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Abstract

This thesis presents two novel methodologies for anomaly detection in particle collision events,
utilising both classical and quantum machine learning techniques. The first approach employs
an unsupervised, data-driven variational autoencoder (VAE), trained on collision data recorded
by the CMS detector at the Large Hadron Collider during Run 2, with a center-of-mass energy
of
√
𝑠 = 13 TeV. Events containing at least two large-radius jets are analysed, and the VAE-

derived anomaly score is subsequently decorrelated from the dijet invariant mass (𝑚jj) through
a novel machine learning-based approach. A systematic search for potential anomalies that
deviate from the expected smoothly falling background distribution is performed in the𝑚jj
range from 1.8 to 6 TeV. No significant excess above the Standard Model (SM) expectation is
observed, with the highest observed local significance being 2.3𝜎 at 4.9 TeV. This method is
subsequently used to derive exclusion limits on a large number of exotic signal models derived
from Beyond the Standard Model (BSM) physics.

The second approach introduces a novel quantum machine learning framework, named 1P1Q,
for encoding jet kinematic features onto two-level quantum bits (qubits). Using this encoding
strategy, a quantum autoencoder is trained to capture the underlying distribution of jets
initiated by a light quark or gluon, and subsequently generate anomaly scores for exotic jets
with a more complex jet substructure. The developed quantum data encoding is also validated
in a jet classification task, for distinguishing jets arising from the decay of a top quark, from
those initiated by a light quark or gluon. For both the anomaly detection and supervised
classification tasks, the 1P1Q method is demonstrated to achieve signal identification and
separation performance comparable to or surpassing current state-of-the-art classical machine
learning algorithms.
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1. Introduction

1.1. Motivation

The Standard Model (SM) of particle physics [1, 2, 3] stands as one of the most successful
scientific theories developed to date. It provides a comprehensive framework for understanding
all known fundamental particles and their interactions, and its predictions have been confirmed
by several experiments with remarkable precision. The discovery of the Higgs boson at the
LHC in 2012 [4, 5, 6] completed the particle content of the SM and further validated its
accuracy. However, despite its successes, the SM is widely regarded as incomplete. It fails
to explain several critical phenomena observed in the universe, such as the nature of dark
matter, the origin of the matter-antimatter asymmetry, and the hierarchy problem, among
others. Moreover, the SM does not incorporate gravity and remains silent on the quantisation
of spacetime.

The ATLAS and CMS experiments at the LHC have conducted an extensive program of
measurements and searches, over the past decade. During Run 2 of the LHC, which delivered
approximately 138 fb−1of proton-proton collision data at

√
𝑠 = 13 TeV, the SM was tested

with unprecedented precision. Nonetheless, no clear evidence for Beyond the Standard Model
(BSM) physics has emerged from these efforts. Over the past decade, both collaborations
have undertaken hundreds of dedicated searches targeting a wide range of scenarios not
explainable by the SM, including but not limited to supersymmetry, new heavy resonances
and dark matter candidates. Until now, all observations have turned out to be consistent with
SM expectations.

The absence of discovery, however, does not imply the absence of new physics. Rather, it calls
for a paradigm shift in the way one searches for it. Traditionally, BSM searches have relied
on specific theoretical models, with the expected final states being already known. Such a
strategy, though powerful, is inherently limited. One runs the risk of missing signals that
do not conform to predefined assumptions. In this context, model-agnostic approaches that
make the fewest possible assumptions about the nature of new physics become increasingly
important. These approaches aim to identify deviations from the SM in a data-driven manner,
offering a complementary path towards discovery.

This thesis presents the first fully data-driven and model-agnostic search for BSM physics
in dijet final states on data collected by the CMS detector during Run 2, using advanced ML
algorithms for anomaly detection. The search strategy makes minimal assumptions about
the signals that it searches for, requiring only generic resonances decaying to two jets in
the final state. This ML-based search is implemented in two stages. First, a Variational
Autoencoder (VAE) is trained on a signal-depleted control region dominated by SM jets to
learn the underlying probability distribution. It is then applied to events in the signal region
to calculate an anomaly score for each event (containing two jets) based on a reconstruction
loss. Second, a DNN is trained to decorrelate the anomaly score from the invariant mass of the
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dijet system using a Quantile Regression (QR), thereby mitigating artificial sculpting of the
background distribution. A search for resonant signals that deviate from the SM expectation of
a smoothly falling background is then performed over the𝑚jj spectrum, to look for localised
excesses indicative of a potential signal. No significant deviation from the SM was observed in
this analysis. Thereafter, upper limits were set on several benchmark signal models, many of
these for the first time ever at the CMS Experiment. Importantly, the method remains agnostic
to the specific properties of the signal, making it a flexible tool for future investigations using
arbitrary signal models.

To complement the classical approach, this thesis also explores the use of Quantum Machine
Learning (QML) in the search for new physics. Quantum computing, particularly in the
Noisy Intermediate-Scale Quantum (NISQ) era, offers novel computational paradigms that
may provide advantages in certain learning tasks. Recent studies [7, 8] suggest that quantum
algorithms can in general capture complex structures in high-dimensional data more efficiently
than their classical counterparts, and exploit in specific the inherently geometric nature of
particle physics data. In this thesis a new quantum data encoding scheme, called 1P1Q that
maps the kinematic features of jet constituents directly onto qubits is introduced. Each jet
is thus represented as a tensor product of Hilbert spaces, easily visualisable as points on the
Bloch sphere, allowing for a compact and lossless representation without the need for classical
preprocessing or dimensionality reduction.

Using this encoding, a quantum autoencoder is trained on simulated QCD jets and then applied
to jets from resonant decays. The resulting anomaly scores demonstrate strong discriminatory
power, with the quantum model achieving performance comparable to, or exceeding, state-of-
the-art classical benchmarks while using significantly fewer trainable parameters. Additionally,
this encoding is shown to be effective in a supervised classification task distinguishing top
quark jets from jets initiated by a light quark or gluon, further highlighting its versatility. To
demonstrate its robustness in realistic conditions, the quantum encoding and algorithms are
applied to collision data recorded by the CMS detector in 2016, showing that it remains stable
and effective even when deployed on experimental data with all associated detector effects
and uncertainties.

In summary, this thesis contributes two novel methodologies for BSM searches: a fully data-
driven, unsupervised classical machine learning pipeline, and a complementary quantum
approach leveraging the power of variational quantum circuits. Both methods aim to broaden
the discovery potential of the LHC by enabling flexible, model-agnostic analyses that are
sensitive to a wide range of possible new physics signatures.
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2. Foundations of High Energy Physics

The study of elementary particles and their interactions represents one of the most profound
pursuits in modern physics. This chapter establishes the theoretical and experimental founda-
tions necessary for understanding the research presented in this thesis. First, the mathematical
framework of the SM of particle physics is explored, including its constituent particles, fun-
damental interactions, and the symmetry principles that govern their behaviour. The Higgs
mechanism, which explains how gauge bosons and fermions acquire mass through sponta-
neous symmetry breaking and the existence of the Higgs field [9, 10, 11], is shortly described.
Thereafter, the discussion transitions to experimental HEP, which is the primary concern of
this thesis.

2.1. Theoretical Introduction to the Standard Model (SM)

The SM is a relativistic quantum field theory that describes the fundamental constituents of
matter and the forces governing their interactions, excluding gravity [1, 2, 3]. Developed pro-
gressively throughout the latter half of the 20th century, this theoretical framework represents
the culmination of decades of collaborative scientific effort to unify the electromagnetic and
weak interactions [12] and to categorise the diverse array of subatomic particles discovered in
accelerator experiments [13, 14]. The SM unifies three of the four known fundamental inter-
actions, these being the electromagnetic, weak, and strong interactions, within a consistent
mathematical structure based on gauge symmetry principles [15]. Despite its incompleteness,
most notably in its inability to incorporate gravitational interactions and explain phenomena
such as dark matter, the SM has demonstrated remarkable success, with its theoretical predic-
tions being verified through numerous high-precision experimental measurements, ultimately
culminating in the discovery of the Higgs boson in 2012 [4, 5, 6] at the Large Hadron Collider
(LHC).

2.1.1. Overview of the Elementary Particles

The SM organises elementary particles into two main categories: spin-1
2 fermions, which con-

stitute matter, and integer-spin bosons, which mediate forces. Fermions are further subdivided
into quarks, which participate in strong interactions, and leptons, which do not. Both quarks
and leptons are arranged in three generations with identical quantum numbers but increasing
masses. Each generation of quarks contains an up-type quark (up, charm, top) with charge
+2

3𝑒 and a down-type quark (down, strange, bottom) with charge −1
3𝑒 [16, 13, 14]. Similarly,

each lepton generation consists of a charged lepton (electron, muon, tau) with charge −𝑒 and
a corresponding neutral neutrino (electron neutrino, muon neutrino, tau neutrino) [17, 18].
The force-mediators include the massless photon mediating electromagnetism, the massive
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Figure 2.1.: The Standard Model of Particle Physics [22].

W± and Z0 bosons responsible for weak interactions, and eight massless gluons that carry the
strong force [19, 20, 21]. The framework of the SM is completed by the scalar Higgs boson,
which imparts mass to elementary particles [4, 5, 9, 10, 11]. As of today, the SM successfully
describes most observed particle physics phenomena, though important questions remain
unresolved.

The particles described by the SM are characterised by a set of fundamental attributes: mass,
electric charge, colour (for quarks), and intrinsic spin. Additionally, in the electroweak sector,
fermions possess the fundamental attributes of weak isospin (𝑇3) and weak hypercharge (𝑌 ),
which determine how they transform under the 𝑆𝑈 (2)𝐿 ×𝑈 (1)𝑌 gauge symmetry. Left-handed
fermions transform as doublets under 𝑆𝑈 (2)𝐿 with 𝑇3 = ±1/2, while right-handed fermions
are singlets with 𝑇3 = 0. These electroweak attributes are related to the electric charge 𝑄 by
the formula 𝑄 = 𝑇3 + 𝑌/2, reflecting the unification of electromagnetic and weak interactions
[1, 2, 3]. In the strong interaction sector, quarks and gluons carry colour charge and transform
under the 𝑆𝑈 (3)𝐶 symmetry, with quarks in the fundamental representation and gluons in the
adjoint representation. This sector exhibits two remarkable properties: asymptotic freedom
at high energies, where the strong coupling becomes weak, and colour confinement at low
energies, which prevents the observation of isolated coloured particles [20, 21]. The Higgs
sector introduces the final piece of the SM through a complex scalar doublet that acquires a
non-zero Vacuum Expectation Value (VEV), spontaneously breaking the electroweak symmetry
and generating masses for the𝑊 ± and 𝑍 bosons while leaving the photon massless [9, 10, 11].
The mechanism also provides mass to fermions through Yukawa couplings to the Higgs field. In
the SM, quarks exhibit a wide range of masses depending on their generation, from a few MeV
for the up and down quarks up to about 173 GeV for the top quark, whereas charged leptons
(electron, muon, tau) have masses spanning from 0.511 MeV for the electron to 1.777 GeV for
the tau lepton. The neutrinos are electrically neutral leptons whose masses are exceedingly
small and as the SM predicts, were long thought to be massless. This was until a series of
landmark experiments demonstrated the phenomenon of neutrino oscillation [17, 18] and
proved that they must possess a small non-zero mass. Despite this discovery, the absolute
neutrino mass scale remains unknown, and experiments cannot yet distinguish whether the
mass eigenstate predominantly associated with the electron neutrino is the lightest (normal
hierarchy) or the heaviest (inverted hierarchy), both being permitted by theory [23] with the
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former being slightly preferred [24]. Resolving this ordering is crucial for understanding how
neutrino masses arise, and as a result, this stands as one of the major challenges for the SM,
indicating a need for theories that look beyond.

2.1.2. Mathematical Structure of the Standard Model

The SM is a relativistic quantum field theory based on the gauge group

SU(3)C × SU(2)L × U(1)Y,

which unifies our current understanding of the strong, weak, and electromagnetic interactions
into a single theoretical framework. Its Lagrangian density can be divided into four main
parts:

LSM = Lgauge + Lfermion + LHiggs + LYukawa.

Each term is shortly described below:

• Gauge Fields (Lgauge):

Lgauge = −
1
4 𝐺

𝑎
𝜇𝜈𝐺

𝑎𝜇𝜈 − 1
4𝑊

𝑖
𝜇𝜈𝑊

𝑖𝜇𝜈 − 1
4 𝐵𝜇𝜈𝐵

𝜇𝜈 .

This term describes the gauge bosons of the SM. Specifically:

– Gluons: These arise from the SU(3)C gauge group and come in eight varieties,
corresponding to the adjoint representation indexed by 𝑎 = 1, . . . , 8. Gluons are
massless and mediate the strong interaction among quarks.

– Weak bosons: These originate from the SU(2)L gauge group, with fields indexed
by 𝑖 = 1, 2, 3. In the absence of the Higgs mechanism, they would remain massless
like the gluons. However, a direct mass term for gauge bosons is forbidden by
local gauge symmetry. Instead, once the Higgs field acquires a nonzero VEV (see
Section 2.1.3), the electroweak symmetry SU(2)L × U(1)Y is spontaneously broken,
in what is known as the Higgs Mechanism. As a result, these initially massless
bosons acquire their mass and are known as the massive𝑊 +,𝑊 −, and 𝑍 0 bosons,
which mediate the weak interaction.

– Hypercharge field and the photon: The remaining gauge symmetry, identified
with U(1)Y, mixes with the SU(2)L bosons to produce one additional massless
particle, the photon, which mediates the electromagnetic force.

• Fermionic Term (Lfermion):

Lfermion =
∑︁
𝜓

𝑖 𝜓 𝛾 𝜇 𝐷𝜇𝜓,

where the sum runs over all quark and lepton fields, denoted collectively by 𝜓 . The
operator 𝐷𝜇 = 𝜕𝜇 − 𝑖𝑔𝑠𝑇 𝑎𝐺𝑎𝜇 − 𝑖𝑔𝜎

𝑖

2𝑊
𝑖
𝜇 − 𝑖𝑔′𝑌𝐵𝜇 is the covariant derivative, which ensures

that fermions couple appropriately to each gauge field. Here, 𝑔𝑠 , 𝑔, and 𝑔′ are the
coupling constants for the 𝑆𝑈 (3)C, 𝑆𝑈 (2)L and 𝑈 (1)Y gauge groups. The generators 𝑇 𝑎
(which can be represented using the Gell-Mann matrices) and 𝜎𝑖/2 (represented by Pauli
matrices) show how quarks and leptons transform under the SU(3)C and SU(2)L groups,
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respectively, with 𝑌 denoting the weak hypercharge of the field. As discussed in the
gauge field sector, before electroweak symmetry breaking, the SU(2)L and U(1)Y gauge
fields are initially massless. As mentioned above, once the Higgs field obtains its VEV,
the SU(2)L × U(1)Y symmetry is spontaneously broken, and the fields mix to form the
physical𝑊 ± and 𝑍 0 bosons, as well as the photon. As can be seen, the𝑊 ± bosons carry
electric charge. On the other hand, the 𝑍 0 boson and the photon which emerge through
a mixing governed by the weak mixing angle, 𝜃𝑊 are neutral. The angle 𝜃𝑊 quantifies
the mixing between the neutral weak field (𝑊 3

𝜇 ) and the weak hypercharge field (𝐵𝜇),
which combine to form the 𝑍 0 boson and the photon. Fermions interact with each of
these physical gauge bosons consistently, according to their charge and weak isospin.

A key feature of the electroweak sector is that it violates parity (𝑃 ) symmetry (replacing
®𝑥 → −®𝑥 ). This is because left-handed fermions (and right-handed antifermions) transform
as doublets under the SU(2)L symmetry, while right-handed fermions (and left-handed
antifermions) are singlets. Consequently, the charged weak bosons𝑊 ± couple only to
left-handed particles (and right-handed antiparticles) respectively, which implies that
the weak interaction distinguishes between the two chiralities. These implications
are significant, in the sense that mirror images of certain processes may occur with
very different probabilities or not at all, leading to observable phenomena such as the
left-handed nature of neutrinos.

• Higgs Sector (LHiggs):

LHiggs = |𝐷𝜇𝜙 |2 − 𝑉 (𝜙), where 𝑉 (𝜙) = 𝜇2 𝜙†𝜙 + 𝜆 (𝜙†𝜙)2.

The Higgs field 𝜙 is an SU(2)L doublet, through which electroweak symmetry breaking
occurs when 𝜇2 < 0. The phenomenon of spontaneous symmetry breaking gives masses
to the𝑊 ± and 𝑍 0 bosons (and, indirectly, to fermions through Yukawa interactions). The
self-interaction governed by the potential𝑉 (𝜙) leads to a non-zero VEV for 𝜙 . The Higgs
boson (the so-called quantum of the Higgs field) is therefore physical, and is produced
and can be detected at collider experiments. The parameter 𝜆 is directly related to the
physical Higgs boson mass once symmetry breaking is accounted for.

• Yukawa Interactions (LYukawa):

LYukawa = −𝑦𝑑𝑖 𝑗 𝑄𝑖𝐿 𝜙 𝑑
𝑗

𝑅
− 𝑦𝑢𝑖 𝑗 𝑄

𝑖
𝐿 𝜙 𝑢

𝑗

𝑅
− 𝑦𝑒𝑖 𝑗 𝐿

𝑖
𝐿 𝜙 𝑒

𝑗

𝑅
+ h.c.,

with 𝜙 = 𝑖 𝜎2 𝜙
∗. These terms describe how quarks and charged leptons acquire mass

through interactions with the Higgs field. When the Higgs field obtains a VEV, these
couplings become mass terms proportional to 𝑦𝑖 𝑗 . The matrices 𝑦𝑖 𝑗 determine the mass
hierarchies among the different generations of fermions, and critically, cannot be pre-
dicted by theory alone. The large differences in fermion masses stem from similarly large
differences in these Yukawa coupling strengths, as observed experimentally.

In the SM, local gauge invariance is preserved once all the pieces are included, ensuring the
cancellation of anomalies that could otherwise compromise the mathematical consistency.
Moreover, the theory is renormalisable, meaning that it remains predictive at higher energies.
However, a key limitation is that the SM is unable to account for the phenomenon of gravity
in its mathematical formulation. The three fundamental classes of couplings present in the SM
are:
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2.1. Theoretical Introduction to the Standard Model (SM)

• Gauge couplings (𝑔𝑠, 𝑔, 𝑔′): Set the strength of QCD and electroweak interactions

• Yukawa couplings (𝑦𝑖 𝑗 ): Determine the masses and mixing patterns of the fermions

• Higgs self-coupling (𝜆): Fixes the mass and dynamics of the Higgs boson

Despite describing a remarkable array of phenomena up to energies probed by current experi-
ments, the SM does not address all fundamental questions. In particular, it offers no explanation
for the large spectrum of Yukawa couplings, it leaves neutrino mass generation beyond the
Dirac framework unresolved, and it excludes a quantum theory of gravity. These open issues
motivate many experimental searches and theoretical extensions, ranging from direct searches
for additional particles at colliders to precision measurements aiming to probe new physics
through subtle deviations from SM predictions.

2.1.3. Spontaneous Symmetry Breaking and the Higgs Mechanism

In the SM, bosons are the mediators of the fundamental interactions, each arising from local
gauge symmetries in the theory. The massless photon (𝛾 ) carries the electromagnetic force,
coupling to electric charge. The eight massless gluons (𝑔) mediate the strong interaction,
themselves carrying colour charge and hence self-interacting, and the massive𝑊 ± and 𝑍 0

bosons mediate the weak force. The𝑊 ± and 𝑍 0 bosons were discovered at the European
Organisation for Nuclear Research (CERN) in 1983, confirming the electroweak theory [25, 26,
19]. The last major missing piece in the SMwas the Higgs boson, a spin-0 scalar field responsible
for spontaneous electroweak symmetry breaking. Discovered simultaneously by the A Toroidal
LHC ApparatuS (ATLAS) and CMS Collaborations [4, 5] at the LHC in 2012, its existence
verified the last major theoretical component of the SM, providing the mechanism, as described
below, by which elementary particles acquire mass without breaking gauge invariance.

The Higgs mechanism predicts that the electroweak gauge group SU(2)L × U(1)Y is sponta-
neously broken down to the electromagnetic subgroup U(1)EM by a scalar field 𝜙 that acquires
a nonzero VEV [1, 2, 3, 9, 10, 11]. Mathematically, one may express the Higgs field as a complex
doublet under SU(2)L, and therefore choose its potential such that the field settles into a
minimum away from the origin [15]. This results in the gauge bosons𝑊 ± and 𝑍 0 acquiring
mass, as the would-be Goldstone bosons become their longitudinal components, while the
photon 𝛾 remains massless [2, 3]. For fermions, mass arises through Yukawa couplings, with
each fermion coupling to the Higgs field through an interaction of the form𝜓𝐿 𝜙 𝜓𝑅 . Within the
framework of the SM, neutrinos remain massless due to the absence of a right-handed counter-
part. When 𝜙 acquires a VEV, these couplings turn into fermion mass terms proportional to the
product of the VEV of the Higgs field and the corresponding Yukawa coupling. The strengths
of these couplings are distinct for each fermion, leading to their different masses, with no
theoretical backing as to why each Yukawa coupling takes the value it does. In other words,
while the Higgs mechanism can successfully explain how particle masses arise once the Higgs
field obtains a nonzero VEV, it does not offer a deeper principle that predicts these numerical
values. Each Yukawa coupling becomes an independent free parameter of the theory, fit to
experimental data rather than derived from first principles. This constitutes a key limitation of
the SM, which, despite its remarkable success in describing observed phenomena, ultimately
leaves unanswered the fundamental question of why the fermion masses span such a wide
range [22], leaving the door open for theories that could explain or reduce the number of these
free parameters.
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2. Foundations of High Energy Physics

2.2. A Quick Introduction to Experimental High Energy Physics
(HEP)

While the theoretical framework of the SM provides elegant mathematical descriptions of
fundamental particles and their interactions, experimental validation remains essential for
advancing HEP. Numerous experimental facilities worldwide contribute to this endeavour,
including the Fermi National Accelerator Laboratory (Fermilab) in the United States, KEK in
Japan, and DESY in Germany. Neutrino observatories such as Super-Kamiokande in Japan
and SNO in Canada have made critical discoveries regarding neutrino oscillations [17, 18],
while B-factories like BaBar and Belle have probed Charge-Parity (CP) violation in meson
systems [27, 28]. Among these experimental efforts, particle colliders remain at the forefront
of investigations into the nature of elementary particles, with the LHC at CERN standing as
the world’s most powerful accelerator complex [29]. This thesis focuses primarily on physics
results from proton-proton (pp) collisions, specifically on data recorded by the CMS detector
at the LHC, which will be described in detail in Chapter 3. The subsequent sections of this
chapter establish foundational concepts in experimental HEP, including coordinate systems,
kinematic variables, and the physics of particle jets, all of which are necessary for the reader
to interpret collision data and connect experimental observations to theoretical predictions.

2.2.1. Commonly Used Terminology in Experimental HEP

The following section introduces key concepts and terminology used in experimental HEP, and
is necessary to understand the technical content of most analyses performed in the context of
the experiments stationed at the LHC. Since these will be used throughout this thesis, they are
defined here unambiguously.

• Transverse Momentum (𝑝T): The component of a particle’s momentum perpendicular
to the beam axis (by convention, the 𝑧 direction):

𝑝T =

√︃
𝑝2
𝑥 + 𝑝2

𝑦 (2.1)

Transverse variables play a fundamental role in hadron collider physics for several reasons.
First, the exact longitudinal momentum fractions carried by the interacting partons in
the initial state are unknown, but the initial transverse momentum is approximately zero.
Conservation of momentum in the transverse plane thus provides a powerful constraint
for event reconstruction and analysis. Second, transverse quantities remain invariant
under Lorentz boosts along the beam direction, making them robust observables that are
independent of the center-of-mass frame of the parton-parton collision. Third, significant
deviations from momentum conservation in the transverse plane (Missing Transverse
Energy (MET)) serve as signatures for weakly interacting particles that escape detection,
such as neutrinos or potential BSM particles. Finally, the transverse plane is where the
detector has its most comprehensive coverage, allowing for more precise measurements
compared to the longitudinal direction where detector acceptance is limited.

• Rapidity (𝑦): Another measure describing the particle’s trajectory relative to the beam
axis:

𝑦 =
1
2 ln

(
𝐸 + 𝑝𝑧
𝐸 − 𝑝𝑧

)
(2.2)
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For massless particles, the approximation 𝐸 ≈ | ®𝑝 | holds, and the rapidity reduces to the
more-commonly encountered pseudorapidity (𝑦 ≈ 𝜂) which is defined below.

• Pseudorapidity (𝜂): A spatial coordinate describing the angle of a particle’s trajectory
relative to the beam axis:

𝜂 = − ln
[
tan

(
𝜃

2

)]
(2.3)

where 𝜃 is the polar angle from the beam axis. Pseudorapidity provides a Lorentz-
invariant way to describe angular distributions and can be directly measured by, for
example, the CMS tracker.

• Azimuthal Angle (𝜙): The angle in the transverse plane as measured from the 𝑥-axis:

𝜙 = arctan
(
𝑝𝑦

𝑝𝑥

)
(2.4)

The kinematics of a particle can be described by its momentum four-vector (𝑝𝑥 , 𝑝𝑦, 𝑝𝑧, 𝐸)
or equivalently, by (𝑝T, 𝜂, 𝜙,𝑚)

• MET: The negative vector sum of all visible transverse momenta in an event:

®𝑝miss
T = −

∑︁
𝑖

®𝑝T,i (2.5)

This quantity indicates the presence of particles that do not interact with the detector
medium, such as neutrinos or potential signatures of new physics.

• Luminosity (L): This quantity is a measure of the collision rate per unit area. The
instantaneous luminosity for two Gaussian beams can be defined as:

L =
𝑁1𝑁2𝑓 𝑁𝑏
4𝜋𝜎𝑥𝜎𝑦

[cm−2s−1] (2.6)

where 𝑁1, 𝑁2 are the number of protons per bunch, 𝑓 is the revolution frequency, 𝑁𝑏
the number of bunches, and 𝜎𝑥 , 𝜎𝑦 the transverse beam sizes. An additional term, the
integrated luminosity:

𝐿int =

∫
L(𝑡)𝑑𝑡 [fb−1] (2.7)

determines the total event count as 𝑁 = 𝜎 ·𝐿int where 𝜎 is the cross section of the process
of interest. The concept of luminosity is described in detail in Ref. [30].

In general, the luminosity can be increased by decreasing the beam size, which is achieved
by focusing the beam more intensely using quadropole magnets.

• Jet: A collimated spray of hadrons originating from a quark or gluon. Due to the
phenomenon of colour confinement in QCD, quarks and gluons cannot exist as free
particles [20, 21]. Instead, as they move away from the interaction point, they undergo
a process called hadronisation where the colour field energy creates quark-antiquark
pairs that combine into colourless hadrons. [31, 32]. This results in the characteristic
cone-shaped jet structure observed in detectors such as the CMS or ATLAS detectors. Jets
are reconstructed using clustering algorithms with a distance parameter typically defined
as Δ𝑅 =

√︁
(Δ𝜂)2 + (Δ𝜙)2. Jets and their clustering algorithms are further elaborated

upon in Section 2.3.

These kinematic quantities form the foundation for physical observables in LHC analyses.
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2. Foundations of High Energy Physics

2.3. Jet Physics

In high-energy pp collisions at the LHC, quarks and gluons produced in hard scatterings
are not observed directly due to colour confinement. Instead, they manifest as collimated
sprays of hadrons or jets, as defined in the preceding section. The process that leads from the
initial partons to the final-state hadrons involves several stages that are essential for correctly
constructing and interpreting jet-related observables in the CMS detector.

The first stage is the emission of additional quarks and gluons through QCD radiation. This
part of the process is described by the parton shower, a series of successive branchings governed
by perturbative QCD and encoded in the DGLAP evolution equations [33]. Because gluons
themselves carry colour charge, they can radiate further, creating a cascade of increasingly
lower-energy partons.

As the energy scale drops and the virtualities of partons approach O(1 GeV), the strong
coupling 𝛼𝑠 becomes large and perturbative techniques are no longer valid. At this stage,
hadronisation takes over—the non-perturbative process by which coloured partons are trans-
formed into colour-neutral hadrons. This process is not derived from first principles, but
instead modelled phenomenologically.

Two main hadronisation models are widely used : the Lund String model treats the colour field
between separating partons as a string-like object, which breaks via quark–antiquark pair
creation when stretched [31]. In contrast, the cluster model groups colour-connected partons
into low-mass colour-singlet clusters, which then decay into hadrons [32]. These models are
implemented in Monte Carlo event generators such as Pythia and Herwig, which are used to
generate simulated datasets in CMS analyses.

Understanding these stages, starting from the perturbative parton shower to the non-perturbative
hadronisation, is crucial for accurate jet reconstruction and for comparing experimental results
to theoretical predictions.

2.3.1. Jet Clustering Algorithms

The hadrons resulting from the hadronisation process are not used directly for jet reconstruction
in CMS. Instead, jets are built from Particle FlowCandidates (PFCands), which are reconstructed
using the Particle Flow (PF) algorithm (described in Section 3.9). To group these constituents
into jets, clustering algorithms are employed that follow well-defined, infrared- and collinear-
safe procedures.

The most commonly used family of jet algorithms are the sequential recombination algorithms,
which operate by iteratively combining particle pairs based on a distance measure defined in
the rapidity–azimuth (𝑦 − 𝜙) plane. The generic form of this distance metric is given by [34,
35]:

𝑑𝑖 𝑗 = min
(
𝑝

2𝑝
T,𝑖, 𝑝

2𝑝
T, 𝑗

) Δ𝑅2
𝑖 𝑗

𝑅2 , 𝑑𝑖𝐵 = 𝑝
2𝑝
T,𝑖, (2.8)

where Δ𝑅2
𝑖 𝑗 = (𝑦𝑖 − 𝑦 𝑗 )2 + (𝜙𝑖 − 𝜙 𝑗 )2 is the squared angular distance between particles 𝑖 and 𝑗 ,

𝑅 is the jet radius parameter, and 𝑝 is a parameter that controls the behaviour of the algorithm.
At each iteration, the algorithm identifies the smallest distance, this being either between
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two particles or between a particle and the beam, and accordingly merges the closest pair or
designates a particle as a final jet.
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(a) 𝑘T algorithm
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(b) anti-𝑘T algorithm
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(c) Cambridge-Aachen algorithm

Figure 2.2.: Examples of jets clustered with 3 different clustering algorithms and radius parameter 𝑅 = 1.0, taken
from Ref. [36].

Different choices of the parameter 𝑝 result in different algorithms with distinct clustering
behaviour, as can be seen in Figure 2.2:

• 𝑘T algorithm (𝑝 = 1): Soft (low 𝑝T) particles are clustered first, which causes soft
radiation to be merged before hard substructures. As a result, 𝑘T jets have irregular shapes
and boundaries that closely follow the distribution of soft radiation. This behaviour makes
the 𝑘T algorithm especially useful in contexts such as pile-up mitigation or grooming
studies, where resolving soft components of a jet is important [34, 35].

• Cambridge/Aachen (C/A) algorithm (𝑝 = 0): Recombination is initiated on the basis
of angular proximity, independent of particle 𝑝T. This feature makes C/A jets well-suited
for jet substructure analyses. Since the clustering history is determined only by angles,
it preserves information about the angular structure of the jet, which is valuable when
identifying features like two-prong decays from boosted heavy particles [37, 38].

• Anti-𝑘T algorithm (𝑝 = −1): Soft (low 𝑝T) particles are effectively clustered around hard
cores, which results in jets with nearly circular, conical shapes. The anti-𝑘T algorithm has
become the default choice in most CMS analyses due to its robustness and the ease with
which its jets can be calibrated and corrected [39]. Its uniform jet shapes are particularly
advantageous for measurements of inclusive jet spectra and for pile-up subtraction
techniques based on jet areas.

Infrared and collinear (IRC) safety: In any realistic collider environment, jet clustering al-
gorithms must be infrared and collinear safe. This means the jet definition should remain
unchanged if:

• a very soft (low-𝑝T) particle is added to the event (infrared safety), or

• a particle splits into two collinear particles (collinear safety).

These properties are essential for ensuring that jet observables can be reliably calculated using
perturbative QCD, without divergences in the fixed-order cross sections [40, 41].

The distance measure defined in Eq. (2.8) ensures IRC safety across all values of 𝑝 used in
the standard algorithms. In particular, the anti-𝑘T algorithm has an additional feature of soft
resilience, meaning that soft particles do not distort the shape or direction of the jet; instead,
they are simply incorporated into the area of the nearest hard jet [39].
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Practical considerations: Efficient implementations of these algorithms are nowadays avail-
able through the FastJet package, which provides an O(𝑁 log𝑁 ) clustering speed, in addition
to tools for computing jet areas and pile-up corrections [42]. In standard pp collisions with
high pile-up, anti-𝑘T jets with a radius parameter 𝑅 = 0.4 (AK4 jets) are the preferred choice,
as they capture most of the jet’s energy while simultaneously excluding the soft underlying
event and noise from pile-up.

In heavy-ion collisions or low 𝑝T environments, larger radius parameters and algorithms
like 𝑘T are preferred to better capture diffuse energy deposition. The C/A algorithm is often
employed when the internal structure of the jet, in particular the presence of subjets, is of
primary interest, especially in searches for boosted objects or jet tagging [43].

Choosing the appropriate clustering algorithm and radius parameter is therefore context-
dependent and guided by the physics goals of the analysis, the event topology, and the charac-
teristics of the background environment.

The concepts introduced and elaborated in this chapter are fundamental to follow the remain-
der of this thesis. A clear understanding of these theoretical and experimental frameworks,
along with the terminologies, methodologies, and physical concepts addressed here provide
the necessary context to the reader, ensuring that the motivations and implications of later
discussions remain accessible and understandable.
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3. The CMS Experiment at CERN

3.1. The Experimental Particle Physics Program at the LHC

The LHC at CERN is, as of 2025, the world’s leading collider for HEP, housed in a circular
underground tunnel spanning 27.6 km in circumference. During the current phase of its
operation, the so-called Run 3 (2022–2026), the LHC accelerates protons to energies of 6.8 TeV
per beam, achieving a center-of-mass collision energy of 13.6 TeV. The proton beams are
comprised of bunches, each containing approximately ∼ 1011 particles, which collide at four
interaction points where the ATLAS [44], CMS [45], ALICE [46], and LHCb [47] experiments are
positioned. Guided by superconducting magnets, collisions occur about every 25 ns, resulting
in a raw data output rate of approximately ∼ 40 PB s−1, which exceeds the permanent storage
capabilities housed at CERN and associated institutions.

