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1 Abstract

During the summer of 2024, I had the privilege of working as a summer student at CERN within
the Experimental Physics Department, to be specific on CMS experiment. My project concentrated on
advanced techniques for particle tagging, specifically b-tagging and W-tagging in hadronic events. B
tagging is essential for identifying bottom quarks, and crucial for understanding Higgs boson decays
and top quark production, while W-tagging is vital for singling out in a collision, the hadronic remnants
of a W boson which has decayed into a pair of quarks. These hadronic remnants typically give rise to
two jets which tend to merge to a single one if the initial momentum is sufficiently high. Through my
work, I contributed to refining these tagging methods to improve the accuracy and efficiency of particle
detection. This experience not only enhanced my technical skills but also deepened my understanding of
particle physics.

2 Introduction
2.1 General Standard Model

The Standard Model of particle physics describes the fundamental particles (quarks, leptons, and
bosons) and their interactions, crucial for understanding the universe at its smallest scales. Matter is
composed of three kinds of elementary particles: leptons, quarks, and bosons. There are six leptons,
classified by their charge (Q), electron number (L.), muon number (L), and tau number (L), which
fall into three generations as shown in Table[I]

Table 1: Lepton Classification

Generation Particle Q L. L, L,

. Ve 0 1 0 0

st e~ -1 1 0 0

vy 0 O 1 0

Second 1 0 1 0
) Vs 0 O 0
Third - 1 0 0

Similarly, there are six ’flavors’ of quarks, classified by charge (()), strangeness (S), charm (C),
beauty (B), and truth (T), also categorized into three generations as illustrated in Table 2]



Table 2: Quark Classification

Generation Particle Q S C B T MassMeV/ic?)
First u 23 0 0 0 O 2.3
d -3 0 0 0 O 4.8
Second c 23 0 1 0 O 1275
S -1/3 -1 0 0 O 95
. t 23 0 0 0 1 173100
Third b <13 0 0 -1 0 4180

Quarks come in three colors, leading to 36 different quark states when considering both quarks
and antiquarks. Each interaction has its own mediator: the photon for the electromagnetic force, W and
Z bosons for the weak force, gluons for the strong force, and presumably the graviton for gravity [1].
Figure [I] graphically depicts the Standard Model. The top quark (¢), the heaviest known elementary
particle, plays a crucial role in electroweak symmetry breaking and mass generation, with a mass around
173 GeV. It primarily decays into a W boson and a bottom quark ({ — W), with a short lifetime that
prevents hadronization, allowing it to be studied through its decay products in high-energy colliders like
the LHC. Precision measurements of top quark properties provide critical tests of the Standard Model and
insights into potential new physics. In high-energy proton-proton (pp) collisions, top quarks are mainly
produced via gluon-gluon fusion (g9 — tt), as depicted in Figure [2| with a production cross-section
in pp collisions at 13 TeV on the order of hundreds of picobarns [1]]. In lead-lead (PbPb) collisions,
the ¢t production cross-section decreases due to lower collision energy, but this is compensated by the
combinatorics of nucleon pair collisions (enhancing the cross-section by a factor of 2082 = 43264). Top
quarks provide a clean probe of the quark-gluon plasma (QGP) in heavy-ion collisions, as they decay
before hadronization, offering direct insights into partonic interactions and energy loss mechanisms in
the QGP, thus testing Quantum Chromodynamics (QCD) models under extreme conditions [[16].
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Figure 1: Graphical deplctlon of the Standard model [21].

