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ABSTRACT

Kalle Pakarinen: Weakly Supervised Learning for Quark vs Gluon Jet Discrimination
Master’s thesis
Tampere University
August 2025

Jets are collimated sprays of particles resulting from the hadronization of high-energy quarks
and gluons produced in proton–proton collisions. They are among the most frequently observed
objects at the Large Hadron Collider, and distinguishing between quark- and gluon-initiated jets is
essential for many physics analyses. Conventional machine learning approaches for jet classifi-
cation rely on Monte Carlo (MC) simulations for training, which introduces modeling uncertainties
due to potential mismatches with real data. Weakly supervised methods offer an alternative by en-
abling training directly on data without requiring per-jet truth labels, thereby reducing dependence
on simulation.

This thesis investigates the use of weakly supervised machine learning techniques for quark
versus gluon jet discrimination using data from the CMS experiment. Two complementary methods
are studied: Classification Without Labels (CWOLA) and Jet Topics. Both allow model training
without access to simulation-based truth labels, reducing reliance on MC simulation data.

The CWOLA method trains a classifier to distinguish between quark and gluon jets using mixed
samples with differing class proportions, without any individual jet labels. It was implemented using
a graph neural network and evaluated on both simulated and detector-level data. The results show
that CWOLA can approach the performance of fully supervised training, particularly when the
dataset is large and the quark–gluon fractions in the training samples are sufficiently distinct. This
demonstrates its viability for data-driven jet tagging in scenarios where reliable truth information is
unavailable.

Jet Topics, based on topic modeling, is applied to extract the underlying quark and gluon
feature distributions and to estimate the corresponding jet fractions directly from data. Applied
to jet multiplicity, the method successfully identified interpretable quark-like and gluon-like topics.
Comparisons with distributions constructed using jet flavour information from MC simulated data
revealed significant mismatches, highlighting limitations of flavour-based definitions in simulation.

Keywords: Jets, Machine learning, CWOLA, Jet topic, CMS, Quark, Gluon

The originality of this thesis has been checked using the Turnitin OriginalityCheck service.



ii

TIIVISTELMÄ

Kalle Pakarinen: Heikosti valvottu koneoppiminen kvarkeista ja gluoneista syntyneiden hiukkas-
ryöppyjen erotteluun
Diplomityö
Tampereen yliopisto
Elokuu 2025

Hiukkasryöpyt ovat kollimoituja hiukkasista koostuvia suihkuja, jotka syntyvät korkeaenergis-
ten kvarkkien ja gluonien hadronisoituessa protoni–protoni-törmäyksissä. Ne ovat yleisimpiä ha-
vaittavia objekteja Suuressa hadronitörmäyttimessä, ja kvarkkilähtöisten ja gluonilähtöisten hiuk-
kasryöppyjen erottelu on keskeistä monissa fysiikan analyyseissä. Perinteiset koneoppimismene-
telmät hiukkasryöppyjen luokitteluun perustuvat Monte Carlo -simulaatioihin, mikä aiheuttaa epä-
varmuutta simulaatioiden ja todellisen datan mahdollisten erojen vuoksi. Heikosti valvottu koneop-
piminen tarjoaa vaihtoehtoisen lähestymistavan, jossa koneoppimismalli koulutetaan suoraan da-
tasta ilman hiukkasryöppykohtaista totuusluokitusta. Näin voidaan vähentää riippuvuutta simulaa-
tioista.

Tässä työssä tutkitaan heikosti valvottuja koneoppimismenetelmiä kvarkkien ja gluonien erot-
teluun käyttäen CMS-kokeen dataa. Kahta toisiaan täydentävää lähestymistapaa tarkastellaan:
CWOLA-menetelmä sekä Jet Topics -menetelmä. Molemmat menetelmät mahdollistavat koneop-
pimismallien kouluttamisen ilman totuusluokituksia, mikä vähentää riippuvuutta simuloidista da-
tasta.

CWOLA-menetelmässä koneoppimismalli koulutetaan erottelemaan kvarkki- sekä gluonilähtöi-
set hiukkasryöpyt käyttämällä datakokoelmia, joissa luokkien suhteet eroavat toisistaan, mutta yk-
sittäisiä totuusluokituksia ei ole saatavilla. Menetelmä toteutettiin graafineuroverkon avulla, ja sen
suorituskyky arvioitiin sekä simuloidulla että mitatulla datalla. Tulokset osoittavat, että CWOLAn
suorituskyky voi suurilla aineistoilla ja riittävän erottuvilla kvarkki–gluoni-suhteilla lähestyä täysin
valvotun koulutuksen suorituskykyä. Tämä osoittaa menetelmän soveltuvuuden dataan pohjautu-
vaan hiukkasryöppyjen erotteluun tilanteissa, joissa totuusluokituksia ei ole saatavilla.

Jet Topics -menetelmä puolestaan perustuu aihemallinnukseen, ja sen avulla voidaan arvioi-
da kvarkkien ja gluonien eri ominaisuuksia vastaavia jakaumia sekä niiden suhteellisia osuuksia
datassa. Menetelmää sovellettiin multiplisiteettijakaumien arviointiin, mikä mahdollisti kvarkki- ja
gluoni-Topicien erottamisen, eli datasta löytyvien kvarkkimaisia ja gluonimaisia rakenteita vas-
taavien jakaumien erottamisen. Jakaumien vertailu Monte Carlo -simulaatioista saadun hiukkas-
ryöpyn maun pohjalta rakennettuihin jakaumiin paljasti merkittäviä eroja ja korosti simulaatioiden
rajoitteita.

Avainsanat: Hiukkasryöppy, Koneoppiminen, CWOLA, Jet Topic, CMS, kvarkki, gluoni

Tämän julkaisun alkuperäisyys on tarkastettu Turnitin OriginalityCheck -ohjelmalla.



The AI tools used in my thesis and the purpose of their use has been described below:

OpenAI GPT-4o

Purpose of use and the part in which it was used: GPT-4o was used in accordance with

Tampere University guidelines as a support tool in the writing process. Its use was limited

to the following purposes:

• Assisted Text Generation: GPT-4o was used to generate initial drafts for certain

sections based on outlines, notes, or bullet points provided by the author. These

drafts were thoroughly edited and rewritten by the author to ensure accuracy, origi-

nality, and consistency with the thesis goals.

• Language Review and Correction: GPT-4o was used to help identify and correct

grammatical issues and improve the clarity and flow of the text. All suggestions

were manually reviewed to ensure the intended meaning was preserved.

I am aware that I am totally responsible for the entire content of the thesis, including

the parts generated by AI, and accept the responsibility for any violations of the ethical

standards of publications.



Funded/Co-funded by the European Union ( (ERC, JEC4HL-LHC,

101043975). Views and opinions expressed are however those of

the author(s) only and do not necessarily reflect those of the European

Union or the European Research Council.

Neither the European Union nor the granting authority can be held

responsible for them.



v

CONTENTS

1. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2. Theoretical Background . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 Conventions. . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1.1 Natural Units . . . . . . . . . . . . . . . . . . . . . . . 3

2.1.2 Coordinate System and Kinematic Variables . . . . . . . . . . 3

2.2 The Standard Model of Particle Physics . . . . . . . . . . . . . . . 5

2.3 Jet Formation . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.4 Quark and Gluon Emission . . . . . . . . . . . . . . . . . . . . 9

3. The CMS Experimental Setup . . . . . . . . . . . . . . . . . . . . 12

3.1 The Large Hadron Collider . . . . . . . . . . . . . . . . . . . . 12

3.2 Compact Muon Solenoid . . . . . . . . . . . . . . . . . . . . . 14

3.2.1 Tracking system . . . . . . . . . . . . . . . . . . . . . 16

3.2.2 Calorimeters . . . . . . . . . . . . . . . . . . . . . . . 16

3.2.3 Muon detectors . . . . . . . . . . . . . . . . . . . . . . 17

3.2.4 Trigger system . . . . . . . . . . . . . . . . . . . . . . 17

3.3 Event Reconstruction . . . . . . . . . . . . . . . . . . . . . . 18

3.3.1 Tracking and Vertex Reconstruction. . . . . . . . . . . . . . 18

3.3.2 Calorimeter Reconstruction and Energy Calibration . . . . . . . 19

3.4 High-Level Object Reconstruction . . . . . . . . . . . . . . . . . 20

3.4.1 Particle Flow Reconstruction . . . . . . . . . . . . . . . . 21

3.4.2 Jet Reconstruction . . . . . . . . . . . . . . . . . . . . 21

3.4.3 Pileup Mitigation and PUPPI Algorithm . . . . . . . . . . . . 23

3.4.4 Jet Energy Corrections . . . . . . . . . . . . . . . . . . . 24

3.4.5 Missing Transverse Momentum . . . . . . . . . . . . . . . 25

3.5 Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.5.1 Event Simulation . . . . . . . . . . . . . . . . . . . . . 26

3.5.2 Detector Simulation . . . . . . . . . . . . . . . . . . . . 28

4. Machine Learning in High Energy Physics. . . . . . . . . . . . . . . . 30

4.1 Introduction to Machine Learning . . . . . . . . . . . . . . . . . 30

4.1.1 Deep Learning and Neural Networks . . . . . . . . . . . . . 30

4.1.2 Performance Metrics. . . . . . . . . . . . . . . . . . . . 33

4.2 ParticleNet . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.3 Projective Likelihood Discriminant . . . . . . . . . . . . . . . . . 36



vi

4.4 Weakly Supervised Learning . . . . . . . . . . . . . . . . . . . 37

4.4.1 Classification Without Labels . . . . . . . . . . . . . . . . 38

4.4.2 Jet Topics . . . . . . . . . . . . . . . . . . . . . . . . 40

4.5 Scale Factor. . . . . . . . . . . . . . . . . . . . . . . . . . 42

5. Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

5.1 Datasets and Event Selection . . . . . . . . . . . . . . . . . . . 44

5.1.1 Jet Selection Criteria . . . . . . . . . . . . . . . . . . . 45

5.1.2 Feature Distributions. . . . . . . . . . . . . . . . . . . . 48

5.2 Generalized Angularities . . . . . . . . . . . . . . . . . . . . . 50

5.3 CWOLA Implementation . . . . . . . . . . . . . . . . . . . . . 52

6. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

6.1 Likelihood-Based Performance . . . . . . . . . . . . . . . . . . 54

6.2 Jet Topics. . . . . . . . . . . . . . . . . . . . . . . . . . . 56

6.3 ROC-curves and Tagger Distributions. . . . . . . . . . . . . . . . 59

6.4 Learning Curve Analysis . . . . . . . . . . . . . . . . . . . . . 63

7. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68



1

1. INTRODUCTION

Jets are among the most common final-state objects in high-energy proton–proton colli-

sions at the Large Hadron Collider (LHC). They arise when quarks or gluons, produced in

a proton-proton collision, hadronize into collimated sprays of particles that are observed

in the detector. These jets serve as direct signatures of the underlying partons and are

crucial for a wide range of analyses, from precision Standard Model measurements to

searches for new physics. Accurate identification and classification of jets, such as distin-

guishing between those initiated by quarks versus gluons, can significantly enhance the

sensitivity of many analyses.

Despite their importance, quark and gluon jets are notoriously difficult to distinguish. Both

originate from the same underlying QCD processes and are subject to similar detector

effects. Their distinguishing features—such as multiplicity, energy distribution, and sub-

structure—are statistical in nature and heavily influenced by hadronization and detector

resolution. As a result, there is no unique or observable ground truth label that identifies

the initiating parton of a jet in real data. This inherent ambiguity presents a fundamen-

tal challenge to jet classification, particularly in the context of high-energy proton–proton

collisions at the LHC.

To address the lack of ground truth in experimental data, a wide range of studies have

relied on simulated events to infer jet properties. Simulations provide access to truth-

level information, enabling the development and evaluation of classification strategies,

including those based on machine learning. These simulated datasets allow for the train-

ing of supervised classifiers, where each jet can be assigned a known initiating parton

type. However, this reliance introduces potential limitations: the truth labels depend on

theoretical assumptions, parton shower modeling, and detector simulation accuracy. As

a consequence, classifiers trained purely on simulation may inherit biases that not only

degrade their performance on real experimental data but also risk leading to misinterpre-

tation of physical phenomena.

Weakly supervised learning offers a solution to the challenge of lacking per-jet ground

truth labels. Unlike traditional supervised methods, weak supervision enables classifier

training using samples that are statistically enriched in one jet type, rather than requir-

ing individual jet labels. Techniques such as Classification Without Labels (CWOLA) and
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Jet Topics exploit differences between mixed samples at the dataset level to extract dis-

criminative information directly from data. These methods significantly reduce depen-

dence on simulation and improve robustness to mismodeling effects. By relying solely

on observable quantities and population-level differences, weak supervision provides a

practical and scalable approach to jet tagging—particularly well suited for the conditions

of LHC data analysis, where labeled data is unavailable and modeling uncertainties are

non-negligible.

This thesis investigates the use of weakly supervised learning techniques—specifically

CWOLA and Jet Topics—for quark versus gluon jet classification. Both methods are

applied to data and simulated samples from the CMS experiment to evaluate their perfor-

mance and potential for data-driven jet tagging. The aim is to demonstrate the viability of

weak supervision as a practical and robust alternative to traditional, simulation-dependent

training approaches.

The structure of this thesis is as follows: Chapter 2 introduces the theoretical background,

covering the Standard Model, QCD, and the formation and properties of jets. Chapter

3 describes the CMS experiment, including the detector systems, data collection, and

simulation workflow. Chapter 4 provides an overview of machine learning techniques

used in high-energy physics, with a focus on weakly supervised methods such as CWOLA

and Jet Topics. Chapter 5 outlines the datasets, event selection criteria, input features,

and classifier training procedures. Chapter 6 presents the results, including performance

metrics and comparative analysis. Finally, Chapter 7 summarizes the key findings and

discusses directions for future work.
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2. THEORETICAL BACKGROUND

This chapter provides an overview of the theoretical framework relevant for the study of jet

classification and quark–gluon discrimination at the LHC. It begins by outlining the con-

ventions commonly used in high-energy physics, including natural units and kinematic

variables. We then review the structure of the Standard Model, the process of jet forma-

tion from parton-level interactions, and the physics of quark and gluon radiation.

2.1 Conventions

2.1.1 Natural Units

In theoretical and experimental particle physics, it is standard to adopt units that are suited

to the energy scales involved and help streamline calculations. One such convention is

the use of natural units, where the reduced Planck constant ℏ and the speed of light c are

set to unity, ℏ = c = 1. This choice eliminates the need to carry these constants explicitly

in equations and leads to a unification of various physical dimensions [1]. In natural units,

quantities such as energy, mass, momentum, and inverse length or time all share the

same unit, typically the electronvolt (eV):

[length]−1 = [time]−1 = [energy] = [mass] = [momentum] = eV. (2.1)

At energy scales relevant for collider experiments like those at the LHC, energies are

typically expressed in GeV or TeV. Since the rest masses of most known particles lie in

the MeV to GeV range, they are often small compared to the collision energies and can

be neglected in calculations.

2.1.2 Coordinate System and Kinematic Variables

Experiments at the LHC, such as CMS, adopt a right-handed Cartesian coordinate sys-

tem to describe the geometry of collisions and detector responses. The origin is placed

at the nominal interaction point, located at the center of the detector. The z-axis follows

the direction of the counter-propagating proton beams, while the x-axis points radially

inward toward the center of the LHC ring, and the y-axis extends vertically upward, com-
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pleting the right-handed system [2]. This configuration aligns naturally with the cylindrical

geometry of the CMS detector and is shown in Figure 2.1.

The transverse plane, spanned by the x- and y-axes, plays a central role in collider

physics. Since the initial momentum of the colliding protons lies almost entirely along

the z-axis, transverse observables such as the transverse momentum pT and missing

transverse energy are especially important. These quantities are less sensitive to the

unknown parton-level longitudinal motion and are widely used in event selection and re-

construction.

