
tector simulation. The difference mainly arises from the track-smearing procedure. The
TRACKSMEARING module in DELPHES offers an approximation of detector effects but
does not fully capture the track-smearing significance as accurately as GEANT4.

We turned to the CERN CMS Open Data portal to address these limitations. We
selected a dataset derived from a full simulation of ¢t events produced at /s = 13 TeV,
which includes both realistic detector effects and track information. Specifically, we used
the dataset Runll Monte Carlo (MC): TTJets_TuneCUETP8M1 _13TeV-powheg-pythia8

[25]. This dataset was generated using POWHEG for parton-level event generation,
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Figure 2.3: Pie chart to show the decay modes of the tt decay. We see 46% of the time
they decay fully hadronic and around 45% of the time they decay semi-leptonically.[20]
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PYTHIAS for parton showering and hadronization, and the CMS software framework

with GEANT4 for a detailed detector simulation.

2.2 Feature Extraction

This study aims to construct a jet-based tagger rather than an event-based tagger,
so we extract only the jets from each event. Jets are complex objects: They both have
jet-level information (Jet energy, Jet pr...) and information about the jet’s constituents.
These constituents are composed of tracks, secondary vertices, calorimeter towers, etc.,
but this thesis only utilizes track and secondary vertex features as well as a few global
jet parameters. The coordinate system that will be used when defining the parameters is
given in Figure 2.4.

During the extraction of jet parameters from the events, we apply a few cuts to

ensure the jets we use are in the efficient region of the CMS detector. We apply a cut
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Figure 2.4: The coordinate system of the CMS detector, where IP is the interaction point.
The important parameters are the rapidity n and the angle ¢.[26]
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to jet pr of 30GeV for each jet, meaning we discard the jets from our dataset if its jet
pr < 30GeV. We apply another cut to jet n as well by removing the jets that have
n > 2.5.

After applying the cuts on the jet level, we require other conditions from each
track. We take the jet this time, but only the tracks with track pr > 1GeV and a normal-
ized x* < 5 are, assigned to the jets. This is done to speed up the pre-processing step
that will follow after this step and remove the uninformative parameters from our dataset.
This step ensures that we extract the highest quality tracks from the jet.

We do not apply cuts to the secondary vertices as there are already fewer SVs,
and we don’t have the same quality problem as in the track parameters. Although the
tracks in an event are already associated with each jet, the same procedure for vertices
has to be done manually. We do this by identifying the primary vertex of the jet; then, we
assign each secondary vertex that is within AR < 0.4 of the primary vertex. This choice
makes sense as the jets are already clustered using antiky algorithm with AR = 0.4,

so if a secondary vertex is within this cone, it is highly logical to assume that particular
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secondary vertex emerges as a result of the jet formation. Of course, there are exceptions
to this role, but within the context of this thesis, the assumption is valid enough.

After extracting these parameters from the output of GEANT4 simulation as a root
file, we save the parameters to a ROOT TTREE and save them to another root file. Pre-

processing of the parameters follows these operations.

2.3 Pre-processing

Since not all jets go through the same processes during jet formation, the number
of tracks and the number of Secondary Vertex (SV) in each jet is a variable number. This
causes some problems with model training for most models, even making it impossible
to train without pre-processing the data. The reason is that most Machine Learning (ML)
architectures are suitable for only fixed-length input sizes. Some models can handle vari-
able input sizes, but to be able to try out more models with the same dataset, we prefer to
fix the input size.

To solve this obstacle, we first sort the tracks and SVs in each jet in descending pr
order. The descending pr ordering is chosen with the following reasoning: Unless there
are new collisions, the decay products of the particles will have less momentum than the
decaying particle. With this logic, the tracks with very low momentum will either appear
at the end of the jet formation process or are a result of ISR and FSR processes, thus
containing less information on the originating particle. Since the aim of a jet-tagging
task is to find the originating parton, it is acceptable to remove these low-information-
containing parameters from our dataset for the sake of inference speed.

We select a limit to the number of particles in a jet to 16 and the number of
secondary vertices to 5. The density plots of the number of tracks and SVs in the jets
are given in Figure 2.5.

Then, if the number of tracks in a jet is more than 16, the tracks after 16" are

26



discarded. If the number of tracks is less than 16, then O values are inserted (padded)
into each track parameter until there are 16 tracks in the jet. These procedures are called
cutting and zero-padding, respectively.

The same pre-processing procedure is also applied to SVs, but the maximum num-
ber of SVs is selected as 5, then sorting by decreasing SV pr, followed by cutting/padding
the parameters. These procedures are called cutting and zero-padding, respectively. This
information on the number of padded tracks or SVs is also saved for later use in model

training and scaling as a padding mask.

Figure 2.5: Histograms of the number of tracks (left) and number of SV (right) in each
jet. The cuts are applied at 16 tracks and 5 SV.
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5 million jets are then split into training and validation datasets with 0.8 and 0.2
ratios, respectively. Then, each parameter’s mean, p, and standard deviation, o, values

are extracted from the training dataset.
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Note that the zero-padded values are not used in the calculation of ;1 and o. With
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these, each parameter in both datasets is standardized, as shown in the left-most part of

Equation 2.2. The normalized datasets are now ready for the training with ML models.

2.4 Parameter Selection

The number of features is kept at a minimum for two main reasons: Firstly, to
create simpler models that run with only trivial information easily accessible by the de-
tector. Due to computational limitations, human-made parameters such as jet probability
are not used for this purpose. Complex models such as Transformers require vast compu-
tational resources, and the inference time becomes unrealistic as the number of parameters
increases.

As the earlier sections stated, a jet has jet-level, track-level, and SV-level features.
In this work, all three types of information are used. Hence, we define a jet object as
having 16 arrays for each track feature, five arrays for each SV feature, and jet features of
only single values.

Before delving into the selected parameters, it is best to discuss the flavor of the
originating parton first, as this will be the label for our dataset. Hence, the correct assign-
ment is of paramount importance. There are two types of jet flavor in the dataset taken
from the Open Data Portal: hadron flavor and Parton flavor. The first one comes from the
hadron ghost clustering [27]. This procedure is employed by the CMS collaboration and
selected as the true flavor of the jets [28].