2.2 The state-of-the-art

The state-of-the-art in measurements of proton-proton (pp) collisions represents the pinnacle of
modern high- energy physics and experimental technology. At its core, this involves the use of highly
advanced detectors such as ATLAS [14] and CMS [15]], which are capable of tracking and measuring
an astonishing variety of particles with incredible precision. These detectors incorporate sophisticated
subsystems including silicon-based tracking detectors, calorimeters designed to measure energy by ab-
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Figure 2: Feynman diagram for ¢¢ production [22].

sorbing particles, and specialized muon detectors, all working in concert to provide a comprehensive
picture of each collision event. The real-time processing of data is managed by ultra-fast trigger systems
that can discern and record the most promising collision events from millions occurring every second.
Furthermore, the analysis of this data is enhanced by the application of advanced machine learning al-
gorithms, which sift through massive datasets to identify meaningful patterns and signals amidst the
noise. State-of-the-art also encompasses the use of detailed Monte Carlo simulations to model theoret-
ical predictions and compare them with experimental outcomes, refining our understanding of particle
interactions.

2.2.1 The state-of-the-art in lead-lead (PbPb) collisions

The CMS experiment at the LHC reported the first evidence of top quark production in heavy-ion
collisions, specifically in lead-lead (PbPb) collisions at a center-of-mass energy of 5.02 TeV per nucleon
pair [6]]. This achievement was made using data from the 2018 heavy-ion run. The analysis employed
two methods to identify top quark pair (¢) events: a dilepton-only approach and a dilepton plus b-tagged
jets approach. Both methods used a boosted decision tree (BDT) classifier to distinguish the signal from
the background. The results showed a significance of 4.0 standard deviations for the observation of ¢t
production, providing strong evidence for the presence of top quarks in this collision environment.

The state-of-the-art in lead-lead (PbPb) focuses on studying the quark-gluon plasma (QGP), a state
of matter from the early universe, using advanced detectors such as ALICE [13]]. These detectors handle
the immense particle multiplicity and energy densities involved in PbPb collisions, providing detailed
measurements of the QGP. However, these collisions face significant challenges, including complex data
analysis due to overlapping particle tracks, energy loss mechanisms that obscure particle signals, and
substantial background requiring precise calibrations and analysis techniques.



2.3 The anti-kr algorithm

The anti-k7 algorithm is a widely used jet reconstruction method , designed to identify and cluster
particles into jets from the complex environments of particle collisions [[12] . This algorithm is a variant
of the k7 clustering method and stands out for its effectiveness in handling dense environments and over-
lapping jets. The anti-k7 algorithm clusters particles by minimizing a distance measure that incorporates
both the transverse momentum and spatial separation of particles. Specifically, the distance d;; between
two particles or clusters ¢ and j is calculated using the formula

2
R2 "’
where pr; and pr; are the transverse momenta of the particles or clusters, AR;; is the distance in the
1n — ¢ plane (pseudorapidity and azimuthal angle), and R is a parameter that sets the jet size. The "anti"
in anti-kp signifies that this algorithm favors clustering that maintains larger distances between particles,

leading to jets with clearer and more distinct boundaries. This property makes the anti-kr algorithm
particularly suited for high- density environments where multiple jets are closely packed.

dij = min(p%“,ivp%“,j) :

For example, in proton-proton (pp) collisions, where high-energy jets are produced, the anti-kp al-
gorithm helps in reconstructing jets with clear separation, which is crucial for precise measurements and
analyses. In lead-lead (PbPb) collisions, where the environment is even denser due to the large number
of colliding nucleons, the anti-k7 algorithm excels in identifying individual jets despite the overlapping
and merging of multiple jet structures. For instance, when studying jet quenching, a phenomenon ob-
served in PbPb collisions where high-energy jets lose energy while traversing the quark- gluon plasma,
the anti-k7 algorithm can effectively reconstruct the jets and measure their energy loss [/7]].

2.4 Jets classification

Jet classification is a crucial task that involves distinguishing between different types of jets based
on their origins or specific characteristics. Jets are essentially collimated streams of particles resulting
from the hadronization of high-energy quarks and gluons in particle collisions. Classifying these jets
accurately requires analyzing a variety of features, such as jet energy, transverse momentum (pr), mass,
and the distribution of energy within the jet. Multivariable analysis plays a pivotal role in this process
by leveraging multiple input features to build sophisticated models capable of differentiating between
jets originating from different physical processes. By incorporating various kinematic and substructure
variables into a machine learning model, scientists can train algorithms to recognize and classify these
jets with high precision.