To address this, the experiments employ real-time trigger systems that selectively retain
< 0.001% of collisions. The CMS and ATLAS detectors use a two-stage trigger architecture: a
hardware-based Level 1 (L1) system processes coarse detector data at 40 MHz, discarding > 99%
of events within microseconds using criteria like the presence of high-𝑝T leptons, jets, or large
MET. The events which survive the trigger criteria are then analysed by software-based High-
Level Triggers (HLTs), which apply specially designed algorithms to isolate comparatively rarer
processes (such as Higgs boson decays) while reducing the output rate to a more-manageable
value of about 1 kHz [48, 49].

The LHC currently operates at a peak instantaneous luminosity of 2.2 × 1034 cm−2s−1, on
course to deliver an integrated luminosity of 300 fb−1 by 2025 [29] as part of the ongoing Run
3, surpassing the ∼ 138 fb−1 achieved in Run 2 (2016-2018). This unprecedented collision rate
enables precision measurements of SM parameters and searches for BSM physics, underpinned
by detector systems capable of resolving sub-nanosecond timing and micrometer-scale spatial
precision.

3.1.1. The CMS and ATLAS Collaborations

The CMS and ATLAS detectors are the LHC’s two general-purpose experiments, designed to
address a broad spectrum of physics objectives, ranging from precision SM measurements
to searches for exotic phenomena. While both detectors share core design components for
tracking, calorimetry, and muon detection, their technical designs are distinct and complemen-
tary.

• The CMS Detector employs a compact cylindrical geometry centered around a high-field
superconducting solenoid magnet (3.8 T), optimised for high-momentum resolution in
the inner tracking system. Its silicon-based tracker and lead tungstate electromagnetic
calorimeter prioritize hermeticity and fast response, while the muon system, embedded
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in a steel return yoke, combines gas ionisation detectors with resistive plate chambers for
efficient triggering. The detector’s homogeneous calorimetry and strong magnetic field
make it particularly suited for precise energy measurement and MET reconstruction.

• The ATLAS Detector, on the other hand, features a larger-radius toroidal magnet system,
enabling standalone muon momentum measurement with minimal material interference.
Its liquid argon calorimeters provide fine granularity and stability over a wide pseudora-
pidity range, complemented by a tile-based hadronic calorimeter in the central region.
The inner tracker combines pixel and strip detectors for robust pattern recognition,
while the muon spectrometer leverages monitored drift tubes and resistive chambers
for high-precision tracking. This configuration favors long-lived particle searches and
forward physics.

After the discovery of the Higgs boson in 2012 as mentioned earlier, subsequent analyses
by the ATLAS and CMS Collaborations have achieved precision measurements of the Higgs
boson’s mass, spin-parity properties, and couplings to fermions and gauge bosons [50].

A full technical description of the CMS detector is provided in this chapter. The remainder of
this thesis focuses on and utilises the standard terminology of the CMS Collaboration, as the
work described in it was performed as part of the CMS Analysis CMS-EXO-22-026 [51].

3.2. Introduction to the CMS Experiment

Among the four major experiments stationed at the LHC, the CMS experiment [52] is a general-
purpose experiment, centred around the CMS detector designed to investigate a broad spectrum
of physics processes. Its primary goals include studying the properties of the Higgs boson,
exploring physics beyond the SM, and performing precision measurements of the SM, offering
extensive opportunities for scientific discovery.

Collisions at the LHC occur every 25 ns, resulting in an interaction frequency of 40 MHz. At
each collision point, two opposing proton bunches interact, generating multiple interactions
simultaneously, with the softer collisions usually referred to as pile-up. The actual collision
itself is a high-energy interaction where protons break apart and their constituent partons
interact, creating new particles. Each such recorded collision is therefore called an event.
Subject to passing specific trigger criteria, these events are recorded, timestamped, and stored
for further detailed offline analysis.

The core feature of the CMS detector is its powerful superconducting solenoid magnet, provid-
ing a uniform magnetic field of 3.8 T. This magnet is a cylindrical coil with an internal diameter
of approximately 6 m and a length of 13 m, making it the largest superconducting magnet ever
constructed for a particle physics experiment. This intense magnetic field bends the trajectories
of charged particles, allowing precise measurements of their transverse momentum.

Embedded within and surrounding this solenoid magnet are various detector subsystems
that enable comprehensive measurement and identification of particles. These include highly
sensitive tracking detectors to measure charged particle trajectories, electromagnetic and
hadronic calorimeters for energy measurements of photons, electrons, and hadrons, and an
extensive muon detection system built within the return yoke of the magnet. Together, these
components ensure nearly complete angular coverage, allowing the CMS experiment to detect
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and precisely measure the properties of particles produced in collisions, thereby advancing
our understanding of particle physics.

3.3. Detector Coordinate System

The standard practice within the CMS Collaboration is to employ a right-handed coordinate
system. The origin is the nominal interaction point at the centre of the detector. The 𝑥-axis
points radially towards the centre of the LHC ring, the 𝑦-axis points vertically upward, and the
𝑧-axis follows the anticlockwise beam direction.1 Cylindrical coordinates (𝑟, 𝜙) are used in the
transverse plane, where 𝜙 denotes the azimuthal angle about the 𝑧-axis. The polar angle 𝜃 is
measured with respect to the +𝑧 direction, and pseudorapidity is defined as 𝜂 = − ln tan(𝜃/2).
The mean-squared difference can then be combined into the Lorentz-invariant quantity Δ𝑅 =√︁
(Δ𝜂)2 + (Δ𝜙)2, crucial for jet-clustering and lepton-isolation algorithms.

3.3.1. Tracking

In the context of the CMS detector, tracking refers to the process of reconstructing the trajec-
tories of charged particles produced in proton-proton collisions. As charged particles traverse
the silicon sensors within the detector, they deposit localized signals known as hits. Tracking
algorithms utilise these hits by identifying patterns and fitting them to determine each particle’s
trajectory. The high precision of the silicon detectors, coupled with the strong magnetic field
generated by the superconducting solenoid, enables accurate measurements of the curvature
of charged particle paths. This curvature directly provides a precise estimate of the particle’s
𝑝T, with a resolution better than 1% for isolated muons with momenta around 100 GeV in the
central region of the detector [53, 54].

In addition to measuring particle momenta, tracking algorithms also play a crucial role in
vertex reconstruction. Vertexing methods use clusters of reconstructed particle trajectories to
determine the collision point (primary vertex) and to identify secondary vertices, indicative of
displaced decay processes such as those involving bottom (𝑏) quarks or tau (𝜏) leptons [55].
Precise vertex reconstruction is essential for numerous physics analyses, especially those
focused on studying heavy-flavour physics and identifying new particles with displaced decay
signatures.

3.3.2. Barrel and Endcap Regions

Given that proton beams at the LHC travel and collide along the 𝑧-axis, the design of the CMS
detector naturally leads to distinct geometrical regions. The detector is commonly segmented
into two principal regions: the barrel region, corresponding to the cylindrical volume around
the collision point (|𝑧 | ≪ 𝑟 ), and the endcap regions, which are located at each end of the
cylindrical detector volume, covering forward angles (|𝑧 | ≳ 𝑟 ). The transition from barrel to
endcap occurs approximately at pseudorapidity values around |𝜂 | ∼ 1.2 to 1.5. At this point, the

1 This definition follows the standard LHC convention and differs from the Tevatron convention by the direction
of the 𝑧-axis.
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geometry of detector elements shifts from predominantly cylindrical structures in the barrel
region to disk-shaped planar structures perpendicular to the beam axis in the endcaps [52].

This segmentation into barrel and endcap regions ensures comprehensive and uniform coverage
in particle detection across a broad angular range. It also facilitates efficient handling of the
differing particle flux and radiation levels encountered at varying distances and angles from
the collision point. All subdetectors within the CMS Detector such as the tracker, calorimeters,
and muon systems are designed and optimised with respect to these distinct geometrical
regions, ensuring effective detection and reconstruction capabilities across the full detector
acceptance [56, 57, 58].

3.4. The Inner Tracking System

The inner tracking system of the CMS detector [53] is designed to precisely reconstruct the
trajectories of charged particles produced in proton-proton collisions. Occupying a cylindrical
region surrounding the collision point, it is fully enclosed within the superconducting solenoid
magnet. This placement allows the tracker to measure the curvature of charged particle
trajectories, enabling accurate determination of their momentum.

The tracker system primarily employs silicon sensors, chosen for their fine spatial resolution
and ability to withstand high radiation levels near the interaction region. It is segmented
into multiple layers and disks arranged in concentric cylindrical and disk-shaped structures,
providing comprehensive spatial coverage in both the radial and longitudinal directions.

The tracker is broadly divided into two main subsystems:

• Pixel Tracker: The innermost subsystem consists of silicon pixel detectors, characterised
by their extremely fine segmentation. The pixel tracker comprises several concentric
cylindrical layers (barrel region) close to the interaction point, complemented by disk-
shaped pixel layers in the forward regions (endcaps). Its main function is the accurate
measurement of particle trajectories close to their point of origin, essential for precise
vertex reconstruction and identification of short-lived particles.

• Strip Tracker: Surrounding the pixel tracker, the strip tracker uses silicon sensors
with elongated segments (strips), which cover larger areas. This subsystem is further
divided into inner and outer barrels in the central region, and disk-like structures in the
forward regions, known as Tracker Endcaps. Its primary function is to measure particle
trajectories at intermediate and larger radii from the interaction point, thus extending
the precise determination of particle momenta outwards.

Altogether, the inner tracker has about 200 m2 of silicon sensors, and𝑂 (109) read-out channels.
This allows for high granularity measurement and tracking of particles, ultimately enabling
critical aspects of the CMS physics program such as precision measurements of the SM or
searches for rare new physics.
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Figure 3.1.: A schematic showing each layer of the CMS detector, along with the various possible particle
interactions [59]

3.5. ECAL

The CMS ECAL is a homogeneous scintillating-crystal calorimeter that employs lead-tungstate
(PbWO4) crystals as the active medium [56]. It is specifically designed to measure the energies
of electrons and photons produced in pp collisions with high precision. The ECAL’s energy
resolution capability and fine granularity are crucial for reconstructing the decay products of
Higgs bosons, in particular the 𝐻 → 𝛾𝛾 and 𝐻 → 𝑍𝑍 (∗) → 4ℓ channels [5].

Table 3.1.: Principal design parameters of the ECAL.

Quantity Barrel Endcap
|𝜂 | coverage < 1.479 1.479–3.0
Number of crystals 61 200 14 648
Crystal length 230 mm (25.8 X0) 220 mm
Front-face area 22 × 22 mm2 28.6 × 28.6 mm2

Inner radius 129 cm —

Each PbWO4 crystal emits scintillation light when traversed by high-energy electromag-
netic particles. The emitted light is proportional to the deposited energy, and is collected
by Avalanche Photo Diodes (APDs) in the barrel and vacuum phototriodes in the endcaps.
The combination of the crystals’ short radiation length (𝑋0), small Molière radius, and the
finely segmented readout enables precise localisation of electromagnetic showers and excel-
lent energy resolution. A preshower detector is positioned in front of each ECAL endcap,
covering the pseudorapidity range 1.653 ≤ |𝜂 | ≤ 2.6. It consists of two layers of silicon strip
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sensors interleaved with 2 mm thick lead absorbers, which contribute to improving the 𝜋0/𝛾
discrimination.

3.6. Hadron Calorimeter (HCAL)

The CMS HCAL [57] is responsible for measuring the energy of hadrons, as they are typically
produced in abundance in high-energy proton-proton collisions. Unlike electrons or photons
that deposit energy primarily in the electromagnetic calorimeter, hadrons penetrate deeper
into the detector and require a dense, thick absorber to be fully contained.

The HCAL is a sampling calorimeter, consisting of alternating layers of dense absorber material
and active scintillator elements. When hadrons pass through the absorber layers (typically
made of brass or steel), they initiate hadronic showers, with cascades of secondary particles.
These secondary particles then interact with the scintillator tiles, producing light signals that
are collected via wavelength-shifting fibers and read out by photodetectors.

To effectively capture these showers, the HCAL is segmented into different regions based on
geometry and detector placement:

Barrel and Endcap HCAL: These regions cover the central and intermediate angular zones of
the detector. Positioned just outside the electromagnetic calorimeter and within the
solenoid magnet, they provide sufficient material to absorb most hadronic showers in
this angular range.

Outer HCAL: Since the solenoid magnet itself is not part of the calorimetry system, it introduces
a layer of material that can cause some energy leakage. It is installed outside the magnet
coil, embedded within the return yoke, to capture any remaining energy and improve
measurement accuracy in the central region.

Forward HCAL: Located far downstream along the beamline, the HF is designed to detect
particles emitted at very small angles relative to the beam direction. It uses quartz fibers
embedded in a steel matrix to detect light from charged particles moving faster than the
speed of light in the medium, producing Cherenkov radiation. It plays a crucial role in
ensuring full angular coverage and contributes significantly to the measurement of MET.

Together, these HCAL components ensure a high degree of hermeticity, which is vital for
reconstructing the total energy flow in events and for detecting imbalances that may indicate
undetected particles, such as neutrinos or possible BSM particles.

3.7. Muon System

The CMS detector was specifically designed to have the capability to detect muons and measure
their properties, as reflected in its name: Compact Muon Solenoid. Muons are particularly
important because they penetrate through all other detector layers with minimal energy loss,
reaching the outermost regions of the detector. This property makes them excellent probes for
many key physics signatures, including decays of heavy particles like the Z or Higgs bosons,
or even hypothetical BSM resonances.
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The muon system is embedded in the massive steel return yoke of the solenoid magnet, which
serves a dual purpose: guiding magnetic flux and acting as an absorber for other particles,
allowing only muons to reach the muon detectors. The system consists of several layers
(stations) of gaseous detectors that provide precise position and timing measurements. These
allow the muon’s trajectory to be reconstructed and matched to tracks found in the inner
tracker.

To cope with different rates of particle flux and to provide redundancy, three different detector
technologies are used:

• Drift Tubes (DT): These are used in the central barrel region where the particle flux is
relatively low. They offer high spatial resolution and are well-suited for covering large
volumes.

• Cathode Strip Chambers (CSC): Located in the endcaps where particle rates and
magnetic field inhomogeneities are higher, CSCs are capable of operating under more
challenging conditions while providing precise measurements.

• Resistive Plate Chambers (RPC): These detectors are installed in both barrel and
endcap regions, offering excellent time resolution. They are used primarily for fast
triggering and for enhancing the robustness of muon identification.

Recent upgrades in anticipation of the High Luminosity LHC (HL-LHC) have introduced new
technologies, such as Gas Electron Multipliers (GEMs), in the forward region. These detectors
are designed to withstand the higher radiation and occupancy expected in future LHC runs,
and will complement the existing systems by improving coverage and resolution where it is
most needed [58].

Together, the muon system provides redundant and robust tracking and identification of muons
over a wide range of pseudorapidities. Its high spatial and temporal resolution make it a crucial
component for both triggering and precision physics measurements.

3.8. CMS Trigger System

At the LHC, proton bunches cross one another tens of millions of times per second, with each
crossing producing multiple interactions. Recording all of these crossings would require a
continuous data stream of many tens of terabytes per second, well beyond the capabilities of
present-day storage or offline processing systems. To cope with this challenge, CMS employs
a multi-tiered trigger and data-acquisition (TDAQ) architecture that selects, in real time, only
the most interesting collisions for permanent storage [60, 61].

Level-1 Trigger (L1): Implemented entirely in custom electronics based on Application Specific
Integrated Circuits (ASICs) and Field Programmable Gate Arrays (FPGAs), the L1 trigger
receives coarse information from the calorimeters and muon detectors at the full 40 MHz
bunch-crossing rate. Within a few micro-seconds, it decides whether an event shows
basic signatures of potentially interesting physics, these could for example be highly
energetic jets, energetic leptons, or large values of MET. A rate of only about 100 kHz
worth of events are accepted for further scrutiny, reducing the data flow by roughly three
orders of magnitude.
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High-Level Trigger (HLT): Events accepted by the L1 trigger are transferred to a large farm of
commodity servers. Here, software algorithms, closely related to those used in offline
reconstruction, re-examine each event with finer granularity. By applying more sophisti-
cated selections, the HLT trims the event rate from 100 kHz to about 0.8 kHz to 1 kHz.
This final rate is compatible with long-term data storage and with the throughput of the
worldwide offline computing grid.

Events that survive both trigger levels are written to CERN’s Tier-0 computing centre, buffered
on high-speed disks, and then distributed to regional Tier-1 and Tier-2 centres for full recon-
struction and analysis. Continuous data-quality monitoring ensures that any anomalies in
detector performance or software reconstruction are identified in real time.

3.9. The CMS Particle Flow Algorithm

At the LHC, pp collisions produce a large number of final-state particles, including many
originating from overlapping interactions in the same bunch crossing (pile-up). Reconstructing
these particles with high precision is essential for all physics analyses. A detector like CMS,
with multiple sub-systems optimised for different particle types, requires the combination of
information across detectors to build a global picture of the event. This is the core idea behind
the PF algorithm [62].

Traditional calorimeter-only reconstruction methods are limited by the relatively poor energy
resolution for charged hadrons and by challenges in distinguishing particles from different
vertices. In contrast, the CMS tracking system measures the momentum of charged particles
with excellent resolution, especially at low to moderate 𝑝T, and can associate them to specific
primary vertices. The PF algorithm was developed to make full use of the full granularity
and redundancy of all CMS sub-detectors, namely the tracker, electromagnetic and hadronic
calorimeters, muon chambers, and solenoid, to ultimately reconstruct and identify each stable
particle individually, these being the electrons, muons, photons, charged hadrons, and neutral
hadrons [63, 64].

First, individual low-level detector signals, such as charged particle tracks from the silicon
tracker, energy clusters from the ECAL and HCAL, and segments from the muon system, are
collected and promoted to PF elements. A dedicated linking algorithm then associates elements,
in pairs, that are geometrically and energetically compatible and likely to originate from the
same physical particle. For example, a track extrapolated to the calorimeter is matched to
clusters in the ECAL and/or HCAL, and muon system segments are matched to tracks in the
tracker. These connected sets of elements are grouped into PF blocks, which represent localized
regions of the detector potentially containing one or more particles.

Within each PF block, a sequence of reconstruction steps is applied to identify and reconstruct
individual particles. The algorithm proceeds in a fixed order: it first identifies muons and
electrons by combining tracking and calorimetric or muon information, then reconstructs
charged hadrons by combining tracks with calorimeter deposits, and finally identifies photons
and neutral hadrons using unassociated calorimeter clusters.

After this identification pass, a final postprocessing step is applied to ensure consistency
and improve the overall quality of the reconstruction, in particular to reduce events with an
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artificially inflated METdue to misidentified or misreconstructed muons. This postprocessing
step is crucial for achieving the high precision required in downstream physics analyses.

This particle-level description leads to improved performance in many key observables. For
example, by using tracker momentum measurements instead of calorimeter energy for charged
hadrons, the jet energy resolution is significantly enhanced. Similarly, METreconstruction
benefits from the improved resolution and vertex association. The PF approach also provides
a natural basis for advanced pile-up mitigation strategies, such as the PUPPI algorithm [65].
Further down the line, the PFCands reconstructed by the PF Algorithm are used as inputs to
the various jet clustering algorithms that were described in Section 2.3.1.

For the future, CMS is exploring ML variants of the PF Algorithm, using graph neural net-
works [66]. These approaches learn to reconstruct particles directly from detector signals,
offering potential gains in performance and scalability for the HL-LHC era [67]. However the
basic paradigm, which is to build events from particles rather than detector signals, remains
foundational to CMS data reconstruction and analysis.

3.10. Outlook for the Future

To conclude, the CMS detector is a complex, multi-layered apparatus that combines precise
silicon tracking systems, highly granular calorimeters for energy measurements, and robust
muon detection systems, all enclosed within a powerful superconducting solenoid. This
design enables the experiment to identify and measure the properties of particles produced in
high-energy pp collisions with exceptional precision and reliability.

Since the first era of data-taking in 2010, the CMS Collaboration has played a pivotal role in
some of the most important discoveries in modern physics. Most notably, it contributed to
the discovery of the Higgs boson [5] in 2012, a breakthrough that confirmed the last missing
piece of the SM and led to the 2013 Nobel Prize in Physics being awarded to François Englert
and Peter Higgs. Beyond this landmark achievement, the research activities of the CMS
Collaboration have provided crucial insights into the properties of the Higgs boson, precision
measurements of the electroweak sector, top quark physics, and searches for new phenomena
such as supersymmetry and dark matter candidates [68, 69, 70].

The LHC’s experimental program, driven by CMS, ATLAS, and other collaborations, combines
cutting-edge detector innovation with high-statistics datasets to probe the SM, and search for
BSM physics. The ongoing HL-LHC upgrades are planned to extend its discovery potential
into the 2030s. The HL-LHC is designed to deliver an integrated luminosity of up to 3000–4000
fb−1 [71, 72], enabling unprecedented precision measurements of SM parameters and greatly
increasing sensitivity to rare processes and heavy new particles. To cope with the significantly
higher pile-up and radiation conditions, both CMS and ATLAS are undergoing major detector
upgrades, including new high-granularity tracking systems, precision timing detectors, and
enhanced trigger capabilities [73, 74, 75, 76]. These improvements are essential not only for
sustaining performance in the harsh HL-LHC environment, but also for advancing the scope
and reach of future analyses, and ultimately cementing the LHC’s position at the forefront of
particle physics for the next two decades.
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With these in mind, the CMS detector is poised to meet the challenges of the HL-LHC era.
The increased collision rates and data volumes will push the detector systems to their lim-
its, but a comprehensive program of upgrades, involving new tracking detectors, improved
calorimeters, extended muon coverage, and advanced trigger and data acquisition systems is
already underway. These efforts aim not only to maintain performance but also to enhance
sensitivity to rare signals and deviations from the SM. As a result, the CMS detector remains
at the forefront of discovery potential, well-positioned to uncover evidence of BSM physics
over the next two decades.
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4. A Quick Look at Machine Learning

4.1. Introduction: ML and HEP

Machine Learning (ML) refers to a broad set of computational techniques that enable algorithms
to learn patterns and make predictions or decisions directly from data, rather than relying
on explicitly programmed rules. At its core, ML seeks to approximate functions or identify
structure in high-dimensional spaces by iteratively improving a model’s internal parameters
based on data-driven feedback. The historical development of ML spans foundational mile-
stones such as the perceptron model [77], the introduction of backpropagation [78], and the
success of deep convolutional Neural Networks (NNs) in computer vision [79]. These advances
have gradually positioned ML algorithms as powerful tools capable of learning meaningful
representations from large, noisy, and complex datasets.

In HEP, and particularly within the context of the CMS experiment at the LHC, ML has rapidly
become indispensable across a wide range of applications. As the volume and complexity
of collision data grows, traditional analysis methods are increasingly constrained by their
reliance on specific features and fixed selection criteria. By contrast, ML models offer flexible,
data-driven alternatives that can optimise performance across tasks such as classification,
regression, and anomaly detection. For instance, the identification of jets originating from
𝑏-quarks now relies heavily on DNNs such as DeepCSV and DeepJet [80]. These networks
integrate information from multiple sub-detectors and leverage both low-level and high-level
features. Similarly, ML architectures that learn directly from point cloud representations, such
as ParticleNet [81] and ParticleTransformer [82], have significantly improved jet tagging
performance by learning from raw particle-level information. Graph NNs, which model the
topological relationships between detector hits, have shown promise in track reconstruction
tasks under the challenging high-pileup conditions expected at the HL-LHC [83]. Beyond
reconstruction, unsupervised models such as autoencoders and variational networks have been
studied for deployment in online systems for real-time anomaly detection and decision making
in triggers [84, 85], enabling the identification of rare signatures with ultra-low latency.

These applications reflect a broader trend across the field: as data volumes increase and detector
systems grow more complex, ML is no longer just a useful tool but a foundational component
of experimental workflows. Recent reviews [86, 87, 88] have highlighted this, noting that the
demands of modern HEP experiments offer a lot of potential, not just for improving sensitivity
and efficiency in existing analyses, but also for enabling entirely new approaches to data
processing, and interpretation.
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4.2. Learning Paradigms in ML

ML encompasses a range of methodologies designed to extract patterns and make predictions
from data. Depending on the nature of the available data and the objectives of the analysis,
there are a number of learning paradigms to choose from, as summarised below. In HEP, this
choice is made when it comes to complex tasks such as jet classification and the search for
BSM physics.

• Supervised Learning: This paradigm involves training models on datasets where each
input has a known label. The supervised model is expected to learn this map between
inputs and the corresponding labels, thereby enabling it to predict the corresponding
labels for new, unseen data. In HEP, supervised learning has been effectively applied to
jet classification tasks, where the goal is to distinguish between jets originating from
different particles, the simplest example being from quarks and gluons. For instance,
convolutional NNs have been trained on simulated data to classify jet images, achieving
high accuracy in identifying jet substructures [89].

• Unsupervised Learning: This paradigm is designed to work with data that does not
have any known labels. The goal is then to make the model learn inherent structures
or patterns within the data. This approach is crucial in anomaly detection, where the
objective is to identify events that deviate from the norm (which for particle physicists
is simply the SM), potentially indicating new physics phenomena. Techniques such as
autoencoders (which will be elaborated on in Section 4.6) and clustering algorithms
have been employed to detect anomalies in collision data without relying on predefined
labels [90].

• Weakly Supervised Learning: This paradigm operates in the area between supervised
and unsupervised learning. It utilises datasets with incomplete or incorrect labels. In
HEP, weakly supervised learning is advantageous when dealing with datasets that have
ambiguous truth labels. This approach has been used in the past at the LHC to enhance
sensitivity to new physics in dijet resonance searches [91].

Each of these paradigms offers unique advantages and is chosen based on the specific require-
ments and constraints of the HEP analysis at hand. The integration of these ML techniques
is what enables more precise measurements and the potential discovery of new physical
phenomena.

4.3. Fundamental Concepts and Terminology in Machine
Learning

Throughout this thesis, various terms and concepts from ML will be employed to describe
methodologies and analyses. To ensure clarity and consistency, this section provides definitions
and explanations of key ML terminology relevant to the discussions that follow.

• Model: A mathematical function that maps input data to output predictions. In super-
vised learning, models are trained to approximate the relationship between inputs and
known outputs.
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• Parameters: Variables of the model that are learned from data during the course of
training. For example, in NN, these are the weights and biases that are adjusted to
minimise the loss function.

• Hyperparameters: Configuration parameters that are fixed before training begins and
are not learned from the data. Examples include the learning rate, batch size, number
of epochs, and the architecture of a NN. Hyperparameter tuning is often necessary to
obtain the best possible model performance.

• Loss Function: A function that quantifies the difference between what the model
predicts, versus what the target goal is. Common loss functions include mean squared
error for regression tasks and cross-entropy for classification tasks.

• Optimisation Algorithm: A method used to adjust the model’s parameters to minimise
the loss function. Gradient descent and its variants, such as stochastic gradient descent
(SGD) along with more advanced algorithms like Adam [92], are commonly used.

• Learning Rate: A hyperparameter that determines the step size at each iteration while
moving toward the loss minimum. A suitable learning rate is crucial for efficient training,
because too high a value can cause divergence or oscillation about the minimum, whereas
too low a value leads to slow convergence.

• Batch Size: The number of training examples utilised in one iteration of the optimisation
process. One may use the entire dataset (batch), a single example (stochastic), or subsets
of the data (mini-batch), with the latter being commonly used as it strikes a balance
between efficiency and stability.

• Epoch: One complete pass through the entire training dataset followed by a validation
pass. Training a model involves multiple epochs, allowing the model to learn from the
data iteratively.

• Iteration: A single update of the model’s parameters. The number of iterations per
epoch depends therefore on the batch size and the total number of training examples.

• Overfitting: A modeling error that occurs when a highly complex model with a large
number of parameters over-learns the training data, and memorises its artefacts such as
noise and outliers, leading to poor performance on unseen data.

• Underfitting: A modeling error that occurs when a model is too simple and does not
have enough free parameters to adequately learn the underlying representation, resulting
in poor performance on both training and test data.

• Generalisation: The ability of a model to perform well on new, unseen data. A model
with good generalisation captures the underlying patterns in the data without overfitting.

• Regularisation: Methods used to prevent overfitting by adding additional informa-
tion or constraints to the model. Common regularisation methods include L1 and L2
regularisation, dropout, and early stopping. These improve the model’s generalisation
capabilities when faced with data it has not seen before.

• Bias-Variance Trade-off: The balance between the error introduced by approximating
a real-world problem (bias) and the error introduced by sensitivity to fluctuations in
the training set (variance). Managing this trade-off is crucial for building models that
generalise well.
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• Feature: Each individual property or characteristic of the data. Features are the inputs
for the model.

• Label: The output or target variable that the model should learn to predict correctly. In
supervised learning, each input example is associated with a label.

• Training Set: A subset of the dataset used to train the model.

• Validation Set: A subset of the dataset used to gauge performance after each epoch and
tune hyperparameters when necessary.

• Test Set: A subset of the dataset used to assess the final performance of the trained
model on unseen data.

• Early Stopping: A regularisation technique where training is halted when the model’s
performance on the validation set stops improving, preventing overfitting.

• Dropout: A regularisation technique where a specific fraction of neurons (which in itself
is a hyperparameter) is randomly selected and their outputs ignored during training,
reducing the risk of overfitting.

• Momentum: An optimisation technique that speeds up gradient descent by adding a
fraction of the previous update value to the current, smoothening the optimisation path
and potentially leading to faster convergence.

• Activation Function: A function applied to the output of each neuron, essential for
making the output of the network non-linear. Common activation functions include the
Rectified Linear Unit (ReLU), sigmoid, and tanh.

• Backpropagation: An algorithm used to compute the gradient of the loss function with
respect to each weight in the network, enabling efficient computation of gradients for
optimisation.

• ROCCurve and AUC:A curve used to evaluate the performance of classification models
by plotting the True Positive Rate (TPR) against the False Positive Rate (FPR) at various
thresholds, with AUC simply being the area underneath it.

These terms are necessary to follow the description of the methodologies, and the results
presented in this thesis.

4.4. An Introduction to the DNN

There exist various categories of ML models such as decision trees, support vector machines,
ensemble methods like XGBoost, and finally the NN. Each model type has its own strengths
and is suited to specific types of problems. In this thesis, the focus is on deep learning models,
particularly the DNN, due to its capacity to model complex, high-dimensional data, a common
characteristic of HEP datasets.
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4.4.1. Historical Context and Development

The conceptual foundation of NNs began with the biological neuron. Thereafter came the
perceptron, which was capable of learning binary classifiers through supervised learning [77].
However, the perceptron was limited to solving linearly separable problems. This limitation
was addressed by the introduction of the Multi-Layer Perceptron (MLP), which incorporated
multiple hidden layers and nonlinear activation functions, enabling the modeling of more
complex, non-linear relationships.

4.4.2. Formal Definition of a Neural Network

An NN can be viewed as a parameterised function that maps input vectors to output targets.
The core building block of an NN is the neuron, which takes an input x ∈ R𝑛 and computes a
weighted sum of this input plus a bias term. The output is then passed through a non-linear
activation function 𝜙 . For a single neuron indexed by 𝑗 :

𝑦 𝑗 = 𝜙

(
𝑛∑︁
𝑗=1
𝑤 𝑗𝑖𝑥𝑖 + 𝑏 𝑗

)
(4.1)

where𝑤 𝑗𝑖 ∈ R is the weight associated with the connection from input 𝑖 (which could itself
be the output of a neuron in the previous layer) to neuron 𝑗 , and 𝑏 𝑗 ∈ R is the bias of the 𝑗 th
neuron.

One can then set up a layer of𝑚 neurons, each performing the above computation indepen-
dently. The inputs x ∈ R𝑛 , which for example could be the output of a layer with 𝑛 neurons,
are mapped to an output vector y ∈ R𝑚 whose 𝑗 th component is then given by what is already
defined in Equation 4.1. Collectively, this can be written in vectorised form as

y = 𝜙 (𝑊 x + b) , (4.2)

where𝑊 ∈ R𝑚×𝑛 has components𝑤 𝑗𝑖 , and 𝜙 is applied element-wise to the vector.

With the above recipe in hand, a DNN is formed by stacking multiple such layers. Let the
input be h(0) = x, and for each layer ℓ = 1, . . . , 𝐿, the transformation is defined as

ℎ
(ℓ)
𝑗

= 𝜙 (ℓ)
(
𝑛ℓ−1∑︁
𝑖=1

𝑤
(ℓ)
𝑗𝑖
ℎ
(ℓ−1)
𝑖
+ 𝑏 (ℓ)

𝑗

)
, 𝑗 = 1, . . . , 𝑛ℓ , (4.3)

where 𝑛ℓ is the number of neurons in layer ℓ , and
(
𝑤
(ℓ)
𝑗𝑖
, 𝑏
(ℓ)
𝑗

)
are the weights and biases for

layer ℓ . In vector notation, this is:

h(ℓ) = 𝜙 (ℓ)
(
𝑊 (ℓ)h(ℓ−1) + b(ℓ)

)
. (4.4)

The output of the network is then given by h(𝐿) = 𝑓 (x;𝜽 ), where 𝜽 =
{
𝑊 (ℓ), b(ℓ)

}𝐿
ℓ=1 is the set

of all trainable parameters and 𝑓 is the learned representation.

An NN is trained by minimising a well-defined loss function L(𝑓 (x;𝜽 ), y) that quantifies the
discrepancy between the predicted output and the desired target y. The loss function depends
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on the class of problem that the user wishes to solve. As an example, for the task of 𝑞/𝑔 jet
classification, where the desired outputs are labels 𝑦pred ∈ {0, 1}, the final layer would ideally
comprise a single neuron, with an activation function bounded in (0, 1) such as the sigmoid
(Equation 4.5), along with an appropriate loss function such as the Binary Cross Entropy
(BCE) (Equation 4.6) that maximally penalises mislabelling.