We first extracted this parameter hadron flavor from the dataset for each jet. The
flavor of the originating parton can be up, down, charm, strange, bottom quarks and their
anti-quarks, or it can be from a gluon. Since our task is b-tagging, we only care about
whether the jet originated from a bottom quark or not. But to check the models’ dis-
crimination efficiencies against the charm quarks, we separate this flavor parameter into

three classes: b-jet, c-jet, and light-jet, which contains u,d,s quark jets and gluon jets. We
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do this because c-jets are also similar in nature to the b-jets as they have slightly longer
lifetimes than the light-jets and produce similar secondary vertices, making it challenging
to discriminate between b-jets and c-jets. We note the c-jet flavor, but we don’t give this
information to the model as our task is a binary classification task. So we map u,d,s,c
quark and gluon jets to 0 and map b-jets to 1 to get our final labels for the dataset.

For the jet features, we have selected the following parameters; also, the density

histograms for the distributions of jet features for the three flavors are given in Figure 2.6:

1. Jet pr

2. Jet Mass

3. Jetn

4. Jet ¢

5. Number of tracks/particles in the Jet

6. Number of Secondary Vertices in the Jet

For the track or, in other words, particle parameters, we selected the parameters

listed below, also shown in Figure 2.8.

1. Track Energy

2. Track pr

3. Track An

4. Track A¢

5. Track Particle Identification (PID) (Particle Identification)

6. Track Charge
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Figure 2.6: Density histograms of the jet parameters extracted from the dataset for three
classes. Both training and validation sets are provided.
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Here An (A¢) is defined as the difference of the track n (¢) and the jet n (¢).
Track PID is the particle identification number of each particle [12]. The transverse and
longitudinal impact parameters are d, and d,, respectively. These two parameters are also

visualized in Figure 2.7 and also defined in Equation 2.3.

do— TP mype @pty ) P

NCENA P2 +p2

The significance of the impact parameters is also included; this parameter, in a

(2.3)

way, measures the effectiveness of the impact parameters measurements and is defined
as the distance between the closest approach of a track’s trajectory to the primary vertex,

as shown in Figure 2.7. These parameters are especially important in b-jet tagging since
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Figure 2.7: Transverse (dy) and longitudinal (d, )impact parameters of tracks are shown
in figure. The SV’s transverse decay length (d,,) is also shown. PV is the primary vertex
where the original event occurs.[29]

b-quarks/B-hadrons have a long lifetime and travel relatively large distances (~ 5mm).

Therefore, they decay into particles with large impact parameters. More formally defined

also in Equation 2.4.

di .
Significance, = —, i€ {z,0} (2.4)
1 O-d

From now on, we will refer to significance with the symbol o, for the simplifica-

tion.

Finally, we have selected the SV parameters as follows:

2. Number of tracks in the SV

3. SV Mass
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4. SV \?

5. Number of degrees of freedom in the SV
6. SV dy,

7. SV djen

8. SVay,,

9. SV,

Where d.y is the transverse decay length, and dje, is the 3D decay length.

This sums up all the used parameters. As already mentioned in Section 2.3, we
have a variable number of each track and SV parameter depending on the jet constituents.
We then sort and cut (or zero-pad) these arrays. Hence, we will provide information on
the first track (SV), second track (SV), etc. Looking at these plots shown in Figures 2.6,
2.8, and 2.9 are informative, but these are not the actual distributions we provide to the
model. The parameters for all tracks (SVs) are combined in these plots. We provide the
same plots but for the specific tracks (SVs) to give a sense of what the model actually
receives. Density plots for the track features of the first three tracks in the dataset are
given in Figures 2.10, 2.11, and 2.12. Similarly, the density plots for each SV feature for
the first three SV are given in Figures 2.13, 2.14, and 2.15.
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Figure 2.8: Density histograms of the track (particle) parameters extracted from the

dataset for three classes. Both training and validation sets are provided.
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Figure 2.9: Density histograms of the secondary Vertex parameters extracted from the
dataset for three classes. Both training and validation sets are provided.
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Figure 2.10: Density histograms of the Track parameters of the first Track extracted from
the datasets for three classes. Both training and validation sets are provided.
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Figure 2.11: Density histograms of the Track parameters of the second Track extracted
from the datasets for three classes. Both training and validation sets are provided.
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Figure 2.12: Density histograms of the Track parameters of the third Track extracted from

the datasets for three classes. Both training and validation sets are provided.
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Figure 2.13: Density histograms of the SV parameters of the first SV extracted from the
datasets for three classes. Both training and validation sets are provided.
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Figure 2.14: Density histograms of the SV parameters of the second SV extracted from
the datasets for three classes. Both training and validation sets are provided.
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Figure 2.15: Density histograms of the SV parameters of the third SV extracted from the
datasets for three classes. Both training and validation sets are provided.
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3. MACHINE LEARNING

This chapter will briefly introduce ML, which is essential to appreciate the work
of this thesis, and also will give the details of the models used. In Section 3.1, a brief
introduction to the essential concepts of ML will be given as to why this kind of algo-
rithm leads to the learning of the models. In the following Section 3.2, the concept of
Deep Neural Networks (DNN) will be introduced; this part is also essential to understand
the more complex DNN models that follow. In Section 3.3 the Extreme Gradient Boost-
ing algorithm will be introduced. Then, in Section 3.4, the attention mechanism and the
Transformer architecture will be explained. This section will prepare us for the follow-
ing Section 3.5 on the retention mechanism, which is heavily inspired by the attention
mechanism; in this section, we will also introduce the JetRetNet architecture specifically
designed for this task. Finally, in 3.6, the state-of-the-art models for b-jet tagging will be

explained.

3.1 Introduction to Machine Learning

ML is a subset of Artificial Intelligence that relies on the idea that the model can
update its parameters solely using data without any outside interference or set of defined
rules. There are three learning types: supervised, semi-supervised, and unsupervised. The
latter two will not be mentioned as they are not used in this study.

In supervised learning, we have a set of features, x, and labels, y, for each data.
The features are given to the model with randomly initialized parameters, w. This model
predicts an output, y, in the following way for a single node: Each input feature has
a corresponding weight. The weighted sum of features is calculated, and then the bias
term is added. This sum is given to an activation function, such as a sigmoid function,

rectified linear unit (Rectified Linear Unit (ReLU)), gaussian error linear unit (Gaussian
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Error Linear Unit (GeLU))... The purpose of these activation functions is to introduce
some non-linearity to the output of a node. This process is represented in Figure 3.1 for a

single node.