To describe particle trajectories, spherical coordinates (r, θ, ϕ) are often used, where θ is

the polar angle relative to the z-axis and ϕ is the azimuthal angle in the transverse plane.

In high-energy collisions, where the longitudinal motion of partons can vary significantly,

it is more practical to use rapidity y and pseudorapidity η. The rapidity is defined as [3]:

y =
1

2
ln

(︃
E + pz
E − pz

)︃
, (2.2)

where E is the particle energy and pz is its momentum component along the beamline.

Rapidity is additive under Lorentz boosts along the z-axis, making it particularly useful for

comparing particle production across different reference frames.

In the high-energy limit where E ≫ m, the pseudorapidity η approximates y and is

defined purely in terms of the polar angle:

η = − ln tan

(︃
θ

2

)︃
. (2.3)

IP

z

y

x

η = 0

η > 0

η < 0

η = +∞

η = −∞p⃗T

p⃗ ϕϕϕ
θ

η

ϕϕϕ

N

Jura
ATLAS

center of
the LHC

Figure 2.1. The coordinate system of the CMS experiment. [4]

The motion and interactions of particles are described using four-momentum, a Lorentz

four-vector combining a particle’s energy E and three-momentum p⃗. In collider physics,

it is convenient to express four-momentum as pµ = (E, pT , η, ϕ), where pT is the trans-

verse momentum, and η and ϕ describe the particle’s direction in the detector.

The transverse momentum is defined as pT =
√︁
p2x + p2y and is central to event recon-
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struction and selection, particularly in processes involving missing energy. For angular

separation between two particles or jets, the distance in η–ϕ space is used:

∆R =
√︁

(∆η)2 + (∆ϕ)2. (2.4)

This quantity is invariant under boosts along the beam axis and is widely employed in jet

clustering algorithms and isolation criteria.

Luminosity, which quantifies the collision rate, plays a fundamental role in determining the

event yield. The event rate for a given process with cross-section σ is:

dN

dt
= L · σ, (2.5)

where L is the instantaneous luminosity. Integrating over time gives the integrated lumi-

nosity:

Lint =

∫︂
L(t) dt, (2.6)

allowing the total number of expected events to be computed as N = σLint [1, 2].

Cross-sections are typically expressed in barns, with 1 barn = 10−28 m2, while high-

energy processes are measured in picobarns or femtobarns. The integrated luminosity

is therefore reported in units of fb−1, setting the benchmark for the data sample size

collected by experiments.

2.2 The Standard Model of Particle Physics

The Standard Model (SM) is the theoretical foundation that describes the known fun-

damental particles and their interactions. It has successfully predicted a wide range of

experimental results and provides a remarkably precise account of particle behavior un-

der the electromagnetic, weak, and strong forces [1]. While comprehensive in many re-

spects, the SM does not attempt to describe all of nature’s forces—most notably, gravity

is excluded. Nonetheless, the Standard Model remains one of the most rigorously tested

and well-established frameworks in physics.

The SM is a relativistic quantum field theory based on the gauge group SU(3)C×SU(2)L×
U(1)Y, which encodes the strong, weak, and electromagnetic interactions, respectively

[1]. Elementary particles in the SM are classified into fermions, which constitute mat-

ter, and bosons, which mediate the fundamental forces. Fermions are spin-1/2 particles

and are further divided into two families: quarks and leptons. Each family consists of

three generations, ordered by increasing mass. Quarks carry fractional electric charge

and participate in all three interactions, while leptons include both charged particles and

neutrinos, which interact only via the weak force. Each fermion has a corresponding
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antiparticle with opposite quantum numbers.

Quarks come in six flavours: up (u), down (d), charm (c), strange (s), top (t), and bottom

(b). They carry a property known as color charge, which allows them to interact via the

strong force described by quantum chromodynamics (QCD). Due to color confinement,

quarks are never observed in isolation but instead form hadrons—bound states such

as protons and neutrons—by combining into color-neutral configurations. Hadrons are

further classified into baryons, which consist of an odd number of quarks, and mesons,

which consist of an even number of quarks [1].

Leptons include the electron (e), muon (µ), tau (τ ), and their corresponding neutrinos (νe,

νµ, ντ ). Unlike quarks, leptons do not experience the strong interaction. Charged leptons

interact electromagnetically and via the weak force, while neutrinos interact only weakly

and are exceptionally light, making them difficult to detect.

Fundamental interactions are mediated by gauge bosons, which are vector particles

with spin 1. The photon (γ) mediates electromagnetic interactions between electrically

charged particles. The weak interaction is carried by the massive W± and Z0 bosons,

which act on both quarks and leptons and are responsible for processes like beta decay.

Both W and Z bosons also exhibit self-interactions, although less prominently than glu-

ons. The strong interaction is mediated by gluons (g), which are massless and carry color

charge themselves, leading to strong self-interactions that give rise to phenomena such

as color confinement and asymptotic freedom in QCD.

The SM also includes a scalar boson, the Higgs boson (H), which has spin 0 and is

associated with the mechanism responsible for the mass of gauge bosons and fermions.

Although the detailed dynamics of the Higgs mechanism are not central to this work, the

presence of the Higgs field completes the particle content of the SM [1].

A summary of the SM particle content, organized by type and interaction, is shown in

Figure 2.2.

Despite its success, the Standard Model is known to be incomplete. It does not incor-

porate gravity and cannot account for phenomena such as neutrino oscillations, the mat-

ter–antimatter asymmetry, or the nature of dark matter and dark energy. These open

questions motivate the ongoing search for physics beyond the Standard Model (BSM),

including theories that introduce new symmetries, particles, or unifying frameworks [1].

2.3 Jet Formation

Jets are an essential feature of high-energy particle collisions and play a central role in

many analyses at CERN. They appear in the detector as collimated sprays of hadrons

and arise when quarks or gluons, produced in a hard scattering process, transform into
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Figure 2.2. The elementary particles of the Standard Model [5], organized by their role:
quarks and leptons as matter particles, gauge bosons as force carriers, and the Higgs
boson responsible for mass generation.

observable particles through a sequence of QCD-driven processes [1]. Because quarks

and gluons, the carriers of the strong force, are never observed as free particles due to a

phenomenon known as color confinement, jets serve as indirect signatures of their pres-

ence. Understanding jet formation is therefore critical for probing the partonic structure of

matter and for testing the predictions of the Standard Model, particularly those associated

with Quantum Chromodynamics.

The theoretical framework that governs the strong interaction is QCD, a non-Abelian

gauge theory based on the SU(3)C symmetry group. Quarks carry a property called

color charge and interact by exchanging gluons, which themselves carry color and can

interact with one another. This leads to two key phenomena: asymptotic freedom, where

the strength of the interaction becomes weaker at high energies or short distances, and

color confinement, which prevents isolated color-charged particles from being observed

at macroscopic scales [1]. These properties define the behavior of strongly interacting

particles across different energy regimes.

In proton–proton collisions, such as those at the LHC, the incoming protons are not ele-

mentary particles but composite objects made of quarks and gluons, collectively known
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as partons. When two protons collide, it is in fact their constituent partons that interact.

The most interesting events are those where a hard scattering occurs, transferring a large

amount of energy between partons. These hard scatterings are calculable using pertur-

bative QCD and lead to the production of high-energy partons in the final state. Because

of asymptotic freedom, the short-distance parton–parton interaction can be described by

Feynman diagrams and cross-sections computed at leading (LO), next-to-leading (NLO),

or higher order in αs, the strong coupling constant [1].

However, once produced, the outgoing partons cannot propagate freely to the detector

due to color confinement. Instead, they undergo a sequence of processes that transform

them into observable hadrons. The first stage of this evolution is known as parton show-

ering, in which a high-energy quark or gluon radiates additional lower-energy partons in

a cascade of branching processes. For example, a quark can emit a gluon (q → qg), and

a gluon can split into two gluons (g → gg) or a quark–antiquark pair (g → qq̄). These

splittings continue until the energy scale becomes too low for perturbative methods to be

reliable [1].

At this point, the second stage begins: hadronization. This is a non-perturbative QCD

process in which the low-energy partons reorganize into color-neutral bound states, such

as mesons and baryons. The exact mechanism of hadronization cannot be calculated

from first principles, but several phenomenological models exist, such as the Lund string

model [6] and the cluster model, which are implemented in Monte Carlo event generators.

The hadronization process results in the formation of a jet—a narrow cone of stable or

long-lived hadrons approximately aligned with the momentum of the original parton.

The third stage is the detection and reconstruction of jets in the experiment. The hadrons

produced during hadronization interact with different components of the detector, deposit-

ing energy in calorimeters or producing tracks in tracking detectors. Jet clustering algo-

rithms are then applied to group these detector signals into jets that approximate the

kinematics of the original parton. Common algorithms include anti-kT [7], kT , and Cam-

bridge–Aachen, which differ in how they define distances between particles and cluster

them [8]. These reconstructed jets can be characterized by properties such as transverse

momentum pT , rapidity η, jet mass, and substructure observables.

Figure 2.3 illustrates the full jet formation process, from the parton-level interaction to the

detection of the hadronic spray in the calorimeter. Although the final-state jet is composed

of hadrons, its shape and energy distribution reflect the dynamics of the initiating parton

and the subsequent evolution governed by QCD.

Jets are not only a manifestation of the strong force but also a crucial tool for investigating

the underlying physics. Many key processes in the Standard Model involve final-state

quarks or gluons, such as top quark pair production, hadronic decays of W, Z, and Higgs

bosons, or QCD multijet events. Furthermore, jets provide sensitivity to new physics sce-
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Figure 2.3. Jet formation [9]

narios beyond the Standard Model, including signatures involving high-mass resonances

decaying hadronically or exotic parton-level interactions.

Because of their importance, jets must be reconstructed with high precision. Their energy

scale and resolution are affected by multiple factors, including detector effects, pileup,

and the modeling of hadronization. Calibrations are performed using well-understood

processes such as photon+jet or dijet balance, and systematic uncertainties related to

jets are a major component of many analyses. In addition, identifying the flavor of

a jet—particularly b-jets—is essential for isolating signal events in processes involving

heavy quarks [8].

2.4 Quark and Gluon Emission

In high-energy collisions, energetic quarks and gluons produced in hard scatterings evolve

into jets—collimated sprays of hadrons—through a sequence of QCD emissions and

hadronization. The nature of these emissions is governed by the color charge of the

initiating parton, and the resulting differences in radiation patterns play a central role in

shaping jet structure.

The branching processes that drive parton shower evolution are described at leading

order by QCD splitting functions, which are the same as those appearing in the DGLAP

evolution equations for parton distribution functions [10]. The relevant splittings are: a

quark emitting a gluon (q → qg), a gluon splitting into two gluons (g → gg), and a gluon

splitting into a quark–antiquark pair (g → qq̄). The momentum distribution of the emitted

partons is governed by splitting functions, which encode the probability of a daughter

parton carrying a momentum fraction x. The regularized forms of these splitting functions,

which incorporate soft and collinear divergences and enforce momentum conservation,
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are given by [10]:

P (1)
qq (x) = CF

[︃
1 + x2

(1− x)+
+

3

2
δ(1− x)

]︃
, (2.7)

P (1)
qg (x) = TR

[︁
x2 + (1− x)2

]︁
, (2.8)

P (1)
gq (x) = CF

[︃
1 + (1− x)2

x

]︃
, (2.9)

P (1)
gg (x) = 2CA

[︃
x

(1− x)+
+

1− x

x
+ x(1− x)

]︃
+

[︃
11CA − 4nfTR

6

]︃
δ(1− x),

(2.10)

where CF = 4
3
, CA = 3, and TR = 1

2
are the QCD color factors, and nf is the number of

active quark flavors.

The radiation pattern of a parton is strongly influenced by these color factors. Gluons,

carrying a larger color charge and capable of self-interaction, radiate more frequently

and with a broader angular distribution compared to quarks. This results in jets initiated

by gluons having, on average, higher particle multiplicities, wider angular profiles, and

softer energy spectra. In contrast, quark-initiated jets tend to be narrower, with fewer

constituents carrying a larger fraction of the total jet energy.

These qualitative differences in jet structure are direct consequences of the underlying

QCD splitting dynamics. They persist through the parton shower evolution and remain

visible after hadronization, which converts partons into colorless hadrons through non-

perturbative mechanisms such as string or cluster fragmentation. Although hadronization

introduces modeling uncertainties, the relative characteristics of quark and gluon jets are

largely preserved.

The theoretical splitting functions have also been confirmed experimentally. By identifying

the leading emission in jets using soft drop grooming, the momentum-sharing distributions

can be measured directly. Such studies using CMS Open Data [11] show clear agreement

with QCD predictions, providing strong empirical support for the structure and behavior

of parton showers. An essential feature underlying these measurements is the universal

soft–collinear structure of QCD radiation: emissions are distributed according to

dz

z

dθ

θ
, (2.11)

where z is the momentum fraction of the emitted parton and θ is the emission angle. This

form highlights the logarithmic enhancement of soft and collinear emissions and is com-

mon to all splitting processes. While the splitting functions P (z) encode the momentum-

sharing probabilities, they do not by themselves capture this angular dependence, which

plays a central role in the dynamics of QCD showers.
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The differences in quark and gluon radiation patterns form the basis for constructing jet

substructure observables that are sensitive to the jet’s origin. Variables such as con-

stituent multiplicity, jet width, and fragmentation pattern are linked to the physics of QCD

emissions and are essential tools for distinguishing quark- and gluon-initiated jets.
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3. THE CMS EXPERIMENTAL SETUP

This section introduces the CMS detector, outlining its structure and key systems used to

reconstruct proton–proton collisions at the LHC.

3.1 The Large Hadron Collider

The material in this section is based on Refs. [1, 12] unless otherwise stated.

The Large Hadron Collider (LHC) is the world’s most powerful particle accelerator, de-

signed to collide hadrons—most commonly protons—at unprecedented energies. It is lo-

cated at CERN, the European Organization for Nuclear Research, on the border between

Switzerland and France. The LHC operates in a circular tunnel with a circumference of

26.7 km, buried between 45 and 175 meters underground. The tunnel previously housed

the Large Electron–Positron (LEP) collider and was repurposed to accommodate the sig-

nificantly more demanding requirements of the LHC. A schematic overview of the LHC

ring, the chain of pre-accelerators, and the major experiments is shown in Figure 3.1.

Figure 3.1. The LHC ring [12].

The LHC is the final stage in a complex system of accelerators that gradually increase

the energy of charged particles before injection into the main ring. Proton beams orig-

inate from a hydrogen gas source and are accelerated through a series of smaller ma-
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chines—including the LINAC, Booster, Proton Synchrotron (PS), and Super Proton Syn-

chrotron (SPS)—before entering the LHC. Inside the main ring, two beams circulate in

opposite directions within separate beam pipes. These beams are composed of tightly

packed proton bunches, each containing over 1011 protons, and are steered using strong

superconducting dipole magnets.

The acceleration of the proton beams is achieved using radio-frequency (RF) cavities that

increase the particle energy at each pass. The bending of the trajectories in the circu-

lar ring is facilitated by dipole magnets, which generate magnetic fields exceeding 8 T.

To maintain superconductivity, the magnet system is cooled to cryogenic temperatures

below 2 K using an elaborate cryogenic infrastructure. Additionally, ultra-high vacuum

conditions, comparable to the pressure on the lunar surface, are maintained within the

beam pipes to prevent beam degradation and scattering.

The LHC was designed to reach a center-of-mass energy of
√
s = 14 TeV in pro-

ton–proton collisions, though the operating energies have so far reached up to
√
s =

13.6 TeV. In its high-luminosity configuration, the LHC can deliver instantaneous lumi-

nosities exceeding 1034 cm−2s−1, enabling the collection of large datasets for rare pro-

cesses. The particle beams cross at intervals of 25 ns, allowing for up to 40 million

bunch crossings per second. Heavy-ion collisions, primarily using lead nuclei, are also

conducted during specific data-taking periods, although this thesis focuses exclusively on

proton–proton collisions.