𝜎 (𝑧) = 1
1 + 𝑒−𝑧 (4.5)

LBCE = − 1
𝑁

𝑁∑︁
𝑖=1

[
𝑦true log(𝑦pred) + (1 − 𝑦true) log(1 − 𝑦pred)

]
(4.6)

The end goal of training is to find the best parameters 𝜽 that minimise the loss as follows:

𝜽 ∗ = arg min
𝜽

E(x,y)∼D [L(𝑓 (x;𝜽 ), y)] . (4.7)

This is typically done using an optimisation algorithm such as Stochastic Gradient Descent
(SGD) [93] or Adam [92]. The gradients 𝜕L/𝜕𝜽 are computed using backpropagation [78],
which is described in A.1 in detail.

The text in the preceding sections should be sufficient and self-contained to the extent that a
reader can understand the discussions centred around ML in the following chapters. It is now
necessary to understand the architectures required to perform effective anomaly detection in
the context of HEP.

4.5. Model Agnostic Searches

While many searches for BSM physics are guided by specific theoretical frameworks, such
targeted approaches risk overlooking unanticipated signatures if new physics manifests in
an unexpected way [94]. Model-agnostic machine learning (ML) techniques are therefore
becoming increasingly vital. By aiming to identify deviations from the well-established SM
without a priori assumptions about the nature of new phenomena, these methods cast a wider
net, significantly enhancing the potential for discovering novel physics in an unbiased manner.
This is crucial at the LHC, where the primary goal is to explore the energy frontier and uncover
the unknown, rather than solely confirming or refuting existing theoretical proposals.

The necessity for algorithms that operate independently of specific signal models is primar-
ily due to the speculative nature of BSM theories, since the correct model describing new
physics, if it exists at energies accessible by modern colliders, is unknown. Relying solely on
searches optimised for particular models would mean that signatures not conforming to these
preconceived notions could be missed, leading to blind spots in the experimental program.
Model-agnostic ML, in particular anomaly detection algorithms, offer a powerful alternative by
learning directly from the data [95]. These algorithms can be trained, often in an unsupervised
manner, on background (SM) data to learn a representation of the background. Consequently,
they can flag rare events that exhibit characteristics inconsistent with the SM, potentially
pointing to new physics even without previous knowledge of its specific form without any
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reliance on a highly specific particular signal hypothesis. Several pioneering searches at the
LHC have demonstrated the feasibility and promise of this approach, for instance, using deep
autoencoders to identify anomalous patterns in hadronic final states [96, 97]. The broader
field of anomaly detection, with its successful applications in areas such as fraud detection,
industrial monitoring, and medical diagnostics [98], further highlights the robustness and
adaptability of such data-driven discovery paradigms for navigating complex datasets where
the signals of interest are unknown by definition. In the following section, two relevant
algorithms: the Autoencoder (AE) and the VAE are discussed.

4.6. Autoencoders for Anomaly Detection

Autoencoders represent a powerful class of NN architectures that have been used significantly
in anomaly detection tasks, including searches for BSM physics [97]. Unlike supervised
learning methods that require labeled examples of anomalies, autoencoders are unsupervised,
making them particularly valuable when anomalous patterns are simply unknown, or not
unambiguously defined.

4.6.1. Autoencoder Architecture

An autoencoder is a NN designed to learn efficient data encodings by attempting to reconstruct
its own inputs [99]. It has two primary components: an encoder that learns a lower-dimensional
representation of the initial input, thereby preserving only the most important information,
and a decoder that tries to recreate the original input using this compressed lower-dimensional
representation, commonly known as the autoencoder latent space. The information bottleneck
ensures that the network as a whole learns the underlying data distribution(s). The architecture
can be represented as:

ℎ(z) = 𝑓𝜙 (x) (encoder) (4.8)

x̂ = 𝑔𝜃 (ℎ(z)) (decoder) (4.9)

where x represents the input data (such as QCD jet features, if the task is the detection of
anomalous jets), z is the compressed representation in the latent space, and x̂ is the recon-
structed output. The functions 𝑓𝜙 and 𝑔𝜃 are parameterised by NNs with weights 𝜙 and 𝜃 ,
respectively.

The critical feature of an autoencoder is its bottleneck, in which the latent space z typically has
a much lower dimensionality than the input space, forcing the network to learn an efficient
encoding of the data’s essential features [99]. This property makes autoencoders conceptually
related to nonlinear generalisations of principal component analysis [100, 101].
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4.6.2. Learning Process and Loss Functions

The autoencoder is trained to minimise the reconstruction error between the input x and its
reconstruction x̂. The most common loss function for continuous data is the mean squared
error (MSE):

LMSE(x, x̂) =
1
𝑛

𝑛∑︁
𝑖=1
(𝑥𝑖 − 𝑥𝑖)2 (4.10)

where 𝑛 is the dimensionality of the input. For binary or normalised data, the binary cross-
entropy loss introduced in Equation 4.6 is often preferred. Thereafter, the network parameters
𝜙 and 𝜃 are optimised using gradient-based methods, typically stochastic gradient descent or
its variants like Adam [92]. The training process requires one to find the set of parameters
that minimise the chosen loss function as:

𝜙∗, 𝜃 ∗ = arg min
𝜙,𝜃

Ex∼𝑝data
[
L(x, 𝑔𝜃 (𝑓𝜙 (x)))

]
(4.11)

where 𝑝data represents the data distribution, typically the SM background processes in the
context of BSM searches. It must be noted here that unlike maximum likelihood estimation,
where one is required to exhaustively minimise the negative log-likelihood to identify the
best-fit parameters, this exhaustive minimisation is typically undesirable in a machine learning
context. Indeed, fully minimising the loss function often results in overfitting, leading the
model to exhibit poor generalisation to new data.

4.6.3. Anomaly Detection with Autoencoders

When applied to anomaly detection, autoencoders exploit a fundamental but simple principle:
they learn to reconstruct data similar to what they were trained on while performing poorly
on outliers or anomalies [98]. In the context of HEP, an autoencoder is trained exclusively on
simulated SM events, learning efficient representations of known physics processes [96]. After
training, the reconstruction error serves as the simplest anomaly score:

Anomaly Score(x) = L(x, 𝑔𝜃 (𝑓𝜙 (x))) (4.12)

Events with high reconstruction errors are flagged as potential anomalies, possibly indicating
BSM physics. This approach has been successfully implemented in a number of analyses at
the LHC, showing promising sensitivity to a variety of hypothetical new physics scenarios [97,
96].
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4.6.4. Limitations and Motivation for Variational Autoencoders

Despite their effectiveness, conventional autoencoders exhibit several limitations that can
impact their performance in BSM searches:

1. Discontinuous latent space: The biggest disadvantage of an autoencoder is the discon-
tinuous and unstructured latent space, which severely limits its ability to learn a true
generalisation of the training dataset.

2. Overfitting: Without proper regularisation, autoencoders may learn to reproduce noise
or specific features of the training data rather than meaningful representations, though
this is a problem not unique to autoencoders alone.

3. Deterministic encoding: The mapping between input data and latent representation is
deterministic and not probabilistic, which may not adequately capture uncertainty or
variability in the data [102, 103].

These limitations motivated the development of VAEs, which introduce a probabilistic frame-
work to the autoencoder architecture [102] at the latent space ℎ(z). Rather than encoding
inputs as single points in the latent space, VAEs encode them as probability distributions,
typically constrained to be Gaussian by using, for example, a Kullback-Leibler Divergence [104]
(also see Section 4.7.2). This probabilistic approach offers several advantages: it regularises the
latent space, promotes continuity and smoothness, enables interpolation between data points,
and can even be used for the generation of new samples, by sampling from the probability
distribution that defines the latent space. [103, 102].

4.7. Variational Autoencoders: A Quick Introduction

The VAE establishes a connection to Bayesian inference and information theory, providing
a theoretical justification for the probabilistic representation that it learns. These properties
make VAEs promising for model-agnostic BSM searches, where the goal is not only to detect
anomalies but also to extract physical insights from the identified deviations from SM expec-
tations. The first part of this thesis therefore introduces a novel technique based on a VAE
coupled with a DNN based Quantile Regression (QR) for identifying anomalous signatures in
dijet events recorded with the CMS Detector at the LHC during the period 2016-18.

4.7.1. Mathematical Framework of VAEs

Unlike conventional autoencoders that map inputs to deterministic points in the latent space,
VAEs encode inputs as probability distributions in the latent space, typically Gaussian as shown
in the schematic of Figure 4.1. This fundamentally changes how the model represents data and
thereafter generates reconstructions.

For an input data point x (which could be the particle features from a jet), the encoder of a
VAE outputs the parameters describing a probability distribution 𝑞𝜙 (z|x) over the latent space
z, instead of a direct numerical encoding. In the standard implementation, this distribution
would be a multivariate Gaussian with a diagonal covariance matrix:
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ENCODER DECODER

Figure 4.1.: A VAE schematic showing the encoder, Gaussian latent manifold and the decoder

𝑞𝜙 (z|x) = N(z; 𝝁𝜙 (x),𝝈2
𝜙
(x)I) (4.13)

=
1√︃

(2𝜋)𝑑 |𝝈2
𝜙
(x)I|

exp
(
−1

2 (z − 𝝁𝜙 (x))
𝑇 (𝝈2

𝜙
(x)I)−1(z − 𝝁𝜙 (x))

)
(4.14)

where 𝝁𝜙 (x) and 𝝈2
𝜙
(x) are the outputs of NNs parameterised by 𝜙 , representing the mean

and variance of the latent distribution for input x, and 𝑑 is the dimensionality of the latent
space.

The decoder then reconstructs the input by mapping samples from this latent distribution
back to the original space. It defines another distribution 𝑝𝜃 (x|z) over possible reconstructions
given the latent vector z:

𝑝𝜃 (x|z) = 𝑓 (x;𝑔𝜃 (z)) (4.15)

where 𝑔𝜃 is a NN parameterised by 𝜃 , and 𝑓 is typically a Gaussian or Bernoulli distribution
depending on the nature of the data.

The Reparameterisation Trick: A key challenge in training VAEs is that sampling from𝑞𝜙 (z|x)
is non-differentiable, preventing straightforward backpropagation. Kingma and Welling [102]
addressed this with the reparameterisation trick, which reformulates the sampling process
as:

z = 𝝁𝜙 (x) + 𝝈𝜙 (x) ⊙ 𝝐 (4.16)

where 𝝐 ∼ N(0, I) is a standard multivariate normal distribution with the same dimensions
as the latent space. This maintains the stochastic nature while simultaneously allowing
backpropagation.

35



4. A Quick Look at Machine Learning

4.7.2. KL Divergence and the VAE Loss Function

The VAE is trained to maximise the Evidence Lower BOund (ELBO) which is a lower bound on
the log-likelihood of the data:

LELBO(x) = E𝑞𝜙 (z|x) [log𝑝𝜃 (x|z)] − 𝐷KL(𝑞𝜙 (z|x) ∥ 𝑝 (z)) (4.17)

where 𝐷KL is the Kullback-Leibler divergence, and 𝑝 (z) is a prior distribution over the latent
space, typically chosen as N(0, I).

The KL divergence term measures the dissimilarity between the encoder’s distribution 𝑞𝜙 (z|x)
and the prior 𝑝 (z):

𝐷KL(𝑞𝜙 (z|x) ∥ 𝑝 (z)) =
∫

𝑞𝜙 (z|x) log
𝑞𝜙 (z|x)
𝑝 (z) 𝑑z (4.18)

For the case of Gaussian distributions, this has a closed-form solution:

𝐷KL(𝑞𝜙 (z|x) ∥ 𝑝 (z)) =
1
2

𝑑∑︁
𝑗=1

(
𝝁𝜙 (x)2𝑗 + 𝝈2

𝜙
(x) 𝑗 − log𝝈2

𝜙
(x) 𝑗 − 1

)
(4.19)

The KL divergence term is primarily a regulariser, encouraging the encoder to produce latent
distributions close to the standard normal prior. This has several important implications:

1. It ensures a well-structured, continuous latent space where similar inputs inhabit similar
regions of the latent space.

2. It prevents the model from simply memorising the training data, leading to meaningful
representations that generalise well.

3. It facilitates smooth interpolation between different data points, laying the ground for
generative modelling by sampling from the latent space.

The complete VAE loss function can thus be written as:

LVAE(x) = Lrecon(x) + LKL(x)
= −E𝑞𝜙 (z|x) [log𝑝𝜃 (x|z)] + 𝐷KL(𝑞𝜙 (z|x) ∥ 𝑝 (z)) (4.20)

where Lrecon represents the reconstruction loss and LKL is the KL divergence term. In practice,
these components are often balanced with a hyperparameter 𝛽 [105]:

LVAE(x) = Lrecon(x) + 𝛽 · LKL(x) (4.21)

This formulation of the so-called 𝛽-VAE, which is also used in this thesis, allows the user to
control the trade-off between reconstruction fidelity and latent space regularity, which can be
particularly valuable in those applications where this balance can have a significant impact on
performance [106].

36



4.7. Variational Autoencoders: A Quick Introduction

4.7.3. Applications in Particle Physics and Anomaly Detection

VAEs combine a reconstruction objective with a Kullback-Leibler term that drives the ap-
proximate posterior 𝑞𝜙 (z | x) towards a simple Gaussian prior 𝑝 (z) ≃ N (0, 1) [102]. The
resulting continuous latent space, comprising as many dimensions as the user chooses, can be
described as a manifold of Gaussian nature. Fundamentally, it provides several advantages
over conventional autoencoders for model-agnostic searches at the LHC:

• Robust anomaly scoring: Because the latent space is explicitly regularised, the corre-
sponding anomaly scores are less sensitive to statistical fluctuations. This has been
shown to improve outlier rejection in previous studies [106, 107].

• Generative modelling and uncertainty quantification: The decoder maps latent points
back to the same set of input features, which could for example be detector-level ob-
servables. In principle, this would allow fast, physics-aware data augmentation and
the construction of likelihood ratios directly from generated samples. These features
facilitate side-band extrapolations and background estimates where data is limited [108].
However, improved algorithms such as Generative Adversarial Networks (GANs) [109]
have largely superseded VAEs in performance when it comes to purely generative tasks.

• Interpretable latent representations: The smooth latent manifold with its Gaussian nature
enables post-training inspection of the regions most correlated with larger anomaly
scores.

VAEs have been successfully used in several HEP analyses to gain further insights into the
challenging task of anomaly detection, a few of which are listed below.

• The pioneering study of Ref. [106] established the one-sided VAE threshold test to flag
anomalous events in CMS open data.

• An unsupervised VAE successfully identified Soft Unclustered Energy Patterns (suep) in
𝐻→ hidden scenarios, probing percent-level branching ratios at the HL-LHC [110].

• Mass-decorrelated VAEs achieved competitive performance for anti-QCD tagging while
simultaneously reducing sensitivity to outliers [107].

• Resource-optimised VAEs designed to run on FPGAs have been integrated in the CMS
L1 global trigger for real-time anomaly detection [111] at an event rate of 40MHz.

• Improvements on top of VAEs such as normalising-flow layers used alongside VAEs im-
prove separation without sacrificing the closed-form latent prior [108], while variational
quantum circuits have been explored as encoders on current NISQ hardware [8].

These developments underscore the versatility of VAEs and their central role in forthcoming
model-independent searches at the LHC and beyond.
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5.1. Introduction to the CMS-EXO-22-026 Analysis

This section introduces the CMS EXO-22-026 [51, 112] Analysis, performed as part of the
internally-namedCMSAnomaly Search Effort (CASE). As amember of the analysis team, I made
major contributions to the development and implementation of the Variational Autoencoder-
Quantile Regression (VAE-QR) method, which was one of five methods introduced as part
of this novel analysis, the others being Classification Without Labels (CWoLa) Hunting, Tag
’N Train (TNT), Classifying Anomalies THrough Outer Density Estimation (CATHODE) and
QUasi Anomalous Knowledge (QUAK).

The following individuals were involved in the EXO-22-026 analysis:

• CERN:Maurizio Pierini, Kinga Anna Wozniak [113]

• ETH Zurich: Thea Klaeboe Aarrestad

• Fermi National Accelerator Laboratory (Fermilab): Oz Amram, Jennifer Ngadiuba,
Irene Zoi

• University of Hamburg: Gregor Kasieczka, Louis Jean Moureaux, Tobias Quadfasel,
Tore von Schwartz, Manuel Sommerhalder [114], Chitrakshee Yede

• Imperial College London: Benedikt Maier

• Johns Hopkins University: Petar Maksimovic

• Karlsruhe Institute of Technology (KIT): Aritra Bal (author of this thesis)

• Massachusetts Institute of Technology (MIT): PhilipHarris, Samuel Bright-Thonney [115],
William Patrick McCormack, Sang Eon Park

• Rutgers University: David Shih

Searches for new physics in hadronic final states constitute an essential component of the
experimental program at the LHC. While traditional resonance searches have proven effective
in probing various extensions of the SM, they are often optimised for specific decay channels,
limiting their sensitivity to a broader range of potential signals. Therefore, the CMS-EXO-22-
026 analysis is the first model-agnostic search within the CMS Collaboration that looks for
narrow resonances in the dijet final state within the mass range of 1.8 − 6 TeV, focusing on
topologies where a heavy resonance A decays into two intermediate particles B and C, which
subsequently decay hadronically. Due to their significant Lorentz boost, the decay products
of these intermediate particles are captured within large-radius jets exhibiting distinctive
substructure patterns which the algorithms presented therein are expected to be sensitive
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to. Unlike conventional searches, this analysis employs multiple complementary ML-based
paradigms for anomaly detection, these being unsupervised (VAE-QR), weakly supervised
(CWoLa,TNT,CATHODE), and semi-supervised (QUAK), to identify jets with non-QCD-like
substructure, thereby enhancing sensitivity. This analysis looks at a wide variety of signal
topologies ranging from simple 1+2 prong configurations to complex 6+6 prong signatures,
offering a powerful and versatile framework for discovering new physics that might escape
targeted searches focused on a single signal model.

Table 5.1.: Table of signal resonances of the form 𝐴→ 𝐵𝐶 , showing the number of prongs in the jets arising from
the decays of the 𝐵 and 𝐶 daughter particles (with the bold masses of the daughter particles showing the signal
models used for benchmarking in Section 5.9.)

𝐶 ↓

𝐵 →
2 prongs 3 prongs 5 prongs 6 prongs

1 prong

Q∗ → qW

𝑚𝑄∗ = [2, 3, 5] TeV

𝑚𝑊 = [25, 80, 170, 400] GeV

2 prongs

X→ YY′

𝑚X = [2, 3, 5] TeV

𝑚Y = [25, 80, 170, 400] GeV

𝑚Y′ = [25, 80, 170, 400] GeV

3 prongs

W′→ 𝑡B′

𝑚𝑊 ′ = [2, 3, 5] TeV

𝑚𝐵′ = [25, 80, 170, 400] GeV

4 prongs

WKK →WR→WWW

𝑚𝑊KK = [2, 3, 5] TeV

𝑚𝑅 = [170, 400] GeV

5 prongs

Z′→ T′T′→ 𝑡 Z 𝑡 Z

𝑚Z′ = [2, 3, 5] TeV

𝑚T′ = [400] GeV

6 prongs

G𝑘𝑘 → HH→ 𝑡𝑡𝑡𝑡

𝑚Y = [2, 3, 5] TeV

𝑚H = [400] GeV

The VAE-QR method represents the only fully unsupervised anomaly detection approach
employed in this analysis, as it does not require any labelled jets for training, nor does it
need to make use of MC signal simulation at any point of its workflow. This technique is
distinguished by its use of low-level features, these being the kinematic vectors of the 100
highest 𝑝T jet constituents. The method employs a VAE trained exclusively on data from
a control region dominated by QCD jets, which learns to compress and reconstruct these
jets effectively. When presented with anomalous jets not represented in its training set, the
reconstruction performance of the VAE degrades, producing higher reconstruction loss values
that can serve as effective anomaly scores. To prevent sculpting of the dijet invariant mass
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(which is elaborated upon in the next paragraph) spectrum that would complicate background
estimation and reduce signal efficiency, a DNN based QR is used to decorrelate the VAE
anomaly score from the dijet invariant mass𝑚jj. This decorrelation preserves the shape of the
𝑚jj distribution while maintaining sensitivity to potential signals across all jet substructure
types and across a wide range of𝑚jj, giving VAE-QR the broadest sensitivity among all methods
presented in this analysis.

The dijet invariant mass, denoted as𝑚jj, is a fundamental kinematic quantity in searches for
new physics phenomena in dijet systems. This quantity is calculated from the four-momentum
vectors of the two leading jets in an event and provides a Lorentz-invariant measure of the
total energy-momentum of the system. The𝑚jj spectrum is crucial for identifying resonances
that may indicate the presence of new, potentially BSM, particles decaying to jet pairs. At the
CMS experiment, dijet mass distributions are extensively used in searches for physics beyond
the SM, where deviations from the smoothly falling QCD multijet background could signal the
presence of new physics processes. Given the four-vectors of the two jets (𝐸1, ®𝑝1) and (𝐸2, ®𝑝2),
the dijet invariant mass can be written as:

𝑚jj =
√︃
(𝐸1 + 𝐸2)2 − ( ®𝑝1 + ®𝑝2)2 (5.1)

which in the limit of low jet mass𝑚jet << 𝑝T,jet cosh (𝜂jet) reduces to:

𝑚jj =

√︃
2𝑝 (1)T 𝑝

(2)
T (cosh(𝜂1 − 𝜂2) − cos(𝜙1 − 𝜙2)) (5.2)

Following the selection of events with anomalous jet substructure, a search for resonant
signatures is performed over the resulting𝑚jj spectrum. With no significant excesses observed,
the analysis establishes exclusion limits on a variety of signal models (see Table 5.1) spanning
different jet substructure complexities (from 2+2 prongs to 6+6 prongs). Notably, for many of
these benchmark signals, this analysis presents the first exclusion limits ever set at the LHC,
demonstrating the VAE-QR method’s effectiveness as a fully model-agnostic approach for new
physics searches.

5.2. Description of the datasets used

The analysis presented in this thesis utilises pp collision data recorded at the CMS detector at
the LHC during the period 2016-18, known commonly as the Run 2 era. The dataset contains
events recorded at a center-of-mass energy

√
𝑠 = 13 TeV, corresponding to a total integrated

luminosity of 138 fb−1.

5.2.1. Data Quality and Selection

To ensure high-quality data appropriate for physics analysis, strict criteria were applied to
select only periods when all CMS subdetectors were functioning optimally. These criteria
are detailed in the so-called golden JSON files, which enumerate the validated luminosity
sections suitable for offline analysis [116] within the CMS Collaboration. The golden JSON
files for each data-taking year, along with their respective integrated luminosities, are detailed
in Table 5.2.
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Table 5.2.: Golden JSON files showing the integrated luminosity by year.
Year Golden JSON file name Lint [fb−1]
2016 Cert_271036-284044_13TeV_Legacy2016_Collisions16_JSON.txt 36.4
2017 Cert_294927-306462_13TeV_UL2017_Collisions17_GoldenJSON.txt 41.5
2018 Cert_314472-325175_13TeV_Legacy2018_Collisions18_JSON.txt 59.8
Total 137.6
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Figure 5.1.:Trigger efficiency vs dijet invariant mass𝑚jj for each year, and also for the entire Run 2. The increase in
trigger efficiency in the low𝑚jj region, particularly for𝑚jj < 600 GeV is due to the high 𝑝T > 300 GeV requirement
on the leading and subleading jets in the event. As can be seen in Equation 5.2, this is possible only when the jets
are aligned in roughly the same direction, with transverse momentum conservation requiring the presence of
additional jets that are aligned oppositely. 𝐻T being the scalar sum of jet transverse momenta in the event, events
in this region of phase space end up activating the trigger (figure from CMS internal Analysis Note AN-22-026).

5.2.2. JetHT Dataset and Trigger Selection

This analysis specifically uses the JetHT primary dataset, which contains events passing
trigger selections designed to select highly energetic jets. The JetHT dataset is particularly
suitable for analyses targeting rare jet-based signatures. Events in this dataset have satisfied at
least one of a number of triggers designed to efficiently collect collision events containing at
least one high-𝑝T jet, or possessing a high scalar sum of jet transverse momenta (𝐻𝑇 ).

This is achieved by using a combination of jet 𝑝T and event 𝐻𝑇 triggers employed during
the three years of Run 2. Table 5.3 summarises these triggers, which vary slightly across
different data-taking periods to accommodate changing detector and beam conditions. The
triggers include both PF-based high-level trigger paths targeting high 𝑝T jets, and total event
𝐻T triggers which select events that have a large scalar sum of jet transverse momenta.
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To ensure full trigger efficiency in the analysis phase space, a dedicated efficiency study
was conducted using the Single Muon dataset with muon trigger paths (HLT_IsoMu27 and
HLT_Mu50) that are statistically independent from the hadronic triggers used in this analysis.
Based on this study, it was observed that the combined trigger efficiency reaches a plateau of
> 99% for𝑚jj above 1455GeV in 2017 and 2018 data, while for 2016 data the plateau begins
at approximately 1181GeV (see Figure 5.1 and also Figure B.1 in Appendix B.1). To maintain
consistent selection criteria across all years, an analysis threshold of𝑚jj > 1455GeV is applied,
ensuring that only events from the region of full trigger efficiency are utilised.

Table 5.3.: Jet-based triggers used to collect data online during the three data-taking years.
Period 𝐻𝑇 trigger jet 𝑝T trigger
2016 runs B-G HLT_PFHT800 HLT_PFJet450

2016 run H HLT_PFHT900 HLT_PFJet450
HLT_AK8PFJet450

2017 runs B-F HLT_PFHT1050 HLT_AK8PFJet500
2018 runs A-D HLT_PFHT1050 HLT_AK8PFJet500

5.2.3. Data Processing

Starting from the CMS Ultra Legacy (UL) campaign, this analysis requires the production
of custom NanoAOD samples that extend the standard content to include the kinematics of
individual jet PFCands, which are essential inputs to the VAE-QR. These custom samples
were generated using the JetMET PFNano producer. For the 2016 data, MiniAODv1 served as
input, while MiniAODv2 was used for the 2017 and 2018 datasets. All samples were processed
using the CMSSW_10_6_20 release with the 106X_dataRun2_v32 global tag, ensuring consistent
reconstruction algorithms and calibrations across the entire dataset.

5.2.4. Noise Filtering and Selection of Vertices

To maintain the integrity of the analysis, it is crucial to eliminate events affected by mis-
reconstructed MET resulting from various instrumental effects. These could include anomalies
detected in theHCAL or irregular energy deposits in the ECAL. Following the recommendations
established by the MET Physics Object Group (POG) of the CMS Collaboration, this analysis
uses the event-level noise filters listed below:

• goodVertices

• globalSuperTightHalo2016Filter

• HBHENoiseFilter

• HBHENoiseIsoFilter

• EcalDeadCellTriggerPrimitiveFilter

• BadPFMuonFilter

• BadPFMuonDzFilter
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• eeBadScFilter

• CSCTightHaloFilter (2016 only)

• ecalBadCalibFilter (2016 excluded)

In addition to these noise filters, the analysis strategy enforces stringent vertex quality require-
ments to ensure proper event reconstruction. Each event must contain at least one primary
vertex reconstructed within a 24 cm window along the beam axis, with a transverse distance
from the nominal pp interaction region of less than 2 cm. When multiple vertices satisfy these
criteria, the vertex with the highest total 𝑝2

T (summed over all associated tracks) is designated
as as the primary one.

It is worth noting that during the 2018 data-taking period, several HCAL modules experienced
functional failures, causing erroneous jet energy measurements in the affected regions. In the
context of this analysis, it is essential to minimise contamination from detector malfunction,
and so such events from this period where one of the two hardest jets falls within the affected
regions 𝜙 ∈ (−1.57,−0.87) and 𝜂 ∈ (−2.5,−1.3) are explicitly rejected, using a so-called veto.
This cautious approach results in an approximately 1% decrease in signal efficiency for 2018
data.

5.2.5. Event Preselection

The event reconstruction is carried out using the PF algorithm described in Section 3.9. Jets
are reconstructed from these PF candidates using the anti-𝑘T clustering algorithm [39] with a
distance parameter of 𝑅 = 0.8 (AK8 jets), as implemented in the FastJet package [42], though
for the specific case of VAE-QR, an additional reclustering step becomes necessary as described
in Section 5.3.1.

To mitigate pileup effects, which could impact jet substructure analysis, the Pileup Per Particle
Identification (PUPPI) algorithm [65] is used. In short, this approach incorporates local shape
information of charged pileup particles, event-level characteristics, along with information
from the tracker to compute a scale factor that rescales the 𝑝T of each neutral and charged
PF candidate. The algorithm computes a probability for each particle, as to whether or not it
originates from a pileup interaction. Charged particles not associated with the primary vertex
receive a weight of zero by default.

All AK8 jets must satisfy tight jet identification criteria as established by the JetMET POG for
Run 2 data. These criteria are summarised in Table 5.4 and include requirements on neutral
hadron fraction, neutral electromagnetic fraction, number of constituents, charged hadron
fraction, and charged multiplicity. Jets are corrected for nonlinearities in 𝑝T and rapidity using
standard jet energy corrections developed by the CMS Collaboration.

The signal region is constructed by selecting events containing at least two jets with 𝑝T >

300 GeV, each passing the Tight Jet ID requirements and satisfying |𝜂 | < 2.5. The two highest-
𝑝T jets meeting these criteria are designated as the candidate dijet system. To reduce QCD
multijet background, we further require the two jets to have a separation of |Δ𝜂 𝑗 𝑗 | < 1.3 and a
dijet invariant mass𝑚jj > 1455 GeV, for the reason already mentioned in Section 5.2.2. The
complete set of preselection criteria is summarised in Table 5.5:
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Table 5.4.: Jet ID criteria for AK8 PUPPI jets with |𝜂 | < 2.5.
Quantity Threshold

Neutral Hadron Fraction < 0.90
Neutral EM Fraction < 0.90

Number of Constituents > 1
Charged Hadron Fraction > 0
Charged Multiplicity > 0

Table 5.5.: Summary of event preselection criteria defining the signal region for the dijet anomaly search.
Preselection Criterion Requirement
Jet algorithm anti-𝑘T, 𝑅 = 0.8 (AK8)
Jet quality PF Tight ID applied
Jet 𝜂 |𝜂 | < 2.5
Leading jet 𝑝T 𝑝T > 300 GeV
Pseudorapidity separation |Δ𝜂 𝑗 𝑗 | < 1.3
Dijet invariant mass 𝑚jj > 1455GeV

It is important to note that while these criteria define the signal region in which the search
is performed, the VAE of VAE-QR is actually trained on jets sampled from a control region
defined in Section 5.4. This ensures that the model learns an accurate representation of the
QCD multijet background without contamination from potential signal, while not being biased
by the kinematics of the aforementioned control region.

5.2.6. Simulation of MC Samples

While this analysis employs a data-driven approach for background estimation, thus not strictly
requiring background MC simulation, background MC samples were nevertheless produced
to refine and validate the analysis strategy. The dominant background process is the QCD
multijet, simulated at leading order (LO) with Pythia 8.2 [117, 118, 119], while secondary SM
backgrounds include:

• V+jets (where V = W, Z) simulated at LO with MadGraph5_aMC@NLO v2.6.5 [120],

• 𝑡𝑡 pair production and single top quark production generated at next-to-leading order
(NLO) with Powheg v2 [121, 122].

All processes employed the NNPDF 3.1 [123] parton distribution functions. The parton shower
was simulated using Pythia 8.2, with the CP5 tune [124]. Detector interactions were simulated
with Geant4 [125]. The samples were produced for each of the four data-taking periods
(2016 preVFP, 2016 postVFP, 2017, 2018) with appropriate phase space binning. To mitigate
issues with event weighting typical in conventional analyses, a realistic number of events was
sampled according to effective target luminosity, process cross-section, and selection efficiency
as follows:

𝑁sampled = Leff × 𝜎 × 𝜀preselection (5.3)

This resulted in a total integrated luminosity of 26.8 fb−1 for the background dataset, which
is approximately five times smaller than what was recorded by the CMS Detector during the
Run 2 data-taking period.
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Signal MC samples, on the other hand, are crucial for setting exclusion limits on the theoret-
ical models under investigation, many of them for the first time as already mentioned. As
summarised in Table 5.1, this analysis targets a general resonance A decaying to two other
generic resonances B and C in a single search framework. The focus is on the scenario where
these secondary resonances decay hadronically, resulting in final states with two jets. Various
possibilities regarding the masses of the resonances and the number of hadrons produced in
the subsequent decays of B and C are considered. Specifically, the analysis explores scenarios
with 2 to 6 hadrons in the decay chains, with resonance A having mass values of [2, 3, 5] TeV .
For cases where B and C are massive particles, masses of [25, 80, 170, 400] GeV are considered.
In scenarios involving a known SM particle (such as the W, Z, H bosons, or the top quark),
only the mass of the unknown particle is scanned. Overall, several signal simulations are
necessary.

The simulated events for these signalmodels are generated at LO inQCDusingMadGraph5_aMC@NLO
2.6.5 with the MLM matching scheme. The hadronisation and parton showering processes
are simulated using Pythia 8.226 for 2016 samples and 8.230 for 2017 and 2018 samples.
For the 2016 sample production, the NNPDF3.0_lo_as_0130 LO PDF set is employed, while
the NNPDF3.1 NNLO set is used for 2017 and 2018 production. All resonances in this study are
generated with narrow width, though it should be noted that the VAE-QR approach is not
inherently limited by this constraint and is shown to potentially exhibit sensitivity to broad
resonances as well. All MC sample production was carried out within the official CMS MC
production framework of the UL campaign.

5.2.6.1. Choice of Signal Models

The simulation of signal samples was described in the previous section. This section provides
an overview of each signal model considered in this analysis. The complete set of signal models
evaluated in this study is presented in Table 5.1.

It is emphasised here that the VAE-QR approach is fundamentally model-agnostic and requires
minimal assumptions about the signal characteristics. The signal models presented here
represent only a small subset of the potential models this methodology could be applied.