The training process involves using labeled datasets where jets are classified based on their known
origins or types. Machine learning algorithms, such as decision trees, random forests, support vector
machines, or neural networks, are then used to analyze these datasets and learn the patterns associated
with different jet types. Once the model is trained, it is validated and tested on new data to ensure its
accuracy and reliability. The validated model can then be applied to experimental data, enabling real-
time classification of jets and facilitating the study of fundamental physical phenomena. For example
multivariable analysis helps in distinguishing between jets from top quark decays and those from other
processes [8]].

2.5 Particle Transformer

Multivariable analysis (MVA) is a versatile tool applied across diverse fields beyond high-energy
physics, offering insights by analyzing multiple variables simultaneously. Among the different MVAs,
the Particle Transformer model [10], developed for use by the (CMS) experiment, represents a signi-
ficant leap forward in particle physics data analysis through the application of advanced deep learning
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techniques. Inspired by transformer networks originally designed for natural language processing [11]],
the Particle Transformer model leverages the powerful attention mechanisms of these networks to ana-
lyze and interpret complex particle collision data. It processes the data by representing each particle
or jet with a detailed feature vector that includes kinematic information such as transverse momentum
and energy. The core innovation of the Particle Transformer lies in its self-attention layers, which allow
the model to effectively weigh and prioritize different particles and their interactions, capturing intricate
patterns and relationships that are critical for accurate particle and jet reconstruction. This approach
is particularly valuable in high-energy collisions, where overlapping and merging jets make traditional
reconstruction methods challenging.

In proton-proton (pp) collisions, the Particle Transformer model enhances the precision of jet
reconstruction and particle identification by providing a sophisticated analysis of the particle data. This
improvement is crucial for distinguishing between jets from different physical processes, such as those
originating from top quark decays. By reducing uncertainties and improving measurement precision, the
Particle Transformer model supports more reliable and detailed studies of high-energy collisions, thereby
advancing the understanding of fundamental particles and interactions.

2.5.1 Implementation in (PbPb) collision measurements

The Particle Transformer model, while highly effective for jet reconstruction and particle classi-
fication in proton-proton (pp) collisions, encounters challenges in lead-lead (PbPb) collisions due to the
extreme conditions of the QGP. In PbPb collisions, the QGP alters jet properties through phenomena
such as jet quenching, which causes high-energy jets to lose energy and become softer and broader.
This makes jet structures less distinct compared to those in pp collisions, challenging the Particle Trans-
former’s ability to accurately capture and classify intricate patterns. Additionally, the increased particle
density in PbPb collisions leads to severe jet overlaps and merging, complicating the reconstruction pro-
cess and overwhelming the model’s capacity to separate and identify individual jets amidst the high back-
ground noise. The combination of these factors—distorted jet profiles, high multiplicity, and complex
interactions—reduces the effectiveness of the Particle Transformer model in these dense environments,
highlighting the need for specialized techniques to handle the unique challenges of high-density collision
scenarios.



3 Results

This section outlines the results derived from simulations of ¢¢ production in PbPb collisions at
5.36 TeV. The ¢t production was simulated using the MadGraph [[17] and Powheg [18]event generators,
while the PbPb underlying events were generated using the Hydjet [[19] event generator. Additionally,
a separate dataset, representing signals simulated in pp collisions without pileup (PU), was utilized to
provide a control sample for comparison. The CMS detector response was emulated using the Geant4
[20] framework, configured with the 2023 data-taking conditions.