The operational periods of the LHC are structured into distinct data-taking "Runs", inter-

spersed with long shutdowns (LS) for upgrades and maintenance. Run 1 began in 2010

with collision energies of 7 and 8 TeV, followed by Run 2 from 2015 to 2018 at 13 TeV.

After Long Shutdown 2 (LS2), Run 3 commenced in 2022.

According to the latest CERN schedule, Run 3 is expected to continue until the end of

June 2026, and Long Shutdown 3 (LS3) is set to begin in July 2026 [13]. During LS3, the

High-Luminosity LHC (HL-LHC) upgrade will be installed, enhancing integrated luminosity

and collision rates, though experimental operation will face increased challenges such as

radiation damage and event pile-up.

Along the ring, four main experiments are located at the collision points: CMS, ATLAS, AL-

ICE, and LHCb. The CMS (Compact Muon Solenoid) and ATLAS (A Toroidal LHC Appara-

tuS) detectors are general-purpose experiments designed to explore a wide range of phe-

nomena, from precision measurements within the Standard Model to searches for new

physics. ALICE (A Large Ion Collider Experiment) specializes in the study of quark–gluon

plasma formed in heavy-ion collisions. LHCb (Large Hadron Collider beauty) is optimized

for precision studies of b- and c-quark dynamics and CP violation. Several smaller spe-

cialized experiments, such as TOTEM, LHCf, MoEDAL, FASER, and SND@LHC, also

contribute to the LHC’s scientific program by exploring phenomena in forward regions or
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searching for exotic particles.

3.2 Compact Muon Solenoid

The Compact Muon Solenoid (CMS) is one of the two general-purpose detectors situated

at collision points along the Large Hadron Collider (LHC) ring. Located approximately 100

meters underground near Cessy, France, the CMS detector is designed to study a broad

range of high-energy phenomena arising from proton-proton collisions. It plays a central

role in testing the predictions of the Standard Model (SM) and in probing potential physics

beyond it.

The material in this section is based primarily on Refs. [1, 4, 14] unless otherwise stated.

Despite its considerable mass of around 14,000 tonnes, CMS maintains a relatively com-

pact form factor with a diameter of 15 meters and a length of 29 meters—features that

contribute to its name. The "Muon" and "Solenoid" components of its name reflect two

key design characteristics: a dedicated system for muon detection and the presence of

a powerful superconducting solenoid magnet. The magnet generates a 3.8 T magnetic

field, enabling precise momentum measurement of charged particles via their curved tra-

jectories.

The CMS detector employs a layered, cylindrical architecture centered around the beam

line, with distinct subdetectors arranged concentrically to identify and measure different

particle species and their properties. These include:

• The Silicon Tracker, located closest to the interaction point, which reconstructs

the paths of charged particles with high spatial resolution.

• The Electromagnetic Calorimeter (ECAL), designed to measure the energy of

electrons and photons via electromagnetic showers.

• The Hadron Calorimeter (HCAL), optimized to measure hadronic energy and to

assist in determining missing transverse momentum.

• The Muon System, consisting of multiple muon detectors embedded in the iron

return yoke, which facilitates efficient muon identification and momentum measure-

ment.

A three-dimensional rendering of the CMS detector structure is shown in Figure 3.2, il-

lustrating the spatial layout and interconnection of the main components. For a more

functional perspective, Figure 3.3 presents a transverse slice through the detector, depict-

ing how different types of particles interact with specific subdetectors as they propagate

outward from the collision point.

This modular and highly granular design allows CMS to record a comprehensive picture of

each collision event, enabling precise reconstruction and classification of the final-state
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Figure 3.2. Three-dimensional schematic of the CMS detector, showing the main sub-
components, including the tracker, calorimeters, and muon system [4].

Figure 3.3. Cross-sectional view of the CMS detector, illustrating the trajectories and
energy deposits of various particles [14].

particles. In the subsequent sections, we examine each subdetector in detail, starting

with the silicon tracking system.
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3.2.1 Tracking system

At the innermost region of the CMS detector lies the tracking system, a high-precision

apparatus designed to measure the trajectories of charged particles produced in proton-

proton collisions. This system plays a central role in particle identification and momentum

measurement by reconstructing the paths of particles as they curve in the magnetic field

generated by the solenoid. The information from the tracker is essential not only for

determining a particle’s momentum and electric charge, but also for identifying primary

and secondary vertices, thus enabling the reconstruction of complex decay chains.

The CMS tracker spans a pseudorapidity range of |η| < 2.5 and is built entirely of silicon-

based detectors to meet the stringent demands imposed by the LHC environment. High

granularity is required to resolve the dense flux of particles near the interaction point,

while the entire system must remain operational under extreme radiation conditions over

extended periods. Moreover, the material budget is kept minimal to reduce scattering and

energy loss of traversing particles.

The system comprises two main detector technologies: the silicon pixel detector and the

silicon strip tracker. Closest to the interaction point, the pixel detector provides three-

dimensional spatial resolution with extremely fine segmentation. This allows for efficient

tracking in the high-density environment close to the beamline. The current design fea-

tures four barrel layers complemented by endcap disks, arranged to provide optimal cov-

erage and vertexing performance.

Surrounding the pixel detector is the silicon strip tracker, which extends the tracking vol-

ume up to a radial distance of approximately 1.1 meters. The strip tracker is structured

into ten barrel layers and several endcap disks, utilizing single- and double-sided modules.

The double-sided modules offer stereo measurements, facilitating three-dimensional track

reconstruction.

Together, the pixel and strip components provide over one hundred million readout chan-

nels, enabling precise reconstruction of charged particle trajectories even under the high-

luminosity conditions of the LHC. The tracker’s role is indispensable for momentum mea-

surements, b-tagging, lepton identification, and the reconstruction of displaced vertices.

3.2.2 Calorimeters

The calorimeter systems of the CMS detector are responsible for measuring the energies

of particles produced in proton-proton collisions. These systems consist of two main

subsystems arranged concentrically around the tracker: the electromagnetic calorimeter

(ECAL) and the hadron calorimeter (HCAL).

The ECAL is designed to measure the energy of electrons and photons with high preci-
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sion. It is constructed from lead tungstate (PbWO4) scintillating crystals, chosen for their

high density, fast response, short radiation length, and small Molière radius. The ECAL is

divided into three main regions: the barrel (EB), covering |η| < 1.479, the endcaps (EE),

covering 1.479 < |η| < 3.0, and the preshower (ES) detectors in front of the endcaps.

Surrounding the ECAL is the HCAL, which measures the energy of hadrons and comple-

ments the ECAL by measuring neutral hadrons such as neutrons and pions. The HCAL

is a sampling calorimeter composed of alternating layers of absorber and active material.

Its main regions include the barrel (HB), endcaps (HE), forward calorimeters (HF), and

the outer calorimeter (HO).

These calorimeter systems are optimized for precision, radiation hardness, and response

speed, enabling the CMS detector to measure energy deposits across a wide range of

particles and momenta.

3.2.3 Muon detectors

Muon identification is one of the defining capabilities of the CMS detector and central to

many key analyses in both SM and BSM physics. Muons traverse the entire detector with

minimal energy loss, making them distinguishable even in complex event topologies.

The muon detectors are located in the outermost regions of the CMS detector and span

the pseudorapidity region up to |η| < 2.4. They are composed of three distinct types of

gas-ionization detectors: drift tubes (DTs), cathode strip chambers (CSCs), and resistive

plate chambers (RPCs). These technologies are distributed according to the geometrical

and operational constraints in different regions of the detector.

Together, these three systems form a redundant and robust detection framework, allowing

for efficient reconstruction and momentum measurement of muons.

3.2.4 Trigger system

Given the high collision rate at the LHC, the CMS detector employs a sophisticated two-

tiered trigger system designed to identify and retain only the most interesting collision

events in real time.

The first stage is the Level-1 (L1) trigger, which is implemented entirely in custom hard-

ware and based on input from the calorimeters and muon detectors. It performs a fast

evaluation and selects events meeting predefined criteria. The maximum L1 accept rate

is approximately 100 kHz.

Events accepted by the L1 trigger are passed to the High-Level Trigger (HLT), a software-

based system executed on a large farm of commercial CPUs. The HLT further refines
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the selection and reduces the event rate to about 1 kHz, applying near-complete event

reconstruction algorithms.

Together, the L1 and HLT form an efficient filtering system that reduces the data rate by

selecting events of interest based on predefined physics criteria.

3.3 Event Reconstruction

The material in this section is based on Refs. [15, 16, 17, 18, 19], unless otherwise stated.

The goal of event reconstruction in CMS is to transform raw detector signals into a com-

plete and analyzable representation of the physics occurring in a proton-proton collision.

This involves identifying and measuring the trajectories and energies of individual par-

ticles, determining interaction vertices, and constructing composite objects such as jets

and missing transverse momentum. A detailed understanding of these reconstructed ob-

jects is crucial for interpreting collision events and isolating processes of interest.

This section outlines the reconstruction chain, starting from low-level signals in the tracker

and calorimeters, leading up to high-level physics objects used in data analysis. Special

attention is given to jet reconstruction and pileup mitigation techniques, which are central

to studies involving hadronic final states.

3.3.1 Tracking and Vertex Reconstruction

The reconstruction of charged particle trajectories is the foundational step in understand-

ing the topology of a collision event in the CMS detector. Charged particles traverse the

silicon tracker, where they leave discrete signals—referred to as hits—in multiple layers.

These hits are then processed and grouped into trajectories, or tracks, representing the

paths of the particles as they passed through the detector. The ability to accurately recon-

struct tracks is critical not only for measuring the momenta of charged particles, but also

for determining the location of interaction vertices and for discriminating signal particles

from background contributions such as pileup.

Track reconstruction in CMS is performed using a seeded iterative approach based on

the combinatorial Kalman filter. The procedure begins by identifying high-quality com-

binations of hits likely to originate from genuine particle tracks. These seeds are then

propagated outward through the detector volume, incorporating compatible hits and refin-

ing the track parameters. In total, twelve iterative steps are employed during Run 2, each

optimized for different track types and kinematic regimes. For example, earlier iterations

focus on high-momentum, isolated tracks, while later steps are tailored to reconstruct

tracks in dense environments, such as those found within jets.

After track reconstruction, the positions of interaction vertices are determined by clus-
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tering the tracks according to their point of origin along the beam axis. The vertex re-

construction algorithm identifies groups of tracks that converge spatially and calculates

the corresponding vertex positions with high precision. The primary vertex—associated

with the hard scatter process of interest—is selected as the vertex maximizing the sum of

squared transverse momenta of its associated tracks. Additional reconstructed vertices

are attributed to secondary proton–proton interactions occurring within the same bunch

crossing, commonly referred to as pileup.

Vertex resolution depends on the number and quality of associated tracks and typically

lies in the order of 10–20 µm in the transverse plane and up to 30 µm along the beam

(longitudinal) direction. Accurately identifying the primary vertex is essential for associat-

ing reconstructed particles with the correct interaction, which directly impacts subsequent

steps in object reconstruction and pileup mitigation [20].

In addition to primary vertices, the CMS reconstruction framework is also capable of iden-

tifying secondary vertices, which occur when particles decay at a measurable distance

from the beam line. For heavy-flavor hadrons, this displacement is typically on the or-

der of hundreds of micrometers to a few millimeters. For example, B mesons have a

mean proper decay length of cτ ≈ 450 µm, while D mesons have cτ ≈ 310 µm. In

the laboratory frame, these decay lengths are further increased by the Lorentz boost fac-

tor. [1] Such displaced vertices are characteristic of long-lived particles and are exploited

in tagging heavy-flavor jets as well as in searches for new physics scenarios involving

non-prompt decays.

Track and vertex reconstruction is the most computationally demanding component of the

event reconstruction chain but remains indispensable. The quality and efficiency of this

process directly influence all higher-level reconstruction tasks and analysis-level observ-

ables.

3.3.2 Calorimeter Reconstruction and Energy Calibration

The calorimeter systems of the CMS detector, comprising the electromagnetic calorimeter

(ECAL) and hadronic calorimeter (HCAL), are responsible for measuring the energy of

particles through their interactions with dense material. Reconstruction of calorimetric

signals begins with the detection of energy deposits in individual readout cells, which are

then processed to form higher-level clusters corresponding to particle showers.

In the ECAL, signals from scintillating lead tungstate crystals are digitized at the 40 MHz

LHC bunch crossing frequency. Since a complete signal pulse spans multiple time sam-

ples, algorithms such as the multifit procedure are employed to disentangle in-time energy

deposits from overlapping out-of-time pileup (OOTPU). This involves fitting predefined

pulse shapes to the recorded samples and extracting the amplitude of each contributing
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signal.

The HCAL employs a similar signal processing strategy, tailored to its coarser granular-

ity and longer signal integration times. Energy deposits in both ECAL and HCAL are

subsequently grouped into topological clusters using iterative algorithms. These clusters

are seeded by calorimeter cells exceeding predefined energy thresholds and expanded

to include adjacent cells based on energy and geometrical criteria. In ECAL, additional

clustering steps are performed to construct superclusters, which account for the spread of

electromagnetic showers and bremsstrahlung radiation, particularly important for electron

and photon reconstruction.

Energy calibration is applied at multiple stages to correct for non-uniformities in detector

response, energy losses, and time-dependent effects such as radiation-induced degrada-

tion. The ECAL calibration uses test beam data, cosmic rays, and in situ measurements

from known physics processes like Z → e+e− decays. A dedicated laser monitoring

system continuously tracks changes in crystal transparency due to radiation exposure.

For the HCAL, calibration is performed using isolated charged hadrons with known mo-

menta and validated against dijet and γ+jet events. The response of the HCAL is adjusted

using a combination of energy deposits in both ECAL and HCAL, ensuring consistent and

linear energy measurements across the full detector acceptance.

Pileup mitigation is essential for accurate energy reconstruction, particularly under high-

luminosity conditions. Charged Hadron Subtraction (CHS) removes charged particles

associated with pileup vertices prior to clustering. The PileUp Per Particle Identification

(PUPPI) algorithm provides a more advanced mitigation by assigning weights to neutral

particles based on local event properties, effectively reducing the pileup contribution at

the particle level. Both CHS and PUPPI are integral to improving the resolution of jets

and missing transverse momentum derived from calorimeter-based objects.

3.4 High-Level Object Reconstruction

Once charged particle tracks and calorimeter energy deposits are reconstructed and cal-

ibrated, the final stage of event reconstruction involves identifying complete physics ob-

jects. This includes individual particles, jets, and global observables such as missing

transverse momentum. The CMS reconstruction strategy is centered around the Particle

Flow (PF) algorithm, which synthesizes information from all subdetectors to reconstruct

and classify each observable particle in the event.
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3.4.1 Particle Flow Reconstruction

The Particle Flow (PF) algorithm aims to reconstruct all detectable particles produced in

a collision by combining signals from the silicon tracker, ECAL, HCAL, and muon cham-

bers. Each subdetector provides complementary information: the tracker offers precise

momentum measurements for charged particles, the calorimeters measure energy de-

posits from both charged and neutral particles, and the muon system identifies and tracks

muons.

The reconstruction process begins with the identification of elemental objects, such as

calorimeter clusters and reconstructed tracks. These are linked into PF blocks using spa-

tial and energy compatibility criteria. Within each block, the algorithm resolves overlaps

and assigns particle types to the final PF candidates. The resulting PF candidates are

classified as charged hadrons, PF neutral hadrons, PF photons, muons, or electrons.

PF neutral hadrons do not directly correspond to physical neutral hadrons. In general,

true neutral hadrons deposit energy in both ECAL and HCAL. In cases where no clear

link is available (e.g. outside tracker coverage or due to matching ambiguities), the PF

algorithm splits these deposits into separate PF photons (ECAL energy) and PF neu-

tral hadrons (HCAL energy). In addition, excess ECAL energy beyond that assigned to

charged hadrons can be reconstructed as PF photons, while residual HCAL excesses

are reconstructed as PF neutral hadrons. These mechanisms play a major role within the

dense cores of jets and are relevant for studies of quark/gluon discrimination as well as

for understanding data/MC differences.