Six distinct signal models with varying topologies were considered:

• Q∗ → qW′→ 3q: The first signal model exhibits a 1+2 prong topology, consisting of an
excited quark resonance (Q∗) decaying into a quark and W′ boson [126, 127]. The W′
boson subsequently decays into two light quarks with flavour composition identical to
the SM W boson.

• X→ YY′→ 4q: The second signal model features a 2+2 prong topology and comprises
a heavy resonance X decaying to two resonances, Y and Y′. Each of these secondary
resonances then decays into two light quarks.

• W′→ B′t→ bZt: The third signal model presents a 3+3 prong topology and involves a
W′ boson decaying into a vector-like quark (B′) and a top quark [128]. The B′ subsequently
decays into a bottom quark and a Z boson.

• WKK → RW→ 3W: The fourth signal model demonstrates a 2+4 topology and consists of
aW′KK boson decaying into a radion (R) and aWboson [129], with the radion subsequently
decaying to two W bosons.
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• Z′→ T′T′→ tZtZ: The fifth signal model displays a 5+5 topology and comprises a Z′
boson decaying into two vector-like quarks, T′ [130, 131]. These vector-like quarks then
decay into a top quark and a Z boson.

• GKK → HH→ 4t: The sixth signal model exhibits a 6+6 topology and involves a heavy
spin-2 Randall-Sundrum graviton (GKK) decaying to two lighter Higgs-like scalars (H)
[132]. Each lighter Higgs-like scalar subsequently decays into a top quark-antiquark pair.

The W′ → B′t→ bZt process was previously investigated by the CMS Collaboration [133].
However, the present analysis explores a different parameter space where the B′ is sufficiently
light compared to the W′, with its decay products being merged into a single jet.

TheWKK → RW→ 3Wprocess has also been searched for in the past by the CMSCollaboration
[134, 135]. Therefore, the inclusion of this signal facilitates a direct comparison between the
sensitivity of the unsupervised and model-agnostic method presented here, to that of an
optimised dedicated search.

The content of the preceding sections should be sufficient for the reader to gain an understand-
ing of the model-agnostic nature and the broad goal of this analysis, along with the datasets
used to carry it out. In the following sections, the technical details and analysis strategy of the
VAE-QR method, and thereafter the results obtained, will be described in detail.

5.3. Setting up the VAE for Anomaly Detection at the CMS
Experiment

The mathematical formulation of a VAE has been thoroughly discussed in Section 4.7, provid-
ing the theoretical framework for this analysis. In this section, the specific technical details
are presented. To recap, VAEs serve as powerful tools for anomaly detection by learning to
encode and reconstruct the statistical features of normal data. When faced with the task of
reconstructing data that possibly originates outside the learned distribution, its reconstruction
performance suffers, allowing this reconstruction loss to serve as an anomaly metric. The
key advantage of this approach lies in its model-agnostic nature, since the VAE requires no
explicit assumptions about potential anomalous signatures, allowing for sensitivity to a wide
range of BSM phenomena without being optimised for any specific signal hypothesis. The
implementation details presented in this section reflect the architectural choices, hyperparam-
eter optimisation, and practical considerations that adapt the general VAE framework to the
specific challenge of detecting anomalies in dijet resonances at the LHC.

5.3.1. Input Data and Features

The VAE-QR method is distinct from the four other approaches presented in this analysis, with
regards to the input representation it relies upon. While the other methods utilise high-level
features constructed to already have a high discriminative power, the VAE-QR operates directly
on minimally processed, low-level jet constituent PFCand data. Specifically, the inputs to
the VAE-QR algorithm are the momentum components (𝑝𝑥 , 𝑝𝑦, 𝑝𝑧) of the 100 highest 𝑝T jet
constituents. This approach deliberately preserves the fundamental physical information
without introducing higher-level abstractions that might inadvertently lead to information
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loss due to compression. The nature of the input datasets is already elaborated upon in
Section 5.2.

Initial experimentation included several training iterations utilising alternative feature repre-
sentations, particularly the (𝑝T, 𝜂rel, 𝜙rel) for each jet constituent, where 𝜂rel and 𝜙rel denote
the pseudorapidity and azimuthal angle relative to the jet axis, respectively. However, these
configurations consistently yielded suboptimal results. This underperformance can be at-
tributed to the presence of sharp distributional boundaries in the 𝜂-𝜙 space, which introduce
discontinuities that adversely affect the learning process of the VAE. The momentum com-
ponents, conversely, exhibit smoother distributions that facilitate more effective latent space
encoding.

As already mentioned in Section 5.2, this analysis looks for resonant anomalies in dijet events,
which means that each event contains at minimum two jets. Throughout this discussion, the
leading and subleading jets will be designated as 𝐽1 and 𝐽2, respectively, based on their 𝑝T
ordering. A critical aspect of the methodology is that training proceeds on a per-jet basis
rather than per-event. Each event is split into its constituent jets, which are then processed
independently by the VAE. Consequently, the autoencoder operates without an awareness
of event-level correlations or the possibility that two jets in the training set might originate
from the same physical event. This jet-centric approach aligns with the physics goal of
identifying anomalous jet substructure patterns regardless of an event-level association. The
per-jet anomaly scores so obtained are later combined to obtain an event-level anomaly score
following the methodology outlined in Equation 5.11.

The input data is structured as a three-dimensional tensor with dimensions (𝑁batch, 100, 3),
where 𝑁batch represents the batch size during training, 100 corresponds to the maximum
number of constituents considered per jet, and 3 represents the momentum three-vector
(𝑝𝑥 , 𝑝𝑦, 𝑝𝑧) for each constituent. The following transformations are then necessary to convert
from (𝑝T, 𝜂, 𝜙) to (𝑝x, 𝑝y, 𝑝z):

𝑝𝑥 = 𝑝T cos(𝜙) (5.4)
𝑝𝑦 = 𝑝T sin(𝜙) (5.5)
𝑝𝑧 = 𝑝T sinh(𝜂) (5.6)

For jets containing fewer than 100 constituents, the tensor is zero-padded to maintain con-
sistent dimensionality across all samples. While it is shown in Section 5.3.3 that the choice
of reconstruction loss function is permutation invariant, it was observed during training
that reclustering the anti-𝑘T (𝑅 = 0.8) jets using the C/A algorithm and using the subsequent
PFCand ordering, leads to moderate improvements in performance, which was then taken as
the standard. All in all, this standardised representation ensures uniform processing through
the neural network architecture while preserving the essential kinematic information of each
jet.

5.3.2. Architecture

The backbone of the VAE used in VAE-QR is the Convolutional Neural Network (CNN) [136,
137]. The architecture in this analysis implements a VAE with a 12-dimensional latent space,
designed to process PFCand data. As mentioned earlier, the input is an array of particle

47



5. Model Agnostic Search for Dijet Resonances with VAEs at
√
s = 13 TeV

momenta vectors. The two major components of the VAE, its encoder and decoder, are
summarised below.

The encoder network performs a series of transformations:

• Normalisation: This layer uses the mean 𝜇 and standard deviation 𝜎 of the dataset to
perform the scaling:

𝑥𝑖 →
𝑥𝑖 − 𝜇
𝜎

(5.7)

so that the input batches have a mean 𝜇 of 0 and a standard deviation 𝜎 of 1.

• Convolutions:

– LambdaExpand: Before the convolutional kernels can be used on the input, it is
necessary to add an extra dimension to the input, expanding the shape of each event
array to (100, 3, 1), this being necessary to indicate the number of channels in the
input, which in this case is just 1.

– 2DConv: The first convolution operation utilises a 1 × 3 × 12 kernel, these being
the kernel height, width and output channels respectively. The kernel height of
1 ensures that it slides along the jet constituents, applying a 1𝐷 convolution, and
applies the full width of the kernel (3) to match the remaining dimensions of the
input tensor ((3 × 1)). There are effectively 12 different kernels, spanning the entire
width of the input at each position, processing the three momentum components
simultaneously, while preserving the sequential structure along the first dimension.
This transforms the single input channel into 12 distinct feature maps, resulting in a
final output tensor of shape (𝑁 × 100 × 1 × 12). Each of the twelve output channels
represents a different learned outcome across the three-dimensional momentum
space.

– LambdaSqeeze: Before moving to the 1D convolutional operation, this operation
is necessary to get rid of the middle dimension which is no longer required, resulting
in a tensor of shape (100, 12).

– 1DConv: The first one-dimensional convolution applies 16 filters with a kernel size
of 3 to the squeezed tensor of shape (100, 12). Each filter spans 3 consecutive jet
constituents across all 12 feature channels from the previous layer. This operation
effectively creates a sliding window of size 3 that moves across the sequence of
100 constituents, generating 16 new feature maps. The resulting output tensor has
dimensions (100 − 3 + 1, 16) = (98, 16), where the reduction in the first dimension
occurs due to the kernel width.

– 1DConv: The second one-dimensional convolution further processes the feature
maps by applying 20 filters with a kernel size of 3 to the tensor of shape (98, 16).
Each filter spans 3 consecutive positions across all 16 feature channels. This opera-
tion enhances the model’s ability to capture more complex patterns and hierarchical
representations within the jet data. The output tensor from this layer has dimensions
(98 − 3 + 1, 20) = (96, 20), again reflecting the reduction in sequence length due to
the convolution operation with valid padding. This sequential application of convo-
lutional layers enables the network to build increasingly abstract representations of
the jet substructure.

• Final Data Compression:
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– Pooling: A 1D average pooling layer is used to collate information in preparation
for flattening

– Flatten+Dense: A single flattening layer is followed by multiple dense fully con-
nected layers to reduce dimensionality to a tensor of shape 48, following which two
separate dense layers are used to create the latent space parameterisation of the
VAE in terms of the mean 𝜇latent and standard deviation 𝜎latent.

• Latent Space Parameterisation:

– Outputs two vectors 𝜇latent and 𝜎latent

– Generates a 12-dimensional latent representation

The decoder network is effectively the inverse of the encoder, as it performs the reconstruction
process to get back an output tensor that matches the input dimensionality (𝑁, 100, 3) using
the following transformations:

• Latent Space Sampling: This uses the important reparameterisation trick of Equation
4.16 to sample from the latent distribution and obtain a tensor of shape 12.

• Dense: Multiple dense fully connected layers progressively increase the dimensionality
of the samples drawn from the latent space, laying the ground for the upsampling and
transpose convolutional operations that restore the original dimensionality.

• Upsampling and Transpose Convolutional Layers:

– Upsampling1D: reconstructs the original input dimensionality

– 2x 1DConv + 2DConv transpose: These 3 operations, followed by a squeezing
operation bring the tensor to a shape of (𝑁, 100, 3).

• UnNormalisation: The final missing ingredient in the VAE recipe is the reversal of the
standard normalisation using the inverse of the transform of Equation 5.7:

𝑥𝑖 → 𝜇 + 𝜎 · 𝑥𝑖 (5.8)

The VAE therefore learns a compressed 12-dimensional representation of the jet PFCand
momentum space, which it then uses to reconstruct its input. The architecture is shown as a
schematic in Figure 5.2.

5.3.3. Loss Function

The reconstruction loss employed in this work is the 3D Chamfer Distance [138], used exten-
sively for point cloud reconstruction tasks. This metric is particularly suitable for the current
application, as the input data consists of a point cloud of PFCands within a jet, where both the
number and ordering of points can vary between samples.

The Chamfer Distance computes a symmetric measure between two point clouds by finding,
for each point in one set, the nearest point in the other set, and vice versa. Mathematically,
this loss LRECO is defined as:

49



5. Model Agnostic Search for Dijet Resonances with VAEs at
√
s = 13 TeV

Figure 5.2.: Architecture of the VAE
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LRECO =
∑︁

𝑖∈input
min
𝑗

(
𝑥𝑖 − 𝑥 𝑗

)2 +
∑︁

𝑗∈output
min
𝑖

(
𝑥𝑖 − 𝑥 𝑗

)2
. (5.9)

A key advantage of this loss function is its permutation invariance, as it calculates all pairwise
distances between input and reconstructed jet PFCands rather than requiring a fixed ordering
or one-to-one correspondence between points. This property is essential when working with
jets, where the number and arrangement of constituents can vary significantly from event to
event.

Furthermore, following the 𝛽-VAE formulation introduced by [105] and given in Equation 4.21,
a weighted Kullback-Leibler divergence term is added to the loss function. This additional
component ensures that the latent space approximates a standard Gaussian distribution, thus
striking a balance between maintaining a Gaussian latent manifold and achieving effective jet
reconstruction. The hyperparameter 𝛽 , which is set equal to 0.5 controls the trade-off between
these two objectives.

The final loss function per-jet is:

LRECO =
∑︁

𝑖∈input
min
𝑗

(
𝑥𝑖 − 𝑥 𝑗

)2 +
∑︁

𝑗∈output
min
𝑖

(
𝑥𝑖 − 𝑥 𝑗

)2 + 1
2 · 𝐷KL(𝑞𝜙 (z|x) ∥ 𝑝 (z)) (5.10)

where 𝑞𝜙 (z|x) and 𝑝 (z) are the latent space distributions and Gaussian priors respectively.

It is to be noted that the VAE-QR is an event-level anomaly detection algorithm. However,
since the training is on a per-jet basis, it becomes necessary to combine the per-jet loss of
Equation 5.10, as follows:

LEVENT = min
(
LJ1,LJ2

)
(5.11)

5.3.4. Technical Aspects of the Network Training

The VAE is implemented and trained using the TensorFlow [139] package of the Python
programming language [140]. The network is trained on a dataset consisting of 1 million
collision events, which translates to approximately 2 million jets, since each event contributes
two jets for analysis. For validation purposes, a separate dataset of 250,000 events (equivalent
to 0.5 million jets) is utilised to monitor the training progress and avoid overfitting.

The training proceeds with a batch size of 256 jets, which balances computational efficiency and
memory utilisation. The network weights are initialised using the He uniform initialiser [141].
The initial learning rate is set to 0.001, which is a common choice for the Adam optimiser [92]
used to update the trainable weights and biases. Each layer uses the ELU (Exponential Linear
Unit) activation function which has the form:

𝑓 (𝑥) =
{
𝑥 if 𝑥 > 0
𝛼 (exp(𝑥) − 1) if 𝑥 ≤ 0

(5.12)

The small but non-zero value for negative neuron outputs has been shown to help against the
problem of vanishing gradients [142].

To ensure optimal model performance, an adaptive learning rate schedule is implemented with
a decay factor of 0.03. This reduction is triggered when the validation loss fails to improve by at
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least 0.1 over a patience period of 4 epochs. The training process incorporates an early stopping
mechanism that terminates after 8 consecutive cycles of learning rate decay, indicating that
further training would yield diminishing returns.

The complete training of the VAE required 33 epochs, with each epoch taking approximately
one hour on the Deepthought GPU cluster hosted at the Institute of Experimental Particle
Physics (ETP), Karlsruhe Institute of Technology (KIT), using a single NVIDIA Titan GPU with
12 GB of VRAM.

5.4. Data Control Region

As mentioned in Section 5.2.5, the search is performed in a pre-defined signal region. However,
the VAE itself is trained on a Control Region (CR) dominated by the background of QCD
multijet events, where the signal is comparatively suppressed. An effective CR should reduce
the significance 𝑁sig/

√︁
𝑁background by a factor of at least 10 relative to the signal region, while

maintaining sufficient statistical power. Furthermore, this region must be complementary and
orthogonal to the signal region chosen for the search.

The complementarity criterion is satisfied by inverting the pseudorapidity separation condition
that defines the analysis region. While the analysis region uses |Δ𝜂 | < 1.3, a simple inversion
to |Δ𝜂 | > 1.3 is observed to be insufficient for signal suppression, as the fraction of events
in this region from one specific signal model, this being the𝑊KK → WR → WWW decay
mentioned in Table 5.1, remains comparable to that in the analysis region. Therefore, a more
stringent lower boundary of |Δ𝜂 | > 2.0 is used to define the CR.

Additionally, to better replicate the𝑚jj distribution characteristics of the analysis region, an
upper boundary of |Δ𝜂 | < 2.5 is established. This constraint is physically motivated by the
relation between dijet invariant mass and pseudorapidity separation in the highly relativistic
limit:

𝑚2
𝐽 𝐽 = 2𝑝T,1𝑝T,2(coshΔ𝜂 − cosΔ𝜙), (5.13)

where higher values of |Δ𝜂 | correlate with higher 𝑚jj. The resulting CR, defined by 2.0 <

|Δ𝜂 | < 2.5, yields an𝑚jj distribution that closely matches that of the signal region, with a
slight increase in event count at lower𝑚jj values.

The𝑊𝐾𝐾 signal is further suppressed by implementing additional criteria, as shown in Equa-
tion 5.14:

AND


2.0 < |Δ𝜂 | < 2.5
No third jet with 𝑝T > 300 GeV

OR
{
|𝑝T,1−𝑝T,2 |
𝑝T,1+𝑝T,2

> 0.1
𝐴 = 𝑝T,1𝑝T,2(2 coshΔ𝜂 + 2)/𝑚2

𝐽 𝐽
∉ [0.95, 1] .

(5.14)

These additional requirements on jet 𝑝T asymmetry further enhance the background enrich-
ment in the control region. The detailed motivation and optimisation of these cuts are not
elaborated further in this work.
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5.4.1. Creating the Training Dataset for the VAE

Training the VAE on a dataset that accurately represents the background distribution in the
signal region (SR) is crucial for anomaly detection. However, training the VAE itself is not as
simple as using the data control region. Despite the fine-tuned and physically motivated cuts
that are used to construct the CR, its kinematics are significantly different from that of the SR,
and doing so would lead to a network strongly biased to these kinematics.

The kinematic distributions in the CR differ from the SR particularly in terms of the pseu-
dorapidity separation between jets, which introduces biases in the jet 𝑝T distributions and
angular correlations. Training directly on CR data would create a model that considers typical
SR kinematics as anomalous, defeating the purpose of the anomaly detection framework.

To overcome this challenge, a novel approach is implemented that maintains the background-
only nature of the CRwhile approximating the kinematic distributions of the SR. This technique
selectively samples jets from the CR that closely match the kinematic properties of jets in the
SR, creating a hybrid dataset with SR-like kinematics but without signal contamination. The
method employs a nearest-neighbor search using multidimensional binary search trees or k-d
trees [143] in a three-dimensional feature space comprising the logarithm of the transverse
momentum and the relative pseudorapidity and azimuthal angles of the jets.

The procedure is formalised in Algorithm 1, which details the construction of the training
dataset through this kinematic matching process, while the resultant kinematics of the con-
structed dataset are shown in Figure 5.3.

Algorithm 1 VAE Input Dataset Construction
1: Input: Signal Region jets JSR, Control Region jets JCR
2: Output: dataset JTRAIN with SR kinematics and CR jets
3: initialise empty dataset JTRAIN
4: for each jet 𝐽 in JSR do
5: Compute feature vector 𝐹 𝐽 = (𝑙𝑜𝑔(𝑝T(𝐽 )), 𝜂𝑟𝑒𝑙 (𝐽 ), 𝜙𝑟𝑒𝑙 (𝐽 ))
6: Find nearest neighbor 𝐾nearest in the k-d tree using the 𝐹 𝐽 vector
7: Add 𝐾nearest to JTRAIN
8: end for
9: return JTRAIN

This approach ensures that the VAE is trained on a dataset that lacks potential signals while
maintaining the kinematic distributions characteristic of the SR. By preserving the SR kine-
matics in the training data, the VAE becomes sensitive to genuine anomalies when applied to
the actual SR, rather than being biased by the differences between the CR and SR kinematic
distributions.

5.5. Reconstruction and Anomaly Detection Performance of the
VAE

The VAE architecture represents an essential component of the overall anomaly detection
framework. A thorough understanding of its reconstruction capabilities for both the SM
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Figure 5.3.: 𝑝T (left) and 𝜂 (right) distributions of the leading jet 𝐽1 for JCR, JSR and JTRAIN

background and potential signal events is crucial for establishing its efficacy as an anomaly
detection tool. This section presents a comprehensive analysis of the VAE’s performance in
reconstructing jet constituents and its ability to discriminate between background and signal
events based on reconstruction loss alone. At the same time, it will be made clear why the
usage of the loss alone does not suffice for this analysis.

The reconstruction performance of the VAE is evaluated and shown in the form of correlation
matrix plots in Figure 5.4 for SR data events, in Figure 5.5 for the𝑊 ′→ 𝐵′𝑡 decay with𝑀𝑊 ′ =
3 TeV, 𝑀𝐵′ = 400 GeV, and in Figure 5.6 for the 𝑋 → 𝑌𝑌 ′ process with 𝑀𝑋 = 3 TeV, 𝑀𝑌 =

𝑀𝑌 ′ = 170 GeV. Each plot shows the correlation between input and reconstructed kinematic
features, these being the momentum vector components (𝑝T, 𝜂rel, 𝜙rel) for the hardest, 4th and
7th hardest jet constituents.

A clear pattern emerges from these correlation matrices. While the VAE successfully recon-
structs the hardest particle with high fidelity across all event types, there is a progressive
deterioration in reconstruction quality for softer constituents. This degradation is more pro-
nounced for signal events compared to the SR Data. As softer particles often carry distinctive
information about multi-prong decay structures in signal events, their reduced reconstruction
quality manifests in higher values of the event loss defined in Equation 5.11 for signal compared
to SR Data events. This difference in reconstruction capability forms the basis for employing
the VAE loss as an anomaly detection metric.

The distribution of VAE loss values for a set of benchmark signal models is presented in
Figure 5.7. A clear trend is observed: signal models characterised by higher numbers of prongs
consistently exhibit higher loss values. This aligns with physical intuition, as events with more
complex decay topologies present greater challenges for the VAE to encode within its latent
space, especially when trained predominantly on the simpler topologies of QCD jets.

To investigate the effect of decay kinematics on detection sensitivity, Figure 5.8 displays the
loss distributions for a specific signal model where the mass of the parent particle is fixed
while the masses of the daughter particles are varied. The results demonstrate that heavier
daughter particles lead to higher loss values and consequently enhanced discrimination power.
In contrast, lighter decay products generate events with kinematic features more closely
resembling those of QCD jets, resulting in lower loss values. This behaviour confirms that the
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Figure 5.4.: Reconstruction Performance of the VAE on signal region jets, arranged by feature and shown for 3
representative jet constituent particles, with the Pearson Correlation Coefficient R being shown in the inset.

VAE, trained on raw particle momenta, exhibits sensitivity to the characteristic mass scales
present in an event.

For a more granular analysis, Figure 5.9 presents the individual jet loss values per event for
selected benchmark signals, where the two daughter decay products are deliberately chosen
to have different masses. The results clearly demonstrate that jets containing the heavier
decay product consistently exhibit larger loss values compared to those containing lighter
particles. This observation highlights the VAE’s sensitivity to the mass scale of the individual
jets. However, to ensure robust anomaly detection and to avoid missing events where only one
jet exhibits highly anomalous features, the event-level loss definition previously established in
Equation 5.11 is employed. This conservative approach ensures that events with at least one
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Figure 5.5.: Reconstruction Performance of the VAE on the simulated signal resonance𝑊 ′ → 𝑡𝐵′ , arranged by
feature and shown for 3 representative jet constituent particles, with the Pearson Correlation Coefficient R being
shown in the inset.

significantly anomalous jet are appropriately flagged, maximizing sensitivity to potential new
physics signatures.

The discrimination capability of the VAE loss as an anomaly metric is quantified through the
ROC curves shown in Figures 5.10 and 5.11 for the previously discussed signal benchmarks.
The corresponding AUC values generally indicate strong discrimination power, following the
trends already observed in the loss distributions. Notably, although not presented here, similar
enhancements in performance were also observed for scenarios with higher parent particle
masses, consistent with expectations based on the increasing kinematic differences from the
overwhelming QCD background that one expects to dominate the SR Data as well.
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Figure 5.6.: Reconstruction Performance of the VAE on the simulated signal resonance 𝑋 → 𝑌𝑌 ′ → 4𝑞 , arranged
by feature and shown for 3 representative jet constituent particles, with the Pearson Correlation Coefficient R
being shown in the inset.

5.5.1. Limitations of the VAE Loss and the Need for QR

Despite the promising discrimination capabilities demonstrated by the VAE loss, a critical
limitation emerges when considering its practical application as an anomaly detection metric.
The fundamental issue lies in the VAE’s intrinsic sensitivity to the characteristic mass scales
present in jets, which introduces an undesirable correlation between the reconstruction loss
and the dijet invariant mass𝑚jj. This correlation is clearly illustrated in Figure 5.12, which
presents a scatter plot of event-level VAE loss against𝑚jj for events in the SR Data. A substantial
correlation is observed, quantified by a Pearson correlation coefficient of 𝑅 = 0.64. This strong
mass-loss relationship poses significant challenges for anomaly detection in a model-agnostic
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Figure 5.7.: Event-level losses for a set of benchmark signal models and SR Data
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Figure 5.8.: Event-level losses for the benchmark signal model 𝑋 → 𝑌𝑌 ′ and SR Data, with the mass of the parent
resonance being fixed at𝑀𝑋 = 3 TeV and that of daughter decay products𝑀𝑌 and𝑀𝑌 ′ being varied
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Figure 5.9.: Loss distributions for the leading jet 𝐽1 and subleading jet 𝐽2 for the SR Data and a set of benchmark
signal models
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Figure 5.10.: ROC Curves with the corresponding AUC scores for a set of benchmark signal models and the SR
Data

context. If one were to apply a simple threshold to the VAE loss for selecting a potentially
signal-enriched sample of events, there would be a systematic bias toward preferentially
selecting high-mass QCD events rather than genuine anomalies. This selection bias introduces
a problematic phenomenon known asmass sculpting, where the resulting background𝑚jj
distribution no longer exhibits the expected smoothly falling behaviour characteristic of QCD
processes. Instead, the background distribution begins to artificially peak at certain mass values,
potentially mimicking the shape expected from resonant decays that are characteristic of signal
processes. Such sculpting significantly compromises the statistical power of bump-hunting
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Figure 5.11.: ROC Curves with the corresponding AUC scores for the benchmark signal model 𝑋 → 𝑌𝑌 ′ and SR
Data, with the mass of the parent resonance being fixed at𝑀𝑋 = 3 TeV and that of daughter decay products𝑀𝑌

and𝑀𝑌 ′ being varied

procedures that rely on the contrast between a smoothly falling background and a localised
signal excess. To mitigate this mass correlation while preserving the anomaly detection
sensitivity of the VAE, a more sophisticated approach becomes necessary. This requirement
motivates the introduction of the QR technique as the subsequent step in the algorithm, a
key part of the combined VAE-QR methodology presented in this thesis. The QR procedure
effectively decorrelates the loss from the mass, enabling a truly model-agnostic search capable
of effectively isolating anomalies across the entire𝑚jj spectrum without introducing artificial
features in the background distribution.

5.6. Building VAE-QR: QR for Decorrelation

In high-energy physics searches, analyses are typically conducted across the spectrum of a
variable of interest, which in this case is the dijet invariant mass𝑚jj. For the null hypothesis,
representing the SM background expectation, this variable is expected to exhibit a specific,
smoothly falling distribution. The fundamental objective is to identify statistically significant
deviations from this expected shape, which could indicate the presence of new physics. Con-
sequently, it is crucial that any selection criteria applied to the data do not artificially sculpt
the distribution of𝑚jj or other variables of interest, as such sculpting would compromise the
statistical integrity of the search and potentially lead to false signal identifications.

The application of a flat cut on the VAE loss, as illustrated in Figure 5.13, fails to satisfy this
critical requirement. When one looks at Figure 5.14, it becomes evident that different event
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Figure 5.12.: Variation of the event-level VAE loss with the dijet invariant mass 𝑚jj, showing an undesirable
correlation between the two for the SR, which is expected to be overwhelmingly dominated by QCD multijet
events

selection categories based on flat loss thresholds produce markedly different𝑚jj distributions.
This sculpting effect is particularly problematic in regions where the background distribution
begins to artificially mimic the expected shape of a resonant signal, thereby reducing sensitivity
to genuine new physics and potentially introducing false bumps.

Various techniques have been developed in the literature to address the challenge of decorre-
lating discriminating variables from the mass spectrum. [144, 145]. For this analysis, the QR
technique is employed, following the approach first formalised by Koenker and Bassett [146]
and subsequently adapted for HEP applications.

The fundamental objective of the QR approach is straightforward yet powerful: rather than
applying a uniform threshold to the event-level loss, the cut value is allowed to vary as a
function of𝑚jj. This adaptive threshold accounts for the intrinsic correlation between the loss
and mass distributions, enabling a selection that preserves the natural shape of the background
𝑚jj spectrum.

The QR methodology proceeds by defining selection categories denoted hereafter as𝑄𝑋 , where
𝑋 represents a specific percentile. The goal is to learn a function 𝐹𝑋 = L𝑇 (𝑚jj) such that for
any particular value of𝑚jj, exactly 𝑋% of the events will have a loss greater than L𝑇 (𝑚jj),
while the remaining (100 − 𝑋 )% will have a loss below this threshold. It is important to
emphasise that L𝑇 (𝑚jj) is not a fixed value but rather a continuous function that varies with
𝑚jj, adaptively compensating for the mass-loss correlation observed in Figure 5.12.
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Figure 5.13.: Using a flat cut to select a specific percentage of events from the SR is shown to have undesirable
effects
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This approach effectively provides a mechanism to select the 𝑋% most anomalous events from
the dataset while accounting for the natural tendency of higher𝑚jj events to exhibit higher loss
values due to their relative rarity in the QCD multijet background. The power of this technique
lies in its ability to maintain consistent background shapes across different selection categories.
For instance, selecting events between the 50th and 70th loss percentiles and comparing them
to the 1% most anomalous events will yield identically shaped background distributions that
differ only by a scaling factor proportional to the relative number of events in each category.
Throughout this thesis, the term category is used to refer to each distinct selection defined
using the QR percentiles.

Having established the conceptual framework of the QR approach for mass decorrelation,
the subsequent sections will detail the technical implementation and performance of the QR
within the context of the VAE-QR used in this analysis.

5.6.1. Mathematical Framework of the QR

Fundamentally, QR aims to determine a threshold function that, for a given𝑚jj value, predicts
the loss value above which a specific fraction of events lies. In this analysis, the QR is
implemented using a DNN architecture, with the technical implementation details elaborated
in Section 5.6.2.

To properly contextualise QR, it is instructive to first consider more familiar regression tech-
niques. In standard linear regression, the objective is to estimate the conditional mean of a
response variable 𝑌 given predictor variables 𝑋 , typically by minimising the Mean Squared
Error (MSE):

LMSE(𝑌,𝑌 ) =
1
𝑛

𝑛∑︁
𝑖=1
(𝑌𝑖 − 𝑌𝑖)2 (5.15)

where 𝑌𝑖 represents the actual values and 𝑌𝑖 the predicted values. While the MSE loss is
mathematically convenient and leads to an estimator of the conditional mean, it is sensitive to
outliers due to the squared term.

A more robust alternative is median regression, which estimates the conditional median by
minimising the Mean Absolute Error (MAE):

LMAE(𝑌,𝑌 ) =
1
𝑛

𝑛∑︁
𝑖=1
|𝑌𝑖 − 𝑌𝑖 | (5.16)

The MAE loss leads to an estimator that corresponds to the 50th percentile of the conditional
distribution 𝑃 (𝑌 |𝑋 ). The natural extension to this is the QR, which enables one to find an
arbitrary percentile instead.

The loss function that enables this is the asymmetric pinball or quantile loss [146], defined for
a specified quantile 𝑞 ∈ (0, 1) as:

63



5. Model Agnostic Search for Dijet Resonances with VAEs at
√
s = 13 TeV

L𝑞 (𝑌,𝑌 ) =
{
𝑞 · (𝑌 − 𝑌 ) if 𝑌 ≥ 𝑌
(1 − 𝑞) · (𝑌 − 𝑌 ) if 𝑌 < 𝑌

(5.17)

This can be expressed more compactly as:

L𝑞 (𝑌,𝑌 ) = max{𝑞(𝑌 − 𝑌 ), (𝑞 − 1) (𝑌 − 𝑌 )} (5.18)

It is trivial to see that substituting 𝑞 = 0.5 recovers the MAE loss.

L𝑞=0.5(𝑌,𝑌 ) = 0.5 · |𝑌 − 𝑌 | (5.19)

The pinball loss introduces an asymmetric penalty: predictions below the actual value incur a
penalty weighted by 𝑞, while predictions above the actual value incur a penalty weighted by
(1 − 𝑞).

In the context of neural network training, minimising the pinball loss for a specific quan-
tile 𝑞 leads to a model whose predictions approximate the 𝑞-th quantile of the conditional
distribution [147].

The complete QR framework in this analysis operates as follows: Given the dijet mass𝑚jj as
input, the model is trained to predict the loss threshold L𝑇 (𝑚jj) such that a fraction 𝑞 of events
at that mass have a loss greater than L𝑇 (𝑚jj). The objective function for training is the pinball
loss from Equation 5.17, which ensures that the learned threshold function properly estimates
the desired quantile. This approach effectively learns the inverse of the conditional cumulative
distribution function of the loss given the mass.

For the implementation in this analysis, a DNN architecture is employed to learn six dif-
ferent quantile thresholds simultaneously. While one could train six independent networks
for each desired quantile, it is computationally more efficient to learn all thresholds concur-
rently through a multi-output network with a six-dimensional vector pinball loss, where each
component corresponds to the loss function for a specific quantile threshold. This network
L𝑇 (𝑚jj), accepts the𝑚jj as input and predicts the corresponding loss threshold values for all
target quantiles in a single forward pass. This approach enables the partitioning of the signal
region data into seven distinct categories: events below the lowest threshold, events between
consecutive thresholds, and events above the highest threshold. In practice, as will be seen,
three of these categories are used. By construction, each resulting category exhibits the same
shape for the𝑚jj distribution, differing only in the relative number of events contained within
each category. This methodology successfully achieves the desired decorrelation between the
VAE loss and the mass spectrum. The partitioning strategy facilitates a statistically robust
search for resonant anomalies while maintaining sensitivity across the entire𝑚jj range, as the
background shape remains consistent regardless of which category is examined.
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5.6.2. Technical Implementation

The QR component of the VAE-QR framework is implemented using the TensorFlow [139]
package, providing a flexible computational framework for constructing and training the
neural network architecture. Given the relationship between the VAE loss and𝑚jj to be learned
is relatively simple but potentially nonlinear, a moderately complex fully connected neural
network architecture is employed.