Figure 3.1: Schematics of a single node, single layer network, where x;s are the inputs,
w;s are the learnable weights, b is the bias, and f is the activation function.

This output is then compared with the label using an error function, E(y, |w),

such as Mean Squared Error (MSE) shown below in Equation 3.1.

N
MSE = %2;@ — ;) (3.1)
As the next step, the model takes this calculated error and updates its parameters
with a predetermined step size called learning rate, . The update of parameters is done
using a back-propagating error correction algorithm, shortly called back-propagation, and
gradient descent, an optimization algorithm. This is the step where the learning happens
and also the step that makes ML such a powerful tool. Let’s further understand both

algorithms. Gradient descent is a procedure to minimize the error with a given set of

parameters. £/(w) is a differentiable function, so it has a gradient vector:

T

OE OF 0E

8w1’ 871)27 o 8wd

Vb = (3.2)
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Although this is the simplest case, the actual calculations of this gradient vector
are done using a back-propagation algorithm. Which relies heavily on the usage of the
chain rule across different layers. After this calculation, the weights are updated in the

following way in Equation 3.3.

0FE

Awi = —7]%,

w; = w; + Awi, Vi (33)

Consider an Error curve on the hyper-dimensional parameter space. We take the
partial derivative of this Error function along each parameter, giving us the slope in that
direction. Because of the minus sign in Equation 3.2, the weights are updated to a place
where there is a lower error. As shown in Figure 3.2, it possibly ends up at a local

minimum or at the global minimum.

Figure 3.2: Gradient Descent algorithm shown on the error space. The starting point is
randomly initialized, and through training, the model converges to a local minima.[30]

J(605el)

The effect of the learning rate is also shown in Figure 3.3. With a small step size

model, finding a minima takes a very long time. Meanwhile, with a large step size, the
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model’s predictions ”jump over” the minima, never reaching it. The success of the model

depends on the proper adjustment of this hyper-parameter.

Figure 3.3: Effect of learning rate, n, is shown in gradient descent algorithm. On the
right side, the learning rate is tuned, and the model can indeed reach the minima. On the
left plot, the learning rate is too high, and the model will skip the local minima.[30]

Small learning rate Large learning rate

Loss Loss

Value of weight Value of weight

Initially, the predictions are random, but after many iterations, the model begins to
”learn” the relationship between the features and the labels. The model can now guess the
labels of unseen data. This is why initially splitting the data into training and validation
sets is important. The validation set helps us see the model’s true performance. It is
especially helpful in identifying whether the model is really learning or just memorizing
the dataset.

As b-tagging is a two-class classification problem, we will use a single node in
the last layer in all models. For binary classification, one node is enough with the output

passed through the sigmoid function given as in Equation 3.4.

1
1+e2

(3.4)

stgmoid =
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This function maps the real axis to the range [0,1], or in other words, to probabil-
ities. This will be the output of our models for the classification task. By extending the

logic in this section, one can reach the concept of deep neural networks.

3.2 Deep Neural Networks

The node that we have seen in the previous section is also called a neuron. In
DNN, there are many neurons for multiple layers. This depth allows the model to learn
more complex behaviors than simple ML models. DNN aims to mimic the behavior of
the human brain, which is why the nodes are also called neurons. In the first few layers,
the model extracts the low-level information. However, as the depth increases, the model
extracts some high-level information; this kind of information is very hard to get with
traditional methods.

The simplest model of this kind is a Multi-Layer Perceptron (MLP), and a two-
layer MLP is shown in Figure 3.4. Some of the important hyper-parameters of an MLP
are the number of hidden layers and the number of nodes in each layer. Using unneces-
sarily complex models causes the model to over-fit the data. In other words, the model
memorizes the training dataset.

The idea is similar to the single node case, but Equations 3.2 and 3.3 get more
complex. Firstly, the parameter vector w becomes a matrix, one dimension representing
the input index and the other representing the node index. For simplicity, we will con-
sider an MLP with a single hidden layer. Call the weight matrix representing the relation
between the input layer and hidden layer w, and call the matrix representing the relation
between the hidden layer and the output layer z. This time, the error function is not di-
rectly dependent on w but rather dependent on z. Using the chain rule, we can rewrite

Equation 3.5 for an MLP as:
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Figure 3.4: A diagram of a 2-layered Multi-Layer Perceptron with a variable number of
neurons on a variable number of hidden layers. The weights connect each input to each
neuron and each neuron to the neurons in the next layer.
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(3.5)

As we increase the number of layers of an MLP, we get a DNN. This thesis will

use DNNs to provide a baseline for more complex models.

3.3 Extreme Gradient Boosting (XGB)

XGB is a subset of boosted decision trees, which is a subset of ensemble learning
models[31]. In ensemble learning, instead of having a single complex model with high
performance, we have many small models with low performance (weak models). Then,
averaging or voting is done among the weak models; this operation is called bagging. This
resembles Democracy, where you trust the wisdom of a not-so-educated crowd. XGB has
proven its success in many tasks by giving state-of-the-art results. In the domain of b-
tagging, it has also been the dominant model for many years. That is why it is important
to include XGB as another baseline.

XGB is a complex model that requires an understanding of some concepts. Deci-

sion trees are a non-parametric learning method for classification and regression tasks. A
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tree consists of nodes and branches, with the final node being called the leaf node. On the
leaf nodes, we have labels of classes, the internal nodes denote features, and the branches
denote the rules to be satisfied. Figure 3.5 shows an example of a decision tree. In XGB,

what we call weak models correspond to shallow decision trees.

Figure 3.5: A shallow decision tree with classes A and B. The inputs are checked if they
satisfy certain conditions, and the final decision is made iteratively.

oG

One of the hyper-parameters of XGB is the trees’ depth, which can affect both the
training speed and the potential of over-fitting arising with increased depth. In ensemble
learning, as the logic says, each individual model should indeed be weak. Simultaneously
training these models and taking either a weighted average or via another meta-learner,
the final result is reached. Here, the meta-learner is just another simple model, usually a
Feed Forward Network (FFN), that averages the outputs of the trees.