3.4.2 Jet Reconstruction

In high-energy particle collisions, such as those at the LHC, quarks and gluons produced

in hard scatterings manifest as collimated sprays of hadrons, known as jets. Recon-

structing these jets from detector signals is essential for probing the underlying partonic

processes. The reconstruction process involves clustering the measured particles into

jets using specific algorithms that define the criteria for grouping [21].

Jet clustering algorithms are designed to group particles resulting from the hadronization

of quarks and gluons into jets. A robust jet algorithm should be:

• Infrared safe: insensitive to the emission of soft (low-energy) particles.

• Collinear safe: unaffected by the splitting of a particle into collinear fragments.

• Order-independent: yielding consistent results regardless of the sequence of par-

ticle inputs.

Two primary classes of jet algorithms are commonly used [21]:
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• Cone algorithms: Define jets as cones in the rapidity-azimuth (y–ϕ) plane, group-

ing particles within a fixed radius R around a jet axis.

• Sequential recombination algorithms: Iteratively combine pairs of particles or

proto-jets based on a distance metric until all are clustered into jets.

Sequential recombination algorithms utilize a distance measure to decide which particles

to combine. The general form of the distance metrics is [22]:

dij = min(k2p
T,i, k

2p
T,j)

∆R2
ij

R2
, (3.1)

diB = k2p
T,i, (3.2)

where kT,i is the transverse momentum of particle i, ∆R2
ij = (yi − yj)

2 + (ϕi − ϕj)
2 is

the squared distance in the y–ϕ plane, and R is the jet radius parameter. The parameter

p determines the behavior of the algorithm:

• p = 1: kT algorithm [22], which clusters soft particles first.

• p = 0: Cambridge/Aachen algorithm [23], which clusters based solely on angular

separation.

• p = −1: anti-kT algorithm [7], which clusters hard particles first, leading to conical

jet shapes.

The clustering proceeds by computing all dij and diB, identifying the smallest among

them. If a dij is smallest, particles i and j are combined; if a diB is smallest, particle i is

considered a final jet and removed from the list. This process repeats until no particles

remain to be clustered.

The choice of jet algorithm influences the resulting jet shapes, which can be visualized

by their catchment areas in the y–ϕ plane. Figure 3.4 illustrates the typical jet shapes

produced by various algorithms [21], including the anti-kT , kT , Cambridge/Aachen, and

SISCone algorithms.

The jet radius parameter R defines the size of the jet in the y–ϕ plane. Its choice bal-

ances the inclusion of radiation from the originating parton against contamination from

underlying events and pileup. Common values used in analyses are:

• R = 0.4: Suitable for resolving closely spaced jets and reducing pileup effects.

• R = 0.8: Captures more radiation, beneficial for the study of boosted objects.

These jets are often referred to as AK4 and AK8, respectively, when using the anti-kT
algorithm.
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(a) kT (b) Cambridge/Aachen

(c) SISCone (d) anti-kT

Figure 3.4. Illustration of a parton-level event generated with HERWIG, combined with a
uniform distribution of low-energy “ghost” particles. The event is clustered using different
jet algorithms to demonstrate how each algorithm defines the catchment area of jets. All
algorithms use a common jet radius of R = 1.0. [24]

In the CMS experiment, jets are reconstructed using the anti-kT algorithm applied to

Particle Flow (PF) candidates [15]. The PF algorithm combines information from all sub-

detectors to reconstruct and identify individual particles, providing a comprehensive input

for jet clustering. The anti-kT algorithm’s resilience to soft radiation and its tendency to

produce regular jet shapes make it the default choice for CMS analyses [25].

3.4.3 Pileup Mitigation and PUPPI Algorithm

Pileup, the presence of multiple simultaneous interactions per bunch crossing, signifi-

cantly affects jet reconstruction and global event observables. To mitigate its impact,

CMS employs two main strategies: Charged Hadron Subtraction (CHS) and the PileUp

Per Particle Identification (PUPPI) algorithm.

CHS removes charged PF candidates that are associated with secondary (pileup) vertices

before jet clustering. This method is effective for reducing the contribution from pileup-

charged particles but does not address neutral pileup.
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PUPPI provides a more sophisticated, per-particle approach. It assigns a weight to each

PF candidate based on its consistency with originating from the primary vertex. The

weights are derived from local event shape variables and kinematic information, reflect-

ing the likelihood that a particle arises from pileup. These weights are used to rescale

the four-momentum of each candidate, resulting in a set of pileup-suppressed PF candi-

dates used in jet and MET reconstruction. PUPPI is particularly beneficial in high-pileup

environments and is the standard method for AK8 jets in Run 2 and for all jet types from

Run 3 onward.

3.4.4 Jet Energy Corrections

Reconstructed jets require a series of energy corrections to mitigate detector effects,

account for pileup contributions, and ensure consistent jet response between data and

simulation. These corrections, known collectively as Jet Energy Corrections (JEC), are

applied in a sequential procedure defined by the CMS JEC framework. The main compo-

nents are:

• Offset correction: This correction removes the contribution of additional proton-

proton interactions (pileup), particularly from neutral particles not removed by Charged

Hadron Subtraction (CHS). It is derived using a combination of pileup simulation

and zero-bias data, and is parameterized as a function of jet area, pseudorapidity

(η), local event energy density (ρ), and jet transverse momentum (pT ).

• Simulation-based corrections (MC calibration): These corrections calibrate the

detector-level jet energy to the particle-level energy using Monte Carlo truth. They

are derived from simulated events by matching reconstructed jets to generator-

level jets and correcting for the detector response, which varies with jet transverse

momentum (pT ) and pseudorapidity (η).

• Residual corrections: While simulation-based corrections align the average de-

tector response to the true energy in simulation, residual corrections are applied

to data to account for remaining differences between data and MC. These are de-

rived using well-balanced control samples, such as dijet, γ+jet, and Z+jet events,

by comparing the jet response in data and MC.

• Jet energy resolution (JER) smearing: To reproduce the jet energy resolution

observed in data, an additional smearing is applied to the energy of jets in simula-

tion. This step ensures the width of the jet response distribution matches between

data and MC, which is important for analyses sensitive to jet energy fluctuations.

Each correction is factorized and applied sequentially, typically in the order listed above.

The final corrected jet energy is used in all downstream physics analyses. This calibra-

tion procedure is essential for achieving accurate jet kinematics, minimizing biases, and
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reducing systematic uncertainties in measurements that rely on jets.

3.4.5 Missing Transverse Momentum

The missing transverse momentum (MET), denoted p⃗miss
T , is calculated as the negative

vector sum of the transverse momenta of all reconstructed PF candidates:

p⃗miss
T = −

∑︂
i

p⃗T,i. (3.3)

MET serves as an indirect signature of non-interacting particles such as neutrinos or

hypothetical dark matter candidates. Since MET is sensitive to all reconstruction inputs,

it benefits from improvements in tracking, calorimeter calibration, and pileup mitigation.

PUPPI-based MET, in particular, offers improved resolution by suppressing pileup-related

fluctuations.

Additional corrections are applied to account for jet energy corrections and to suppress

detector noise and beam-induced backgrounds. Dedicated MET filters are used to re-

move events with anomalously high MET caused by instrumental effects.

3.5 Simulation

Accurate simulations are crucial for the interpretation of experimental data and the ex-

traction of meaningful physics results. In the context of the CMS experiment, simula-

tions serve to bridge the gap between theoretical predictions and the observables re-

constructed from detector signals. They allow for detailed modeling of both the complex

dynamics of high-energy proton-proton collisions and the subsequent response of the

detector apparatus.

The simulation chain can be divided into two major stages: the modeling of the physical

collision events, and the simulation of the detector response to the particles produced

in those collisions. The first stage aims to reproduce the physics processes occurring

during the collisions, including hard scatterings, parton radiation, hadronization, and soft

underlying activity. The second stage models how these particles interact with the CMS

detector components, leading to the signals that are ultimately reconstructed and ana-

lyzed.

This chapter describes the procedures used for event generation and detector simulation,

following the conventions and software frameworks developed within the CMS Collabora-

tion.
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3.5.1 Event Simulation

Event simulation refers to the modeling of the physics processes that occur in proton-

proton collisions, from the initial hard scattering to the production of stable final-state par-

ticles. The objective is to generate realistic particle-level events that can be subsequently

propagated through the detector simulation.

The simulated events closely follow theoretical predictions based on the Standard Model

and are produced using Monte Carlo techniques. These stochastic methods model the

complex sequence of processes involved in high-energy collisions, allowing detailed com-

parisons between experimental observations and theoretical expectations. Simulation

samples also provide a crucial tool for estimating backgrounds, validating analysis tech-

niques, and evaluating systematic uncertainties.

Event Generation

The event generation step models the initial proton-proton interaction and the resulting

high-energy partonic processes. The hard scattering is simulated using matrix element

calculations, which describe the probability amplitudes for different interaction processes

according to perturbative QCD and Electroweak theory.

The simulation of hard scattering processes requires knowledge of the internal structure

of the proton, described by Parton Distribution Functions (PDFs). PDFs, such as those

from the NNPDF [26] or CT [27] families, parameterize the probability of finding a quark

or gluon carrying a given fraction of the proton momentum at a given energy scale. The

choice of PDF set is an important source of theoretical uncertainty in simulations.

Events in this work are primarily generated using Monte Carlo event generators such as

PYTHIA [28], which provides a comprehensive framework for simulating both the hard

scattering and subsequent soft QCD processes. For processes involving complex final

states or higher-order corrections, other generators like MADGRAPH [29], HERWIG [30],

and POWHEG [31] are employed to compute the matrix elements or to interface next-to-

leading order (NLO) calculations with parton showers. The output from these generators

forms the basis for further modeling of the parton shower, hadronization, and underlying

event activity.

Parton Showering and Hadronization

Following the hard scattering, additional QCD radiation is simulated through parton shower

algorithms. These algorithms model both initial-state radiation (ISR), where partons emit

gluons before the collision, and final-state radiation (FSR), where outgoing partons radi-

ate further gluons or quark-antiquark pairs after the collision.
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The parton shower evolution is typically ordered in terms of virtuality or transverse mo-

mentum, with successive branchings producing a cascade of lower-energy partons. An

alternative approach, often favored in theoretical formulations and implemented for ex-

ample in Herwig, is angular ordering of emissions, which enforces the coherence of soft

gluon radiation. The choice of ordering variable can significantly affect the modeling of

gluon jets, and was historically a major source of difference between event generators.

The shower evolution proceeds until a non-perturbative energy scale of a few GeV is

reached, below which perturbative QCD is no longer valid.

At this point, the partons transition into color-neutral hadrons through the hadronization

process. Hadronization is modeled phenomenologically, most notably using the Lund

string model [32] as implemented in PYTHIA. In this model, the color field between

separating quarks is treated as a one-dimensional string, which eventually breaks and

forms new quark-antiquark pairs, giving rise to mesons and baryons. The outcome of

the hadronization phase is a set of stable or long-lived hadrons, which constitute the final

state at the generator level.

The modeling of parton showers and hadronization is essential for predicting the structure

and composition of jets, and it plays a key role in the reconstruction and analysis of

hadronic final states.

Underlying Event and Pileup

In addition to the primary hard interaction, each proton-proton collision includes further

soft or semi-hard interactions, collectively referred to as the underlying event. These

contributions arise from multiple parton interactions (MPI), beam remnants, and additional

soft radiation. The underlying event adds significant hadronic activity to the final state,

influencing the energy flow and particle multiplicity observed in the detector.

The modeling of the underlying event is based on phenomenological models tuned to

data. In this work, the CP5 tune [33] of PYTHIA is used, which incorporates measurements

of minimum bias and underlying event observables at
√
s = 13 TeV to constrain the

relevant parameters.

An additional complication at the LHC is the presence of pileup, where multiple proton-

proton interactions occur within the same bunch crossing. Pileup interactions contribute

additional tracks and energy deposits to the detector, affecting the reconstruction of jets,

missing transverse momentum, and other observables.

Pileup is simulated by overlaying additional minimum bias events onto the hard scattering

event during the simulation step. The number of pileup interactions per event is matched

to the distribution observed in data for the corresponding data-taking period. Pileup mit-

igation techniques are applied during event reconstruction, but accurate simulation of
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pileup is essential to reproduce the detector conditions present during data taking and to

ensure that analyses are properly calibrated.

3.5.2 Detector Simulation

The CMS detector response is simulated to model the interactions between generated

particles and the various subdetectors of CMS. Realistic detector simulation is essential

for understanding the efficiency, resolution, and acceptance of reconstructed objects, and

for correcting measurements back to the particle level. Correcting to the parton level,

relies on the physics simulation of parton showering, hadronization, and the underlying

event. While these steps are often combined in physics analyses, it is important to note

that detector corrections and physics modeling address distinct aspects of the recon-

struction chain. The simulation ensures that analyses are performed under conditions

that closely mimic those present during actual data-taking.

Particle propagation through the CMS geometry is modeled using the GEANT4 toolkit [34].

The resulting energy deposits and signals are processed through a digitization step that

emulates the electronic readout of the subdetectors [4]. Finally, the trigger simulation

applies the same logic as used during data-taking to reproduce the selection applied at

the online level. This chain ensures that simulated events are subjected to the same

reconstruction algorithms and selection criteria as collision data.

Particle Propagation and Interaction Modeling

Particles produced in the event generation step are transported through a detailed rep-

resentation of the CMS detector using GEANT4 [34]. The detector geometry includes

all major components — the silicon tracker, electromagnetic calorimeter (ECAL), hadron

calorimeter (HCAL), muon detectors, superconducting solenoid, and supporting struc-

tures — along with the realistic magnetic field map.

A wide range of physics processes are simulated during the particle propagation. Electro-

magnetic processes such as ionization energy loss, bremsstrahlung, and photon conver-

sions are critical for accurately modeling electron and photon showers. Hadronic interac-

tions, including nuclear scattering and hadronic showers, are modeled using a combina-

tion of data-driven and theory-based models tuned for collider energies [35]. Secondary

particle production, scattering, and energy loss in passive materials are all included to

ensure a faithful description of detector effects.

Special attention is given to the material budget, particularly in the tracker region, as

it affects tracking performance, electron/photon energy measurements, and the rate of

photon conversions. The interaction of particles with the detector material can lead to

complex topologies that must be properly modeled for accurate object reconstruction.
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Digitization of Detector Responses

After simulating the passage of particles through the detector, the raw energy deposits

and ionizations are translated into signals resembling those produced by the CMS read-

out electronics [cms_detector]. This process, known as digitization, introduces realistic

electronic effects such as noise, signal thresholds, time resolution, and electronic shap-

ing.

In the silicon tracker, ionization energy deposits create charge clusters, which are con-

verted into pixel or strip hits depending on the subdetector technology. The response

includes noise modeling and realistic hit resolution as a function of charge deposition and

geometry.

In the ECAL and HCAL, the deposited energy is converted into scintillation or Cerenkov

light, which is then simulated as an electronic pulse. Effects such as non-linearities,

saturation, and noise are included to match the calorimeter performance observed in data.

Similarly, in the muon systems, the signals from drift tubes, cathode strip chambers, and

resistive plate chambers are simulated with their respective resolutions and thresholds.

The output of the digitization step is formatted identically to real CMS data, enabling

seamless integration with the standard reconstruction chain. This ensures that any differ-

ences between data and simulation arise from from physics effects, not from differences

in reconstruction algorithms or software architecture.

Triggers and Event Selection

In CMS, the trigger system reduces the event rate from the LHC collision frequency to a

manageable level for offline storage and analysis. The trigger simulation emulates this

selection process to ensure consistency between simulated samples and collision data.

The Level-1 (L1) trigger, implemented in custom hardware, is simulated using emulators

that reproduce the trigger logic applied to calorimeter and muon subsystem data [36].

The High-Level Trigger (HLT) is emulated by applying fast reconstruction and selection

algorithms similar to those used during online processing.