The network accepts a single input node corresponding to the dijet invariant mass𝑚jj of each
event. To facilitate efficient training and numerical stability, the input values are normalised
to have zero mean and unit standard deviation across the training dataset, as is standard
practice.

The network architecture consists of five fully connected hidden layers, each containing
30 nodes. Each hidden layer uses the Exponential Linear Unit (ELU) activation function of
Equation 5.12, which enables the modeling of nonlinearities while simultaneously mitigating
the vanishing gradient problem that can affect deeper networks.

The output layer of the network consists of six nodes, each corresponding to one of the desired
quantile thresholds: 𝑞 = [0.3, 0.5, 0.7, 0.9, 0.95, 0.99].

Central to the training of the QR network is the vectorised pinball loss function. For a set of
quantiles q = [𝑞1, 𝑞2, . . . , 𝑞6] and corresponding predictions Ŷ = [𝑦1, 𝑦2, . . . , 𝑦6] for a true loss
(this being the event-level VAE loss, to avoid ambiguity) value 𝑌 , the vectorised pinball loss is
defined as:

Lpinball(𝑌, Ŷ, q) =
6∑︁
𝑖=1

{
𝑞𝑖 · (𝑌 − 𝑌𝑖) if 𝑌 ≥ 𝑌𝑖
(1 − 𝑞𝑖) · (𝑌𝑖 − 𝑌 ) if 𝑌 < 𝑌𝑖

(5.20)

Each component of this loss function corresponds to one predicted threshold, and minimising
this loss ensures that approximately 𝑞𝑖 fraction of the events will have VAE loss values above
the predicted threshold 𝑦𝑖 at any given𝑚jj value.

The network is trained using the ADAM optimiser [92]. The initial learning rate is set to 0.001,
providing a good balance between convergence speed and stability. All network weights are
initialised using the He initialiser [141].

To prevent overfitting and ensure optimal generalisation performance, a learning rate decay
strategy is implemented. The learning rate is reduced by a factor of 0.2 with a patience of
three epochs whenever the validation loss fails to improve. The training process is termi-
nated through an early stopping mechanism after ten consecutive rounds of learning rate
decay without improvement in the validation loss, indicating convergence of the optimisation
process.

A critical consideration in the implementation of the QR is the efficient utilisation of the
available SR data. Traditional model training would require partitioning the dataset into
separate training, validation, and test subsets, potentially reducing the statistical power of
the analysis. To maximise data utilisation while maintaining the statistical integrity of the
model evaluation, a k-fold cross-validation approach is adopted, as detailed in the following
subsection.
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5.6.2.1. k-Fold Procedure for Training the QR

The k-fold cross-validation procedure employed in this analysis represents a sophisticated
approach to maximise the statistical power of the available data while preventing any potential
biases that might arise from using the same events for both training and evaluation. The entire
SR dataset is divided into 𝑘 = 20 equal parts, referred to as folds, ensuring that each fold
contains a representative distribution of events across the entire𝑚jj spectrum.

On each fold, a separate QR DNN with the architecture described previously is trained, using
an 80-20 split to create training and validation subsets, with the validation subset used for
monitoring the training process, implementing learning rate decay, and triggering early
stopping. This approach results in 20 independently trained QR networks, each specialised in
predicting quantile thresholds for events that were not used in its training.

The critical aspect of this procedure is that for any event in a given fold 𝐹 , the quantile
thresholds are determined not by the network trained on fold 𝐹 (which would introduce
bias), but rather by the ensemble of networks trained on the remaining 19 folds. This ensures
that each event is evaluated only by models that have never encountered it during training,
maintaining the statistical independence necessary for unbiased threshold determination.

However, directly averaging the predictions from the 19 networks for each event could poten-
tially introduce statistical fluctuations. To mitigate this effect and ensure smooth threshold
functions, an intermediate smoothing step is incorporated into the procedure:

First,𝑚jj bins of unit width are defined across the range of interest (1460GeV to 6800GeV),
covering the entire spectrum of dijet masses relevant to the analysis. For each bin center, the
average prediction from the 19 networks (excluding the one trained on the fold containing the
event) is calculated, providing a discretised mapping of𝑚jj values to quantile thresholds.

Next, to obtain a continuous, smooth threshold function, a third-order polynomial 𝑃3(𝑚jj)
is fitted to these discretised threshold values using the Lmfit1 library. Crucially, the fitting
procedure employs an event weighting scheme of the form exp(−(𝑚jj − 1455)/500), which
assigns greater importance to the more statistically abundant low-mass bins. This weighting
scheme ensures that the fitted polynomial accurately models the densely populated low-mass
region while still providing reasonable extrapolation to the sparser high-mass region.

The resulting third-order polynomial for each fold provides a smoothed, continuous function
that maps any𝑚jj value to the corresponding quantile thresholds. These polynomial functions
are then used to categorise each event in the dataset based on its 𝑚jj value and VAE loss,
placing it into one of the six categories defined by the quantile thresholds.

There are two critical considerations in the implementation of the QR:

• efficient utilisation of the available SR data

• handling biases due to the presence of signal in the data

That being said, the QR is vulnerable to bias in the presence of large quantities of signal. Should
such significant concentrations of a resonant signal exist around a certain𝑚jj value, these
events would cluster in a particular region of the loss-𝑚jj phase space, potentially biasing the
learned threshold functions. This potential bias can be mitigated to some extent through the

1 https://lmfit.github.io/lmfit-py/
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k-folding strategy, operating under the implicit assumption that each individual fold contains
a negligible amount of any potential signal, these quantities being insufficient to substantially
bias the QR DNN. The efficacy of this approach in preserving sensitivity while avoiding
quantile function bias is rigorously validated through signal injection bias tests, as described
in Appendix B.2.

The results of the k-fold splitting procedure and the QR training are shown in Figure 5.15 for
the first six folds.
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(e) Fold 5
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(f) Fold 6

Figure 5.15.: Quantile regression polynomials fitted to background data for different folds. Each plot shows the
distribution of event loss versus dijet mass (𝑚 𝑗 𝑗 ) with logarithmic density scaling. The coloured lines represent
different quantile regression models (30%, 50%, 70%, 90%, 95%, and 99%) that characterise the threshold at various
percentiles.
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5.6.3. Summary

The two components of the VAE-QR methodology presented in this section together constitute
a powerful approach for model-agnostic anomaly detection. Through the combination of a VAE
for reconstruction of QCD background dominated jets, coupled with a QR for𝑚jj decorrelation,
the technique successfully divides the SR data into several categories that, by construction,
maintain identical smoothly falling background shapes in the absence of any signal. This
decorrelation property is essential for the resonant anomaly search procedure that will be
formally introduced in subsequent sections. As a demonstration of the efficacy of this approach,
the background𝑚jj distributions for the mock MC QCD dataset, along with a representative
3 TeV resonant signal, are shown for the three most anomalous categories (corresponding
to the highest VAE loss values) in Figure 5.16. The background spectra remain unsculpted
across all categories within statistical uncertainties, confirming the successful implementation
of the mass decorrelation strategy. Crucially, in the presence of signal, these categories will
exhibit markedly different signal-to-background ratios, with the most anomalous categories
showing substantial signal enrichment. This differentiation becomes particularly evident
when performing the search over the𝑚jj spectrum, where the most anomalous categories
demonstrate significantly enhanced sensitivity to potential new physics signatures while
maintaining statistical robustness against false positive identifications.

5.7. Introduction to Statistics for HEP

Experimental results at the CMS experiment require a sophisticated statistical treatment to
extract the parameters of interest while accounting for various sources of uncertainty. This
section describes one of themost powerful tools, which is the binned profile likelihood approach
used for parameter estimation and hypothesis testing.

5.7.1. Binned Profile Likelihood Approach

The standard practice within the CMS Collaboration is to employ a frequentist interpretation,
with the likelihood function serving as a fundamental tool that quantifies the probability of
observing the experimental data given a specific model with its associated parameters. In
a typical analysis, the data consists of event counts distributed across multiple bins of an
observable, which in the context of this analysis is the dijet invariant mass𝑚jj. The likelihood
function for such binned data can be expressed as a product of Poisson probabilities [148]:

L(𝜇, 𝜽 ) =
𝑛bins∏
𝑖=1

Pois(𝑛𝑖 |𝜈𝑖 (𝜇, 𝜽 )) =
𝑛bins∏
𝑖=1

𝜈𝑖 (𝜇, 𝜽 )𝑛𝑖
𝑛𝑖 !

𝑒−𝜈𝑖 (𝜇,𝜽 ), (5.21)

where 𝑛𝑖 represents the observed number of events in bin 𝑖 , and likewise 𝜈𝑖 (𝜇, 𝜽 ) denotes the
expected number of events, usually obtained from a background fit function. The parameter 𝜇
is the primary parameter of interest (this being the signal strength), while 𝜽 = (𝜃1, 𝜃2, . . . , 𝜃𝑚)
are the so-called nuisance parameters that account for various systematic uncertainties.

The expected event yield 𝜈𝑖 in each bin can typically be modeled as a sum of signal and
background contributions:
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Figure 5.16.:Background and signal shapes for each of the three categories later used in the limit setting procedure,
demonstrating the efficacy of the QR at constraining the background shape across categories, while simultaneously
enhancing the signal fraction.

𝜈𝑖 (𝜇, 𝜽 ) = 𝜇 · 𝑠𝑖 (𝜽 ) + 𝑏𝑖 (𝜽 ), (5.22)

where 𝑠𝑖 (𝜽 ) represents the expected signal yield and 𝑏𝑖 (𝜽 ) represents the expected background
yield in bin 𝑖 . These expected yields are obtained from the respective template functions for
background (see Equation 5.41) and signal (see Equation 5.44). Both of these components
depend on the nuisance parameters 𝜽 .
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5.7.2. Profile Likelihood Ratio Test Statistic

To assess the compatibility of the observed data with a specific value of 𝜇, a test statistic based
on the profile likelihood ratio is constructed [148]:

𝜆(𝜇) =
L(𝜇, 𝜽̂ 𝜇)
L(𝜇, 𝜽̂ )

, (5.23)

where 𝜽̂ 𝜇 represents the set of nuisance parameter values that maximise the likelihood for a
specific value of 𝜇, and 𝜇 and 𝜽̂ are the global maximum likelihood estimators that maximise
L(𝜇, 𝜽 ) without constraints. By construction, the profile likelihood ratio satisfies 0 ≤ 𝜆(𝜇) ≤ 1,
with values closer to 1 indicating better agreement between the data and the hypothesised
value of 𝜇.

It is often simpler to use the negative logarithm of the profile likelihood ratio as the test statistic,
which is defined as:

𝑡𝜇 = −2 ln 𝜆(𝜇) = −2 ln
L(𝜇, 𝜽̂ 𝜇)
L(𝜇, 𝜽̂ )

. (5.24)

This test statistic approximately follows a logarithmic 𝜒2 distribution with one degree of
freedom in the asymptotic limit of large sample sizes, according to Wilks’ theorem [149]. The
best-fit value of the parameter of interest corresponds to 𝜇, which minimises 𝑡𝜇 (equivalently,
maximises 𝜆(𝜇)).

5.7.3. Treatment of Systematic Uncertainties

Systematic uncertainties quantify potential biases in the experimental setup, calibration, the-
oretical models, or simulation techniques that affect the interpretation of the data. Unlike
statistical uncertainties, which decrease with increasing data, systematic uncertainties do not
scale in a similar manner and require a careful treatment.

As mentioned earlier, these systematic uncertainties are incorporated through nuisance pa-
rameters 𝜽 , which modify the expected signal and background predictions according to the
estimated effects of each uncertainty source. One way to constrain them is to use a set of
auxiliary measurements 𝜃 𝑗 that provide information about the nuisance parameters. The
likelihood function can then be expressed as a product of Poisson probabilities for the observed
data and a set of constraints on the nuisance parameters:

L(𝜇, 𝜽 ) =
𝑛bins∏
𝑖=1

Pois(𝑛𝑖 |𝜈𝑖 (𝜇, 𝜽 )) ·
𝑛nuisance∏
𝑗=1
C(𝜃 𝑗 |𝜃 𝑗 ), (5.25)

where C(𝜃 𝑗 |𝜃 𝑗 ) is a likelihood term that constrains the nuisance parameter 𝜃 𝑗 based on auxiliary
measurements.
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5.7.4. Constraining Systematic Uncertainties

Nuisance parameters 𝜃 𝑗 that describe systematic uncertainties are often not left unconstrained
in the likelihood. Two main approaches exist to incorporate additional information about these
parameters: using auxiliary measurements and incorporating prior knowledge.

An auxiliary measurement 𝑚̃ 𝑗 can be performed to obtain direct information about the true
value of 𝜃 𝑗 , where this measurement is statistically independent of the signal-region data [150].
These auxiliary measurements are often implemented as separate histograms (or control
regions) in the fit. The global likelihood can be expressed as:

L(𝜇, 𝜽 ) =

𝑛bins∏
𝑖=1

Pois
(
𝑛𝑖 | 𝜈𝑖 (𝜇, 𝜽 )

)
×

𝑚∏
𝑗=1
Laux

(
𝑚̃ 𝑗 | 𝜃 𝑗

)
. (5.26)

Another choice is to utilise pre-existing knowledge of the parameter 𝜃 𝑗 , usually from other
experiments, if this exists. Such knowledge can be incorporated using a functional prior
𝜋 (𝜃 𝑗 ). In a frequentist context, these terms can be interpreted as representing the distribution
of an auxiliary measurement [151]. The likelihood, after the incorporation of such priors,
becomes:

L(𝜇, 𝜽 ) =

𝑛bins∏
𝑖=1

Pois
(
𝑛𝑖 | 𝜈𝑖 (𝜇, 𝜽 )

)
×

𝑚∏
𝑗=1

𝜋 (𝜃 𝑗 ). (5.27)

A common choice for 𝜋 (𝜃 𝑗 ) is a Gaussian prior:

𝜋 (𝜃 𝑗 ) =
1

√
2𝜋 𝜎 𝑗

exp
[
−

(
𝜃 𝑗 − 𝜇 𝑗

)2

2𝜎2
𝑗

]
, (5.28)

where 𝜇 𝑗 is the prior central value and 𝜎 𝑗 represents the prior uncertainty on 𝜃 𝑗 [152].

These constraint terms enter the fit alongside the main likelihood and are profiled out during
maximum likelihood estimation [150, 148]. This involves finding the values of nuisance
parameters that maximise the likelihood for each value of the parameter of interest using tools
such as RooFit [153].

5.7.5. Signal Shape and Normalisation Uncertainties

Systematic uncertainties affecting the signal can broadly be categorized into two types: shape
uncertainties and normalisation uncertainties.

Shape uncertainties affect the distribution of the signal across the bins of the discriminating
variable without necessarily changing the total signal yield. These uncertainties might arise
from imperfect modelling of detector resolution, energy scale calibrations, or theoretical
uncertainties in differential distributions. Normalisation uncertainties, on the other hand,
affect the overall signal yield without changing its shape. These uncertainties include those
related to integrated luminosity, theoretical cross-section calculations, selection efficiencies,
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and acceptance factors, and directly scale the expected signal yield across all bins by a common
factor.

5.7.6. Log-Normal Treatment of Normalisation Uncertainties

While Gaussian constraints are commonly applied to nuisance parameters, normalisation un-
certainties can be better modeled using log-normal distributions. This approach is appropriate
for cases where the effect of the systematic variation must remain positive definite, such as
efficiencies or scale factors [152].

In the log-normal approach, the expected yield is parameterised as:

𝜈𝑖 (𝜇, 𝜽 ) = 𝜇 · 𝑠𝑖 ·
∏
𝑗

𝑒𝜅𝑖 𝑗𝜃 𝑗 + 𝑏𝑖 ·
∏
𝑘

𝑒𝜂𝑖𝑘𝜃𝑘 , (5.29)

where 𝜅𝑖 𝑗 and 𝜂𝑖𝑘 represent the impact of nuisance parameter 𝜃 𝑗 or 𝜃𝑘 on the signal or back-
ground prediction in bin 𝑖 , respectively. The nuisance parameters 𝜃 𝑗 and 𝜃𝑘 remain constrained
by standard Gaussian terms, but their effect is exponential.

The log-normal parameterisation offers several advantages over a linear (Gaussian) treatment
of normalisation uncertainties:

1. It ensures that predicted event yields remain positive.

2. It handles large uncertainties (e.g., greater than 20%) where the asymmetry of confidence
intervals becomes important.

Mathematically, if a quantity 𝑋 has a relative uncertainty of 𝜎 , a log-normal distribution with
parameter 𝜅 = ln(1 + 𝜎) provides the appropriate probability distribution. The corresponding
nuisance parameter 𝜃 then modifies the nominal value 𝑋0 as 𝑋 = 𝑋0 · 𝑒𝜅𝜃 , where 𝜃 follows a
standard normal distribution.

For small uncertainties, the log-normal treatment approximates the Gaussian case, but it
diverges significantly for larger uncertainties, providing more realistic confidence intervals.
This approach has become standard in CMS analyses for handling normalisation uncertainties
in a statistically robust manner [5].

5.7.7. Profiling Strategy and Statistical Interpretation

The complete fitting strategy involves finding the maximum likelihood estimates for both the
parameter of interest 𝜇 and the nuisance parameters 𝜽 . This is achieved through numerical
optimisation techniques that maximise the likelihood function (or, equivalently, minimise
−2 lnL).

The profiling procedure involves two steps:

1. Unconditional fit: Find the global maximum likelihood estimators 𝜇 and 𝜽̂ that maximise
L(𝜇, 𝜽 ) without constraints.
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2. Conditional fits: For each tested value of 𝜇, find the set of nuisance parameters 𝜽̂ 𝜇 that
maximise L(𝜇, 𝜽 ) with 𝜇 fixed.

The profiling approach effectively incorporates the impact of systematic uncertainties, allowing
the nuisances to be constrained from the data. This results in a reduction of the overall
uncertainty on the parameter of interest compared to a simplified approach where systematic
uncertainties are treated as fixed [148]. Once the profile likelihood ratio test statistic 𝑡𝜇 =

−2 ln 𝜆(𝜇) is constructed, as defined in Eq. 5.24, its observed value 𝑡𝜇,obs is determined from the
actual experimental data. Thereafter a p-value can be calculated as the probability of obtaining
a test statistic value at least as extreme as the observed one, assuming a specific hypothesis 𝐻𝜇
(corresponding to a signal strength 𝜇):

𝑝𝜇 =

∫ ∞

𝑡𝜇,obs

𝑓 (𝑡𝜇 |𝜇) 𝑑𝑡𝜇, (5.30)

where 𝑓 (𝑡𝜇 |𝜇) is the sample distribution of the test statistic under the hypothesis 𝐻𝜇 . This
distribution of the test statistic is non-trivial to compute, but in the asymptotic limit of large
sample sizes, it approaches a 𝜒2 distribution with one degree of freedom for the case of a single
parameter of interest [149, 148].

The significance of an excess above the expected background is quantified by testing the
background-only hypothesis (𝜇 = 0). The corresponding p-value 𝑝0 represents the probability
that background fluctuations alone would yield a result at least as signal-like as the one
observed. This p-value is conventionally converted to a significance 𝑍 as follows:

𝑍 = Φ−1(1 − 𝑝0), (5.31)

where Φ−1 is the inverse of the Cumulative Distribution Function (CDF) of the standard normal
distribution. By convention in HEP, a significance of 𝑍 ≥ 5 (corresponding to 𝑝0 ≤ 2.87× 10−7)
is required to claim a discovery [5]. This is the so-called 5𝜎 criterion, making it very unlikely
for the observed excess to arise from background fluctuations.

To evaluate the expected sensitivity of an analysis before examining the actual data, a special
artificial dataset known as the Asimov dataset is employed [148]. In this dataset, all statistical
fluctuations are ignored, and the observed counts in each bin exactly match the predicted
counts for a specific model:

𝑛Asimov
𝑖 = 𝜈𝑖 (𝜇′, 𝜽 ′), (5.32)

where 𝜇′ and 𝜽 ′ represent the assumed values of the signal strength and nuisance parameters
used to generate the Asimov dataset. Typically, 𝜇′ = 1 is used to estimate the expected
sensitivity for the signal model in question. The Asimov dataset is used to estimate the median
expected test statistic distribution without performing extensive pseudo-experiments. This is
most useful for complex analyses containing several nuisance parameters, as it allows for the
expected sensitivities under such circumstances to be calculated with minimal effort [148].

Thereafter, one may wish to set upper limits on the signal strength parameter 𝜇. For a specified
confidence level (CL) of 1 − 𝛼 (typically 95%, corresponding to 𝛼 = 0.05), the upper limit 𝜇up is
defined as the value for which:
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𝑝𝜇up = 𝛼, (5.33)

where 𝑝𝜇up is the p-value for the signal-plus-background hypothesis with signal strength 𝜇up.
In the asymptotic limit, this upper limit can be determined from the condition:

𝑡𝜇up = 𝑞𝛼 , (5.34)

where 𝑞𝛼 is the 𝛼-quantile of the test statistic distribution [148].

For setting upper limits, the CMS experiment employs a one-sided test statistic, defined as:

𝑞𝜇 =


−2 ln L(𝜇,𝜽̂ 𝜇 )

L(0,𝜽̂ 0)
if 𝜇 < 0

−2 ln L(𝜇,𝜽̂ 𝜇 )
L(𝜇,𝜽̂ ) if 0 ≤ 𝜇 ≤ 𝜇

0 if 𝜇 > 𝜇

(5.35)

This ensures that upward fluctuations of the data beyond the predicted signal strength do not
count as evidence against the signal hypothesis [148].

This standard approach to setting upper limits can sometimes lead to exclusion of signal models
to which the experiment has limited sensitivity, particularly when the observed number
of events fluctuates even below the expected background. To address this issue, the CL𝑠
technique [154], described in the following Section, was developed.

5.7.8. The CL𝑠 Technique for Setting Upper Limits

The CL𝑠 technique represents amodified-frequentist approach developed specifically to address
certain limitations of standard frequentist methods when setting exclusion limits in particle
physics searches [154, 155].

5.7.8.1. Mathematical Formulation

In the CL𝑠 framework, one uses the test statistic 𝑞𝜇 to construct:

CL𝑠+𝑏 = 𝑃 (𝑞𝜇 ≥ 𝑞obs |𝜇𝑠 + 𝑏), (5.36)

which represents the probability, under the signal-plus-background hypothesis with signal
strength 𝜇, to observe a test statistic value at least as extreme as the observed value 𝑞obs.
Similarly,

CL𝑏 = 𝑃 (𝑞𝜇=0 ≥ 𝑞obs |𝑏), (5.37)

represents the probability, under the background-only hypothesis 𝑞0, with 𝜇 = 0, to observe a
test statistic at least as extreme as the observed value.
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The CL𝑠 test statistic is then constructed as:

CL𝑠 =
CL𝑠+𝑏
CL𝑏

. (5.38)

It is important to note that CL𝑠+𝑏 and CL𝑏 are not p-values in the traditional sense of hypothesis
testing. Instead, they represent the probabilities of observing test statistic values at least as
signal-like as the observed value, under their respective hypotheses.

If now one defines 𝑝𝜇 as the p-value for testing the signal-plus-background hypothesis and 𝑝𝑏
is the corresponding p-value for the background-only hypothesis, then:

CL𝑠 =
𝑝𝜇

1 − 𝑝𝑏
=

CL𝑠+𝑏
CL𝑏

. (5.39)

A signal model with strength 𝜇 is considered excluded at confidence level 1 − 𝛼 if CL𝑠 ≤ 𝛼 ,
with the excluded limit being obtaining by solving CL𝑠 = 𝛼 . This is in contrast to the standard
frequentist approach, which would exclude the model if CL𝑠+𝑏 ≤ 𝛼 .

The conservative nature of the CL𝑠 method arises because of the normalisation factor CL𝑏 in
its denominator. If there exists a significant downward fluctuation relative to the background
expectation, CL𝑏 becomes small, leading to a larger CL𝑠 value than would be obtained in
the standard approach. This mechanism prevents the exclusion of signal models in cases
where such exclusion would arise due to statistical fluctuations rather than any real sensitivity.
Mathematically, since CL𝑏 ≤ 1 by definition (as a probability), it follows that CL𝑠 ≥ CL𝑠+𝑏 .
Consequently, any signal model excluded by the CL𝑠 method would be excluded by the standard
approach as well, but not the other way round.

When the signal and background distributions are nearly indistinguishable, both CL𝑠+𝑏 and
CL𝑏 test statistics are similar in value, leading to a CL𝑠 ratio close to 1, preventing a false
exclusion. Only when there is genuine discriminating power and the data truly does not fit
the signal-plus-background hypothesis compared to the background-only case, does the CL𝑠
value decrease to an extent that permits one to confidently claim exclusion [151, 150]. This
protection is particularly important in searches for new physics.

In practical implementations, the Combine tool used by CMS employs an asymptotic limit
approximation to compute CL𝑠 values efficiently. This makes use of Wilks’ theorem [149,
148], which states that the profile likelihood ratio test statistic 𝑞𝜇 asymptotically follows a 𝜒2

distribution under the null hypothesis. The asymptotic approximation speeds up the compu-
tation of CL𝑠 by exploiting the statistical nature of the profile likelihood ratio test statistic
𝑞𝜇 = −2 ln

(
L(𝜇, ˆ̂

𝜃𝜇)/L(𝜇, 𝜃 )
)
, where 𝜇 and 𝜃 are the unconditional maximum likelihood

estimates, and ˆ̂
𝜃𝜇 are the nuisance parameters optimised keeping 𝜇 fixed at a given value.

As Wilks’ theorem states, in the asymptotic limit (large data samples and well-constrained
systematic uncertainties), the distribution of 𝑞𝜇 is a 𝜒2 distribution with one degree of free-
dom. Consequently, the p-values CL𝑠+𝑏 and CL𝑏 can be approximated using the cumulative
distribution function (CDF) of the 𝜒2 distribution rather than requiring the computationally
intensive generation of toy experiments. For example, CL𝑠+𝑏 ≈ 1 − Φ

(√
𝑞𝜇

)
, where Φ is the

standard normal CDF, and √𝑞𝜇 follows a half-normal distribution under the 𝜇𝑠 + 𝑏 hypothesis.
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Similarly, under the background-only hypothesis (𝜇 = 0), the test statistic follows a 𝜒2 mixture
distribution:

𝐶𝐿𝑏 = 1 − 1
2 CDF

(√
𝑞0

)
− 1

2 (5.40)

but in the asymptotic regime, CL𝑏 simplifies to a complementary error function. By using
this approximation instead of generating simulated toy Monte Carlo datasets, computational
requirements are reduced significantly. The approximation remains valid when likelihoods
are well-behaved and statistical models satisfy regularity conditions. However, in cases with
sparse data or non-Gaussian uncertainties, the full procedure still becomes necessary. This
balance makes the asymptotic method particularly advantageous for highly data-intensive
CMS analyses.

To conclude, the CL𝑠 technique is the standard approach for setting exclusion limits in CMS
analyses, allowing for a more conservative estimate and prevent false exclusion in the absence
of sensitivity.

5.8. Statistical Modelling for the Analysis

This section presents the statistical techniques used in this analysis. with a detailed discussion
on the the background modelling, signal shape parameterisation, and systematic uncertainty
treatment. The previous section contained a short discussion of statistical techniques applied
in LHC analyses, with a full treatment lying beyond the scope of this thesis. Therefore, the
reader is now in a position to understand the specifics of this analysis.

While most of the statistical framework described in this section applies universally to all five
methods that were part of CMS-EXO-22-026, certain aspects of the limit setting procedure
differ between methods. In particular, the weakly supervised techniques require a distinctly
different approach since these methods are sensitive to the presence (or absence) of signal. As
these differences are extensively documented in the analysis publication and internal technical
notes, and do not directly impact the VAE-QR method which forms the central focus of this
thesis, they are not explored in detail here. The section concludes with a discussion on the
strategy for interpreting potential excesses that might be observed following the unblinding of
the data, in accordance with the established statistical framework at the LHC.

5.8.1. Modelling the QCD Background

The dijet invariant mass spectrum from QCD multijet processes is characterised by a smooth,
monotonically decreasing function. This smoothly falling background shape has been studied
in a previous CMS analysis [156]. In line with the data driven approach of this analysis, this
parametrisation does not rely on a data control region or simulated samples for background
modelling.
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The background parameterisation employs the following functions, where the number of
parameters can be either 2, 3 or 4:

𝑑𝑁

𝑑𝑚 𝑗 𝑗

=
𝑃0(1 −𝑚 𝑗 𝑗/

√
𝑠)𝑃1

(𝑚 𝑗 𝑗/
√
𝑠)𝑃2

𝑑𝑁

𝑑𝑚 𝑗 𝑗

=
𝑃0(1 −𝑚 𝑗 𝑗/

√
𝑠)𝑃1

(𝑚 𝑗 𝑗/
√
𝑠)𝑃2+𝑃3 log(𝑚 𝑗 𝑗/

√
𝑠)

𝑑𝑁

𝑑𝑚 𝑗 𝑗

=
𝑃0(1 −𝑚 𝑗 𝑗/

√
𝑠)𝑃1

(𝑚 𝑗 𝑗/
√
𝑠)𝑃2+𝑃3 log(𝑚 𝑗 𝑗/

√
𝑠)+𝑃4 log(𝑚 𝑗 𝑗/

√
𝑠)2

(5.41)

where𝑚 𝑗 𝑗 represents the dijet invariant mass,
√
𝑠 denotes the center-of-mass energy of the

collision, 𝑃0 serves as a normalisation parameter for the probability density function, and
parameters 𝑃𝑖 , 𝑖 = 1, 2, 3, 4 determine the exact shape of the distribution. In the fitting procedure,
these parameters are allowed to float freely during the optimisation process.

The necessary complexity of the background model is determined through Fisher’s F-test [157].
This statistical procedure begins with the simplest viable model (the 2-parameter function)
and evaluates whether additional complexity is justified by improved goodness-of-fit. While
models with more parameters will invariably fit the data at least as well as simpler models,
the F-test quantifies whether this improvement is statistically significant. The test statistic is
defined as:

Fisher12 =

𝜒2
1−𝜒2

2
𝑝2−𝑝1

𝜒2
2

𝑛−𝑝2

(5.42)

where 𝜒2
𝑖 represents the 𝜒2 of model 𝑖 , 𝑝𝑖 denotes the number of parameters in model 𝑖 (𝑝2 > 𝑝1),

and 𝑛 corresponds to the number of data points. A low confidence level (CL < 10%) for this
statistic indicates that the more complex model provides a significantly better description of
the data, justifying the inclusion of additional parameters.

It is important to note that increasing model complexity may occasionally introduce parameter
correlations that unreasonably inflate the uncertainty in the fitted background shape. To
mitigate this issue, fits are only considered valid if they yield a relative uncertainty of less
than 50% when evaluated at the resonance mass under investigation. Fits failing to meet this
criterion are excluded from consideration in the F-test. In such cases, the F-test compares only
those parameterisations whose fits satisfy this uncertainty threshold.

For the purpose of visualizing the fits and computing 𝜒2 values that avoid bins with zero
entries, a specific binning scheme is employed. This dijet binning approximates the detector
resolution as documented in a previous study [156], with slightly larger bin sizes at higher
masses to account for decreasing energy resolution. The dijet binning scheme (in units of GeV)
is given below:

77



5. Model Agnostic Search for Dijet Resonances with VAEs at
√
s = 13 TeV

BINS = [1460, 1530, 1607, 1687, 1770, 1856, 1945, 2037, 2132, 2231, 2332,
2438, 2546, 2659, 2775, 2895, 3019, 3147, 3279, 3416, 3558,
3704, 3854, 4010, 4171, 4337, 4509, 4700, 4900, 5100, 5300,
5500, 5800, 6100, 6400, 6800] (5.43)

For statistical evaluation, if the fit range is constrained compared to the full range (for instance,
if the selected data extends only up to 5000GeV), dijet bins outside this range are excluded
from consideration. Additionally, to ensure statistical robustness in the 𝜒2 computation, bins
containing fewer than 5 events are merged with adjacent bins until all bins contain at least 5
events.

The VAE-QR method performs the search for resonant anomaly signatures specifically within
the mass range of [1800, 6000] GeV, in intervals of 100GeV using signal shapes that are de-
scribed in detail in the following section.

5.8.2. Signal Shape modelling

An essential component of the bump-hunt search methodology is the creation of a template
that adequately represents the expected signal shape. For resonance searches in the dijet
mass spectrum, this shape is derived from fits to MC signal samples using a Double Crystal
Ball (DCB) function [158]. The DCB function combines a Gaussian core, which accounts for
detector resolution effects, with power-law tails on both sides to capture parton distribution
function effects. This composite distribution is particularly suited for modelling resonance
peaks in hadron collider experiments where asymmetric tails are common.

The complete functional form of the DCB function is as follows:

𝑓 (𝑥) = 𝑁

𝐴1 × (𝐵1 − 𝑥−𝜇

𝜎
)−𝑛1,

𝑥−𝜇
𝜎
≤ −𝛼1

exp(− (𝑥−𝜇)
2

2𝜎2 ), −𝛼1 <
𝑥−𝜇
𝜎

< 𝛼2

𝐴2 × (𝐵2 + 𝑥−𝜇
𝜎
)−𝑛2,

𝑥−𝜇
𝜎
≥ 𝛼2

(5.44)

with

𝐴𝑖 =

(
𝑛𝑖

|𝛼𝑖 |

)𝑛𝑖
exp

(
−
𝛼2
𝑖

2

)
, 𝐵𝑖 =

𝑛𝑖

|𝛼𝑖 |
− |𝛼𝑖 | (5.45)

where 𝑥 represents the variable of interest𝑚 𝑗 𝑗 , 𝑁 is a normalisation constant, and 𝜇, 𝜎 , 𝛼1,
𝛼2, 𝑛1, and 𝑛2 are parameters characterising the signal shape. The parameters 𝜇 and 𝜎 define
the central peak position and width of the Gaussian core, respectively. The transition points
between the Gaussian core and the power-law tails are controlled by the 𝛼 parameters, with
𝛼1 defining the transition point on the left side and 𝛼2 the transition point on the right side
of the distribution. The power-law exponents 𝑛1 and 𝑛2 determine how rapidly the tails fall
off, with larger values of 𝑛𝑖 resulting in faster-falling tails, while smaller values produce more
extended tails. These parameters are particularly important for modelling the asymmetric
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nature of resonance peaks, where initial-state radiation and parton distribution functions can
significantly affect the low-mass tail.