Although the idea is simple, XGB has been the superior model in many tasks,
especially in tabular data. Hence, to feed our jets to XGB, which is not directly tabular
data, we have to flatten all the arrays and concatenate them. Since XGB is unable to
capture the nature of the data, there should be a penalty in the performance. This might

also indicate that the format of the data contains some information.
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3.4 Transformers

The transformer is another class of deep-learning model that is based on the Multi-
Head Attention (MHA) mechanism [32]. MHA is also constructed upon parallel instances
of Scaled Dot-Product Attention. Both attention mechanisms are shown in Figure 3.6. As
seen in the figure, the inputs to these mechanisms are not plain features, as in previous
cases. This time, the inputs are vectors called Queries (Q), Keys (K) of dimension d,
and Values (V) of dimension d,. These vectors are linear projections of embedding x. In
practice, the computation is done simultaneously on a set of queries, therefore Q, K, and
V are matrices. The Scaled Dot-Product Attention output matrix is computed as follows

in Equation 3.6.

T
Attention(Q, K, V) = softmax(?/fi_ )V (3.6)
k

The dot-product, QK 7, can be interpreted as a similarity measure since it is a
projection. The scaling is done via division by the square root of the dimension of ()
and K vectors. This scaled matrix is passed through a row-wise softmax function to get
weights. Finally, this attention matrix is multiplied with vector V' to get the output. This
calculation is also shown on the left side of Figure 3.6.

In Multi-Head Attention, multiple Scaled Dot-Product Attention blocks are run in

parallel. MHA is calculated as follows:

MultiHeadAttention(Q, K, V) = Concat(head,, ..., heady,) W
(3.7)

head; = Attention(QWE, KWX viwY)

Here VViQ, WE WY, and W, are the parameter matrices of the projections, which
are shown on the right side of Figure 3.6 as the single linear layers. Since there is only

one layer and not more, non-linearity is not in the game. And therefore, we get linear
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Figure 3.6: Scaled Dot-Product Attention on the left, Multi-Head Attention mechanism
on the right. Scaled Dot-Product attention given in Equation 3.6 is parallelized with
multiple heads and linear layers for embedding, finally concatenating the outputs and
passing through a final linear layer before inference. [32]
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projections QI/ViQ, KWE VWY. The power of MHA comes from parallelism in terms

of computation speed and conceptuality. Each parallel instance of a Scaled Dot-Product
Attention represents another feature being extracted from the data.

This MHA block is used multiple times in an encoder-decoder architecture, feed-
forward networks, and residual connections. The inputs are first passed through an em-
bedding and positional encoder layer. This embedding layer is also called the Tokenizer
for large-language models. After that, we have the encoder and decoder blocks, as shown
in Figure 3.7. In the encoder block, (), K,V matrices are fed into the MHA. Then, a

residual connection is made to the output as follows:

F(r)=F(z)+=x (3.8)

Where F(x) is the output of a network and x is the input. This connection is made
and normalized at the ”Add & Norm” layer in Figure 3.7. This output is then given to a

feed-forward network with a residual connection.
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Figure 3.7: “Transformer architecture consisting of encoder and decoder parts. Both
parts use MHA modules with FFN layers, after all operations the outputs are added and
normalized. Multiple skip connections also increase the flow of information.” [32]
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The block on the left side of Figure 3.7 is called the encoder block. These encoder
blocks are run in series for N blocks. The output of the last encoder block is given as
input to a decoder block, similar in architecture. After passing through a series of MHA,
addition & normalization, and Feed-forward layers, the output of the decoder is given to
a single linear layer, then passed through a softmax function (or sigmoid if the task is

binary classification) to get the prediction probabilities.

3.5 Retentive Networks

Retentive Networks are a type of architecture that uses the Retention mechanism
[33]. This mechanism takes its inspiration from attention, which was mentioned in the
previous section 3.4. As the name suggests, the retention mechanism puts emphasis on

forgetting the information. This idea is similar to the Recurrent Neural Networks (RNN),
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but the model has no explicit recurrence loop. Instead, retention is applied by introducing
some decay constants and causal masking to the attention mechanism. Here, just as the
attention mechanism, there is also the query (@), key (K), and value (/) matrices, with
slight changes. This results in two different representations of the exact mechanism: par-
allel and recurrent representations. There is also the third one, chunk-wise representation,
which is the combination of both. Since the best-performing model used the parallel rep-
resentation, we will not go into the details of the other two. The inputs to the retention

mechanism can be can be summarized in Equation 3.9.

Q=(XWo) ®0, K=(XWg o6, V=XW,
7 , 11 Z m, (39)

0, n < m,
Here, Wg, W, and Wy, matrices are learnable parameters, and the D matrix is
used to introduce the causal masking, combined with the © and its complex conjugate ©
exponential decay is also applied, where the name retention comes in. With these altered

definitions of the (), K, and V matrices, we can define retention as in Equation 3.10.

Retention(X) = (QK " ® D)V (3.10)

Combined with the group norm, we get the parallel representation of retention,
represented in Figure 3.8. Just as MHA modules are used for the attention mechanism,
a similar module exists in retention: Multi-Scale Retention (MSR). This module paral-

lelizes the model by introducing both multi-heads and multi-scale across heads.
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Figure 3.8: A simplified version of the parallel representation of the Retention mech-
anism. Q,K, and V matrices are calculated with the given input X and the learnable
parameters. Then 3.10 is applied, followed by a group normalization operation to get the
final output.[33]
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Y = GroupNorm,, (Concat(headl, e ,headh)),
MSR(X) = (swish(XWg) @ Y)Wo
In Equation 3.11 W, Wy € RdmedeXdnotet gre learnable parameters, and X is the
input. The outputs from the multi-scaled heads are concatenated and group-normalized.
The swish gate is used to increase the non-linearity of the retention outputs. The final

output is reached with the addition of new parameters, W and Wo.
3.5.1 JetRetNet

Using the MSR blocks, we have constructed an architecture, JetRetNet [34], that is
specified for our dataset and the task of b-tagging. The JetRetNet architecture is designed
to handle the track and SV features in parallel, as shown in Figure. 3.9. Both inputs are

first through a single embedding layer, and then a number of RetNet blocks are applied. A
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simple FFN is used to reshape the output of RetNet sequences. Then, these outputs from
track and SV pathways are concatenated with the jet features and passed through a final

FFN and a sigmoid function to get the final model prediction.