In simulation, all events are retained regardless of whether they pass the emulated trigger,

allowing for flexible trigger efficiency studies. Offline, the same trigger selections as used

in data analyses are applied to the simulated events to ensure consistent event samples.

The accurate modeling of the trigger chain is essential for analyses that rely on trigger

efficiencies and for proper normalization of simulated backgrounds and signals.
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4. MACHINE LEARNING IN HIGH ENERGY PHYSICS

The field of high energy physics (HEP) has always been at the forefront of innovation in

both experimental techniques and data analysis methodologies. In recent years, the ex-

ponential growth of available data and the increasing complexity of collision events—especially

at experiments like those at the Large Hadron Collider (LHC)—have necessitated the

adoption of advanced data-driven methods. Among these, machine learning (ML) has

emerged as a transformative approach to extracting physics insights from high-dimensional

and noisy datasets [37, 38].

Machine learning methods offer a powerful alternative to traditional rule-based or cut-

based analyses. Instead of relying on hand-crafted observables or domain-specific heuris-

tics, ML models learn patterns directly from data. This is particularly advantageous in

HEP, where detector outputs are often high-dimensional and where underlying physics

processes can give rise to complex, non-linear correlations between observables.

Moreover, the success of ML in fields such as computer vision and natural language pro-

cessing has catalyzed the development of architectures and optimization methods that

are now being adapted to HEP applications. For example, deep learning models—ranging

from fully connected networks and convolutional networks to graph neural networks and,

more recently, transformer-based architectures—have demonstrated impressive perfor-

mance in tasks such as jet tagging, particle identification, and event reconstruction [38,

39].

The synergy between HEP and ML is not merely technical but conceptual. Particle

physicists have long employed statistical models to extract weak signals from large back-

grounds, a challenge that aligns naturally with the goals of machine learning. As such,

the integration of ML techniques into particle physics workflows is both a continuation and

an evolution of traditional data analysis paradigms [40].

4.1 Introduction to Machine Learning

4.1.1 Deep Learning and Neural Networks

Artificial neural networks (ANNs) are a class of machine learning models inspired by

the structure and function of biological neurons. They provide a flexible and powerful
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framework for learning complex relationships between inputs and outputs in data, and

form the foundation for many modern deep learning techniques [41, 42].

At the heart of a neural network lies the artificial neuron, also known as a perceptron.

Each neuron computes a weighted sum of its inputs, adds a bias term, and passes the

result through a non-linear activation function:

z =
n∑︂

i=1

wixi + b, a = ϕ(z) (4.1)

Here, xi are the input features, wi the corresponding weights, b the bias, and ϕ(z) an

activation function. Common activation functions include the sigmoid function,

σ(z) =
1

1 + e−z
, (4.2)

and the Rectified Linear Unit (ReLU),

ReLU(z) = max(0, z). (4.3)

These activation functions introduce non-linearity into the model, allowing it to approxi-

mate complex functions beyond linear decision boundaries.

A typical neural network consists of an input layer, one or more hidden layers, and an

output layer. Each layer comprises multiple neurons, and neurons between layers are

fully connected. This structure allows the network to learn hierarchical representations of

the input data [43].

Figure 4.1. Schematic representation of a fully connected feedforward neural net-
work.[44]
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The training process is central to the performance and success of a neural network. It

involves adjusting the model’s internal parameters—weights and biases—such that the

network can accurately map inputs to outputs. This is achieved by minimizing a loss

function that quantifies prediction errors. Training typically involves five key components:

forward propagation, loss evaluation, backpropagation, parameter optimization, and reg-

ularization.

In forward propagation, the input is passed through the network layer by layer to compute

the output. At each layer l, the pre-activation and activation values are computed as:

z(l) = W (l)a(l−1) + b(l), a(l) = ϕ(z(l)), (4.4)

where W (l) and b(l) are the weights and biases of layer l, a(l−1) is the output of the

previous layer, and ϕ is an activation function such as ReLU or sigmoid.

To evaluate how well the network is performing, a loss function is used. For binary classi-

fication problems, the most common choice is the binary cross-entropy loss:

L = − [y log(ŷ) + (1− y) log(1− ŷ)] , (4.5)

where y is the true label and ŷ is the predicted output. For multi-class problems with

softmax outputs, the categorical cross-entropy loss is used:

L = −
K∑︂
k=1

yk log(ŷk), (4.6)

where K is the number of classes and yk represents the true label for class k. The labels

are encoded such that exactly one component of the vector is equal to 1 (indicating the

correct class) and all others are 0, so the components sum to 1.

Backpropagation is the algorithm used to compute the gradients of the loss function with

respect to each parameter in the network. It applies the chain rule of calculus to propagate

error derivatives backward from the output layer to the input.

The gradient of the loss with respect to the pre-activation at layer l is given by:

δ(l) =
(︁
W (l+1)

)︁T
δ(l+1) ◦ ϕ′(z(l)), (4.7)

where δ(l) is the error term at layer l, and ◦ denotes element-wise multiplication. The

gradient of the loss with respect to the weights is then:
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∂L
∂W (l)

= δ(l)
(︁
a(l−1)

)︁T
. (4.8)

Once gradients are calculated, the network parameters are updated to minimize the loss

function. The simplest and most widely used method is stochastic gradient descent

(SGD):

θ ← θ − η
∂L
∂θ

, (4.9)

where θ represents the model parameters, and η is the learning rate. More advanced op-

timizers such as Adam improve convergence by adapting learning rates and incorporating

momentum [41].

To prevent overfitting and improve generalization, regularization techniques are often em-

ployed during training. One common method is L2 regularization (also known as weight

decay), which penalizes large weights:

Lreg = L+ λ∥W∥2, (4.10)

where λ controls the strength of the penalty. Another widely used method is dropout,

where a random subset of neurons is temporarily removed during each training iteration

to reduce co-adaptation.

Together, these techniques enable neural networks to efficiently learn from data while

maintaining good generalization performance on unseen inputs.

4.1.2 Performance Metrics

Evaluating the performance of machine learning classifiers requires appropriate metrics

that reflect how well a model distinguishes between different classes. In binary classifica-

tion tasks, several standard metrics are commonly used.

The True Positive Rate (TPR), also referred to as recall or sensitivity, measures the

proportion of actual positive instances correctly identified by the classifier:

TPR =
TP

TP + FN
,

where TP denotes true positives and FN denotes false negatives.

The False Positive Rate (FPR) quantifies the proportion of negative instances incorrectly

labeled as positive:

FPR =
FP

FP + TN
,
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with FP and TN representing false positives and true negatives, respectively.

A widely used diagnostic tool is the Receiver Operating Characteristic (ROC) curve,

which plots TPR against FPR as the classification threshold is varied. The Area Under

the ROC Curve (AUC) summarizes this information into a single number between 0 and

1, with a value of 1.0 corresponding to perfect discrimination and 0.5 indicating random

performance. Another basic metric is accuracy, defined as the proportion of all correctly

classified instances:

Accuracy =
TP + TN

TP + TN + FP + FN
.

However, in the context of weakly supervised learning, such as Classification Without

Labels (CWOLA), traditional metrics like AUC can become less reliable indicators of true

model performance. In CWOLA, the training labels are not exact ground truth but are

instead based on mixtures of classes. Consequently, the assumption that the labels in

the evaluation set are perfectly correct does not hold. A model evaluated via ROC-AUC on

noisy labels may be unfairly penalized for correctly ranking instances that are mislabeled,

or conversely rewarded for overfitting noise patterns [45, 46]. This can lead to a distortion

in the measured AUC, making it an imperfect proxy for the model’s real discriminative

power.

Alternative metrics, such as the Precision-Recall (PR) curve and its associated area

under the curve (PR AUC), can provide more informative evaluation, particularly in class-

imbalanced or noisy scenarios. Precision measures the proportion of predicted positive

instances that are actually positive:

Precision =
TP

TP + FP
.

In this thesis, since the classification task is addressed via CWOLA, it is important to

carefully interpret performance metrics, acknowledging the limitations of traditional AUC

evaluations.

4.2 ParticleNet

In recent years, the classification of jets in high-energy physics has increasingly bene-

fited from machine learning techniques. Traditional approaches often represent jets as

images or fixed-size feature vectors, enabling the application of convolutional neural net-

works (CNNs) or dense architectures. However, such representations can be suboptimal

because jets naturally consist of unordered sets of particles, more akin to point clouds

than regular grids. This mismatch can limit the ability of previous methods to fully ex-

ploit the intricate structure of the jet. Motivated by the success of deep learning on point

cloud data in other fields, novel architectures have been developed to better align with the
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particle cloud nature of jets. One prominent example is ParticleNet, a graph neural net-

work designed specifically for jet tagging tasks by operating directly on sets of constituent

particles [47].

ParticleNet builds upon the framework of dynamic graph convolutional neural networks,

adapting it to the context of particle clouds originating from jets. Each jet is represented as

a set of its constituent particles, with features such as transverse momentum, pseudora-

pidity, azimuthal angle, and possibly particle identification information serving as inputs. A

dynamic graph is constructed by connecting each particle to its k nearest neighbors in the

feature space, where the neighborhood is recomputed at each layer to capture evolving

relational structures. The core building block of ParticleNet is the EdgeConv operation,

which aggregates information from neighboring particles by applying learnable functions

to pairs of particle features. Mathematically, for a given particle i, its updated feature x′
i is

obtained by

x′
i =

∑︂
j∈N (i)

hθ(xi, xj − xi),

where N (i) denotes the set of nearest neighbors of i, and hθ is a learnable neural net-

work function. Stacking multiple EdgeConv layers allows the network to progressively

capture complex and hierarchical structures within the jet. Following the graph-based

feature extraction, a global pooling operation aggregates information across all particles,

producing a fixed-size representation that is passed through fully connected layers to yield

the final classification output.

The design of ParticleNet offers several key advantages for jet classification tasks. By

treating jets as particle clouds rather than images or fixed-size sequences, the network

can fully exploit the set-like, unordered nature of jet constituents. The use of dynamic

graph construction allows the model to flexibly capture both local and global relationships

among particles, adapting the neighborhood structure as feature representations evolve

through the layers. The EdgeConv operation [48] plays a central role in this process

by combining information from neighboring particles in a way that respects the permuta-

tion invariance of the particle set, a crucial property for physical consistency. Compared

to convolutional approaches [47], ParticleNet demonstrates significantly improved perfor-

mance across a range of jet tagging tasks, achieving higher classification accuracy, better

background rejection, and stronger resilience to variations in jet substructure.

Since its introduction, ParticleNet has been successfully applied to a wide range of jet

tagging tasks in high-energy physics. It has demonstrated state-of-the-art performance

in the classification of boosted top quarks [49], Higgs boson jets, and in searches for new

physics phenomena involving complex jet substructures [50]. The flexibility of the archi-

tecture also makes it well-suited for applications beyond standard jet tagging, including

anomaly detection and the identification of non-standard jet topologies. Motivated by the

effectiveness of this design, in this thesis a ParticleNet-inspired architecture is employed
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to address the quark versus gluon jet classification task.

4.3 Projective Likelihood Discriminant

A useful class of jet observables for quark/gluon discrimination are the generalized angu-

larities, defined as [51]:

λκ
β =

∑︂
i∈jet

zκi θ
β
i , (4.11)

where the momentum fraction zi and angular distance θi of each constituent i are given

by:

zi =
pT,i∑︁

j∈jet pT,j
, θi =

∆Ri

R
. (4.12)

Here, pT,i is the transverse momentum of the constituent, ∆Ri is its distance from the jet

axis in the η-ϕ plane, and R is the jet radius parameter. The parameters κ and β control

the sensitivity of the observable to soft radiation and angular spread, respectively.

The infrared (IR) safety and collinear (C) safety of an observable determine its perturba-

tive calculability:

• IR safety ensures insensitivity to the emission of soft particles.

• Collinear safety ensures insensitivity to the collinear splitting of particles.

Only observables that are both IR and C safe can be reliably computed using fixed-order

perturbative QCD.

Commonly used configurations of (κ, β) and their corresponding observables include:

• (0, 0): Multiplicity — IR unsafe, C unsafe

• (2, 0): pDT , momentum dispersion — IR safe, C unsafe

• (1, 0.5): Les Houches Angularity (LHA) — IR safe, C safe

• (1, 1): Width — IR safe, C safe

• (1, 2): Mass — IR safe, C safe

These observables are designed to probe the radiation pattern within a jet and are sen-

sitive to differences between quark and gluon jets. For example, gluon jets tend to have

higher multiplicity and broader radiation, while quark jets typically have fewer constituents

with harder momentum.

To enhance discrimination, multiple observables can be statistically combined into a sin-

gle likelihood-based discriminant. This approach assumes that the input variables are

independent, allowing the total likelihood to be written as a product of individual probabil-

ity densities. For a given jet characterized by a set of variables x⃗ = (x1, x2, . . . , xn), the
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likelihood that it belongs to a certain class (e.g., quark-like) can be constructed as:

Lq(x⃗) =
n∏︂

i=1

Pq(xi), Lg(x⃗) =
n∏︂

i=1

Pg(xi), (4.13)

where Pq(xi) and Pg(xi) are the probability densities of the variable xi under the quark

and gluon hypotheses, respectively.

A normalized discriminant can then be formed from the two likelihoods:

D(x⃗) =
Lq(x⃗)

Lq(x⃗) + Lg(x⃗)
, (4.14)

which takes values between 0 and 1. Jets with values closer to 1 are more likely to be

quark-like, while values near 0 indicate a gluon-like radiation pattern.

This likelihood-based combination of generalized angularities provides a powerful, inter-

pretable tool for distinguishing between jet types, leveraging the complementary informa-

tion contained in individual observables.

4.4 Weakly Supervised Learning

In traditional supervised learning, models are trained using fully labeled datasets, where

each input x is paired with a corresponding ground truth label y. The training process

involves minimizing a loss function ℓ over the data distribution D:

Lsup = E(x,y)∼D [ℓ(f(x), y)] , (4.15)

where f(x) is the model’s prediction. This paradigm has been successful in many do-

mains, including computer vision and natural language processing, where reliable labeled

data is abundant.

However, in high energy physics (HEP), fully supervised learning faces significant limita-

tions. Ground truth labels, such as jet flavor or particle identity, are not directly observable

and must instead be inferred from Monte Carlo (MC) simulations. These simulations are

inherently model-dependent and carry uncertainties related to hadronization, detector re-

sponse, and theoretical assumptions. A more fundamental limitation arises from quantum

mechanics: individual jets cannot be assigned an unambiguous quark or gluon label, and

even the classification of entire events can depend on how the final state is interpreted

(e.g. as a two-jet or three-jet event). What can be defined in a well-posed way are phase-

space regions that are enriched in quark- or gluon-initiated jets. These conceptual issues

further constrain the applicability of supervised learning and must be taken into account

when developing machine learning methods in HEP [52].



38

Furthermore, real HEP data is subject to detector-level effects such as pile-up (multi-

ple simultaneous collisions), finite resolution, and acceptance cuts, which complicate the

labeling process. These challenges motivate the use of weakly supervised learning meth-

ods, which allow models to learn from data with limited or imprecise label information.

Two notable approaches that have emerged in recent years are:

• Learning from Label Proportions (LLP) [52]: Here, samples are divided into

groups for which only the class proportions are known (e.g., a dataset with 70%

quark jets and 30% gluon jets). The model learns to infer individual labels by match-

ing predicted class frequencies to the known proportions.

• Classification Without Labels (CWoLa) [53]: This method requires only that two

samples have different class proportions. A classifier is trained to distinguish be-

tween the mixed samples, and under mild assumptions, the optimal classifier be-

tween mixtures is also optimal for distinguishing the underlying true classes.

These approaches avoid reliance on per-event labels, making them attractive for physics

applications where direct ground truth is unavailable or unreliable. The remainder of this

section will focus in depth on the CWoLa framework, which is the central method used in

this thesis.

4.4.1 Classification Without Labels

Classification Without Labels (CWoLa) is a weakly supervised learning paradigm that en-

ables training a binary classifier without the need for individual event-level labels [53]. In-

stead of requiring ground truth for each input, the method operates on two samples—each

a mixture of two underlying classes (typically signal and background)—which differ in their

class proportions.