When performing the profile likelihood fit to the data distribution, the power-law parameters
(𝛼1, 𝛼2, 𝑛1, and 𝑛2) are held fixed to values determined from the interpolated signal shapes,
while the normalisation parameter 𝑁 remains freely floating, as it directly corresponds to the
expected signal cross section.

For the search in actual data, a generic signal shape is employed to maintain sensitivity across a
wide range of mass hypotheses. This generic shape is derived from the X→YY ′ model with𝑀𝑌

= 80GeV and𝑀𝑌 ′ = 170GeV as the reference signal. This particular model is selected because
it produces daughter jets of reasonable mass that are light enough to result in fully merged
decays (i.e., daughters fully contained within a single AK8 jet), leading to a characteristic signal
shape with an extended low-mass tail.

The interpolation strategy for generating signal shapes at arbitrary mass points employs a
combination of cubic splines and linear interpolation. This approach is similar to the method-
ology used in the diboson resonance search [159]. For the 𝜇 and 𝜎 parameters, which define
the Gaussian core, cubic spline interpolation is used, whereas for the power-law parameters
𝐴𝑖 and 𝐵𝑖 , a simpler linear interpolation was observed to be sufficient.

This interpolation procedure generates signal templates at 100GeV intervals spanning the
range from 1800 to 5800GeV. The parametric shape uncertainties that arise from uncertainties
in the JES and JER are incorporated by applying variations to the peak (1.2%) and width (8%)
of the Gaussian, respectively. These variations account for the experimental uncertainties in
the jet reconstruction process that could affect the signal shape.

The effectiveness of this interpolation strategy is validated by removing the 3 TeV signal from
the set of input samples used for parameter interpolation. The resulting interpolated signal
shape at 3 TeV is then compared with the actual shape derived from direct fitting of the 3 TeV
signal, as illustrated in Figure 5.17. Only minor differences, as quantified by the values of
the signal shape parameters, are observed between the interpolated and actual signal shapes,
confirming its robustness. The complete set of signal shapes generated across the full mass
range through this interpolation procedure is presented in Figure 5.18.

With the background (Equation 5.41) and signal (Equation 5.44) being defined in this section,
one is now in a position to begin constructing the likelihood of Equation 5.21.

5.8.3. Handling of Systematic Uncertainties

Systematics uncertainties were previously described in Section 5.7.3, with this section focusing
on the specifics required for this analysis. A distinctive feature of this analysis is its data-
driven nature, which is different from the conventional approach encountered in most CMS
analyses. Here, the background estimation is derived directly from the data, eliminating the
reliance on background simulation and its associated modelling uncertainties. The background
normalisation and shape parameters that appear in Equation 5.41 are straightforward to obtain,
using a uniform prior during the fit procedure (see Equation 5.27)

For the limit-setting procedure, where specific signal hypotheses are tested, additional sys-
tematic uncertainties come into play. These arise from the modelling of individual signal
models, with particular attention required for their substructure characteristics. The accurate
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Figure 5.17.: Validation of the signal shape interpolation procedure. The interpolated signal shape at 3 TeV is
compared to the actual shape derived from a direct fit to the 3 TeV signal resonance. The 3 TeV sample was
excluded from the set used to generate the interpolation parameters.

description of jet substructure is crucial for the proper modelling of signal efficiency and
acceptance, especially since no SM proxies exist for calibrating jets with more than 3 prongs.
These effects necessitate dedicated studies to understand how detector resolution, calibration
uncertainties, and reconstruction algorithms affect the signal modelling.

As is standard practice within the CMS Collaboration, the profile likelihood method (see
Section 5.7.2) is used for hypothesis testing, whereas the CL𝑠 procedure (see Section 5.7.8) is
used for limit setting. All fits are implemented using the Combine [160] Tool.

In the forthcoming sections, the individual sources of systematic uncertainties affecting this
analysis will be discussed in detail, focusing first on signal shape uncertainties followed by
additional modelling uncertainties (the so-called signal normalisation uncertainties) relevant
for the specific signal hypotheses on which limits are set.
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Figure 5.18.: The complete set of interpolated signal shapes used for the resonant anomaly signature search
procedure, shown here over the entire mass range of 1800 to 5800GeV in steps of 100GeV. Each curve represents
the expected signal shape for a specific resonance mass hypothesis. The progression shows how the peak position
shifts and width increases with increasing resonance mass, reflecting the combined effects of detector resolution
and parton distribution functions.

5.8.4. Event Weights for modelling Systematic Uncertainties

In practice, systematic uncertainties are modeled by associating a set of event weights with
each simulated event, where each weight corresponds to a specific variation of a systematic
parameter. This approach allows the impact of systematics to be evaluated by reweighting
the same base events rather than generating new simulated samples for each variation, and
significantly reduces computational requirements by avoiding repeated MC event generation
and detector simulation for each such variation.

5.8.5. Signal Shape Uncertainties from JES and JER

The JES represents the collection of correction factors applied to jet energy measurements
obtained from the CMS detector. These corrections account for various detector-specific effects,
such as calorimeter effects, differences in detector responses, and calibration uncertainties.
By applying these corrections, the measured jet energies are accurately related to their corre-
sponding true energies. The JER, on the other hand, quantifies the intrinsic fluctuations and
resolution limitations of the jet energy measurement. Specifically, JER characterises the width
of the jet energy response distribution while JES defines the position of the jet energy peak.

To systematically quantify these uncertainties, a variation procedure is implemented wherein
the four-momenta of the jets comprising the dijet system are varied according to the JES and
JER uncertainties. For the JES variations, the jet energies are shifted upward and downward
by one standard deviation of the known JES uncertainty, which typically ranges from 1%
to 3% depending on the 𝑝T and 𝜂. For the JER variations, the resolution smearing applied
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to simulation is adjusted by ±1𝜎 of its uncertainty. This procedure yields an uncertainty of
approximately 1% on the 𝜇 parameter and 3.5% on the 𝜎 parameter.

Following these variations, the signal mass distributions fits are repeated with the DCB function
of Equation (5.44). The differences in the fitted 𝜇 and 𝜎 values between the nominal template
and the up/down variations are recorded as the systematic variations on these parameters.

In the signal-plus-background fitting procedure, these uncertainties are incorporated by al-
lowing the 𝜇 and 𝜎 parameters to float within Gaussian constraints centered on their nominal
values, with widths corresponding to the derived uncertainties. This approach effectively
propagates the JES and JER uncertainties through to the final result.

For the generic signal template used as a model-independent search tool, this uncertainty
assessment is repeated at several reference mass points (2, 3, and 5 TeV), revealing comparable
uncertainties with slightly larger values observed for higher mass signals due to the decreased
detector resolution at extreme energies. These derived uncertainties are subsequently applied
to all mass points through interpolation, ensuring a continuous treatment of systematic effects
across the entire mass spectrum investigated in the analysis.

5.8.6. Signal Normalisation Uncertainties

The signal normalisation uncertainties primarily affect the limit-setting, since it affects the
efficiency of the signal selection within each category using the VAE-QR. As mentioned in Sec-
tion 5.8.3, the Combine tool is used for the mathematical implementation. These uncertainties
are correlated among all years of data taking. A short discussion of the important sources of
normalisation uncertainty, beginning with the jet substructure modelling (the so-called Lund
Jet Plane) uncertainty, is provided now:

• Jet Substructure Modelling Uncertainties: It is not trivial to set limits on signal
models with more than three prongs, due to the absence of a SM proxy. The SM only
provides adequate proxies for one-, two-, and three-pronged jets (light quarks, boosted
W/Z bosons, and top quark decays, respectively). To address this limitation, a novel
approach [161, 162] that computes the ratio between data and MC in the Lund Jet
Plane [163] was developed 2 to compute per-prong substructure correction weights, for
the purpose of this analysis. In essence, this method derives a correction factor using a
ratio between data and simulation in the aforementioned plane. The Lund Jet Plane is a
two dimensional representation, with ln𝑘T on the 𝑦-axis and ln(1/Δ) on the𝑥-axis, that
shows the splittings in the showering procedure of a given jet. Here, 𝑘T and Δ represent
the relative 𝑝T and the angular separation of an emitted particle, with respect to its
emitter. The procedure derives weights for each prong within a jet by reclustering it to
find the individual subjets. This procedure can then be used to build up the corrections
for multi-prong resonances with no SM proxies, by ensuring that each prong is contained
within its own separate subjet. It is important to note that several factors contribute to
the final uncertainty, as summarised below:

– Systematic uncertainties arising during the Lund Jet Plane ratio calculation

2 Primarily due to the excellent work of collaborator Oz Amram (Fermilab)
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– Statistical uncertainty arising from the measurement of the ratio in the Lund Jet
Plane, which is modelled by randomly sampling a fixed number (100) of values from
each bin in the 2D plane, where the bin is modelled as a standard Gaussian centred
at the nominal bin value.

– Since quarks that are close to the jet boundary of an AK8 jet may produce hadrons
that lie outside, a variation of ±1 to the number of prongs found by the reclustering
algorithm is carried out, and the results included as variations to the event weight

– Additionally, when the (re-)clustering algorithm fails to match a given subjet within
the AK8 jet to a generator-level quark, a conservative approach is chosen, where
the event weight is varied by the maximum possible factor of 5.

– The Lund Jet Plane ratio is agnostic to quark flavour, but this assumption is not
always true, since colour reconnection effects can distort it depending on whether
the initiating quark originated from a given signal or a known standard candle
signal. Therefore for each signal model, the ratio of the Lund Plane for the signal
is compared to that of the two-pronged W boson decay, with this new ratio being
used as variations to the event weights. This is the dominant source of uncertainty
(see Figure 5.19b).

• Jet energy/mass scale and resolution: Uncertainties addressed by varying the four-
momentum vectors of the AK8 jet within uncertainty limits (5% for jet mass scale, 8% for
resolution) following the official recommendations [164] from the CMS Collaboration.

• L1 trigger prefiring: Accounts for ECAL cluster time shift in 2016-2017 data predomi-
nantly at high 𝑝T and 𝜂 [165]. Event weights are calculated by varying the probability of
AK4 jets or photons having caused this prefiring, up and down by 20% [166].

• Luminosity: Total integrated luminosity of Run 2 is known to 1.6% precision, this
being applied as a normalisation uncertainty [167, 168, 169]. Its effect was found to be
negligible.

• Renormalisation and Factorisation scale: Cross-section uncertainties estimated by
varying these scales up and down by factor of two, both separately and together, with
anti-correlations being physically excluded.

• Parton shower modelling: Uncertainties in parton shower simulation derived by
varying the renormalisation scale by a factor of two, up and down. For the purpose of
this analysis, only the initial-state radiation factor counts.

• Pileup reweighting: Simulation adjusted for pileup interactions via event weights
derived from inelastic collision cross-section, with the uncertainty being calculated by
shifting the minimum bias cross-section up and down by 4.6%, and thereafter being
propagated to the event weights.

• Parton distribution functions: PDF uncertainties incorporated through event weights
based on fit uncertainties, with the standard deviation used to vary the nominal weight
and produce a reduced set of weights.

• Top quark 𝑝T reweighting: Corrections applied to account for mismodeled top quark
𝑝T spectrum due to missing higher order effects, with weights derived from differences
between unfolded data and MC generator predictions [170].
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5.8.7. Incorporating systematic uncertainties into VAE-QR

The integration of systematic uncertainties into the VAE-QR methodology warrants careful
consideration before proceeding to the fitting strategy. As previously established, VAE-QR
employs a QR to define multiple signal-enriched categories. When implementing the final
statistical fit in these categories, with the rationale for these categories being elaborated upon
in the forthcoming Section 5.8.8, systematic uncertainties must be rigorously accounted for.
In accordance with established practice within the CMS Collaboration, the Combine tool is
employed to perform hypothesis tests and compute exclusion limits. The inherently data-driven
nature of VAE-QR presents a major advantage, as variations in signal shape or normalisation
arising from systematic uncertainties do not affect the VAE or the QR, both of which are trained
exclusively on data. As a result, re-training is not necessary. Nevertheless, signal normalisation
uncertainties require meticulous treatment, as they potentially alter the event distribution
across categories. Consequently, for each systematic uncertainty described in Section 5.8.6, the
selection efficiency under both upward and downward variations is calculated and incorporated
as an input to the Combine tool, maintaining consistency with the log-normal treatment of
normalisation uncertainties detailed in Section 5.7.6 (and formalised in Equation 5.29). The
quantitative impact of these variations is illustrated in Figure 5.19 for the Lund Jet Plane
systematic uncertainties across both the single-category 𝑄90 and the three categories utilised
in the statistical fit (refer to Section 5.8.8). Additionally, Figure 5.20 depicts the constituent
contributions to the Lund Jet Plane uncertainties for the single category 𝑄90. These plots are
shown for the specific example of the signal model 𝑋 → 𝑌𝑌 ′ with parameters 𝑀𝑋 = 3 TeV
and𝑀𝑌 = 𝑀𝑌 ′ = 170 GeV.

5.8.8. Choice of categories and the final fit strategy for VAE-QR

The VAE-QR methodology divides the SR into multiple disjoint categories using the QR. Most
importantly, in the absence of signal, all categories have a smoothly falling𝑚jj distribution
described by Equation 5.41. Consequently, the differences in autoencoder reconstruction loss
between signal and QCD background result in these categories having varying signal-to-
background (𝑆/𝐵) ratios should any such signal be present.

While the search procedure employs solely the 10% most anomalous events (denoted as the
𝑄90 category) to maximise discovery potential, the limit-setting framework leverages a more
nuanced multicategory approach to enhance statistical sensitivity. This framework utilises
three distinct categories defined by the QR percentile boundaries:

• Category 1: 𝑄99, comprising the most anomalous 1% of events, representing the highest
signal purity.

• Category 2: 𝑄95−99, which contains events with anomaly scores between the 95th and
99th percentile.

• Category 3: 𝑄90−95, encompassing events with anomaly scores between the 90th and 95th

percentile, offering statistical power marginally higher than Category 2.

Category 3 effectively constrains the background parameterisation for all categories, capitaliz-
ing on the shape invariance across categories inherent in the QR methodology. The requisite
number of background function parameters in Equation 5.41 is determined by fitting the events
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(a) Variations due to the different shower pattern of a b-quark
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(b) Variation due to distortion of the Lund Plane
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Figure 5.19.: Contribution of Lund Jet Plane systematic uncertainty components on the selection efficiency of
the single category 𝑄90, which contains the top 10% anomalous events for the 𝑋 → 𝑌𝑌 ′ signal model with
𝑀𝑋 = 3 TeV and𝑀𝑌 = 𝑀𝑌 ′ = 170 GeV.

in Category 3 and subjecting the results to a Fisher F-Test to assess the statistical signifi-
cance of additional parameters, as illustrated in Figure 5.21. The derived parameterisation is
subsequently applied across all categories.

This is followed by a combined likelihood fit performed simultaneously across all three cat-
egories. The background function parameters are permitted to float freely within their un-
certainties, while the background normalisation for Categories 1 and 2 are constrained to be
predetermined fractions of Category 3’s background normalisation (see Figure 5.16), which
itself floats freely in the fit.

To validate the robustness of this statistical framework, three distinct fitting approaches were
applied to a mock MC dataset equivalent to an integrated luminosity of 26.8 fb−1without signal
injection:

• The proposed multicategory simultaneous fit

• A single-category fit restricted to events exceeding the 𝑄90 threshold

• An inclusive fit without the VAE-QR selections
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(a) 𝑄90−95 category
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(b) 𝑄95−99 category
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(c) 𝑄99 category
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Figure 5.20.: Both upward and downward variations induced by the Lund Jet Plane systematic uncertainties
across different categories for the 𝑋 → 𝑌𝑌 ′ signal model with𝑀𝑋 = 3 TeV and𝑀𝑌 = 𝑀𝑌 ′ = 170 GeV

All three approaches consistently indicated that a two-parameter formulation of the background
function provides an adequate description of the background distribution, as evidenced by
Figures 5.21 and 5.22. This validates the assumption that Category 3 can effectively constrain
the background parameterisation for Categories 1 and 2 and ultimately enhance sensitivity.
The signal injection studies described in Appendix B.2 provide further justification for the
multi-category fit described herein, as they are shown to improve sensitivity for less boosted
decay products of the parent resonance.

5.8.9. Final Hypothesis Tests and Limit Extraction

Having constrained the background using the high-statistic Category 3, and given the sys-
tematic uncertainties described in the previous two sections, all ingredients for performing a
resonant anomaly hunt and setting limits on the chosen signal models are in place.

In statistical terms, the systematic uncertainties are incorporated into the analysis framework
as nuisance parameters in the profile likelihood fit. The profile likelihood approach allows
for the simultaneous fitting of the parameters of interest (signal strength) and the nuisance
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(a) Category 3 (𝑄90−95): Contains the highest statistics and is used
to constrain the background shape.
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(b) Category 2 (𝑄95−99): Background shape matches that of Category
3, differing only in normalisation.
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background functional form.

CMS Simulation (Private Work)

(d) Single-category approach with𝑄90 selection threshold, used for
the search.

Figure 5.21.: Maximum likelihood fit for the different VAE-QR selection categories, on a mock MC dataset
containing only QCD multijet events, corresponding to an integrated luminosity of 26.8fb−1.

parameters representing the systematic uncertainties [148]. This technique effectively "profiles
out" the nuisance parameters by finding their best-fit values conditional on each value of the
parameter of interest.

As detailed in Section 5.7.2, the profile likelihood fit is used for the resonant anomaly search
over the𝑚jj spectrum, while the CL𝑠 method at CL = 95% is used for limit setting. The output
from this tool is an upper limit on the expected and observed signal strength parameter 𝜇, with
±1𝜎 bands on the expected limit, for a total of four values.

The signal strength upper limit can be converted to an upper limit on the number of signal
events by multiplying by the signal normalisation. This is a hyperparameter whose value can
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CMS Simulation (Private Work)

Figure 5.22.: Maximum likelihood fit to the inclusive MC mock dataset containing only QCD multijet events,
without any QR selection applied.

be tuned to obtain stable fits. To convert this to a limit on the signal cross section, one must
use the following formula:

𝜎upper =
𝑁upper

L𝑖𝑛𝑡 · 𝜀presel · 𝜀sel
(5.46)

The first two terms of Equation 5.46 are already known, these being the integrated luminosity
Lint = 138fb−1 and the efficiency of the preselection criteria 𝜀presel defined in Section 5.2.5
and Table 5.5. However, for the weakly supervised methods that make up this analysis, the
calculation of the third term, which is the selection efficiency 𝜀sel is not trivial, since this
number is dependent on the presence (or absence) of signal. On the other hand, for VAE-QR,
the QR approach to selection of categories makes this calculation trivial, allowing one to
directly convert the output from the Combine tool to the exclusion limits on the observed and
expected signal cross sections, along with the associated uncertainty bands on the expected
limits. Additionally, it is shown in Appendix B.2 that the QR itself is robust against signal
contamination to a moderate degree. The VAE itself is trained on individual jets (that is to say, 2
jets per event) and does not possess an event-level view of the data in the first place. In addition,
it is trained on jets from a specially constructed data control region (see Section 5.4) which
is expected to have minimal signal contamination. Therefore, both individual components
of VAE-QR are stable against the presence of small amounts of signal, which makes the final
procedure for computing limits much simpler compared to the other methods present in the
CMS analysis.

To conclude, before proceeding to the method validation and presentation of results, this
discussion of the statistical framework was necessary to establish the statistical foundation

88



5.9. Results from the VAE-QR Methodology in this analysis

of the analysis. Two statistical approaches were implemented in this study, each serving a
different purpose within the broader search strategy.

Firstly, a profile likelihood fit utilising highly generic interpolated signal shapes was employed
to perform a model-independent search for resonant anomalies across the𝑚jj spectrum. This
search was systematically conducted in the range of 1800 to 5000GeV at 100GeV intervals,
allowing for comprehensive coverage. The technical implementation was done using the
RooFit framework [153]. This software uses the minimisation capabilities of MINUIT2 and
MiGrad to ensure reliable convergence [171].

Secondly, a dedicated limit-setting procedure was established to constrain specific signal models
in the absence of significant excesses. This approach incorporated three distinct selection
categories derived from the VAE-QR methodology, thereby optimising the sensitivity to signals
with varying jet substructure characteristics. The statistical interpretation follows the CL𝑠
technique, which has been adopted as the standard within the CMS Collaboration due to its
robustness against statistical fluctuations in regions of low sensitivity [154]. The practical
implementation of this procedure was performed using the CMS Combine tool [160].

With this statistical framework established, the subsequent sections will focus on the validation
of the methodology and the presentation of the physics results in Section 5.9.

5.9. Results from the VAE-QR Methodology in this analysis

This section presents the results obtained with the VAE-QR method within the broader context
of this analysis [51]. The discussion is structured to first address the significance scan findings,
followed by a presentation of the limit-setting capability of the method across various signal
models.

5.9.1. Significance Scan Results

A rigorous search was conducted across the𝑚jj range of [1800, 5000] GeV. None of the five
model-agnostic methods employed in this analysis, including the VAE-QR approach, revealed
statistically significant excesses above the SM background expectation. Themost substantial
deviation observed using the VAE-QR methodology was a 2.3𝜎 local significance at a mass of
4.9 TeV, which remains well within the expected statistical fluctuations of the background-only
hypothesis after accounting for the look-elsewhere effect [172].

The comprehensive significance scan performed using the VAE-QR method is illustrated in
Figure 5.23. For comparative purposes, Figure 5.24 presents the corresponding significance
scan from the inclusive analysis without any selection applied. The signal+background fit
corresponding to the mass point exhibiting the highest significance (4.9 TeV) is shown in
Figure 5.25 and the final background-only fit is shown in Figure 5.26.
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Figure 5.23.: Local significance (expressed in standard deviations) as a function of𝑚jj for the VAE-QR method.
The horizontal dashed lines indicate the increasing significance levels. The highest local significance of 2.3𝜎
occurs at approximately 4.9 TeV

5.9.2. Limit Setting on Various Signal Models

A distinguishing feature of this analysis lies in its model-agnostic approach, enabling the inves-
tigation of a diverse spectrum of theoretical scenarios without requiring explicit optimisation
for specific signal topologies. The VAE-QR method is thereafter used to establish upper limits
on the production cross section for an extensive array of signal models, a full list of which is
given in Table 5.1.

It is particularly noteworthy that for the majority of these signal hypotheses, this analysis
represents the first instance of experimental constraints being established, with the exception
of the𝑊𝐾𝐾 →𝑊𝑊𝑊 signal model, which has been previously investigated in a dedicated
search [134]. This highlights the pioneering nature of thismodel-agnostic approach in exploring
previously uncharted parameter spaces of BSM physics.

The 95% CL upper limits derived for signal masses of 2,3 and 5 TeV are presented in Figures 5.27,
5.28, and 5.29, respectively. Across the majority of signal hypotheses, the VAE-QR method
demonstrates substantial improvement in sensitivity compared to the inclusive analysis, un-
derscoring the efficacy of this anomaly detection technique. Nevertheless, it is important
to acknowledge that the limits established through this model-agnostic approach are gener-
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Figure 5.24.: Local significance (expressed in standard deviations) as a function of𝑚jj for the inclusive analysis
without anomaly-detection selection

ally less stringent than those that would be attained through analyses specifically optimised
for individual signal models, which represents an inherent trade-off between generality and
specialised sensitivity.

5.9.3. Comparative Performance of Model-Agnostic Methods

To facilitate a comprehensive evaluation of the relative performance of different anomaly
detection techniques, a set of benchmark signal models are selected, and the limit-setting
capability of all five methods are systematically compared. The results of this comparative
analysis are illustrated in Figures 5.30 and 5.31, It is observed that the presented anomaly
detection methods consistently outperform the inclusive analysis across the investigated signal
scenarios.

Table 5.6 enumerates the optimal anomaly detection method for each investigated signal
topology, providing a quantitative foundation for examining the complementarity of different
approaches. The VAE-QR method exhibits exceptional performance in scenarios where the
parent resonance produces decay products of higher mass. This sensitivity to the mass scale of
the overall event can be attributed to the foundational architecture of the VAE-QR, which is
trained directly on basic kinematic three-vectors, which are the most elementary particle-level
features available within the analysis, instead of the high level features used by the other
anomaly detection methods.
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Figure 5.25.: Signal+Background fit, using the generic signal shapes described in Section 5.8.2 to the𝑚jj spectrum
at the mass point of 4.9 TeV, which exhibited the highest local significance of 2.3𝜎 in the VAE-QR analysis. The
lower panel shows the pull distribution (data minus fit, divided by the statistical uncertainty)

5.10. Conclusion: Why VAE-QR?

The VAE-QR methodology occupies a distinct position within the ensemble of anomaly de-
tection techniques employed in this analysis, primarily due to its highly generalised set of
input features, and its unsupervised learning paradigm. Unlike other methods that incorporate
higher-level features or require either a weakly or semi-supervised paradigm, the VAE-QR op-
erates exclusively on the most fundamental representations of particle kinematics, specifically
the three-momenta of the constituent particles of an AK8 jet. This approach avoids higher level
features and complex preprocessing, instead allowing the neural network to extract relevant
patterns directly from the raw data.

The CMS-EXO-22-026 [51, 112] analysis represents a pioneering effort from the CMS Collab-
oration to develop and compare multiple model-agnostic methods within a unified framework
and is a significant milestone in the search for BSM physics. The competitive performance
demonstrated by the VAE-QR, despite its minimal assumptions and highly generalised nature,
makes a compelling case for the usage of unsupervised anomaly detection techniques in HEP.

The particularly robust performance of the VAE-QR in scenarios involving high-mass decay
products proves its inherent sensitivity to the characteristic energy scales of physical processes.
This makes it valuable for probing the high-energy frontier, where new heavy resonances
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Figure 5.26.: Final background-only fit to the events of Category 3, as selected using the VAE-QR methodology.
Two representative signal models of mass 3 TeV and 5 TeV are shown on the panel.
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Figure 5.27.: Upper limits at 95% confidence level on the production cross section for various signal models with a
resonance mass of 2 TeV, comparing the VAE-QR method with the inclusive analysis.
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Figure 5.28.: Upper limits at 95% confidence level on the production cross section for various signal models with
a resonance mass of 3 TeV, comparing the VAE-QR method with the inclusive analysis.
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Figure 5.29.: Upper limits at 95% confidence level on the production cross section for various signal models with
a resonance mass of 5 TeV, comparing the VAE-QR method with the inclusive analysis.

might theoretically be present. Furthermore, the model-agnostic nature of this approach allows
one to target unconventional signal topologies that might be overlooked by more focused
searches, thereby expanding the discovery potential of the CMS Experiment.

The reader is encouraged to look at Appendix B.3 for a short description of the other methods
that formed part of the CMS-EXO-22-026 analysis and the complementarity of these approaches,
which is not included within the scope of the main thesis itself.
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Figure 5.30.: Comparison of upper limits on the production cross section for benchmark signal models at 3 TeV,
showing the relative performance of all five model-agnostic methods implemented in this analysis, alongside the
inclusive approach.
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Figure 5.31.: Comparison of upper limits on the production cross section for benchmark signal models at 5 TeV,
showing the relative performance of all five model-agnostic methods implemented in this analysis, alongside the
inclusive approach.
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Table 5.6.: Performance comparison of each anomaly detection method on different signal models of mass
3 TeV. The expected and observed limits are shown in parentheses (in units of fb), with the improvement factor
quantifying the gain over the inclusive search. For example, a value of 1.7 implies an improvement of 70% over
the inclusive search.

Signal Model Method Expected (Observed) limit Improvement
𝑄∗ → 𝑞𝑊 (25) CWoLa 61.1 (30.1) 0.3
𝑄∗ → 𝑞𝑊 (80) CATHODE 46.2 (76.3) 0.4
𝑄∗ → 𝑞𝑊 (170) CATHODE 48.7 (86.3) 0.4
𝑄∗ → 𝑞𝑊 (400) CWoLa 45.8 (24.3) 0.5
𝑋 → 𝑌𝑌 ′→ 4𝑞 (25/25) CATHODE 7.4 (9.7) 0.9
𝑋 → 𝑌𝑌 ′→ 4𝑞 (25/80) CATHODE 5.9 (8.2) 1.2
𝑋 → 𝑌𝑌 ′→ 4𝑞 (25/170) CATHODE 8.3 (9.7) 0.8
𝑋 → 𝑌𝑌 ′→ 4𝑞 (25/400) VAE-QR 13.6 (12.5) 0.6
𝑋 → 𝑌𝑌 ′→ 4𝑞 (80/80) CATHODE 3.2 (4.3) 2.1
𝑋 → 𝑌𝑌 ′→ 4𝑞 (80/170) CATHODE 4.5 (6.0) 1.5
𝑋 → 𝑌𝑌 ′→ 4𝑞 (80/400) CATHODE 4.6 (6.0) 1.6
𝑋 → 𝑌𝑌 ′→ 4𝑞 (170/170) QUAK 2.7 (2.5) 2.6
𝑋 → 𝑌𝑌 ′→ 4𝑞 (170/400) CATHODE 4.3 (5.8) 1.7
𝑋 → 𝑌𝑌 ′→ 4𝑞 (400/400) VAE-QR 2.1 (1.9) 4.2
𝑊 ′→ 𝐵′𝑡 → 𝑏𝑍𝑡 (25) TNT 22.6 (13.9) 1.7
𝑊 ′→ 𝐵′𝑡 → 𝑏𝑍𝑡 (80) TNT 18.2 (11.3) 1.9
𝑊 ′→ 𝐵′𝑡 → 𝑏𝑍𝑡 (170) TNT 12.2 (7.3) 2.1
𝑊 ′→ 𝐵′𝑡 → 𝑏𝑍𝑡 (400) TNT 12.5 (7.0) 2.2
𝑊𝑘𝑘 →𝑊𝑅 → 3𝑊 (170) TNT 22.1 (15.2) 1.6
𝑊𝑘𝑘 →𝑊𝑅 → 3𝑊 (400) QUAK 19.7 (13.7) 1.8
𝑍 ′→ 𝑇 ′𝑇 ′ (400) TNT 39.1 (23.3) 3.5
𝐺𝑘𝑘 → 𝐻𝐻 → 4𝑡 (400) VAE-QR 3.7 (3.2) 7.1
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6. Introduction to Quantum Mechanics and
Quantum Computing

6.1. Fundamentals of Quantum Mechanics

Quantum mechanics is a fundamental theory of physics that describes the behaviour of matter
and energy at atomic and subatomic scales. In contrast to classical mechanics, which describes
phenomena deterministically, quantummechanics integrates principles such as, but not limited
to quantisation, wave-particle duality and superposition to create an inherently probabilistic
description of reality.

At the heart of quantum mechanics lies the concept of a quantum state, which describes a
physical system completely. Quantum states differ fundamentally from classical states since
they allow superpositions, where a system can simultaneously exist in multiple possible
configurations. Such states are mathematically represented by vectors in an abstract complex
vector space known as the Hilbert space.

Closed quantum systems evolve according to the Schrödinger Equation, a deterministic unitary
evolution preserving the quantum state’s superposition properties. However, the process of
measurement introduces fundamentally probabilistic outcomes, as described by the Born rule.
This dichotomy leads therefore to the quantum measurement problem, leaving it an open
question as to whether this the phenomenon of wavefunction collapse is physical or purely
epistemological (see Section 6.1.2).

6.1.1. Dirac Notation and Inner Products

Quantum mechanics employs the Dirac, or bra-ket notation [173], which provides an elegant
and powerful mathematical framework for describing quantum states. Within this formalism,
quantum states are represented by vectors in a complex Hilbert spaceH . The vectors them-
selves are denoted by kets |𝜓 ⟩, while their dual vectors are represented by bras ⟨𝜙 |, belonging
to the dual spaceH ∗.

An essential operation in Hilbert space is the inner product, defined for two vectors |𝜓 ⟩ and
|𝜙⟩ as ⟨𝜙 |𝜓 ⟩, yielding a complex number. This inner product satisfies the conjugate symmetry
property:

⟨𝜙 |𝜓 ⟩ = ⟨𝜓 |𝜙⟩, (6.1)

and is positive semi-definite:
⟨𝜓 |𝜓 ⟩ ≥ 0, (6.2)
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with equality if and only if |𝜓 ⟩ is the zero vector. Given an orthonormal basis |𝑥⟩, any state
vector |𝜓 ⟩ inH can be expressed as a linear combination of these basis vectors:

|𝜓 ⟩ =
∑︁
𝑥

𝑐𝑥 |𝑥⟩, with coefficients 𝑐𝑥 = ⟨𝑥 |𝜓 ⟩. (6.3)

This representation simplifies the analysis of quantum systems, allowing efficient calculation
of amplitudes and probabilities.

For composite quantum systems, Dirac notation conveniently expresses the tensor product of
states. Given two individual systems in states |𝜓 ⟩ and |𝜙⟩, the state of the combined system is
represented as:

|𝜓 ⟩ ⊗ |𝜙⟩ ≡ |𝜓 ⟩|𝜙⟩, (6.4)
highlighting the intuitive construction of multi-system quantum states from simpler con-
stituents.

6.1.2. Quantum Measurements and Collapse

Quantum measurements fundamentally differ from classical measurements, as they exhibit
inherently probabilistic outcomes and alter the state of the measured system. Measurement is
mathematically described by a collection of measurement operators𝑀𝑚 , which must satisfy
the completeness relation: ∑︁

𝑚

𝑀†𝑚𝑀𝑚 = 𝐼 , (6.5)

where 𝐼 is the identity operator. When a measurement is performed on a quantum state |𝜓 ⟩,
the probability of obtaining a specific measurement outcome𝑚 is given by:

𝑝 (𝑚) = ⟨𝜓 |𝑀†𝑚𝑀𝑚 |𝜓 ⟩. (6.6)

Subsequently, the quantum state collapses to a post-measurement state, described by:

|𝜓𝑚⟩ =
𝑀𝑚 |𝜓 ⟩√︁
𝑝 (𝑚)

. (6.7)

A particularly important class of measurements, known as projective measurements, is charac-
terised by measurement operators forming projections onto eigenstates of an observable. If the
measurement basis is an orthonormal set |𝑥⟩, the measurement operators become𝑀𝑥 = |𝑥⟩⟨𝑥 |.
The system then collapses from a superposition to a definite state |𝑥⟩ upon measurement
outcome 𝑥 , this uniquely quantum mechanical phenomenon appropriately being named as
wavefunction collapse [174].