Figure 3.9: JetRetNet architecture consisting of RetNet blocks and Feed-forward net-
works (FFNs). Tracks and SVs are processed in parallel by passing through an embedding
layer, followed by a series of RetNet blocks and an FFN. The outputs are concatenated
with the jet features, and the final FFN with the sigmoid function makes the final decision.
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3.6 State-of-the-art models for B-Jet Tagging

3.6.1 DeeplJet

DeeplJet is one of the first sophisticated Deep Learning (DL) models of the CMS
Collaboration for heavy flavor tagging [35]. It utilizes the Convolutional Neural Networks
(CNN) and RNN, given in Figure 3.10. The type of input is a bit different compared to
what we and the other state-of-the-art models use. Here, the objects are separated into
charged and neutral particle flow candidates as well as the secondary vertices. Some

global jet features are also included in the final decision after the CNN and RNN layers.
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Deeplet uses slightly more than 650 input features.

Figure 3.10: The architecture of the DeepJet model, with inputs in 4 domains: charged
PE Neutral PFE, Secondary Vertex, and Global variables. These inputs, except global
variables, are passed through CNN and RNN layers, finally concatenated, and given to a
dense network to get the output.[35]

| Charged (16 features) x25 |—| 1x1 conv. 64/32/32/8 H RNN 150 '— b

| Neutral (8 features) x25|— 1x1 conv. 32/16/4 —| RNN 50'— Dense I:r?b
| Secondary Vix (12 features) x4 H 1x1 conv. 64/32/32/8 H RNN 50 '— ﬁ(())(()) I:\zocliiz ))((17, ] 7
Global variables (15 features) g

For example, the first 25 charged particle flow candidates each have 16 features,
ordered according to decreasing displacement significance. This input is passed through
a CNN with a kernel size of 1x1. This kernel size is preferred as all the objects are treated
in the same manner, as the physics suggests. Then, the output from the CNN layers is
given to Long Short Term Memory (LSTM) modules [36]. This is done for the other two
input types, Neutral candidates and the SVs, and then all outputs from the LSTM modules
and the global variables are given into a DNN to get the final prediction of the model.

The Deeplet model demonstrates excellent performance; however, the large num-
ber of input features poses a significant challenge to inference time and memory effi-
ciency. This high dimensionality slows down inference and increases memory usage,

which can be a limitation in practical applications

3.6.2 Particle Transformer (ParT)

As the name suggests, the Particle Transformer [37] is the primary transformer
model for particle physics. First published as an event-based jet tagger, it later evolved to
perform many other tasks, including b-tagging. The ParT model is best understood visu-

ally, architecture given in Figure 3.11. Here, in part a, we have encoder and decoder parts
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as in most transformer architectures, with constituents particle and class attention blocks,
respectively. The main difference between these two kinds of blocks is the addition of the

interaction matrix, U, which is, in a way, the dot product of the input column vector with

its transpose, giving us a matrix.

Figure 3.11: The architecture of (a) Particle Transformer (b) Particle Attention Block (c)
Class Attention Block. Similar to a regular transformer, the encoder-decoder architecture

is seen. P-MHA is also the same as MHA except for the U matrix. [37]
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In this model, the input is separated into three classes of features: kinematics (An,

Ag, log(pt), logFE, the logarithm of the relative pt and energy of the tracks to the jet.),

particle identification (charge, electron, muon, photon, charged hadron, neutral hadron),

and trajectory displacement (tanh(dp), tanh(d,), 4., 04, ).
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Once more confirming the hype about the transformers, ParT also demonstrates
state-of-the-art performance on many tasks, including b-jet tagging. We will use ParT to

compare its performance with that of our models.
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4. RESULTS AND DISCUSSION

During the training of the models, we used the Pytorch library [38] for most of the
models and the XGB library [31] for the training of the XGB. Except for the XGB model,
the trainings are done on NVIDIA Quadro RTX 5000 Graphics processing unit (GPU).

In this chapter, we will first introduce the performance metrics and tools that will
be used to evaluate the models in Section 4.1. Then, the model training results will be
discussed in Section 4.2. In this section, we will compare the performances of the three
models: MLP, XGM, and JetRetNet. Later in Section 4.3, we will compare the XGB and

JetRetNet models with state-of-the-art models like DeepJet and ParT.

4.1 Evaluation Metrics and Performance Measures

To evaluate the performance of the models, we need to decide on some metrics
that give a sense of the models’ capabilities.

Many of the metrics commonly used in the literature use the confusion matrix.
This matrix compares the actual truth values with the predicted values. Many metrics
have been derived from this matrix, some of which we will also use in this thesis. The
confusion matrix is best understood visually in Figure 4.1. Here, the matrix is divided
into four groups for a binary classification task: True Positive (TP) for the values that
are positive and also predicted as positive, True Negative (TN) for the values that are
negative and also predicted as negative. These two classes are where the model performs
successfully. The actual value is negative for False Positive (FP), but the model’s guess is
positive, hence the name false positive. Similarly, the truth is positive in False Negative
(FN), but the model predicts it as negative.

In an actual confusion matrix, the numbers corresponding to the symbols TP, TN,

FP, and FN are used instead. Although this matrix gives much information about the
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Figure 4.1: The confusion matrix, where TP, FP. FN, and TN are true positive, false
positive, false negative, and true negative, respectively.

Truth

Positive Negative

Prediction
Positive

Negative

model’s performance, it is still a matrix and does not have a single number that can be
used to compare models. Luckily, we are not the first ones to try a classification task.
Therefore, people before us have invented many parameters that are now commonly used

in the literature.

4.1.1 Accuracy

The most common metric that is used in classification tasks is accuracy, which is

defined as follows in Equation 4.1.

TP +TN
A _ 41
WY = TP Y FP+TN + FN “.1

This is the ratio of correctly guessed data points to all data. Although this met-
ric has been widely used historically, it does not contain much information about the
misidentified items. It is also highly dependent on class imbalance; it is only valid when

both classes have almost the same number of samples. We will monitor its evaluation
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during training but not use it as a decisive metric for the model’s performance.