Let S denote the signal class and B the background class. The two mixed samples M1

and M2 are composed as:

M1 = p1S + (1− p1)B, M2 = p2S + (1− p2)B, (4.16)

where p1 ̸= p2 are the (unknown) proportions of signal in each sample. Crucially, the

method does not require knowledge of p1 or p2, only that they are different.

To train the classifier, each event from sample M1 is assigned the label 1, and each event

from M2 the label 0. A standard binary cross-entropy loss is then minimized:

LCWoLa = Ex∼M1 [− log f(x)] + Ex∼M2 [− log(1− f(x))], (4.17)
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where f(x) is the predicted probability that the event belongs to M1. Although the labels

used in training correspond to mixture membership, the learned classifier approximates

an optimal classifier for the underlying classes (signal vs. background) under the assump-

tion that the class distributions are independent of the mixture construction.

CWoLa requires only that the class proportions differ between the two samples, making it

highly practical for physics problems where per-event truth labels are unavailable or unre-

liable. Unlike other weak supervision methods such as Learning from Label Proportions

(LLP), CWoLa does not need any information about the actual class fractions.

This simplicity and robustness make CWoLa particularly appealing for tasks like jet tag-

ging, where MC-based truth labeling may introduce unwanted biases.
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Figure 4.2. Illustration of the CWoLa setup: two mixed samples with different proportions
of signal and background are used to train a classifier.[53]

In this thesis, the CWoLa framework is employed for quark-versus-gluon (QvG) jet tagging

using samples derived directly from collision data. Rather than assigning per-event truth

labels based on Monte Carlo simulation, we construct two mixed samples by selecting

events from different final-state topologies known to yield statistically distinct quark/gluon

jet compositions. Specifically, jets produced in association with isolated photons (γ+jets)

or Z bosons (Z+jets) are enriched in quark jets, while jets from inclusive dijet events

tend to contain a higher fraction of gluon jets. By treating these samples as mixtures

with differing class proportions, we apply the CWoLa methodology to train a classifier that

learns to distinguish quark-like from gluon-like jets without requiring explicit ground truth

labels.
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4.4.2 Jet Topics

The challenge of distinguishing quark-initiated jets from gluon-initiated jets in collider data

is longstanding. Jets are not directly observable objects, and the assignment of a jet to

a specific initiating parton is inherently ambiguous at the hadron level [54, 55]. Tradi-

tional supervised classifiers rely on simulated truth labels, introducing significant model

dependence and systematic uncertainty.

To address this, Metodiev and Thaler introduced the Jet Topics framework [54], which

draws inspiration from topic modeling in natural language processing—specifically, Latent

Dirichlet Allocation (LDA) [56]. In analogy to text documents composed of latent topics,

Jet Topics treats each observable distribution in collider data as a mixture of underlying jet

types. The framework enables unsupervised extraction of quark and gluon jet distributions

from statistically mixed samples, without requiring labeled training data.

The jet topics methodology is a data-driven framework for extracting underlying jet-type

distributions from mixed samples, specifically aimed at quark versus gluon (QvG) classifi-

cation. Given that collider data rarely provides access to pure quark or gluon jet samples,

this approach leverages statistical mixtures of jet types to recover the constituent distri-

butions.

Let Ma denote a mixed sample consisting of K jet types. The distribution of a jet observ-

able x within this sample can be expressed as a linear combination:

pMa(x) =
K∑︂
k=1

f
(a)
k pk(x) (4.18)

For the case of QvG mixtures, we focus on K = 2, corresponding to quark (q) and gluon

(g) jets. The expression simplifies to:

pMa(x) = f (a)
q pq(x) + (1− f (a)

q ) pg(x) (4.19)

To extract the individual distributions pq(x) and pg(x) from two mixed samples M1 and

M2, the concept of reducibility factors is introduced. These quantify the maximal amount

by which one sample can be subtracted from another without producing negative proba-

bilities:

κ(Mi|Mj) = min
x

pMi
(x)

pMj
(x)

(4.20)

κ(Mj|Mi) = min
x

pMj
(x)

pMi
(x)

(4.21)
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The first step in the topic extraction procedure is the selection of anchor bins—bins where

one jet type (quark or gluon) dominates. Anchor bins can be determined by minimizing

the reducibility factors’ upper uncertainty limits. This ensures that the selected bins are

those where one topic dominates most confidently, accounting for statistical fluctuations.

To guarantee the robustness of the anchor bin selection, a minimum event count threshold

is imposed on both samples in each bin considered, typically requiring at least 30 events.

The selection of the anchor bins determines the values of κ(Mi|Mj) used in the topic

decompositions. These reducibility factors, evaluated at the anchor bins, ensure that the

subtraction procedure isolates the irreducible component of one mixture with respect to

the other. The topic distributions, defined by maximal subtraction, are then given by:

pT1(x) =
pM1(x)− κ(M1|M2) pM2(x)

1− κ(M1|M2)
(4.22)

pT2(x) =
pM2(x)− κ(M2|M1) pM1(x)

1− κ(M2|M1)
(4.23)

Under certain conditions—namely, sample independence, differing quark fractions (f (1)
q ̸=

f
(2)
q ), and mutual irreducibility—these extracted topics correspond to the true quark and

gluon jet distributions.

Furthermore, the reducibility factors can be related directly to the quark fractions in the

mixed samples:

κ(M1|M2) =
1− f

(1)
q

1− f
(2)
q

, κ(M2|M1) =
f
(2)
q

f
(1)
q

(4.24)

Even in cases where pure samples are not available or mutual irreducibility is violated,

one may still recover the quark distribution via subtraction from the gluon distribution,

provided the relevant reducibility factor κ(q|g) is known:

pq|g(x) =
pq(x)− κ(q|g) pg(x)

1− κ(q|g) (4.25)

This expression defines the so-called gluon-subtracted quark distribution, which remains

useful in contexts where only partial knowledge of the underlying components is available.

The jet topics framework therefore provides a robust and model-independent approach to

jet classification that is particularly advantageous when simulation-based labels are either

unavailable or unreliable.

The original study [54] validated the Jet Topics approach using simulated dijet and Z+jet

samples from Pythia 8 at
√
s = 13 TeV. By using constituent multiplicity as the observ-
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able, they showed that the extracted topics closely matched the generator-level quark

and gluon distributions, confirming that the method isolates physically meaningful com-

ponents.

A particularly powerful feature of Jet Topics is its ability to define quark and gluon jets

operationally, based solely on measurable distributions [55]. Once the topic fractions are

known from one observable, they can be used to decompose distributions of any other

observable within the same samples, enabling broad and flexible applications across jet

substructure studies.

Beyond QvG classification, Jet Topics has been applied to study modifications of jet sub-

structure in heavy-ion collisions [57], and to test perturbative QCD predictions [55]. The

method has also served as a basis for developing normalizing-flow-based generaliza-

tions (TopicFlow), which improve resolution in multi-dimensional observable spaces [57].

These extensions preserve the unsupervised, data-driven philosophy while enabling more

complex analyses.

4.5 Scale Factor

In experimental particle physics, the accurate modeling of detector-level observables in

Monte Carlo (MC) simulations is essential for reliable data analysis. However, due to im-

perfections in the simulation of jet fragmentation, detector response, and underlying event

modeling, the output distributions of jet taggers often differ between data and simulation.

This discrepancy can introduce biases in analyses that rely on tagger predictions, such

as quark/gluon discrimination or b-tagging [58, 59].

To account for these differences, scale factors (SFs) are introduced as multiplicative cor-

rection factors applied to MC. These factors are designed to adjust the tagging efficiency

in simulation to better reflect the behavior observed in real data. In essence, they attempt

to align the distribution of tagger predictions in MC with that in data, ensuring a more

accurate modeling of selection efficiencies and event yields.

The scale factor is defined as the ratio of tagging efficiencies:

SF =
εdata

εMC
, (4.26)

where εdata and εMC represent the efficiency of the tagger in data and simulation, re-

spectively. These efficiencies are typically extracted using control samples enriched in

specific jet flavors. Common choices include Z+jets (quark-enriched) and dijet events

(gluon-enriched), but other control regions may be used as well. In this thesis, we employ

not only Z+jets and dijet samples, but also γ+jets events as an additional quark-enriched

sample [59].



43

A more sophisticated approach can be employed when both quark and gluon jet fractions

are known in two control regions. In this case, one can extract scale factors by solving a

system of equations based on total yields, with contributions from jets of undefined flavor

modeled explicitly:

N data
Z+jets = αqN

MC
Z+jets,q + αgN

MC
Z+jets,g +NMC

Z+jets,undef, (4.27)

N data
dijet = αqN

MC
dijet,q + αgN

MC
dijet,g +NMC

dijet,undef, (4.28)

where αq and αg are the scale factors for quark and gluon jets, respectively.

Solving this system yields:

αq =
NMC, dijet

jets, g ·N data−undef, Z+jets
jets −NMC, Z+jets

jets, g ·N data−undef, dijet
jets

NMC, dijet
jets, g ·NMC, Z+jets

jets, q −NMC, Z+jets
jets, g ·NMC, dijet

jets, q

, (4.29)

αg =
NMC, Z+jets

jets, q ·N data−undef, dijet
jets −NMC, dijet

jets, q ·N data−undef, Z+jets
jets

NMC, Z+jets
jets, q ·NMC, dijet

jets, g −NMC, dijet
jets, q ·NMC, Z+jets

jets, g

. (4.30)

These scale factors are applied to simulated jets based on their flavor, adjusting the tagger

outputs to better match the behavior seen in data. This calibration is important for accu-

rate physics measurements and searches that rely on jet tagging [58, 59]. The method

assumes that the scale factors αq and αg are the same across different control samples,

meaning they do not depend on the specific event topology. However, if the quark and

gluon compositions of the two samples are too similar, the extraction becomes unstable.

This is visible in the denominators of Eqs. (4.29) and (4.30), which go to zero when the

samples are nearly identical in flavor content, leading to numerical divergence.
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5. METHODS

5.1 Datasets and Event Selection

Both the Classification Without Labels (CWOLA) and the Jet Topics framework require the

construction of mixed samples with varying proportions of signal and background. In the

context of jet classification in high energy physics, this translates into forming datasets

with different fractions of quark- and gluon-initiated jets. To this end, we construct two

data samples: one enriched in gluon jets and another enriched in quark jets, using data

collected during 2023 corresponding to an integrated luminosity of 27.9 fb−1 [60].

The gluon-enriched sample is derived from the JetMET dataset, which predominantly

consists of dijet events. These events are produced primarily through QCD processes

such as gg → gg or qg → qg. These partonic configurations typically result in a higher

fraction of gluon-initiated jets. A representative Feynman diagram of such a dijet process

is shown in Figure 5.2.

For the quark-enriched sample, two datasets are used: Muon, which contains Z+jets

events, and EGamma, which contains γ+jets events. These electroweak processes pro-

ceed via diagrams such as qg → Zq or qg → γq, where the recoiling jet is predominantly

quark-initiated at leading order. The final-state photon or Z boson provides a clean tag,

while the associated jet serves as the probe. The corresponding Feynman diagram is

illustrated in Figure 5.1.

In addition to the 2023 collision data used for training, simulated Monte In addition to the

2023 collision data used for training, simulated Monte Carlo (MC) datasets are used for

evaluation and comparison purposes. These samples incorporate a variety of generator-

level approaches:

• QCD: multijet events simulated with PYTHIA8, typically generated with flat p̂T binning

rather than HT-based selection.

• DYTo2L: Drell–Yan Z/γ∗ + jets events, usually generated at next-to-leading order

using MADGRAPH5_AMC@NLO and interfaced with PYTHIA for showering.

• GJ_4Jets: photon+jets events generated at the matrix-element level in MADGRAPH,

including up to four jets in the final state, with subsequent parton showering by
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PYTHIA.

To maximize the contrast between quark- and gluon-initiated jets in the CWOLA training, it

is essential to apply event- and jet-level selection criteria. These are designed not only to

increase the purity of each sample but also to ensure that distributions of basic kinematic

variables—such as jet pT and η—are as similar as possible between the samples. Without

such alignment, the classifier might learn to exploit differences in phase space rather

than true differences in jet substructure. The following section discusses the jet selection

criteria.

Figures 5.1 and 5.2 show example Feynman diagrams for Z+jet/γ+jet and QCD dijet

events. These represent typical processes that produce jets, but many other interactions

can lead to similar final states. In the diagrams, straight lines correspond to quarks or lep-

tons, and loopy lines indicate gluons, while wiggly lines indicates photons and Z bosons.

Figure 5.1. Example Feynman diagram illustrating a Z+jet or a γ+ jet event.

Figure 5.2. Example Feynman diagram illustrating a QCD dijet event.

5.1.1 Jet Selection Criteria

To ensure consistency across datasets and avoid introducing kinematic biases into the

CWOLA training, a set of selection criteria is applied uniformly to all samples. These
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criteria help standardize the kinematic and topological properties of jets while preserving

the expected differences in quark and gluon composition across datasets.

Jets are required to have a transverse momentum (pT ) in the range 115 GeV ≤ pT ≤
195 GeV. This window balances statistical power with sample purity. Jets with lower

pT are more susceptible to trigger inefficiencies and detector effects. Although higher-pT
jets radiate more, the differences between quark- and gluon-initiated jets become less

pronounced, making quark/gluon discrimination more difficult at high pT . At the same

time, the relative fraction of gluon jets decreases significantly with increasing pT across

all processes, including gluon-enriched ones such as dijet events. For these reasons, re-

stricting the pT range helps maintain flavor balance and improves classifier performance.

All jets are required to lie within the central detector region, defined by pseudorapidity

|η| < 1.3. This ensures jets are reconstructed in a part of the detector with optimal and

uniform resolution and calibration. It also reduces detector-induced differences between

datasets that could bias the learning process.

To enforce a clean event topology and minimize contamination from pileup and additional

radiation, a minimum azimuthal separation of ∆ϕ > 2.7 is imposed between the probe jet

and the corresponding tagging object (i.e., a Z boson, a photon, or another jet, depending

on the dataset). This back-to-back requirement isolates the leading jet and reduces soft

and nonperturbative contributions.

In addition to these common requirements, dataset-specific selection criteria are applied

to define clean quark- or gluon-enriched processes:

Dijet events (JetMET and QCD datasets): The two leading jets must both satisfy the

baseline pT and η cuts and be separated by ∆ϕ > 2.7. Events with a third jet are

allowed only if its pT is below 30 GeV, reducing contamination from additional hard

radiation. A relative balance condition is imposed on the two leading jets, requiring

|pT,1 − pT,2|/(pT,1 + pT,2) < 0.7, which suppresses asymmetric configurations. These

constraints define a clean dijet topology enriched in gluon jets.

Z+ jet events (Muon and DYTo2L datasets): Events are required to contain a Z candidate

with invariant mass between 71.2 and 111.2 GeV, consistent with the Z → µ+µ− decay.

The Z candidate must have 115 GeV < pT < 195 GeV and lie within |η| < 1.3. The

leading jet must be back-to-back with the Z candidate (∆ϕ > 2.7) and satisfy the same

pT and η requirements as above. Events are rejected if a subleading jet has pT exceeding

that of the Z, to minimize background from multijet production. These cuts enhance the

purity of quark-initiated jets in the sample.

γ+jet events (EGamma and GJ_4Jets datasets): A high-pT photon with 115 GeV < pT <

195 GeV is required in the central region (|η| < 1.3), passing tight identification and iso-

lation criteria. The leading jet must also lie within the central region, satisfy the standard
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pT range, and be separated from the photon by ∆ϕ > 2.7. These constraints define a

clean back-to-back γ+jet topology selecting quark jets recoiling against the photon.