6.1.3. Hilbert Spaces and Composite Systems

Quantum states reside in a Hilbert space, and each distinct physical system is associated with
a Hilbert space of dimensionality equal to its degrees of freedom. For instance, the simplest
quantum system, which is the two-level qubit, has a two-dimensional Hilbert space C2. Here,
the basis vectors commonly denoted as |0⟩ , |1⟩ represent two distinct physical configurations.
These could for example be the spin-up and spin-down states of a spin-1

2 particle.
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When considering composite quantum systems composed of multiple subsystems, the corre-
sponding joint state space is constructed using the tensor product of the individual subsystem
Hilbert spaces. This mathematical construction provides a formal and systematic way to
describe complex quantum systems built from simpler units. Specifically, for a system of 𝑛
qubits, each individually described by the two-dimensional Hilbert space C2, the combined
state space is given by the tensor product:

H⊗𝑛 = C2 ⊗ C2 ⊗ · · · ⊗ C2︸                  ︷︷                  ︸
𝑛 times

. (6.8)

This tensor product operation effectively combines the state spaces of individual qubits into
a single larger Hilbert space. The dimension of the resulting composite Hilbert space scales
exponentially with the number of qubits, explicitly given by:

dim(H⊗𝑛) = 2𝑛 . (6.9)

The exponential growth in dimensionality is a hallmark feature of quantum systems, under-
scoring the complexity and computational potential of quantum mechanical systems. This
lays the foundation for phenomena such as quantum entanglement, where composite states
cannot be decomposed into independent subsystem states. The tensor product framework
thus naturally accommodates entangled states, a crucial resource in quantum computing and
quantum information processing, which will be extensively utilised and explored in subsequent
sections.

6.1.4. Observables and Hermitian Operators

In quantum mechanics, physically measurable quantities such as position, momentum, energy,
and spin are represented mathematically by operators acting on states within a Hilbert space.
These operators are known as observables, and they must satisfy specific mathematical proper-
ties reflecting their physical nature. A key requirement for an operator to represent a physical
observable is that it must be Hermitian (or equivalently, self-adjoint). Formally, an operator 𝐴
is Hermitian if it satisfies the condition:

𝐴 = 𝐴†, (6.10)

where 𝐴† denotes the conjugate transpose (or adjoint) of the operator. Hermiticity ensures
that the eigenvalues of the observable—interpreted physically as measurement outcomes—are
always real numbers, consistent with physical intuition and experimental reality.

Every Hermitian operator can be expressed in its spectral decomposition form, which in-
volves expanding the operator in terms of its eigenvalues and corresponding eigenstates.
Mathematically, the spectral decomposition of a Hermitian operator 𝐴 is expressed as:

𝐴 =
∑︁
𝑖

𝜆𝑖 |𝑎𝑖⟩⟨𝑎𝑖 |, 𝜆𝑖 ∈ R, (6.11)

where the eigenstates |𝑎𝑖⟩ form a complete orthonormal basis of the Hilbert space associated
with the observable, and 𝜆𝑖 are the corresponding real eigenvalues.
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When a quantum system described by a state vector |𝜓 ⟩ is measured with respect to an
observable 𝐴, the expectation value (the statistically averaged measurement outcome over
many repeated measurements of identically prepared states) is given by:

⟨𝐴⟩ = Tr(𝐴|𝜓 ⟩⟨𝜓 |) =
∑︁
𝑖

𝜆𝑖 |⟨𝑎𝑖 |𝜓 ⟩|2. (6.12)

This equation indicates that the probability of obtaining the eigenvalue 𝜆𝑖 in a measurement is
|⟨𝑎𝑖 |𝜓 ⟩|2, the squared magnitude of the projection of the state vector onto the eigenstate |𝑎𝑖⟩.
Thus, the spectral decomposition explicitly encodes the probabilistic nature of quantum mea-
surements, providing a direct connection between mathematical formalism and experimental
outcomes.

For qubit systems specifically, a fundamental set of observables is given by the Pauli matrices
{𝑋,𝑌, 𝑍 }, which will be relevant throughout this part of the thesis. These three Hermitian
matrices form a basis for all possible observables of a two-level quantum system (qubit),
providing a complete representation of single-qubit measurements. In line with the convention
used by major quantum circuit simulators, this thesis represents the Pauli matrices ®𝜎 using the
Latin alphabets 𝑋,𝑌, 𝑍 instead of 𝜎𝑥 , 𝜎𝑦, 𝜎𝑧 . Their explicit forms are:

𝑋 =

(
0 1
1 0

)
, 𝑌 =

(
0 −𝑖
𝑖 0

)
, 𝑍 =

(
1 0
0 −1

)
. (6.13)

These matrices represent spin observables along the 𝑥 , 𝑦, and 𝑧 axes, respectively. As such,
they play a crucial role in quantum information processing and quantum computing, serving
as foundational building blocks for quantum gates and quantum circuits.

6.2. Introduction to Quantum Computing

6.2.1. Motivation and Basic Principles

Quantum computing has, over the past decade, emerged as a powerful computational paradigm
capable of addressing problems beyond the reach of classical computation. Leveraging prin-
ciples of quantum mechanics such as superposition and entanglement, quantum computers
promise exponential speedups for certain computationally intensive tasks [175]. Notable exam-
ples include the Shor algorithm for integer factorisation [176] and the Grover Search algorithm
for unstructured database searches [177], which demonstrate quadratic improvements over
equivalent classical approaches. Additionally, quantum simulations of physical systems, inher-
ently quantum in nature, can potentially surpass classical limits, enabling accurate modeling
of molecular structures, chemical reactions, and particle physics interactions that are currently
computationally prohibitive [178, 179].

In recent years, the intersection of quantum computing and machine learning has emerged as
a promising avenue for enhancing performance and sensitivity in various domains, including
HEP. Classical machine learning has, for some time, already been an essential tool in particle
physics [81, 82], particularly within collider experiments such as the CMS and ATLAS Ex-
periments. ML plays an important role in the pre-processing of immense quantities of data
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recorded at the LHC, in addition to its application for tasks such as classification and anomaly
detection. However, the exponential growth of data volumes and complexity at current and
future colliders, such as the HL-LHC, poses significant computational challenges to traditional
ML methods, where Quantum Machine Learning (QML) could potentially play a role.

QML presents an opportunity to overcome computational bottlenecks, potentially enabling
faster processing and improved performance in data-intensive tasks. Specifically, quantum
algorithms have demonstrated the capacity for efficient representation of high-dimensional
feature spaces and faster training convergence, features particularly advantageous in HEP
applications [180]. Two notable applications within particle physics are jet classification
and anomaly detection. Given how crucial it is to perform jet classification accurately, it is
plausible that in the near future, quantum [7] or hybrid quantum-classical algorithms could
offer improved classification accuracy and efficiency by better capturing subtle correlations in
the high-dimensional jet feature spaces compared to existing purely classical approaches.

Similarly, the identification of events that deviate significantly from known physics processes,
or what is referred to as anomaly detection, is vital for discovering potential BSM signals.
Classical anomaly detection techniques, while powerful, often face computational constraints
and sensitivity limitations when applied to high-dimensional and complex data spaces, as is
the case with collider events. Quantum algorithms such as quantum autoencoders [181] for
example, have been explored in the past for the purpose of anomaly detection [8], leveraging
their intrinsic ability to encode and process complex, high-dimensional data distributions
efficiently.

Therefore, exploiting quantum computing and specifically QML methods in particle physics
holds significant promise for addressing computational challenges posed by future HEP datasets,
enhancing physics discovery potential, and paving the way towards new methodological
paradigms in data analysis.

6.2.2. Qubits and Quantum State Representation

In classical computing a bit stores a single binary value, 0 or 1. A quantum computer replaces
bits with qubits, which are two-level quantum systems whose pure states are elements of a
two-dimensional Hilbert space [175]. A general qubit can be written as:

|𝜓 ⟩ = 𝛼 |0⟩ + 𝛽 |1⟩ =
(
𝛼

𝛽

)
, (6.14)

with |𝛼 |2 + |𝛽 |2 = 1, (6.15)

where the complex coefficients (𝛼, 𝛽) encode both probabilities along with a relative phase.
Geometrically every qubit state corresponds to a point on the surface of the Bloch sphere;
global phases are physically irrelevant.

Scalability. For a register of 𝑛 qubits, the corresponding state vector lives in a 2𝑛-dimensional
space,

|Ψ⟩ =
∑︁

𝑥∈{0,1}𝑛
𝑐𝑥 |𝑥⟩ ,

∑︁
𝑥

|𝑐𝑥 |2 = 1,
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with computational basis |𝑥⟩ = |𝑥1⟩ ⊗ · · · ⊗ |𝑥𝑛⟩. As shown in Equation 6.14, a single qubit
can be represented as a column vector with 2 elements. Likewise, an 𝑛-qubit system can be
represented as a column vector with 2𝑛 elements. The representation for 𝑛 = 2 is shown
below:

|𝜓1𝜓2⟩ =
©­­­­«
𝛼00
𝛼11
𝛼10
𝛼11

ª®®®®¬
(6.16)

The basis states for the two-qubit system are |00⟩ , |01⟩ , |10⟩ and |11⟩, and their column vector
representations are constructed by setting the corresponding element to one, and all others to
zero. An example makes this abundantly clear as follows:

|10⟩ =
©­­­­«
0
0
1
0

ª®®®®¬
(6.17)

It is standard practice to refer to the basis qubits of an 𝑛-qubit system as a state vector
|𝑁 ⟩ ∈ H⊗𝑛 , with 𝑁 = 0, 1 . . . 2𝑛 − 1. For example, the state |2⟩ corresponds to the state |10⟩ of
Equation 6.17 for a two-qubit system.

This exponential growth in dimensionality potentially underlines a quantum speed-up but
also poses serious challenges for simulations performed on classical computers in terms of
compute power and memory requirements.

6.2.3. Quantum Gates and Circuits

Quantum dynamics must be norm preserving; hence logical operations are implemented by
unitary matrices 𝑈 that by definition satisfy the criterion 𝑈 †𝑈 = 1. A small set of primitive
one- and two-qubit gates can be shown to form a universal basis [182]. The gates that will be
encountered most frequently in this thesis are defined below for easy reference:

• 𝑍 -rotation: This corresponds to a rotation about the 𝑍 axis on the Bloch sphere (de-
scribed in Section 6.2.5). Its mathematical structure is given below, and one can likewise
define the 𝑅𝑋 and 𝑅𝑌 rotation gates.

𝑅𝑧 (𝜃 ) = 𝑒−𝑖𝜃𝑍/2 =
(
𝑒−𝑖𝜃/2 0

0 𝑒𝑖𝜃/2

)
• Hadamard: This physically corresponds to a rotation by an angle 𝜋 about the axis
defined by the direction (𝑥 + 𝑧)/2, and creates the superposed states that conventionally
describe the Hadamard basis.

𝐻 |0⟩ = |+⟩ = 1
√

2
( |0⟩ + |1⟩) (6.18)

𝐻 |1⟩ = |−⟩ = 1
√

2
( |0⟩ − |1⟩) (6.19)
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Mathematically, this gate can be represented as:

𝐻 =
1
√

2

(
1 1
1 −1

)
,

• Controlled-NOT: This is a two-qubit gate, crucial for creating entangled states. It
requires two input qubits |𝑐; 𝑡⟩, the first being a control qubit and the second being the
target qubit. Intuitively, one can visualise the CNOT gate as a controlled bit flip operation.
If the control qubit is in the state |0⟩, the target qubit is left unchanged. On the other, if
the control qubit is in the state |1⟩, then the state of the target qubit is flipped from |0⟩ to
|1⟩, or vice-versa. As shown in Section 6.2.4, this gate can be used to create entangled
states. Mathematically, it has the structure:

CNOT =

©­­­«
1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

ª®®®¬ ,
and its operation can be represented as:

CNOT |𝑐; 𝑡⟩ = |𝑐; 𝑐 ⊕ 𝑡⟩ (6.20)

where ⊕ is the Exclusive-OR (XOR) operation. The CNOT matrix acts on a two-qubit
state vector of the form shown in Equation 6.17. One can easily perform this matrix
multiplication to verify that the resultant two-qubit state is CNOT |10⟩ = |11⟩.

A sequence of such gates forms a quantum circuit. The circuit depth, which is the longest
sequence of gates acting successively on a single qubit, decides in most cases the runtime and
on current Noisy Intermediate-Scale Quantum (NISQ) hardware, also the accumulated noise.
Replacing fixed angles by variational parameters 𝜽 produces what is called a Parameterised
Quantum Circuit (PQC), setting the ground for QML in the scope of this thesis. Gradient-based
optimisers [92, 183] running on a classical computer can then be used to iteratively update 𝜽
to minimise a specific loss function.

6.2.4. Entangled States and Bell State Construction

For a bipartite system H𝐴 ⊗H𝐵 , a pure state is said to be separable if can be factorised as
the tensor product of two states |𝜓 ⟩ = |𝑎⟩ ⊗ |𝑏⟩. Otherwise the state is said to be entangled.
Entanglement is a uniquely quantum phenomenon that ultimately enables applications such as
quantum teleportation and super-dense coding [175]. One commonly encounters the two-qubit
maximally entangled states, also known as the Bell States or Einstein-Podolsky-Rosen (EPR)
Pairs, in quantum computing applications.

|Φ±⟩ = |00⟩ ± |11⟩
√

2
, (6.21)

|Ψ±⟩ = |01⟩ ± |10⟩
√

2
. (6.22)
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}
Figure 6.1.: A quantum circuit used to generate Bell States. The first operation is a Hadamard gate, whereas the
second is the two-qubit CNOT gate of Equation 6.20, with the black dot denoting the control qubit, and the white
circle the target qubit.

Starting from the |00⟩ state, a circuit to create the |Φ+⟩ Bell State is shown in Figure 6.1, with
the following operations:

Φ+ = CNOT ((𝐻 ⊗ 𝐼 ) |00⟩) , (6.23)

with the tensor product of operators in parentheses implying that the Hadamard gate is applied
only to the first qubit of the two-qubit basis state |00⟩.

6.2.5. Bloch Sphere Representation

The mathematical structure of a qubit allows one to visualise its two-dimensional Hilbert space
representation on a three-dimensional unit sphere, this being the so-called Bloch sphere. Starting
from the computational basis {|0⟩ , |1⟩}, every normalised qubit state can be represented as
shown in Equation 6.14. This can subsequently be reparametrised without loss of generality
[175] as:

|𝜓 ⟩ = cos𝜃2 |0⟩ + 𝑒
−𝑖𝜑 sin𝜃2 |1⟩ , (6.24)

where 𝜃 ∈ [0, 𝜋] and 𝜑 ∈ [0, 2𝜋).

It should be noted here that global phases are physically irrelevant. That being said, the two
real parameters (𝜃, 𝜑) describe a point on the unit sphere S2 ⊂ R3 (see Figure 6.2) with latitude
𝜋

2 − 𝜃 and longitude 𝜑 . The north and south poles correspond to the basis-state kets |0⟩ and
|1⟩ respectively, while 𝜃 = 𝜋/2 traces out the equator, along which lie the states of equal
superposition.

Pure and mixed states: In quantum mechanics a pure state is one which is precisely known,
and can therefore be described by a single state vector |𝜓 ⟩ (up to an overall phase). Geometri-
cally, for a single qubit a pure state corresponds to a point on the surface of the Bloch sphere. A
mixed state on the other hand reflects classical ignorance about which pure state was actually
prepared. It can be best pictured as an ensemble of several possible pure states {|𝜓𝑘⟩}, each
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 plane

 plane

 plane

LEGEND

Figure 6.2.: A representation of a qubit state on the Bloch sphere, obtained by the successive application of an 𝑅𝑋
and 𝑅𝑌 gate on the initial state qubit |0⟩

chosen with some probability 𝑝𝑘 . By convention, such states are represented using the notation
{𝑝𝑘 , |𝜓𝑘⟩}.

Bloch vector and expectation values: Writing the Pauli matrices as ®𝜎 = (𝑋,𝑌, 𝑍 ), one can
define the Bloch vector

®𝑟 = (𝑥,𝑦, 𝑧) =
(
⟨𝑋 ⟩, ⟨𝑌 ⟩, ⟨𝑍 ⟩

)
,

whose components in terms of 𝛼 and 𝛽 are

𝑥 = 2 Re
(
𝛼∗𝛽

)
, 𝑦 = 2 Im

(
𝛼∗𝛽

)
, 𝑧 = |𝛼 |2 − |𝛽 |2. (6.25)

For pure states ∥®𝑟 ∥ = 1, and Eq. (6.24) maps (𝜃, 𝜙) onto (𝑥,𝑦, 𝑧) via the transforms 𝑥 =

sin𝜃 cos𝜙,𝑦 = sin𝜃 sin𝜙, 𝑧 = cos𝜃 .

Density-matrix form: Both pure and mixed states can then be described by a 2 × 2 density
operator

𝜌 =
1 + ®𝑟 · ®𝜎

2 , 0 ≤ ∥®𝑟 ∥ ≤ 1. (6.26)

Pure states sit on the sphere’s surface, whereas mixed states are located inside. One then
defines the term purity as Tr(𝜌2) = (1 + ∥®𝑟 ∥2)/2, its value being 1 for pure states and smaller
than 1 for mixed states.

Unitary operations as rigid rotations: An arbitrary single-qubit unitary operation can be
expressed as:

𝑈 (𝜃, 𝑛̂) = 𝑒− 𝑖
2𝜃 𝑛̂ · ®𝜎 , (6.27)
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This represents a rotation of the Bloch vector by an angle 𝜃 about the axis 𝑛̂. The map

Π : SU(2) −→ SO(3), (6.28)

is a double cover which means that two antipodal elements of SU(2) correspond to the same
physical rotation in SO(3). Consequently, applying a 2𝜋 rotation in spin space,𝑈 (2𝜋, 𝑛̂) = −1,
changes the global phase of |𝜓 ⟩ but leaves all observables invariant. It is only after a rotation
of 4𝜋 that the state returns to itself.

The Bloch representation is therefore a powerful and intuitive framework for visualising
quantum states and gate operations.

To conclude, Quantum Computing and QML hold the potential to revolutionise the landscape of
HEP by offering novel paradigms for solving large-scale optimisation problems and increasing
performance in tasks such as classification and anomaly detection. As quantumhardwaremoves
beyond the NISQ era, these technologies may enable computational approaches that outperform
current classical systems, particularly in the context of efficiently handling enormous data
rates from future LHC upgrades, or developing interpretable algorithms for performing a
specific task. The reader is encouraged to look at further comprehensive review papers [184,
185] that outline recent progress and summarise the application of quantum algorithms and
QML models to key problems in HEP.

108



7. QML for HEP: Introducing 1P1Q

7.1. Introduction

Chapter 6 provided an overview of quantum mechanics and quantum computing. As estab-
lished therein, quantum computing offers novel discovery paradigms that extend beyond the
capabilities of current classical computational frameworks. In the domain of ML, significant
attention has recently been directed towards Parameterised Quantum Circuits (PQCs), which
serve as foundational building blocks for Quantum Neural Networks (QNNs). These quantum
circuits, built up using parameterised unitary operations such as rotations, can be optimised in
a manner analogous to classical NNs through variational approaches [186].

The application of quantum algorithms to HEP data represents an emerging field with potential
advantages in both computational efficiency and representational capacity [187]. Specifically,
quantum approaches to classification and anomaly detection have demonstrated promising
preliminary results [7, 8, 188], and will also be the focus of this thesis. Quantum anomaly
detection methods, particularly those based on Quantum Autoencoders (QAEs), leverage
inherent quantummechanical properties such as superposition and entanglement to potentially
identify deviations in high-dimensional data that might elude classical techniques [8].

To evaluate the efficacy of QML algorithms for HEP applications, it is necessary to establish a
systematic understanding of two elements:

• the mathematical structure and operation of PQCs.

• Quantum algorithms such as the QAE and the Variational Quantum Classifier (VQC)

This chapter addresses these aspects sequentially, providing an overview of both the theoretical
foundation and the practical implementation.

Subsequently, the One-Particle One-Qubit (1P1Q) encoding method for mapping jet data onto
quantum registers is introduced. This approach, which encodes the kinematic data of each
individual jet PFCand on its own qubit, thereby representing a jet as a tensor product of Hilbert
spaces, is demonstrated to be a particularly efficient encoding strategy. The results presented in
this thesis establish the 1P1Q method as capable of delivering comparable performance across
both anomaly detection and classification tasks, demonstrating its versatility as a quantum
data representation method for HEP applications in the NISQ era.

It should be noted here that the current status of hardware in the NISQ era makes it computa-
tionally and financially unfeasible for the large circuits developed and trained in this thesis, to
be deployed on a real quantum device. Consequently, all results presented in this thesis make
use of a quantum simulator deployed on appropriate classical hardware, as will be mentioned
in Section 7.7.3.
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7.2. Quantum Circuits

The fundamental concept of the qubit, the basic unit of a two-level quantum system, was
formally introduced in Section 6.2.2, while the mathematical framework of quantum operations
was detailed in Section 6.2.3. These operations, commonly referred to as quantum gates, allow
for the manipulation of quantum states through unitary transformations [175]. Each operation
can be geometrically interpreted by visualising its action on the 3D Bloch sphere, as described
in Section 6.2.5, where the state of a single qubit is visualised as a point on the surface of a
three-dimensional unit sphere [182].

7.2.1. Introduction to Parameterised Quantum Circuits (PQCs)

A PQC can be formally defined as an ordered sequence of quantum gates, where certain gates
depend on continuous parameters that can be adjusted [186]. Mathematically, a PQC with
parameter vector 𝜽 = (𝜃1, 𝜃2, . . . , 𝜃𝑛) can be expressed as:

U(𝜽 ) =
𝐿∏
𝑖=1

𝑈𝑖 (𝜃𝑖) , (7.1)

where each𝑈𝑖 (𝜃𝑖) represents a parameterised quantum gate, and the product indicates sequen-
tial application from right to left.

The constituent gates in a quantum circuit can be categorised into two primary types: single-
qubit and multi-qubit operations. Single-qubit gates, such as the Pauli rotations (𝑅𝑋 (𝜃 ), 𝑅𝑌 (𝜃 ),
𝑅𝑍 (𝜃 )), act locally on individual qubits and perform rotations on the Bloch sphere around
their respective axes by an angle 𝜃 . In contrast, multi-qubit gates operate on two or more
qubits simultaneously and are essential for generating entanglement within the quantum
system [182]. The best example of this is the CNOT gate of Equation (6.20).

The parameters 𝜽 that define these parameterised gates can be optimised through either classi-
cal [92] or quantum-inspired [183] optimisation algorithms to achieve a specific objective [186].
In the context of QML, these objectives typically are tasks such as classification or anomaly de-
tection. This optimisation process generally follows a variational approach, where parameters
are iteratively adjusted based on measurement outcomes to improve performance.

A critical property of quantum circuits is unitarity, which ensures that the probability amplitude
of the quantum state is preserved throughout the computation [189]. Mathematically, a matrix
𝑈 is unitary if and only if:

𝑈𝑈 † = 𝑈 †𝑈 = 𝐼 , (7.2)

where 𝑈 † denotes the conjugate transpose of 𝑈 and 𝐼 is the identity matrix. This property
guarantees that quantum operations are reversible and satisfy the conservation of probability
required by quantum mechanics.

Overall, a quantum circuit may be viewed as a single composite unitary operation [175] which
represents the cumulative effect of all gates in the circuit and transforms an initial quantum
state |𝜓in⟩ into a final state |𝜓out⟩:
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|𝜓out⟩ = U(𝜽 ) |𝜓in⟩ , (7.3)

This mathematical formalism provides a foundation for implementing complex quantum
algorithms through circuits made up of sequential unitary operations, with the true power of
quantum computation emerging from properties such as superposition and entanglement that
have no direct classical analogues.

7.2.2. Quantum Neural Network (QNN) Architecture

Having established the theoretical framework for quantum circuits, it is now possible to
formally construct a QNN architecture, which is a variational quantum algorithm designed for
machine learning. A prototypical QNN comprises the following essential components:

• A register of 𝑛 qubits that define the Hilbert space of the system: These qubits are
conventionally initialised in the computational basis state |0⟩ = |0⟩⊗𝑛 , which corresponds
to the tensor product of 𝑛 individual qubits in the |0⟩ state. From a physical perspective,
each |0⟩ state represents an eigenstate of the Pauli-𝑍 operator with eigenvalue +1, often
interpreted as the spin-up configuration of a spin-1

2 particle [190].

• Encoding of classical data into the quantum system: Multiple data encoding strate-
gies exist, with two prominent ones being angle and amplitude embedding [191, 192,
180]. The encoding operation 𝑆 (x) for input data x ∈ R𝑑 can be formally expressed as:

|𝜓 ⟩ = 𝑆 (x) |0⟩ (7.4)

• Entanglement operations to establish correlations between qubits: Entanglement,
a uniquely quantum mechanical phenomenon with no classical analogue, is essential for
capturing higher order relationships between input features [7, 186]. Without entangle-
ment, the learning ability of the quantum circuit would be severely limited.

• Trainable unitary operations U(𝜽 ): These operations are controlled by a vector of
continuous parameters 𝜽 ∈ R𝑝 that are systematically adjusted during the training
process. The trainable unitary operation can be built in various ways, including layered
architectures. The complete QNN can be formally expressed as:

|𝜓final(x, 𝜽 )⟩ = 𝑈 (𝜽 ) |𝜓x⟩ = 𝑈 (𝜽 )𝑆 (x) |0⟩ (7.5)

• Measurement: The final component of a QNN involves measurement operations that
project the quantum state onto a set of observables. This collapses the quantum state
and extracts classical information that can be used to construct a cost function L(𝜽 ). For
a measurement operator𝑀 , the expectation value is calculated as:

⟨𝑀⟩𝜽 ,x = ⟨𝜓final(x, 𝜽 ) |𝑀 |𝜓final(x, 𝜽 )⟩ (7.6)

The final measurement need not necessarily be performed on all qubits of the system,
but could also be done on a subset of target qubits. This expectation value, sometimes
combined with a classical post-processing step, is used to define a cost function that is
minimised during the training process.

111



7. QML for HEP: Introducing 1P1Q

𝜽 ∗ = arg min
𝜽
L(𝜽 ) (7.7)

In the next two sections, the algorithms used in this thesis to perform the tasks of anomaly
detection and classification are described.

7.3. QAEs for State Compression

The classical autoencoder architecture was introduced and described in Section 4.6. To recap,
an autoencoder is trained to compress the input information down to a latent space of lower
dimensionality than the input, and subsequently reconstruct the input back again from this
reduced representation. The goal is that the autoencoder, in this process, learns the underlying
probability distribution that best describes its input dataset. Consequently, it performs poorly
at reconstructing the inputs when they come from another probability distribution, and this
reconstruction loss can be used as an anomaly metric.

To build a quantum circuit that implements the aforementioned principle is not trivial. Unlike
classical operations where NN layers of different dimensionalities can be stacked up, no
equivalent quantum operations can reduce dimensionality at will. This fundamental limitation
arises from the unitarity constraint of quantum operations, which preserves the dimensionality
of the Hilbert space [175]. The alternative therefore is to discard a subset of the input Hilbert
spaceHin, by replacing it with the basis kets |0⟩ from a separate reference Hilbert spaceHref , a
principle first introduced in Ref. [181].

7.3.1. Architectural Components

A quantum autoencoder [181] consists of the following architectural components:

• Input Quantum Register: The input qubits |Ψin⟩ ∈ HIN of dimensionality 𝑁 , with
this being further subdivided into twp subsets designated as the latent space Hlatent
and the trash space Htrash such that HIN = Htrash ⊗ Hlatent. The total Hilbert space
dimensionality is given by dim(HIN) = 2𝑛 for an 𝑛-qubit system.

• Encoder Circuit: An encoder UENC(𝜽 ) which is a QNN set up using the principles
described in Section 7.2.2. This unitary transformation is parameterised by a set of
variables ®𝜽 that are optimised during training. The encoder acts on the input state
according to:

|Ψencoded⟩ = UENC( ®𝜽 ) |Ψin⟩ (7.8)

• Reference Qubits: A set of reference qubits, initialised to |0⟩⊗𝑇 ∈ HREF or any other
basis state. The dimensionality of this reference space must match that of the trash space:
dim(HREF) = dim(Htrash).

• Decoder Circuit: A decoder UDEC( ®𝝓) that is allowed to act on the Hilbert space
HREF ⊗ Hlatent to reconstruct the input as:

|Ψout⟩ = UDEC(𝝓) ( |0⟩⊗𝑇 ⊗ |Ψlatent⟩) , (7.9)
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where |Ψlatent⟩ ∈ Hlatent is the encoded state in the latent space. Mathematically, the
decoder is the Hermitian adjointUDEC(𝝓) = U†ENC(𝜽 ) of the encoder.

• Loss Function: An appropriately defined loss function to guide the training process. The
quantum fidelity 𝐹 = | ⟨Ψout |Ψin⟩ |2 is a natural choice of loss function L, as it quantifies
the similarity between the input and reconstructed quantum states. The training objective
becomes:

®𝜽
∗
, ®𝝓
∗
= arg max

®𝜽 , ®𝝓
𝐹 ( |Ψin⟩ , |Ψout⟩) (7.10)

7.3.2. Training Procedure

The training of a quantum autoencoder involves the optimisation of parameters ®𝜽 and poten-
tially ®𝝓 to maximise the fidelity between input and output states. However, as shown in Ref.
[181], it is actually not necessary to train the decoder at all. Mathematically, the decoder needs
to execute the operation of Equation 7.9, and sinceUDEC = U†ENC, this is exactly the same as
training the encoder such that the trash states disentangle and go to the state |0⟩⊗𝑇 . The set of
trainable parameters that maximise the fidelity between the input and output qubit states, are
the same as the ones that maximise the fidelity between the trash and reference qubit states.
This is computationally far more efficient, and requires one to only train the encoder portion
of the QAE circuit. With this in mind, the training procedure can be summarised as:

Algorithm 2 : Training a Quantum Autoencoder

1: Initialise the circuit parameters ®𝜽 randomly, often constrained to lie in [0, 2𝜋] since they
are rotation angles

2: for : each training input state |Ψin⟩ from the dataset do
3: Prepare the input state on the quantum device
4: Apply the encoderUENC(𝜽 ) unitary
5: Prepare the appropriate reference state |0⟩⊗𝑇
6: Measure the fidelity between the trash and reference states | ⟨Ψtrash |Ψref⟩ |2 ∈ [0, 1]
7: Compute the gradient of −| ⟨Ψtrash |Ψref⟩ |2 with respect to ®𝜽 , the minus sign being to

maximise its value. Maximising this quantity is exactly equivalent to maximising the
fidelity between the input and output states, as proved in Ref. [181].

8: end for
9: Update parameters using quantum-inspired methods such as quantum natural gradi-

ent [183] or a classical optimiser such as ADAM [92]
10: Return optimised encoder parameters ®𝜽

A full schematic of the QAE is shown in Figure 7.1. As can be seen, the key metric here is the
trash-reference fidelity, which quantifies how well the trash qubits are reset to the reference
state [181]. Perfect compression would result in the trash qubits being completely disentangled
and reset to the reference state with 𝐹 = 1.

7.3.3. Measurement of Quantum Fidelity

Extracting the quantum fidelity, as seen in Step 6 of Algorithm 2 is not trivial. This is because
it is not an observable, and therefore cannot be measured directly on a real quantum device,
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Figure 7.1.: Schematic for the QAE described in Section 7.3.1, with dim(Htrash) = dim(Href ) = 4, dim(Hlatent) = 2
and dim(Hin) = 6.

or inferred by measuring the states themselves. Instead, one must use what is known as the
quantum SWAP test to obtain the quantum fidelity as the probability coefficient of one of the
basis states describing the qubit, before subsequently extracting it through a measurement.

The quantum fidelity between two pure quantum states |𝜓 ⟩ and |𝜙⟩ is defined as the squared
absolute value of their inner product:

𝐹 ( |𝜓 ⟩ , |𝜙⟩) = | ⟨𝜓 |𝜙⟩ |2 , (7.11)

This quantity provides a measure of the similarity between two quantum states, with values
ranging from 0 (orthogonal states) to 1 (identical states). In the context of quantum autoen-
coders, the fidelity between the trash and reference state(s) can be used as a loss function that
quantifies the reconstruction quality [181].

The quantum SWAP test [193], is an elegant way to estimate the fidelity between two unknown
quantum states. The circuit implementation requires three qubits: an ancillary qubit (or ancilla)
initialized to |0⟩, and two registers containing the states |𝜓 ⟩ and |𝜙⟩ whose fidelity is to be
measured.