The performance of the b-quark tagging, as compared to charm and light quarks, is detailed in
Section [3.1] for the Particle Transformer model and in Section [3.2] for the DeepJet model. Both models
were trained over 30 epochs to optimize their tagging efficiency and accuracy. Following this, Section[3.3]
presents the results for the W-tagger, derived using a boosted decision tree (BDT) model.

3.1 b tagging

If we look at 4 graphs in figure [3| where data corresponds to ¢t sample generated in proton-proton
collisions, we see that all models give similar results and that is what was expected. This validates our
heavy-ion (HI) training setup.
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Figure 3: Comparison of tagging efficiencies and mistagging rates for different particle types in pp
simulations (5.36 TeV)
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Figure 4: Powheg embedded with Hydjet events in PbPb simulation (5.36 TeV)

Before getting into interpretation of results, we should provide one reminder: a central PbPb
collision corresponds approximately to 140 pileup events thus we expect degradation of pp algorithms.
The red “line” (trained in PbPb simulation) provides a better performance than the ones trained in pp
simulations (blue and black lines)

In figures {] and [5| we see similiar (almost identical) plots for two different tools for generating
singnal (Powheg and Madgraph), thus we conclude that the choice of tool is not significant. This can be
further proved with next plots in figure [6]
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Figure 5: Madgraph embedded with Hydjet events in PbPb simulation (5.36 TeV)
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Figure 6: Madgraph trained model run on top of Powheg events

3.2 b tagging with DeepJet model

> : Ry ]
ik st == PbPb 2023 (ParT Big), AUC: 0.951

i), AUC: 965
(Despitsie), ALC: D563
Par Big, AUC: 0283

AUC D960
PP 2024 (Par? By, ALC: 0351

o - m - m - a0 M M as o 0
Taogng icercy b Taggin efiency:c Taggingefiency. b

[
‘Tagging eficiency: ¢

(a) tagging efficiency b (b) tagging efficiency ¢ (c) tagging efficiency b (d) tagging efficiency b

Figure 7: Comparison of tagging efficiencies and mistagging rates for different particle types in pp
simulations (5.36 TeV) + DeePJet model

If we compere all those results with results in figures[3] 4] and 3] it can be seen that DeepJet model
provides a worst performance than the Particle Transformer model, even if both models are trained on
PbPb simulations.
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Figure 8: Powheg embedded with Hydjet events in PbPb simulation (5.36 TeV) + DeePJet model
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Figure 9: Madgraph embedded with Hydjet events in PbPb simulation (5.36 TeV) + DeePJet model
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Figure 10: W tagging- ROC curve

The performance on the W tagger derived by training a BDT on the ¢¢ PbPb simulations is dis-
played in figure [I0] Overall we can achieve 90% rejection of background with a 60% W tagging effi-
ciency. The application of the W tagger is further checked in figure [T} where we can see the plot of the
mass distribution of the pair of jets. In first case, we consider all jet pairs and in second only jet pairs
with highest W tag probabilities. As we can tell there is a big difference and that significant difference
is in signal vs background ratio. In [IIb] we have more W boson signals and in first we have all pairs
not regarding their origin. Basically,the [ITa]has both the signal and the background, but the background
dominates and that is why there is continuous distribution.
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Figure 11: Mass distribution

4 Summary

In proton-proton (pp) collisions, all models exhibit similar tagging efficiencies for ¢f samples, confirming
the validity of the heavy-ion (HI) training setup. This consistency is observed across different particle
types, including b and ¢ quarks, as well as in mistagging rates. In lead-lead (PbPb) collisions, simulations
using both the Powheg and MadGraph generators yield nearly identical results, suggesting that the choice
of simulation tool is not significant. Notably, the model trained on PbPb simulations outperforms models
trained on pp simulations, as expected due to the higher complexity of HI collisions. Additionally, the
W tagging performance shows that the mass distribution of jet pairs differs significantly between all jet
pairs and those with the highest W tag probabilities, emphasizing the crucial role of accurate tagging and
isolating the W boson signal from the background.
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