Triggers are applied separately for each dataset to ensure events were collected under

consistent and reliable conditions. For the Muon dataset,

HLT_Mu17_TrkIsoVVL_Mu8_TrkIsoVVL_DZ_Mass8 selects events with two isolated muons,

targeting Z → µ+µ− decays. In the EGamma dataset, the

HLT_Photon110EB_TightID_TightIso trigger is used to select events with high-pT
photons passing tight requirements in the barrel. For the JetMET dataset, the

HLT_PFJet80 trigger ensures efficient selection of dijet events by requiring at least one

jet with pT > 80 GeV.

To suppress contamination from heavy-flavor jets, an additional selection is applied using

ParticleNet discriminator scores. Jets are required to satisfy Jet_btagPNetB ≤ 0.6172

and Jet_btagPNetCvL ≤ 0.434, removing those likely initiated by bottom or charm

quarks. These thresholds are applied uniformly across all datasets and exclude only a

small fraction of jets, while improving the light-flavor purity crucial for quark/gluon discrim-

ination. The thresholds correspond to the loose working points defined by the CMS BTV

group for Run 3. [61]

To ensure consistent treatment across real and simulated data, the same selection crite-

ria are applied to the corresponding Monte Carlo (MC) datasets: dijet selection for QCD,

Z+jet selection for DYTo2L, and γ+jet selection for GJ_4Jets. This alignment guaran-

tees that comparisons between data and simulation are valid and that training procedures

using either type of input remain unbiased.

These selection criteria are designed not only to standardize jet kinematics and event

topology across datasets, but also to preserve the differences in quark and gluon com-

position that are essential for weakly supervised classification methods such as CWOLA.

The used datasets, as well as the number of jets passing the selection criteria in each

dataset, is summarized in Table 5.1.

Table 5.1. Number of jets in each dataset after applying the selection criteria.

jetMET Muon EGamma QCD DYTo2L GJ_4Jets

Selected Event Dijet Z+ jet γ+ Jet Dijet Z+ jet γ+ Jet

Dominant jet type Gluon Quark Quark Gluon Quark Quark

Number of jets 41953 17532 985265 158904 13871 68923
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5.1.2 Feature Distributions

The resulting distributions of key jet and particle-level properties across datasets after

applying the common selection criteria described in the previous section are presented

in Figure 5.3. The distributions for jets and their constituent particle-flow candidates (PF-

Cands), including transverse momentum (pT ), pseudorapidity (η), azimuthal angle (ϕ),

and energy (E) are shown. These distributions provide an important check on the con-

sistency of kinematic properties across the quark- and gluon-enriched samples.

Ideally, to avoid introducing biases into the CWOLA training, the distributions of basic

kinematic features should closely match across datasets. This ensures that the classi-

fier learns differences related to jet substructure, not differences in the underlying phase

space. However, we observe that some distributions do not match perfectly between the

samples, particularly the distributions of jet pT , jet E, jet η, and PFCand pT .

To mitigate differences between datasets and avoid the risk of the models learning dataset-

specific features rather than the underlying quark and gluon differences, a reweighting

procedure is applied. Specifically, the jet pT and jet η distributions in all samples are

reweighted to match those of the gluon-enriched dijet sample. This ensures that the

CWOLA model is not biased by kinematic differences and instead learns to distinguish

jets based on their substructure.

Although the jet energy distributions also exhibit some mismatches, reweight was not

applied to them because jet energy is strongly correlated with pT and η through the jet’s

four-momentum, and reweighting it directly could risk over-constraining the sample or

introducing artifacts. By correcting pT and η, we already indirectly account for most of the

variation in energy, making separate reweighting of jet E unnecessary.

Figure 5.4 shows the effect of the reweighting procedure on the jet pT , η, and energy

distributions across the datasets. After reweighting, the pT and η distributions exhibit good

agreement between the quark- and gluon-enriched samples, effectively removing major

sources of kinematic bias. Although jet energy is not reweighted directly, its distribution

also shows improved agreement across datasets as a result of the correlation with the

reweighted variables.

An important secondary effect of the reweighting procedure is that the distribution of

PFCand η becomes well-matched across datasets. Since particle-flow candidates are

constituents of the jets, their pseudorapidity is naturally correlated with jet η and bene-

fits indirectly from the same correction. Other distributions—both at the jet and PFCand

level—such as PFCand pT , energy, and angular variables, are found to remain largely

unchanged. This is expected, as these observables are only weakly correlated, if at all,

with the reweighted jet-level features.
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Figure 5.3. Feature distributions for jets (left) and PF candidates (right) in different sam-
ples. Distributions from top to bottom are: transverse momentum, pseudorapidity, az-
imuthal angle, energy.
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Figure 5.4. Distributions of jet transverse momentum, pseudorapidity, and energy across
datasets after reweighting. While pT and η have been reweighted to match the dijet
sample, energy is left unchanged due to its strong correlation with the other variables.

With the relevant feature distributions aligned across datasets, methods such as CWOLA

and Jet Topics can operate more effectively, as they are less influenced by kinematic

differences and can better focus on distinguishing substructure features associated with

quark and gluon jets.

5.2 Generalized Angularities

As discussed earlier, generalized angularities form a powerful set of jet substructure ob-

servables for quark/gluon discrimination. These observables, parameterized by (κ, β),

are sensitive to the radiation pattern and energy flow within jets. Their diversity allows

them to capture complementary information about jet composition, making them espe-

cially suitable for input to likelihood-based classifiers such as the Projective Likelihood

Discriminant.

Figure 5.5 shows the distributions of several generalized angularities across the created

datasets. The distributions clearly differ between datasets, consistent with the expected

variations in quark/gluon jet fractions. Dijet events, being gluon-rich, peak in different

regions of the angularity phase space compared to the quark-enriched Z+jets and γ+jets

samples.
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Figure 5.5. Distributions of generalized angularities for different samples: (a) Les
Houches Angularity, (b) transverse momentum dispersion pTD, (c) jet width, (d) jet mass,
and (e) jet multiplicity

To better understand the underlying structure, Figure 5.6 shows the same angularities

plotted for the simulated datasets, with jets explicitly separated into quark- and gluon-

initiated categories using generator-level information. In this case, the distinction be-

tween quark and gluon jets becomes more pronounced, as expected. The separation in

these distributions is critical for the performance of likelihood-based classification meth-

ods, which rely on having representative, distinguishable distributions for each jet class.

Without such differences, the likelihood ratio would lack discriminating power.

Interestingly, while the quark–gluon separation is more distinct in the MC truth-separated

distributions, the overall shapes of the distributions remain similar to those observed at the

dataset (sample) level. This resemblance further supports the validity of using sample-

level distributions—such as those from dijet and Z+jets events—as effective proxies for

quark- and gluon-like behaviors. It demonstrates that even without explicit truth label-
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Figure 5.6. Distributions of generalized angularities for jets in different samples with
quarks and gluons separated, from top left: Les Houches Angularity, transverse momen-
tum dispersion, jet width, jet mass, and jet multiplicity

ing, these samples can be used to approximate the likelihood functions required for

quark/gluon discrimination.

5.3 CWOLA Implementation

To perform quark-versus-gluon jet classification using weak supervision, a model based

on the ParticleNet-lite architecture [47] is used. ParticleNet-lite is a simplified version

of the full ParticleNet graph neural network. It retains the core features of the original

architecture, such as operating on unordered sets of jet constituents and dynamically

learning their relationships, but reduces the number of layers and parameters to lower

training time and computational demands.

The implementation follows the standard ParticleNet-lite configuration. It consists of three
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EdgeConv blocks, each followed by batch normalization and ReLU activation. The num-

ber of nearest neighbors in the dynamic graph construction is set to k = 16 for all layers.

After the EdgeConv layers, global average pooling is applied to aggregate the particle-

level features into a jet-level representation. This is followed by two fully connected layers

with 128 and 64 units, respectively. The final output layer consists of a single neuron with

sigmoid activation, providing a continuous score for quark/gluon classification.

The input features for each particle include:

• ∆η: difference in pseudorapidity between the particle and the jet axis,

• ∆ϕ: difference in azimuthal angle between the particle and the jet axis,

• log pT : logarithm of the particle’s transverse momentum,

• logE: logarithm of the particle’s energy,

• log
(︂

pT
p(jet)
T

)︂
: logarithm of the particle’s pT relative to the jet pT ,

• log
(︁

E
E(jet)

)︁
: logarithm of the particle’s energy relative to the jet energy,

• ∆R: angular distance from the particle to the jet axis, defined as
√︁
(∆η)2 + (∆ϕ)2.

A key modification in our architecture compared to the original ParticleNet-lite is the treat-

ment of the per-particle mask. While the original architecture uses a binary mask: 1 for

valid particles, 0 for padding, to exclude nonphysical inputs during pooling, we instead

replace this mask with the PUPPI weight of each valid particle (still 0 for padding). The

PUPPI weight reflects the probability that a particle originates from the primary interaction

vertex, suppressing contributions from pileup. This substitution allows the model to nat-

urally down-weight low-quality constituents without completely discarding them, resulting

in improved performance in classification tasks. Empirical testing shows that using the

PUPPI weight instead of a binary mask improves the model’s ability to learn robust sub-

structure features, especially in the presence of pileup contamination.

The model is trained using the Adam optimizer with an initial learning rate of 10−3 and

categorical cross-entropy as the loss function. To improve convergence and mitigate

overfitting, a learning rate scheduler is employed, reducing the learning rate by a factor

of 0.33 if the validation AUC does not improve for one epoch. Early stopping is also

used, with a patience of three epochs, monitoring the validation AUC. If no improvement

is observed within this window, training halts and the best-performing model weights are

restored. Each training run proceeds for up to 20 epochs with a batch size of 128.
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6. RESULTS

6.1 Likelihood-Based Performance

In this section, the performance of quark versus gluon discrimination using a likelihood-

based approach is evaluated. A set of Projective Likelihood Discriminants (PLDs) is con-

structed using the framework described in the methodology chapter. Each discriminant is

built using a different generalized angularity as the input observable, as these variables

are known to capture key differences between quark- and gluon-initiated jets in terms of

radiation patterns and jet substructure.

Five different generalized angularities were used as input features to build separate PLDs.

For each angularity, the performance was assessed independently by computing the Re-

ceiver Operating Characteristic (ROC) curve and the Precision-Recall (PR) curve. In

addition to evaluating each variable separately, a combined classifier was built using the

three angularities that provided the best individual discrimination power. This multivariate

PLD was constructed under the assumption that the selected angularities are statistically

independent, allowing their likelihoods to be combined using PLD.

Importantly, rather than constructing the likelihoods from truth-labeled quark and gluon

jets, the likelihood ratio was built using observable distributions extracted from two sam-

ples: γ+jet events as a quark-enriched sample, and dijet events as a gluon-enriched

sample. This sample-based approach reflects the real-world situation where parton-level

labels are not available, and is intended to serve as a baseline for comparison with weakly

supervised methods such as CWOLA, which operate under the same assumptions.

Scale factors were computed separately for each tagger to correct for differences between

data and simulation. To evaluate the impact of these corrections on tagger performance,

ROC and PR curves were computed both before and after applying the scale factors. This

was done for each generalized angularity to understand how the calibration affects their

individual discrimination power. Since truth-level quark and gluon labels are required for

this evaluation, the curves were produced using the dijet MC sample, where such labels

are available. This allows for a quantitative assessment of classifier performance, even

though the likelihood itself is trained in a label-free, sample-based manner.

The resulting ROC and PR curves are presented in Figure 6.1, showing the quark/gluon
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separation performance across all input angularities and their combination, with and with-

out the application of scale factors.
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Figure 6.1. Receiver Operating Characteristic (ROC) and Precision–Recall (PR) curves
for quark/gluon separation. Top row: ROC curves before and after applying scale factors.
Bottom row: PR curves before and after applying scale factors.

Among the five input variables, multiplicity provides the strongest quark/gluon separation,

with pTD following closely as the second-best discriminator. Both observables capture

differences in particle-level jet structure that are particularly distinct between quark- and

gluon-initiated jets, making them well suited for this classification task. In contrast, the

remaining observables—width, LHA, and mass—show considerably weaker performance

compared to multiplicity and pTD.

The highest overall classification performance is achieved when combining multiplicity,

pTD, and width in a multivariate PLD. This combination yields a noticeably better ROC

curve than any single input. Interestingly, extending the input set by including all five

angularities leads to degraded performance. This suggests that the additional observ-

ables (LHA and mass) do not contribute independent information beyond what is already

captured by the three most effective variables. On the contrary, their inclusion likely intro-

duces noise or correlations that reduce the classifier’s ability to separate quark and gluon

jets effectively—an example of performance degradation due to redundant or weakly in-

formative features.

The impact of applying scale factors is also evident in the ROC curves. The shift is
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most pronounced for the classifiers based on multiplicity and pTD, indicating that the

discrepancy between data and simulation is largest for these observables. In contrast,

the changes are smaller for classifiers using width, LHA, and mass. This pattern reflects

the theoretical expectation that IRC-safe observables are generally modeled more reliably

in MC, whereas non-IRC-safe ones are more sensitive to mismodeling in fragmentation

and detector response.

The PR curves in Figure 6.1 show trends consistent with those observed in the ROC

curves. Without scale factor correction, multiplicity and pTD yield the highest PR AUC

values, confirming their superior discriminating power. These two observables also ex-

hibit the largest reduction in PR AUC after calibration, reflecting their sensitivity to mis-

modeling between data and simulation. The remaining observables—width, LHA, and

mass—perform worse overall, and are less affected by the scale factor.

Compared to the ROC curves, the PR curves in Figure 6.1 show a noticeably smaller

change in performance after applying scale factors. For some observables, such as jet

mass, the PR AUC even improves slightly after the correction.

This behavior suggests that the ranking ability of the classifier remains stable in the

most confident regions, even if the overall class separation is reduced. In particular,

the precision-recall performance is less sensitive to changes in the global distribution and

more influenced by the classifier’s behavior in the high-confidence prediction region. The

smaller effect on PR AUC indicates that the scale factors have limited impact on these

high-confidence predictions or may improve local consistency in how jets are scored.

In the specific case of jet mass, where a slight improvement in PR AUC is observed after

applying scale factors. This suggests that the calibration may correct subtle mismodeling

in the simulated distribution of the classifier scores, particularly in regions associated with

high-confidence predictions. By improving the local agreement between data and simu-

lation, the scale factor can enhance the classifier’s reliability in some cases, especially

when selections are made based on the most confident outputs. Although the effect is

modest and limited to specific observables, it highlights the value of scale factor correc-

tions beyond global performance metrics.

6.2 Jet Topics

Jet topics were extracted using the multiplicity observable to estimate quark and gluon

jet distributions in a data-driven way. The method decomposes the observed distributions

from two jet samples with differing quark/gluon composition, yielding two topic compo-

nents interpreted as quark-like and gluon-like jets. The underlying methodology and topic

formalism were introduced earlier in the thesis. This section presents the extracted topic

distributions and evaluates how well the resulting components capture known features of
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quark and gluon jets.

Topics were calculated separately for data and MC in two sample configurations:

1. Z+jet and dijet samples (Figure 6.3),

2. γ+jet and dijet samples (Figure 6.2).

In each case, the input multiplicity distributions were used to extract the quark and gluon

topics, and the results were compared to the corresponding truth-labeled distributions

in MC. The analysis also includes the evaluation of the κ metric, which determines the

anchor bin used for topic extraction. This allows for a consistency check between data

and simulation at both the distribution and topic level.
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Figure 6.2. Jet topic extraction using γ+jet and dijet samples. Left: normalized multiplicity
distributions for data and MC in the γ+jet and dijet samples (top), and corresponding κ
values (bottom). Anchor bins used for topic extraction are indicated. Right: extracted
quark and gluon topics for data and MC compared to MC truth distributions (top), with
residuals (data topic minus MC topic) shown below.

The results of the jet topic method using γ+jet and dijet samples are shown in Figure 6.2.

While the general shapes of the multiplicity distributions are similar between data and

MC, they do not entirely match. These discrepancies are likely responsible for the shift

observed in the selected anchor bins, which differ significantly between data and MC.

In the data, the anchor bin for the γ+jet sample is located at a lower multiplicity than in

MC.