4.1.2 Area Under Curve (AUC) Score

The next metric we will use is the Area Under the Curve (AUC), specifically
the area under the receiver operating characteristics (Receiver-operating characteristic
(ROCQ)) curve. This is one of the most essential metrics in classification tasks and needs
to be adequately understood. First, Let’s understand the ROC curve derived from another

plot. Figure 4.2 gives the probability distribution for a binary classification task.

Figure 4.2: ”Prediction probability histogram of a binary problem, where TP, TN, FP,
and FN are true positive, true negative, false positive, and false negative, respectively. T
is the threshold between what is classified as class 0 and class 1.”[39]
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0 FN 5 1
PREDICTED SCORE

We get such a plot after training the models for the binary classification task. But
this plot raises a new question: Where should we put a threshold to discriminate between
classes for the best efficiency? This question leads to the ROC curve as follows: By
sliding the threshold, T in Figure 4.2, across the model’s predicted score axis, one can
calculate the true positive rate (True Positive Rate (TPR)) and false positive rate (False

Positive Rate (FPR)) defined in Equation 4.2

59



FP TP

FPR=———— TPR=-—
FP + TN TP + FN

4.2)

Figure 4.3: "Receiver Operating Characteristic (ROC) curve with False Positive Rate
and True Positive Rate. A diagonal shows the performance of a random classifier. Three
curved lines from (0,0) to (1,1) that get progressively closer to (0,1) show improving
classifiers.” [40].
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We get the ROC curve by calculating these two metrics for all T values, given in
Figure 4.3. Calculating the area under this curve finally gives us the AUC score, which
ranges between 0 and 1. However, in practice, an AUC score of 0.5 means the model is
guessing randomly; hence, AUC scores below 0.5 are irrelevant. We will also monitor

this metric during training and use it as a decisive metric for the model’s performance.

4.1.3 FI1 Score

To understand the F1 score, we need to make more definitions: precision and recall

given in Equation 4.3. Precision is the ratio of the correctly predicted positive values to all
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the positive predictions of the model or the ratio of TP to the first row in Figure 4.1. Recall
is a similar concept but from the perspective of the truth: it is the ratio of the correctly
predicted positive values to all true positive values, or TP divided by the first column in
Figure 4.1 .

TP TP

Precision = ————, Recall= ——— 4.3)
TP + FP TP + FN

With these two, we can then define the F1 score in Equation 4.4; this is the har-
monic mean of recall and precision.
Precision - Recall

F1 Score = 2 - = 4.4)
Precision + Recall

The F1 score will also be monitored during training and used as a decisive metric.

4.1.4 Signal Efficiency vs. Misidentification Rate Plots

Although the AUC score gives us a nice metric extracted from the ROC curve, the
ROC curve contains more information. We will also compare the model performances on
a plot similar to the ROC curve. Actually, just the axes switched in Figure 4.3. Another
name for TPR is signal efficiency, and similarly, FPR is also called a misidentification
rate. Hence, we get the physicist’s way of an ROC curve.

This plot defines the model’s working points (Working Point (WP)) as fixed misiden-
tification rates. We will use three WPs: loose, medium, and tight, 0.1, 0.01, and 0.001,
respectively, which have also been used in other works [41]. The signal efficiencies will

be compared at these fixed WPs for b-jet vs. light-jet and b-jet vs. c-jet cases.

4.2 Performance Evaluation and Analysis

Three different models — MLP, XGB, and Retentive Networks (RetNet) — have
been tested for b-jet tagging. After extensive training, this section represents the three

best-performing models. The evolution of the loss and the accuracy, AUC, and F1 score
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0.38 1
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metrics during the training are given in Figures 4.5, 4.4 for JetRetNet and MLP respec-

tively. Here, the performance on the validation set is better in most of the epochs because

of the dropout layers. As explained in Section 3.2, some of the weights are set to 0 during

training, but in the validation set, the dropout is not in action. Hence, the original weights

are used for the evaluation of the validation set, and the model performs better than the

training set.

Figure 4.4: The evolution of the loss and the accuracy, AUC, and F1 score metrics
through epochs for the MLP model. For all plots, the values on the training set are given
in blue, and the values for the validation set are given in orange.
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Figure 4.5: The evolution of the loss and the accuracy, AUC, and F1 score metrics
through epochs for the JetRetNet model. For all plots, the values on the training set
are given in blue, and the values for the validation set are given in orange.
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Since XGB has its own training methods, we are unable to monitor its performance
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through epochs; we can only get the metrics after training. The performances of the three
models in the final epoch are summarized in Table 4.1. As can be seen, the JetRetNet
model outperforms the other two by a significant margin. The Multi Layer Perceptron
(MLP) does its job as it was to show that these novel models have some benefits compared
to the simplest deep learning model. XGB is also very competitive but does not surpass

JetRetNet.

Table 4.1: Performance metrics on the validation set for MLP, XGB, and JetRetNet mod-
els in the final epoch.

Metric | Accuracy | AUC | F1 Score

MLP 84.61% | 0.924 | 0.885

XGB 87.83% | 0947 | 0.878
JetRetNet | 88.80% | 0.955 | 0.913

Looking at the signal efficiency vs. misidentification rate plots, given in Figure
4.6, gives a better idea of the performance. Here, we have separated the background of
the dataset into two subsets: c-jets and light-jets (u, d, s quark jets or gluon jets). Again
confirming Table 4.1: on all three WPs, JetRetNet performs the best, MLP gives a good
baseline, and the XGB is in between.

It must be noted that we have trained a few XGB models with varying the depth of
the trees. Although when the model has a depth of 13, it surpassed the JetRetNet model,
it is also highly overfitting to the data. This over-fitting problem is a common problem in
XGB models. One has to choose the parameters to minimize the over-fitting. Hence, we
choose a tree depth of 11, which balances both over-fitting and the performance measure.
If our dataset was very large and general, this issue might have been ignored, but with 1
million jets in the validation data, one cannot be sure of the power of the generalization
of the dataset.