In the data, the anchor bin for the γ+jet sample is located at a considerably higher multi-

plicity than in MC. The uncertainties are comparable in both cases, and the κ < 1 region

is broad, so the precise choice of anchor bin is partly influenced by statistical variations

rather than a systematic shift. This, in turn, propagates into the extracted jet topics.

A comparison of the MC truth-level quark and gluon multiplicity distributions reveals a

notable mismatch between the γ+jet and dijet samples, especially for quark jets, which
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differ significantly between the two samples. This impacts the quark topic extraction: while

the extracted gluon topics agree reasonably well between data and MC, the quark topics

show a substantial discrepancy. This likely reflects the sensitivity of the quark topic to the

input sample composition and the mismodeling of quark distributions in MC.

Despite these challenges, the jet topic methodology successfully recovers distinct quark-

and gluon-like components in both data and MC. The agreement in the gluon topic, in

particular, suggests that the method is robust in extracting at least one topic reliably, even

in the presence of mismatches between data and simulation.

The Z+jet and dijet jet topic results, shown in Figure 6.3, exhibit similar qualitative behavior

to the γ+jet case. Again, the input multiplicity distributions between data and MC do not

perfectly match, and the truth-level quark and gluon distributions differ between the two

samples, with particularly large discrepancies observed for gluons. This is partly due to

limited statistics in the Z+jet gluon sample, as reflected by the large uncertainties.

The jet topic methodology also provides an estimate of the quark and gluon fractions

in each sample. Tables 6.1, 6.2 show the estimated gluon fraction extracted from the

data using this method, alongside the true gluon fraction determined from Monte Carlo

simulation based on jet flavor of each jet. In the simulated samples, there is a noticeable

discrepancy between the topic-based estimates and the truth-level fractions, indicating

that the extracted values may not fully capture the underlying composition. For data,

where the jet flavour is not available, a direct comparison is not possible. As a result, the

estimated fractions should be interpreted with caution—they offer a rough approximation

of the quark/gluon content, but can’t be expected to be quantitatively precise.

Table 6.1. Estimated gluon fraction from jet topic calculation using dijet and Z+jet sam-
ples, compared to jet flavour in MC.

Dijet Z+ Jet Dijet (MC) Z+ Jet (MC)

Jet flavour – – 0.688 0.188

Jet topic 0.718 0.248 0.781 0.247

Table 6.2. Estimated gluon fraction from jet topic calculation using dijet and γ+jet sam-
ples, compared to jet flavour in MC.

Dijet γ+ Jet Dijet (MC) γ+ Jet (MC)

Jet flavour – – 0.688 0.404

Jet topic 0.644 0.230 0.775 0.304



59

Despite the mismatches in the input distributions, the extracted quark topics from the

Z+jet analysis show better agreement between data and MC than those from the γ+jet

analysis. This difference is likely related to the choice of anchor bin, which in the Z+jet

case provides a more stable decomposition for the quark component. In both analyses,

the gluon topics display consistently good agreement between data and MC, indicating

that gluon-enriched samples are more robustly modeled and that the method is stable for

the gluon component.
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Figure 6.3. Jet topic extraction using Z+jet and dijet samples. Left: normalized multiplicity
distributions for data and MC in the Z+jet and dijet samples (top), and corresponding κ
values (bottom). Anchor bins used for topic extraction are indicated. Right: extracted
quark and gluon topics for data and MC compared to MC truth distributions (top), with
residuals (data topic minus MC topic) shown below.

6.3 ROC-curves and Tagger Distributions

In this section, the performance of various quark/gluon tagging methods is compared

using ROC and Precision–Recall (PR) curves. The comparison includes four classifiers

trained with the Classification Without Labels (CWOLA) framework, as well as two addi-

tional approaches: the likelihood-based discriminant and the state-of-the-art ParticleNet

[47] tagger.

The CWOLA classifiers were trained using different combinations of quark-enriched and

gluon-enriched samples:

1. γ+jet (data) vs. dijet (data),

2. Z+jet (data) vs. dijet (data),

3. γ+jet (MC) vs. dijet (MC),

4. Z+jet (MC) vs. dijet (MC).

The likelihood-based method was constructed using dijet (data) as the gluon-enriched
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sample and γ+jet (data) as the quark-enriched sample. It uses the best-performing three-

variable combination: multiplicity, pTD, and width.

To enable a fair and consistent comparison, all taggers were evaluated on a balanced dijet

MC sample, where ground-truth quark and gluon jet labels are available. This ensures

that performance metrics comparable are with each other. Importantly, half of the dijet

(MC) sample was held out and not used in training for any of the classifiers. This reserved

portion was further balanced to construct the evaluation dataset, consisting of 18603

gluon jets and 18603 quark jets from the dijet (MC) sample. For each tagger, ROC and

PR curves were computed both before and after applying scale factor corrections. These

results are presented in Figure 6.4
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Figure 6.4. Receiver Operating Characteristic (ROC) and Precision–Recall (PR) curves
comparing different taggers. Top row: ROC curves before and after applying scale factors.
Bottom row: PR curves before and after applying scale factors.

Before applying scale factors, the CWOLA models trained on MC samples consistently

outperform their data-trained counterparts. This is expected, as the evaluation is per-

formed on MC, and MC-trained classifiers are inherently better matched to the evaluation

domain. This advantage is reflected in slightly higher ROC and PR AUCs for the MC-

trained CWOLA models.

After applying scale factors, however, the situation reverses: the data-trained CWOLA

models begin to outperform the MC-trained ones. This indicates that the discrepancies

between data and simulation—particularly in input observable distributions—are larger
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for the MC-trained taggers, and that their performance suffers more from scale factor

correction. In contrast, the data-trained CWOLA models are inherently better aligned with

data, requiring smaller corrections and resulting in better performance after scale factors

are applied.

Among all models, ParticleNet consistently delivers the best performance in terms of AUC,

both before and after scale factor application. The likelihood-based tagger achieves the

lowest AUC before scale factors, which aligns with its simplicity and the limited number of

input features. However, its AUC is more stable under calibration: the scale factor has a

smaller effect compared to the ML-based approaches. After scale factor application, the

likelihood tagger even surpasses some of the CWOLA models trained on MC, highlighting

its robustness.

In terms of ROC-curve shape, the likelihood-based tagger is significantly worse than the

other taggers in the low-FPR region (below 0.3), but noticeably better in the high-FPR

region (above 0.6). This suggests that while it lacks precision at stringent cut values, it

remains reliable for more inclusive tagging scenarios.

Finally, comparing CWOLA models trained on different samples, the γ+jet–based classi-

fier slightly outperforms the Z+jet–based one, despite having lower quark purity. This is

likely due to the significantly larger statistics available in the γ+jet sample, which improves

training stability and generalization.

To gain further insight into the behavior of the different classifiers, the output distributions

of several taggers were compared for two datasets: JetMET and γ+jet. The distributions

are shown in Figure 6.5, where each column corresponds to one dataset and each row

represents a different model: ParticleNet, likelihood-based classifier, CWOLA trained on

data, and CWOLA trained on MC.

For an ideal binary classifier, one expects a strongly bimodal output distribution: the

classifier assigns scores close to 0 for one class and close to 1 for the other, reflecting

high confidence in its predictions. In this sense, wider separation between peaks near 0

and 1 indicates better discriminative power.

Both ParticleNet and the likelihood-based tagger display this expected bimodal structure,

with ParticleNet showing a more pronounced peak separation. This is consistent with its

superior ROC and PR performance.

In contrast, the CWOLA-based classifiers produce notably narrower output distributions,

with less extreme values. These methods showcase a sharp peak followed by a rapid

falloff, with the majority of predictions clustering closer to the center of the distribution

than the other methods. This implies that CWOLA is generally less confident in assigning

jets to one class or the other.
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Figure 6.5. Tagger output for JetMet (left column) and γ+Jet (right column). From top to
bottom: ParticleNet, Likelihood, CWOLA, CWOLA (MC).



63

This behavior can be understood by recalling that CWOLA does not learn to distin-

guish between quarks and gluons directly, but instead learns to discriminate between two

datasets that differ in their class composition. If, for example, the quark-enriched sample

contains 70% quark jets and 30% gluons, and the gluon-enriched sample contains the

reverse, then even a jet that the model confidently identifies as being more quark-like

would still be associated with only a 70% probability of coming from the quark-enriched

sample. The resulting tagger output is thus limited by the purity of the training data and

bounded away from 0 and 1. This explains why CWOLA predictions remain near the cen-

ter, while supervised classifiers like ParticleNet can produce more extreme and confident

predictions.

In addition to the raw tagger output, Figure 6.5 also shows the effect of scale factor on the

score distributions for MC. Across all taggers, the application of scale factors brings the

MC predictions closer to agreement with the data. The corrected MC distributions match

the data significantly better than the uncorrected ones, confirming that the methodology

works as intended.

Notably, the magnitude of the correction varies across taggers. The likelihood-based

tagger shows the smallest difference between the uncorrected MC and the data. Conse-

quently, the scale factor adjustments are minimal for this model.

CWOLA trained on data also shows a relatively modest correction, indicating that models

trained directly on real data are naturally more aligned with it, resulting in smaller required

scale factors. However, CWOLA trained on MC, and especially ParticleNet (which is

trained on large-scale truth-labeled MC), exhibit more substantial discrepancies between

their raw MC predictions and data. These require larger scale factor corrections to match

the data distributions, reflecting the stronger simulation-to-data mismatch when models

are not exposed to data during training.

6.4 Learning Curve Analysis

To investigate how the purity of training samples affects the performance of weakly su-

pervised classifiers, a learning curve study was performed using the CWOLA framework.

In this setup, a classifier was trained on MC γ+jet (quark-enriched) and MC dijet (gluon-

enriched) samples, while varying the quark/gluon purity of the samples.

Sample purity measures the difference between gluon and quark fractions relative to a

50–50 mixture. For example, in the dijet (gluon-enriched) sample a purity of 0.75 means

the composition is 87.5% gluons and 12.5% quarks, so the purity is simply 87.5% −
12.5% = 75%. A purity of 0 corresponds to an exactly balanced 50–50 mixture.

For each purity setting, the total number of jets in the training data was kept constant

at 38965 jets. This number is smaller than the full γ+jet MC sample, since the dataset
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must be balanced between quark and gluon jets before training. Ensuring equal statistics

across classes guarantees that performance differences arise solely from changes in the

sample composition. To reduce statistical noise, each configuration was trained five times

using the same architecture and hyperparameters. The average Area Under the Curve

(AUC) of the resulting ROC curves was computed, and the standard deviation across

runs is shown as error bars.

A sigmoid function was fitted to the resulting trend to model the dependence of classifier

performance on purity. The results are presented in Figure 6.6.
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Figure 6.6. ROC AUC of CWOLA classifiers trained on MC γ+jet and MC dijet samples,
plotted as a function of sample purity. Each point represents the average AUC over five
training runs with identical sample sizes for quark and gluon jets. Error bars denote the
standard deviation across runs. The x-axis is shown on a logarithmic scale to emphasize
behavior near the low-purity regime. The data can be fitted to a sigmoid function: f(x) =
0.5000 + 0.2979

1+exp[−2.4560(log10(x)+1.7939)]
, where x represents the data purity.

The resulting learning curve demonstrates that CWOLA performs remarkably well even at

low training sample purities. Specifically, at a purity level of just 0.1, the average AUC is

already very close to that achieved at purity 1.0, which corresponds to a fully supervised

scenario. This result highlights the robustness of CWOLA in extracting useful discrimina-

tive information from weakly labeled data, even when the signal is highly diluted.

A purity of 0.1 corresponds to a 10% excess of the dominant class over a random 50–50

mixture. For example, in the gluon-enriched (dijet) training sample the composition is 55%
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gluons and 45% quarks, so the purity is simply the difference: 55%− 45% = 10%.

So, even at this low purity, the sample still contains a slight gluon majority, but only

marginally. The fact that CWOLA can still produce a near-optimal classifier under such

conditions demonstrates the effectiveness of learning from sample-level differences rather

than explicit labels.

In addition to dataset purity, the amount of training data affects tagger performance.

For this study, CWOLA was trained using data γ+jet (quark-enriched) and dijet (gluon-

enriched) samples. The number of events used from each sample was varied, while

keeping the class sizes balanced to examine only the effect of data volume.

Each training configuration was repeated five times with different random seeds. The

mean of the resulting AUC was computed for each amount of training data, with the

standard deviation of the AUC shown as error bars. Since dijet data is the smaller of

the two samples, it sets the upper bound on usable training size. This ensures that both

classes remain balanced. The dependence of classifier performance on training size can

be well described by a sigmoid fit.
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Figure 6.7. ROC AUC of CWOLA classifiers trained on data γ+jet and dijet samples, as
a function of the number of training events per class. Each point represents the average
AUC over five training runs, with error bars showing the standard deviation. The x-axis
indicates the total number of events in the training data. The data can be fitted to a
sigmoid function: f(x) = 0.7139 + 0.0616

1+exp[−3.0673(log10(x)−4.2096)]
where x represents the

number of jets in training data.
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The results in Figure 6.7 show that CWOLA is capable of learning meaningful quark/gluon

discrimination even with limited data. At as few as 1,000 training events per class, the

model already achieves a non-trivial AUC, indicating that sample-level differences can be

exploited effectively even in low-data regimes.

As the number of training events increases, the performance steadily improves. However,

the curve does not appear to fully saturate by the maximum training size used in this

study—approximately 100,000 events per class—suggesting that additional training data

could still yield further gains.

It is important to note that this upper limit is constrained by the size of the dijet sample,

which is the smaller of the two datasets. For comparison, the state-of-the art model, Par-

ticleNet, which was evaluated earlier, is trained on approximately 1.2 million jets[47], and

benefits from fully supervised training on truth-labeled MC samples. This provides both

higher purity and significantly more training data than is available in the weakly super-

vised CWOLA setting. Since CWOLA relies on noisy class-level information rather than

individual labels, it naturally demands larger datasets to reach comparable performance.

These results highlight the limitations of weak supervision under realistic data constraints.
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7. CONCLUSION

This thesis demonstrated that weakly supervised learning methods, particularly CWOLA

and Jet Topics, provide effective and complementary approaches to quark–gluon jet clas-

sification without relying on truth labels from simulation. The CWOLA classifier, trained

directly on data mixtures, showed performance approaching that of supervised training

when given sufficient statistics and a reasonable quark–gluon fraction. This indicates

that data-driven classifiers can, in principle, outperform simulation-trained models on real

data due to reduced reliance on potentially mismodeled MC truth. However, direct per-

formance evaluation remains limited by the need to use simulation for benchmarking,

inherently favoring supervised models trained on MC.

Jet Topics proved useful for estimating underlying quark and gluon feature distributions

directly from data. Although demonstrated here with jet multiplicity, the method can be

extended to other observables. Topic distributions revealed notable mismatches between

data and simulation when comparing the underlying distributions of quark and gluon jets.

These discrepancies demonstrate current limitations in the flavor definitions in MC simu-

lation data; the quark and gluon distributions should match those of data.

In addition to distribution shapes, Jet Topics also enables estimation of quark and gluon

jet fractions from data. The fraction estimates can be useful in multiple contexts, such as

inclusive jet analyses, providing constraints for Monte Carlo generators, and informing jet

energy calibration by accounting for flavor-dependent detector response.

In this study, b- and c-flavored jets were excluded to improve the classification perfor-

mance between quark and gluon jets. However, for future work it would be beneficial to

extend the methodology to identify heavy-flavor jets separately and to extract their corre-

sponding feature distributions and fractions. This remains outside the scope of the current

methods and represents a direction for further development.

In future work, weakly supervised methods could be applied to enhance existing classi-

fiers such as ParticleNet for quark–gluon (QvG) classification and, in particular, to improve

the flavor definitions used in Monte Carlo simulation. As the underlying quark and gluon

distributions extracted from simulation should ideally align with those inferred from data

using Jet Topics, such methods offer a concrete means to assess and constrain modeling

discrepancies.
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