From this plot, we can also extract and compare the signal efficiencies of the three
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Figure 4.6: Signal efficiency vs. Misidentification rate of b-jets. Here, the dashed curves
are for b-jet vs. c-jet, and the solid curves are for b-jet vs. light-jet classification. The
three models, MLP, XGB, and JetRetNet, are shown in green, red, and blue, respectively.
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WP: loose, medium, and tight, given in Table 4.2 for the b-jet vs. light-jet efficiency and

in Table 4.3 for b-jet vs. c-jet efficiencies. Again, JetRetNet’s superior performance is

demonstrated in all cases. Tight (0.001)

We can also compare the inference times of the networks. MLP and JetRetNet

models are trained on the GPU, whereas XGB is trained on 36 Central Processing Unit

(CPU) cores. Although this is not a proper comparison, we will compare the speed on the

GPU for MLP and JetRetNet and the speed on a single-core CPU for XGB, given in Table

4.4. These values are calculated on the validation set of approximately one million jets.

Commenting on the table, MLP is the fastest model for inference, but its performance is

lacking. The latter is faster for XGB and JetRetNet, but again, this is not a fair comparison
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Table 4.2: Signal efficiencies for b-jet vs. light-jet tagging for three WP on the validation
set for MLP, XGB, and JetRetNet models in the final epoch.

WP (Mistag) | Loose (0.1) | Medium (0.01) | Tight (0.001)
MLP 0.860 0.634 0.390
XGB 0.916 0.750 0.516

JetRetNet 0.923 0.773 0.584

Table 4.3: Signal efficiencies for b-jet vs. c-jet tagging for three WP on the validation set
for MLP, XGB, and JetRetNet models in the final epoch.

WP (Mistag) | Loose (0.1) | Medium (0.01) | Tight (0.001)
MLP 0.682 0.408 0.217
XGB 0.745 0.487 0.297

JetRetNet 0.798 0.560 0.356

since they work on different kinds of machines.

Table 4.4: Inference times of the MLP XGB and JetRetNet models. Here, XGB ran on a
single-core CPU, and the other two models ran on GPU.

Model Inference time per Jet (sec)

MLP 4.77 x107°

XGB 1.88 x107°
JetRetNet 8.57 x10~©

One can also look at the performances across the Jet pr range. In Figures 4.7, 4.8
and 4.9, b-jet vs. light-jet signal efficiencies are given for all three WP. Performances on
both the training and the validation sets are plotted to see the effect of over-fitting. The
same plots for b-jet vs. c-jet signal efficiencies are also given in Figures 4.10, 4.11 and
4.12. Since the data is very sparse after jet pr of 400 GeV, especially for b-jet vs. c-jet

tagging, the left part of these plots will be more relevant.
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Commenting on Figure 4.8, JetRetNet shows stable and good performance on
the loose WP for all pr scales with no overfitting. Overfitting starts to be visible for the
medium and tight WPs after a pp of 300 GeV. Since the data is sparse after 400 GeV, there
are fluctuations. The performance of the XGB case in Figure 4.9 is close to JetRetNet.
However, the overfitting is visible in all pr ranges for medium and tight WPs. Although
we have selected an XGB model with less overfitting than the more complex model, it
still has much higher overfitting than the other two. JetRetNet has very little overfitting,
mostly visible in the tight WP, but it is clearly visible in XGB plots for all WPs. This might

mean that although XGB is very quick to train, it may not generalize well to unseen data.

Figure 4.7: Jet tagging efficiency for b-jet versus light-jet discrimination using the MLP
model, as a function of jet pr. Performance is evaluated for various mistag rates (0.1,
0.01, 0.001) on both training and validation datasets.
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4.3 Comparison with Existing Methods

We compare JetRetNet and XGB against state-of-the-art models such as DeepJet

[35] and ParT [37] to assess our models’ overall performance and competitiveness. These
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Figure 4.8: Jet tagging efficiency for b-jet versus light-jet discrimination using the Je-
tRetNet model, as a function of jet py. Performance is evaluated for various mistag rates
(0.1, 0.01, 0.001) on both training and validation datasets.
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models are widely recognized for their superior performance in b-jet tagging tasks and
are considered benchmarks within the particle physics community. Both Deeplet and
ParT employ advanced architectures tailored specifically for jet tagging. In Figure 4.13,
the performances of XGB and JetRetNet models are compared with DeepJet and ParT.
It must be noted that these two models are trained with 140 million jets; hence, this is
not a fair comparison. This dataset provides both the richness of the jets and higher
generalization power.

Despite that, at loose WP, both models perform reasonably well, even surpassing
DeepJet for b-jet vc. c-jet tagging efficiency. As we come to the medium, WP Deeplet and
JetRetNet perform almost the same for b-jet vc. c-jet case, while XGB is unable to keep
up. This means XGB is not able to capture the details in the dataset for this threshold. The
difference is much more evident in the tight WP, where our models are unable to compete
with the state-of-the-art. In this tight WP, the statistics are much less than the other two,

and the separation demands of the two classes are much higher.
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Figure 4.9: Jet tagging efficiency for b-jet versus light-jet discrimination using the XGB
model, as a function of jet pr. Performance is evaluated for various mistag rates (0.1,
0.01, 0.001) on both training and validation datasets.

1.0

0.8 -

0.6

0.4 1

b-jet vs I-jet Tagging Efficiency

—8— 0.1 mistag Val
--®- 0.1 mistag Train

027 e 0.01 mistag Val
--@- 0.01 mistag Train
—e— 0.001 mistag Val
--®- 0.001 mistag Train
0.0 T T T T T T T
100 200 300 400 500 600 700
pr [GeV]

Figure 4.10: Jet tagging efficiency for b-jet versus c-jet discrimination using the MLP
model, as a function of jet pr. Performance is evaluated for various mistag rates (0.1,
0.01, 0.001) on both training and validation datasets.
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Figure 4.11: Jet tagging efficiency for b-jet versus c-jet discrimination using the JetRet-
Net model, as a function of jet pr. Performance is evaluated for various mistag rates (0.1,
0.01, 0.001) on both training and validation datasets.
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Figure 4.12: Jet tagging efficiency for b-jet versus c-jet discrimination using the XGB
model, as a function of jet pr. Performance is evaluated for various mistag rates (0.1,
0.01, 0.001) on both training and validation datasets.

1.0
......... PR
......... PN
......... P TR SETTRED g e
........ PP
Y PO PUUTTIIY SLLAbbh At A R N R YT °
0.8 @il _ _ _
> o— T e frevenees PO PY °
5 SR @O [ TERRRRRY
2 R P
E:_.I 064 JEPRR @ --eed (]
o 0. fes @ @t
2 PO
[=}
3
t w ........ ] SEITIE
[}
© 0.4+
é S N PO
> 1
ko) | *
L] | —e— 0.1 mistag Val
0.2 --@- 0.1 mistag Train
) —e— 0.01 mistag Val
--@- 0.01 mistag Train
—e— 0.001 mistag Val
@®- 0.001 mistag Train
0.0 T T T T T T T
100 200 300 400 500 600 700
pr [GeV]

69



100
{ —— Deepjet - b vs. |
1 === DeepJet-bvs.c

| — ParT-buvs. I
| === ParT-buvs.c
—— XGB-buvs. |
% 10714 === XGB-bvs.c
GCC { ——- JetRetNet-bvs. c
o 1 — JetRetNet - b vs. |
= |
o
6=
[}
©
2 1072 4
s ]
U
4
JI
103 4 2

0.0 0.2 0.4 0.6 0.8 1.0
Signal Efficiency

Figure 4.13: Signal efficiency vs. Misidentification rate of b-jets. Here, the dashed curves
are for b-jet vs. c-jet, and the solid curves are for b-jet vs. light-jet classification. The
models XGB, JetRetNet, DeepJet, and ParT are shown in red, blue, black, and green,
respectively.
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5. CONCLUSIONS

We have trained our models with a semi-leptonic ¢¢ decay dataset taken from
CERN CMS Open Data Portal [25]. After pre-processing data to our desired shape and
features, we trained a DNN, an XGB, and a retention-based network called JetRetNet.
JetRetNet outperformed the other models by a large margin. By comparing the JetRet-
Net’s performance with the state-of-the-art models, although the comparison is unfair, the
potential of the JetRetNet for future use is evident. With a much smaller training dataset,
we never expected our models to surpass the state-of-the-art performance, but JetRetNet’s
performance is very comparable to Deeplet’s, especially on the loose working point. An-
other benefit is the training and inference times of JetRetNet with its low parameter count.

This has been the preliminary work for using RetNet for b-jet tagging. The archi-
tecture can be improved further to adapt them for this specific task. Another RetNet-based
decoder can also improve the JetRetNet architecture by changing the FEN layer in the de-
coder part of the model in Figure 3.9.

Also, the hyper-parameter fine-tunings are done within the computational limita-
tions. Hence, all models can perform better by properly fine-tuning the hyper-parameters
using a random search or grid search (or a combination of both).

Apart from improving the model architectures and the training procedures, the
dataset has been the most important element of b-jet tagging with ML methods. Although
significant time has been spent on this topic, many improvements or experiments are
still needed. First, another type of event can be considered: hadronic ¢t decays, or the
QCD multijet events can be used. It can be further improved by creating a dataset from
many decay channels to represent all the b-jets within SM that can emerge in the collider
experiments. For example, in our dataset, all the b-jets arise from the decay of the top
quark. But the Higgs boson also decays into bb most of the time, which is not included in

our dataset.
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The pr range of the dataset can also be improved to be more evenly distributed.
Because of the nature of Jet pr distributions, most of these models perform well in the
low pr range but fail drastically in high pr domains. A new dataset can be artificially re-
constructed to overcome this effect and maintain stable performance across all pr ranges.

Apart from the selection of the decay channels, one can also change the ordering of
the tracks and SVs. We have used the decreasing pr ordering. Some time has been spent
selecting this order, but other orderings are used in the literature. For example, decreasing
impact parameter or decreasing impact parameter significance are also commonly used
[

The change of the parameters that are used can be another improvement. As under-
stood, ParT uses either the logarithms or the hyperbolic tangent of some of the parameters
[37]. This method can be tried on our dataset and compared by giving the parameters as
they are and checking if the performance improves.

Many new features can also be added to the dataset, which will most probably
improve the performance. But this has a side-back, a question of inference time and
performance. So, in theory, you can give all the inputs from the detector and also many
high-level features, but it will be unable to identify a b-jet within the given time. So, it
is important to identify the most informative and also sufficient features for the desired
performance.

We have only used the tracks and the secondary vertices in the jet. Both of the
information are taken in the Tracker part of the CMS Detector. The models can also be
extended to include the calorimeter jets. In addition to the way we give tracks and SVs, a
2D calorimeter image of the jet (in the 7, ¢ plane) can be fed into the models in parallel.
The first thing that comes to mind is to use a CNN for this image, but transformer-based
methods can also be helpful. We did not choose this method as b-quarks travel very short

distances before they decay, usually just before the tracker or inside it. So before the jet
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products arrive at the calorimeters, most of the decay during the jet formation has already
occurred. In this work, we have assumed that the later the jet constituent emerges during
the process of jet formation, the less information it contains. This is just a logical/intuitive
assumption, but one never knows which feature contains what kind of information without
trying it out. Hence, the addition of the CaloJets could improve the model’s performance.

Another drawback of using only the tracker is that we don’t have any information
on the neutral particles. To improve the model even further, we can feed the information
from the ECAL and HCAL separately to the model by creating two calorimeter images.
Although the idea is nice, PF objects do not separate ECAL and HCAL, requiring the use
of more raw data. However, an idea similar to the Deeplet can be employed; instead of
ECAL and HCAL images, charged and neutral calorimeter images can easily be recon-
structed. These two images can be passed through CNNs in parallel, and the outputs can
be concatenated to the outputs from the RetNet layers of JetRetNet, as well as the global
jet features.

Of course, the dataset size can be improved further. Our models are trained with
4 million jets, while the state-of-the-art models given in Section 4.3 are trained with 140
million jets. This is a very big difference, but also another hint at the potential of the
JetRetNet. Further studies on the pile-up and calibrations on the real collision data are
also mandatory next steps in this analysis. The model can also be altered to work as an
event-based multi-b-jet tagger.

This work introduces the use of some of the novel DL models, like RetNet and
XGB, for the problem of b-jet tagging in particle physics. Although this has been a long-
standing problem, we show that with the fast-paced tempo of the ML world, there are
always new methods to be applied to the old problems. The state-of-the-art models are
not out-performed, but this was not expected. The potential of the JetRetNet model is

especially demonstrated, and many improvements are argued.
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