The test proceeds as follows:

1. Initialise the system in the state |𝜓anc⟩ |𝜓 ⟩ |𝜙⟩ = |0⟩ |𝜓 ⟩ |𝜙⟩.

2. Apply a Hadamard gate to the ancilla qubit, resulting in:
1
√

2
( |0⟩ + |1⟩) |𝜓 ⟩ |𝜙⟩ (7.12)

3. Apply a controlled-SWAP operation (cSWAP), where the ancilla qubit controls whether the
states |𝜓 ⟩ and |𝜙⟩ are to be swapped or not:

1
√

2
( |0⟩ |𝜓 ⟩ |𝜙⟩ + |1⟩ |𝜙⟩ |𝜓 ⟩) (7.13)
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4. Apply another Hadamard gate to the ancilla qubit, resulting in:

1
2
(
|0⟩ (|𝜓 ⟩ |𝜙⟩ + |𝜙⟩ |𝜓 ⟩) + |1⟩ (|𝜓 ⟩ |𝜙⟩ − |𝜙⟩ |𝜓 ⟩)

)
(7.14)

5. Measure the ancilla in the computational basis.

The probability of measuring the ancilla qubit in state |0⟩ is given by:

𝑃 (0) =




1

2 ( |𝜓 ⟩ |𝜙⟩ + |𝜙⟩ |𝜓 ⟩)




2

=
1
4 ∥|𝜓 ⟩ |𝜙⟩ + |𝜙⟩ |𝜓 ⟩∥

2

=
1
4 (2 + 2Re(⟨𝜓 |𝜙⟩ ⟨𝜙 |𝜓 ⟩))

=
1
4 (2 + 2Re( | ⟨𝜓 |𝜙⟩ |2))

=
1
4 (2 + 2| ⟨𝜓 |𝜙⟩ |2)

=
1
2 (1 + | ⟨𝜓 |𝜙⟩ |

2)

=
1
2 (1 + 𝐹 ( |𝜓 ⟩ , |𝜙⟩)) (7.15)

Similarly, the probability of measuring the ancilla qubit in state |1⟩ is:

𝑃 (1) = 1
2 (1 − 𝐹 ( |𝜓 ⟩ , |𝜙⟩)) (7.16)

Thus, the fidelity between the states can be calculated as:

𝐹 ( |𝜓 ⟩ , |𝜙⟩) = 2𝑃 (0) − 1 = 1 − 2𝑃 (1) (7.17)

This result demonstrates how the quantum SWAP test (with the circuit shown in Figure 7.2)
elegantly transforms the fidelity into a measurable quantity through a simple quantum circuit.
For completeness, it should be noted that the statistical nature of quantum measurements
means that multiple repetitions of the SWAP test are required to estimate the fidelity with
reasonable precision. The variance of this estimate scales as𝑂 (1/

√
𝑀), where𝑀 is the number

of measurement repetitions (commonly referred to as shots), following standard sampling
statistics.

7.3.4. Anomaly Detection with QAEs

The application of QAEs to anomaly detection in HEP follows the same conceptual framework
as classical autoencoders with the reconstruction fidelity serving as the anomaly metric.

Potential advantages of QAEs for anomaly detection include their ability to handle inherently
quantum data that contains complex correlations, in addition to capturing features that classical
autoencoders might miss. Additionally, the intrinsic unitarity of quantum operations leads to a
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Figure 7.2.: Circuit to perform the quantum swap test described in Section 7.3.3. The initial Hadamard gate H
is followed by the cSWAP operation, with the black dot representing the control, or ancillary qubit and the two
crosses denoting the qubit states (in this case, the trash and reference states) which are to be swapped based
on the state of the ancillary qubit. This is followed by the application of another Hadamard gate, and finally a
measurement of the 𝑍 operator expectation value on the ancillary qubit, denoted by the needle gauge, to extract
the value of the quantum fidelity between the two states |𝜓 ⟩ and |𝜙⟩ (see Equations 7.17 and 7.30)

different inductive bias when compared to classical NNs, which might prove to be advantageous
for certain classes of problems [194].

In the context of HEP, QAEs have been successfully applied to jet classification and anomaly
detection tasks, where the quantum circuit learns to distinguish between different jet types
based on their constituent particle properties, or to identify when the jet differs significantly
from the background [7, 8]. These implementations demonstrate the potential of quantum
algorithms as the hardware continues to advance beyond the current NISQ era.

7.4. Classification on Quantum Computers: the Variational
Quantum Classifier (VQC)

Section 7.2.2 introduced the formalism of a QNN. This section quickly introduces how they
can be used to perform the task of classification, for example on jets. The basic idea is the
same as was described for a QAE, in Section 7.3.1. Data is encoded using operations such as
rotations onto a qubit system. This is followed up by a series of entanglement operations
that ensures the network has enough flexibility to share information between qubits and
learn higher order correlations from the features. Thereafter, trainable parameterised unitary
operations are applied, to allow the QNN to reach a state that minimises the given objective.
The final prediction from the QNN is extracted in the form of a measurement of an observable,
usually on one or a set of target qubits. This predicted label is finally optimised to be as close
as possible to the true label of the training input.

The main difference between a QAE and a VQC lies in the training objective, as is also the case
classically. While autoencoders work to minimise the reconstruction loss between the input
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and reconstructed output, a classifier works to minimise an appropriate defined loss between
a predicted label from the network and the true label. The main difference lies in the learning
paradigm, with autoencoders being unsupervised learners that learn to recognise anomalous
patterns in data without labels, whereas classifiers follow the supervised learning paradigm,
requiring the presence of clearly labeled data for training and validation.

In a typical VQC architecture, a quantum state |𝜓in⟩ representing the input data is prepared
through a feature map or encoding circuit𝑈𝜙 (𝑥). This is followed by a variational quantum
circuit𝑈 (𝜃 ) with trainable parameters 𝜃 . The circuit can be expressed as:

|𝜓out⟩ = 𝑈 (𝜃 )𝑈𝜙 (𝑥) |0⟩⊗𝑛 . (7.18)

where |0⟩⊗𝑛 represents the initial state of 𝑛 qubits. The measurement of specific qubits then
provides the classification output. For a binary classification task, the expectation value of a
measurement operator 𝑀̂ (often the Pauli-𝑍 operator on a designated output qubit) is used:

⟨𝑀̂⟩ = ⟨𝜓out |𝑀̂ |𝜓out⟩. (7.19)

The resulting expectation value ⟨𝑀̂⟩ typically lies in the range [−1, 1], which can be rescaled
to [0, 1] for interpretation as a probability via the transform 𝑝 =

⟨𝑀̂⟩+1
2 .

A crucial aspect of VQC design is the circuit architecture, which must balance expressivity with
trainability. The layered ansatz approach is sometimes employed, consisting of alternating
data encoding and variational layers [186, 195]. This architecture is particularly suited for the
NISQ era, where circuit depth is limited by noise and decoherence effects [196].

The most common loss function for training a binary classifier is the Binary Cross Entropy
(BCE):

𝐿BCE = − 1
𝑁

𝑁∑︁
𝑖=1
[𝑦𝑖 log(𝑦𝑖) + (1 − 𝑦𝑖) log(1 − 𝑦𝑖)] (7.20)

where 𝑁 is the number of training samples, 𝑦𝑖 is the true label (0 or 1) for the 𝑖th sample, and
𝑦𝑖 is the predicted probability from the model for the 𝑖th sample belonging to the class 1.

Another choice, although less common is the Mean-Squared Error (MSE):

𝐿MSE =
1
𝑁

𝑁∑︁
𝑖=1
(𝑦𝑖 − 𝑦𝑖)2 (7.21)

The optimisation of parameters 𝜃 presents unique challenges on quantum devices. One
alternative is the usage of classical optimisers, typically in a hybrid quantum-classical approach.
Gradient-based methods such as stochastic gradient descent or Adam can be implemented
using parameter-shift rules to compute gradients on quantum hardware [183].

Key challenges in implementing effective VQCs include the barren plateau problem [197],
whereby gradients vanish exponentially with increasing circuit size, and the robustness of
the classifier against noise. Various mitigation strategies have been proposed, including
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circuit structure optimisation and error mitigation protocols [186]. However, most current
implementations remain as proof-of-concept only due to hardware limitations, although they
do still demonstrate a potential advantage in capturing complex correlations that might be
difficult for classical models to suitably learn.

7.5. The 1P1Q Data Encoding Scheme

The application of QML techniques to jet physics presents unique challenges due to the high-
dimensional nature of jet data and the limited number of qubits available in current NISQ
devices [187]. Existing approaches that attempt to use QML for jet classification or anomaly
detection have predominantly employed two strategies:

• Using pre-computed jet-level features [7, 8, 198], which may discard potentially valuable
information contained in the raw data, or

• Implementing hybrid quantum-classical pipelines where classical NNs first compress the
input features before feeding them into a QNN [199].

The fundamental challenge in quantum data encoding and QML lies in efficiently mapping
classical data to the corresponding quantum states. Standard encoding methods require
increasingly many qubits as the feature dimension increases, while often failing to capture
complex correlations between features. These limitations become prominent when dealing
with jet physics data, where the number of constituents and their associated features can vary
significantly.

7.5.1. Outline

In the forthcoming sections, the 1P1Q encoding scheme is formally introduced, and subse-
quently evaluated using two quantum algorithms: a QAE for unsupervised anomaly detection
(Section 7.3) and a VQC for supervised classification (Section 7.4). A full description of the
datasets used for the training purpose, along with the details of the training process, is pro-
vided. Finally, the results obtained for the two aforementioned tasks are presented. In addition,
benchmarks are set against equivalent and state-of-the-art classical algorithms, and the results
from studies performed to understand and interpret the performance of the 1P1Q approach
are presented.

Through this part of the thesis, the potential of quantum computing to address challenging
problems in jet physics is examined, and it is shown that the 1P1Q approach can offer advantages
in terms of accuracy, interpretability, and computational efficiency compared to existing
methods.

7.5.2. Advantages over Classical and Hybrid Approaches

An encoding like 1P1Q offers several key advantages over traditional approaches:

First, by using constituent-level features directly, the scheme avoids any potential information
loss that occurs when calculating jet-level observables, which are typically derived through
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mathematical operations that may not capture all relevant correlations in the data. This is
particularly important for anomaly detection, where unexpected features might be precisely
what distinguishes signal from background.

Second, unlike hybrid approaches that employ classical NNs for dimensionality reduction
before passing it on to the QML algorithm, 1P1Q preserves the full information content of the
input data. Classical compression steps, while computationally efficient, may inadvertently
discard subtle patterns that could be crucial for distinguishing rare signals. This is similar to the
point made above, except that a classical NN is allowed to learn the best possible discriminating
variables, which can then be used as inputs to the QNN.

Third, 1P1Q offers superior interpretability and far lower parameter complexity compared
to black-box NN approaches. Since each qubit corresponds to a specific jet constituent, the
quantum circuit’s behaviour can be more readily understood, with each unitary transform
allowing one to visualise how the quantum state initially representing the particle changes.
Additionally, a quantum algorithm using such an encoding requires far fewer parameters
compared to a classical model that performs the same task, often by more than 2 orders of
magnitude. With far fewer parameters and easily visualisable intermediate states, one can
use this to gain insights into which constituent particles or properties, or which quantum
operations significantly influence the learning process.

7.5.3. The 1P1Q Approach

The 1P1Q data encoding scheme [200] introduced in this thesis represents a novel approach
designed to address these challenges. As the name suggests, 1P1Q encodes each jet constituent
particle onto its own qubit, establishing a direct correspondence between the physical par-
ticles and their quantum representation. This approach differs fundamentally from existing
methodologies by:

• Preserving the constituent-level information without loss through an intermediate trans-
formation or compression step

• Facilitating interpretability by maintaining a one-to-one mapping between particles and
qubits

In the 1P1Q scheme, each jet constituent’s kinematic properties are encoded into the quantum
state of a single qubit through a systematic application of rotation gates. The constituent-
level features employed in this encoding are the normalised transverse momentum (𝑝T/𝑝T,jet),
relative pseudorapidity (𝜂rel = 𝜂 − 𝜂jet), and relative azimuthal angle (𝜙rel = 𝜙 − 𝜙jet), the latter
two quantities being calculated relative to the jet axis. These fundamental parameters are
selected specifically because they encapsulate the complete kinematic information of each
constituent, from which all higher-level jet features can be subsequently derived. For each
constituent particle within the jet, this information is encoded into one qubit (hence the
nomenclature 1P1Q) as follows:
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Figure 7.3.: The state of a single input qubit corresponding to one jet constituent particle, shown after the first 𝑅𝑌
rotation (blue) and the second 𝑅𝑋 rotation (green), leading to the final input state (black) described in Equation
7.26. The planes in which these rotations occur are highlighted for a clearer understanding.

𝑓 · 𝑝T
𝑝T,jet

· (𝜂 − 𝜂jet) → 𝜃 , (7.22)

𝑓 · 𝑝T
𝑝T,jet

· (𝜙 − 𝜙jet) → 𝜑 , (7.23)

where 𝑓 = 1 + 2𝜋
1 + 𝑒−𝑤 , (7.24)

Subsequently, the angles (𝜃, 𝜑) are utilised as parameters for the unitary rotations 𝑅𝑋 and
𝑅𝑌 : (

𝑝T
𝑝T,jet

, 𝜂rel, 𝜙rel

)
→ |𝜓 ⟩ 𝑗 = 𝑅𝑋 (𝜑)𝑅𝑌 (𝜃 ) |0⟩ 𝑗 , (7.25)

The operations used to construct the 1P1Q encoding are shown in Figure 7.3.

The quantities 𝜂rel and 𝜙rel are typically constrained within the range [−0.8, 0.8] for AK8 jets,
and are subsequently rescaled to the range [−𝜋, 𝜋]. This is because they function principally as
rotation angles whose inherent periodicity can be exploited. An additional trainable parameter
𝑓 (𝑤), constrained to the interval [1, 2𝜋 + 1], is introduced to scale the inputs. This scaling
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Figure 7.4.: Effect of the input scaling factor 𝑓 on two jets, one initiated by a light quark/gluon (blue) and one by
a top quark (red).

factor was determined to be both necessary and effective for the specific implementation of the
VQC, primarily due to the small values of 𝑝T/𝑝T,jet causing jet constituents to cluster in proximity
to the North Pole of the Bloch sphere. The effect of this trainable scaling factor is illustrated
in Figure 7.4, which demonstrates that for two jets possessing comparable momentum, one
initiated by a top quark and the other by a light quark/gluon, the constituent representations
become more distinctly separated on the Bloch sphere, thereby enhancing the discriminative
capability of the VQC. In the particular case of the model-agnostic QAE, which is trained
exclusively on background jets, the trainable scale factor was observed to converge to a value
approximating unity, effectively nullifying its influence.

Each input qubit corresponding to a single jet constituent can, following the 1P1Q encoding
procedure, be represented mathematically as:

(𝑝T/𝑝T,jet, 𝜂rel, 𝜙rel) → |𝜓 ⟩ =
(

cos 𝜃2 cos 𝜑2 + 𝑖
(

sin 𝜃2 sin 𝜑2

))
|0⟩

+
(

sin 𝜃2 cos 𝜑2 − 𝑖
(

cos 𝜃2 sin 𝜑2

))
|1⟩

(7.26)

The complete input space after the encoding process is represented by the tensor product⊗𝑁

𝑗=1 |𝜓 ⟩ 𝑗 , where 𝑁 denotes the number of input particles considered per jet. Hardware
constraints impose restrictions on how high this number can be, since the memory and
computational requirements for a quantum simulator scale exponentially with the number of
qubits present in the system.
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7.5.4. Model Bias

An important consideration in the 1P1Q approach is to have inherent robustness against bias
introduced by the scale of the event and of individual jet constituents. The absolute kinematic
characteristics of jets originating from light quarks or gluons, which are fully described within
the framework of the SM, are expected to differ substantially from those containing exotic
BSM signatures, or even from jets initiated by SM processes such as the top quark decay.
Consequently, any effective method must demonstrate invariance to the absolute value of
the jet’s energy or momentum, as well as to the corresponding properties for individual jet
constituents. Furthermore, the presence of distinctive features in kinematic distributions, such
as peaks in the soft-drop mass𝑚SD, must be appropriately accounted for or decorrelated from
the anomaly metric, as was done for the VAE-QR methodology discussed in Chapter 5.

This bias mitigation is systematically accomplished through two steps:

• As formulated in Equation 7.22, only the relative 𝑝T carried by an individual jet con-
stituent, expressed as a fraction of the total jet 𝑝T, is encoded into the qubit state. This
approach effectively prevents the QNN from being influenced by the presence of high-
momentum individual jet constituents, which naturally occur with greater frequency in
energetic jets, irrespective of their actual origin.

• The kinematic distributions characteristic of jets arising from decays such as 𝑡 → 𝑏𝑞𝑞′

or Z→ 𝑞𝑞′, are inherently distinct from those of jets initiated by light quarks or gluons.
To ensure that the QNN remains unbiased towards the presence of peaks in kinematic
distributions, or more generally, to preclude the network from associating higher energy
signatures with anomalous or signal-like behaviour, jets utilised in the training, validation,
and testing datasets are specifically sampled to have a uniform 𝑝T distribution. This
sampling methodology ensures that the QNN does not erroneously correlate higher
momentum with higher signal probability, even if this might often be the case. The
distributions before and after this sampling are shown in Figure 7.5.

7.6. Jet Datasets

Datasets that have been used in the past for machine learning on jets include:

• The JetNet [201] dataset which contains top-, light- and other heavy quark-initiated
jets,

• The Top Tagging [202] dataset which contains jets from a top quark decay, and those
initiated by light quarks or gluons, and

• The Quark-Gluon [203] dataset containing jets initiated either by a light quark, or gluon.

7.6.1. The JETCLASS dataset

The JetClass dataset [82] is more recent and far larger in scope and size compared to any of
its predecessor datasets used within the HEP community, and is therefore used for the purpose

122



7.6. Jet Datasets

500 600 700 800 900 1000
pT (GeV)

0.000

0.001

0.002

0.003

0.004

0.005

0.006

0.007

Fr
eq

ue
nc

y

q/g jets
Original pT spectrum
pT spectrum after sampling

Figure 7.5.: Effect of the 𝑝T sampling on the input datasets used for training the QAE and the VQC

of this thesis to train and benchmark the 1P1Q approach. A short description is provided
below.

This dataset contains a total of 100M jets divided into 10 classes. The background jets are
those initiated by light quarks or gluons, while jets arising from decays such as, but not limited
to, 𝑡 → 𝑏𝑞𝑞′ and W/Z → 𝑞𝑞′ are treated as signal jets. The production and subsequent
decay of top quarks and W, Z, and Higgs bosons are simulated with Madgraph5_aMC@NLO
at NLO precision [120]. Parton showering and hadronisation processes are simulated in
PYTHIA [117].

To ensure the simulated jets closely resemble those reconstructed by the ATLAS or CMS detec-
tors, these detector effects are simulated with DELPHES [204] using a simplified CMS detector
configuration. Jets are clustered utilising the anti-𝑘T algorithm [39] with a distance parameter
𝑅 = 0.8. As additional criteria, only jets with 𝑝T ∈ [500, 1000] GeV and pseudorapidity |𝜂 | < 2
are stored. For signal jets, additional quality requirements are imposed to ensure they fully
contain the decay products of the initial particles.

7.6.2. The Aspen Open Jets (AOJ) Dataset: Moving to real data

The CMS Collaboration has previously released authentic collision data recorded during the
Run 2 (2016-18) data-taking period. The Aspen Open Jets (AOJ) dataset [205] is derived from
the CMS 2016 JetHT datasets [206, 207] and presented in a structured format specifically
optimised for machine learning applications. Although an extensive description of CMS data
acquisition and processing falls beyond the scope of this thesis, it is important to note that this
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dataset predominantly comprises jets initiated by light quarks or gluons, with contamination
from alternative decay processes such as those involving W/Z bosons or top quarks being less
than 1% of the total sample size. In its entirety, the dataset contains approximately 180M jets
recorded in 2016 with the CMS detector. Within the scope of this thesis, this dataset is used
to prove that the 1P1Q approach is able to learn the underlying physics of a dataset without
being biased by artefacts of the detector simulation process.

7.7. Training Setup for 1P1Q: Datasets and Circuits

As mentioned in Section 7.5.1, the 1P1Q methodology is used to perform the two tasks of
anomaly detection and supervised classification. In each case, the inputs to the circuit are
the 𝑁 highest 𝑝T jet constituents, since these are expected to contain the most information.
Due to computational constraints, the largest circuit used in this thesis contains 𝑁 = 10 input
qubits.

7.7.1. QAEs for Anomaly Detection

The QAE was formally introduced in Section 7.3. In this section, only the specifics of the circuit
used are described. As mentioned above, the input space consists of 𝑁 qubits. Following the
encoding operations of Equation 7.25, the QAE, or rather its encoder (see Section 7.3.1) is
constructed as follows:

• Entanglement operations using CNOT gates with each possible pair of qubits in the input
space being used as the control and target respectively for the CNOT gate. This requires a
total of 1

2𝑁 (𝑁 − 1) operations.

• 3 trainable rotation gates per qubit, these being the 𝑅𝑌 , 𝑅𝑍 and 𝑅𝑋 rotations respectively,
for a total of 3𝑁 operations (and therefore trainable parameters)

The unitary operation describing the encoder of the QAE used in this thesis is shown in Figure
7.6a and can be written down as:

𝑈ENC(Θ) =
(

𝑁⊗
𝑖=1

𝑅𝑋 (𝛿𝑖)𝑅𝑍 (𝛾𝑖)𝑅𝑌 (𝜔𝑖)
)
⊗

( ⊗
1≤𝑖< 𝑗≤𝑁

𝐶𝑖 𝑗

)
, (7.27)

where (𝛿𝑖, 𝛾𝑖, 𝜔𝑖) is the vector of trainable parameters associated with qubit 𝑖 .

As also described in Section 7.3.2, it is not actually necessary to train both the encoder and
decoder components of the QAE. In an equivalent approach, the trash state qubits are optimised
to converge to the |0⟩ reference states. The corresponding loss function is the negative of the
Quantum Fidelity of Equation 7.11, which is calculated using the Quantum SWAP test described
in Section 7.3.3. The choice of trash, latent and reference space dimensions are hyperparameters
that must be optimised to strike the ideal balance between too much surviving information,
and too little. These are subject to the obvious constraints:

𝑁trash + 𝑁latent = 𝑁 (7.28)
𝑁trash = 𝑁ref (7.29)
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For an input of 𝑁 qubits, out of which 𝑁trash are discarded, the total number of qubits required
in the QAE circuit is 𝑁 + 𝑁𝑡𝑟𝑎𝑠ℎ + 1, the last qubit being the ancilla used to perform the SWAP
test. For 𝑁 = 10 qubits and a latent space of only 1, the largest circuit therefore simulated
within the scope of this thesis contained 20 qubits. A smaller circuit containing 4 inputs and a
total of 8 qubits is shown in Figure 7.6a

Equations 7.15 and 7.16 show the probability of the ancilla qubit being in either basis state after
performing the SWAP test. The final fidelity can be extracted by performing a measurement of
the expectation value of the Pauli-𝑍 operator (corresponding to the 𝑍 matrix) on the ancilla
qubit, which proceeds as:

⟨𝜓anc | 𝑍 |𝜓anc⟩ = 𝑃 (0)2 − 𝑃 (1)2

= 𝐹 ( |𝜓 ⟩ , |𝜙⟩) , (7.30)

The QNN is trained to optimise the negative of the quantity shown in Equation 7.30.

7.7.2. VQCs for Supervised Classification

As described in Section 7.4, the VQC is a QNN, similar in structure to the encoder of the QAE.
For an input space consisting of 𝑁 qubits, encoded using the 1P1Q scheme, the following
elements make up the VQC circuit used in this thesis:

• Entanglement operations using CNOT gates on each adjacently numbered pair of qubits,
leading to a total of 𝑁 operations. This was observed to have the best performance for
supervised classification, with the usage of entanglement operations on each possible
pair of qubits leading to a slightly worse performance overall.

• As was the case for the QAE, three parameterised rotations are applied to each qubit, for
a total of 3𝑁 operations.

The unitary operation describing the VQC can be summarised as:

𝑈 (Θ) =
(
𝑁−1⊗
𝑖=1

𝑅𝑋 (𝛿𝑖)𝑅𝑍 (𝛾𝑖)𝑅𝑌 (𝜔𝑖)
)

⊗
(

𝑁⊗
𝑖=0

𝐶𝑖,(𝑖+1) mod 𝑁

)
, (7.31)

Unlike the QAE, the VQC is trained to separate signal from background, and therefore requires
clearly labeled data. These labels 𝑦𝑖 are then compared to the predictions 𝑦𝑖 from the VQC
using the MSE loss function (see Equation 7.21), with the addition of an extra classical bias
term to the prediction from the network, which has been shown to smoothen the output [7].
Once again, it is ultimately the parameters (𝛿𝑖, 𝛾𝑖, 𝜔𝑖), with 𝑖 = 1 . . . 𝑁 that need to optimised
to fulfill the classification objective.

𝑦 = ⟨𝜓target | 𝑍 |𝜓target⟩ + 𝑏 , (7.32)

where |𝜓target⟩ is the target qubit, which in the scope of the thesis is the qubit 0 onto which the
hardest jet constituent is encoded. The VQC circuit with 𝑁 inputs (shown in Figure 7.6b for
𝑁 = 8) contains a total of 3𝑁 + 2 trainable parameters.
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(a) The QAE circuit described in Equation 7.27 for an input of 4
particles, and a latent space of 1 qubit.
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(b) The VQC circuit described in Equation 7.31 is shown here for an
input space of 8 qubits.

7.7.3. Datasets and Training Setup

The datasets used in the scope of this thesis have already been described in Section 7.6. The
specific points regarding each algorithm are as follows:

• QAE: This is trained on up to 10000 jets from the simulated JetClass dataset, each such
jet being initiated by a light quark or gluon. Being an unsupervised learner, the QAE
does not require signal for its training. Its performance is then evaluated on the basis of
its ability to distinguish such light quark or gluon jets from signal jets that are typically
expected to have complex substructure and higher pronginess. Thereafter, the QAE is
also trained on the same number of jets from the AOJ dataset (which contains real data),
and evaluated using signal models from the JetClass dataset (see Section 7.8.1). For the
purpose of evaluation, 10000 jets of each type are used.

• VQC: This is trained on up to 1000 jets from the simulated JetClass dataset as well,
equally subdivided into two classes, one being jets initiated by a light quark or gluon,
and the other being the jets arising from the decay of a top quark 𝑡 → 𝑏𝑞𝑞′. Effectively,
the VQC is a top tagger. Once again, for the purpose of evaluation, 10000 jets of each
type are used.

In each case, the jets used for training, validation and evaluation are sampled (see Section 7.5.4
for the motivation) to have a flat 𝑝T spectrum in the range (500, 1000) GeV, carried out in bins
of width 50GeV, as shown in Figure 7.5.

The circuits are executed using the quantum simulator library Pennylane [208] in Python.
Gradient computation and optimisation of parameters is carried out using the Autograd
library [209] and the Adam optimiser.

7.8. Results

The results obtained using the 1P1Q method are currently available as a preprint [200] on
the arXiv repository. Several figures presented in this section have been adapted from this
preprint. For the purpose of this thesis, the results are categorised into two parts: those derived
from the QAE and those from the VQC. The following subsections elaborate on these results
with detailed analyses of their implications for QML in HEP.
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7.8.1. Anomaly Detection Performance of the QAE

The QAE, as detailed in Section 7.7.3, is trained using both simulated background and real
experimental data. In the absence of a suitable simulation dataset containing exotic BSM
physics signatures, the generation of which exceeded the scope of this thesis, jets produced
by established SM processes and already present in the JetClass dataset were employed as
proxy signals for evaluating the QAE’s anomaly detection capabilities. These processes include:
𝑡 → 𝑏𝑞𝑞′, H→ 𝑏𝑏, H→ 𝑐𝑐 , H→ 𝑔𝑔, W→ 𝑞𝑞′ and Z→ 𝑞𝑞′. The selection of these particular
processes is justified by their characteristic multi-prong signatures, which exhibit substructure
patterns distinct from the predominantly one-prong substructure observed in jets initiated
by light quarks or gluons (constituting the background sample). This inherent topological
difference provides an appropriate testing ground for assessing the discriminative power of
the QAE.

These evaluations yield several significant observations:

• The QAE demonstrates strong performance as an anomaly detection tool, exhibiting
varying degrees of discriminatory power across all investigated signal categories against
the background comprised of light quark- or gluon-initiated jets. This performance
variation correlates with the distinctive substructure characteristics of each signal type,
with the highest performance being observed for the three-pronged top quark decay.
Figure 7.7 presents a comparative analysis of the performancemetrics for QAEs trained on
background simulation and experimental data, quantified through the AUC metric. The
observed separation capability confirms the QAE’s potential for identifying anomalous
jet patterns with complex multi-pronged substructure.

• The results presented here are furthermore, to the best of the authors’ knowledge, the first
application of a QNN architecture to experimental data recorded by the CMS Detector.
Notably, the QAE maintains consistent performance levels when tasked with distinguish-
ing between simulated signal jets and experimental data predominantly composed of
light quark or gluon jets. This consistency substantiates the robustness of the 1P1Q
encoding methodology against potential biases introduced through detector simulation
processes, a critical consideration for practical applications in experimental settings.

• Furthermore, the QAE trained exclusively on experimental data exhibits negligible sepa-
ration capability between real data and simulated background samples, as evidenced by
the loss distributions shown in Figure 7.8. This observation corroborates the unbiased
nature of the quantum encoding, suggesting that the representation learned by the QAE
correspond to genuine physical characteristics rather than simulation artefacts. Such
performance consistency across simulated and experimental domains provide a clearer
pathway to deployment in real-world anomaly detection scenarios.

These findings collectively demonstrate the viability of quantum machine learning algorithms,
specifically using the 1P1Q encoding and the algorithms described in this thesis, for anomaly
detection in HEP. These results suggest potential advantages for identifying unknown BSM
phenomena in future analyses of CMS data.

The QAE was trained for several choices of input qubits and latent space dimension. The
improvements when increasing the number of particles beyond 6 are found to be marginal, but
non-zero, which is to be expected since a large part of the information is expected to be carried
by the hardest jet constituents. However, a larger number of jet constituents are expected to
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(a) Performance of the QAE trained on simulated MC background
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Figure 7.7.: Performance of a QAE with 10 input qubits and a latent space of 2 qubits, trained on simulated
background (left) and real data (right).
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Figure 7.9.: AUC vs (1-Fidelity) (see Equation 7.11) for QAEs trained on 6,8 and 10 input particles respectively, on
both real data (dotted) and simulated background (dashed). The middle ground is found to exist at a latent space
dimension of 2

allow the algorithm to model the jet substructure more accurately, which explains the slight
increase in performance. The best performance for all choices of input particle number, was
found to be with a latent space corresponding to 2 qubits, which strikes an adequate balance
between too much information (corresponding to higher reconstruction fidelity values) and
too little (corresponding to lower reconstruction fidelity values). For 𝑁 = 6, 8, 10 qubits, these
results in terms of the metric AUC are presented in Figure 7.9. The best performing model is
therefore the one with 10 input qubits and a latent space dimension of 2, which is therefore
the one for which all other results are shown in this thesis.

7.8.1.1. Classical Benchmark for the QAE

The QAE employed in the 1P1Q approach is benchmarked against a classical autoencoder
architecture, as described in Section 4.6. This classical implementation comprises two distinct
DNNs functioning as the encoder and decoder respectively. These networks perform sequen-
tially a dimensionality reduction and subsequently a reconstruction of the input jet constituent
kinematics.

For a configuration with 𝑁 input jet constituents (corresponding to 𝑁 input qubits in the
QAE), the classical autoencoder requires 3𝑁 input nodes, representing the three-dimensional
kinematic vectors (𝑝T, 𝜂, 𝜙) of each jet constituent. To maintain methodological equivalence
and ensure a fair comparison between architectures, the classical autoencoder’s latent space
incorporates 3 nodes for each qubit in the QAE’s latent representation.

The encoder component of the classical architecture implements a DNN with three hidden
layers that progressively reduce dimensionality through a 20-16-12 node configuration, leading
up to the latent space representation. Correspondingly, the decoder performs the inverse
transformation through three hidden layers with a 12-16-20 node structure, ultimately restoring
the original input dimensionality. Training of the classical autoencoder proceeds through
minimisation of the Mean Squared Error (MSE) between input and output jet representations,
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both expressed as flattened arrays of shape (3𝑁, ). Identical feature sets are utilised for both
the quantum and classical training procedures.

Performance evaluation, quantified through the AUC metric, is summarised in Table 7.1
for multiple benchmark signal processes. These results demonstrate that the QAE, despite
possessing only 31 trainable parameters, consistently outperforms its classical counterpart,
which incorporates approximately O(3000) trainable parameters.

Table 7.1.: Comparison of anomaly detection performance (AUC) between the QAE and the Classical Autoencoder
(CAE) across various signal processes.

Model Signals
𝑍 → 𝑞𝑞 𝑊 → 𝑞𝑞 𝐻 → 𝑔𝑔 𝐻 → 𝑏𝑏 𝐻 → 𝑐𝑐 𝑡 → 𝑏𝑞𝑞

QAE 0.715 0.715 0.729 0.774 0.810 0.872
CAE 0.676 0.675 0.740 0.739 0.767 0.858

This performance disparity underscores a fundamental advantage of quantum approaches
in this domain. The QAE achieves superior discrimination capabilities with approximately
two orders of magnitude fewer parameters than its classical counterpart (32 vs O(3000)),
suggesting significantly enhanced parameter efficiency. This remarkable result derives from
the quantum architecture’s inherent ability to exploit high-dimensional Hilbert spaces and
quantum phenomena such as superposition and entanglement to capture complex data patterns.
Beyond performance metrics alone, the QAE’s reduced parameterisation offers substantial
advantages in terms of model interpretability and visualisation. With fewer parameters,
the quantum operations can be more readily visualised and understood, facilitating deeper
understanding of the learning process. This interpretability advantage contrasts with classical
DNNs, which often function as effective but opaque "black boxes" due to the large number of
parameters contained therein. Additionally, the parameter efficiency demonstrated here holds
particular promise for deployment in environments where computational efficiency is of great
importance. Ultimately, approaches using QML may offer significant practical advantages for
anomaly detection in HEP beyond simple performance improvements.

7.8.2. Supervised Classification Performance of the VQC

The VQC implemented in this work functions as a specialised jet classifier, colloquially termed
a top tagger, which is trained to discriminate between jets originating from top quark decays
(characterised by their distinctive three-pronged substructure) and those initiated by light
quarks or gluons (typically exhibiting a simple one-pronged topological structure). While
Section 7.7.3 presents a comprehensive description of the training methodology and datasets
employed, this section focuses exclusively on the experimental results and their implications
for the usage of QML in jet classification.

For rigorous evaluation of the VQC’s efficacy, a comparison is conducted against the current
state-of-the-art classical jet classification model, ParticleTransformer [82]. Although Parti-
cleTransformer was originally designed as a multi-class classifier capable of simultaneously
differentiating up to 10 distinct jet categories, it is constrained to function as a binary classifier
in this comparative analysis to maintain parity with the VQC. Furthermore, to ensure a fair
comparison based on equivalent input information, the ParticleTransformer is restricted
to utilise only the four-momentum components (𝑝𝑥 , 𝑝𝑦, 𝑝𝑧, 𝐸) of jet constituents, although its
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conventional implementation makes use of several additional features such as charge and
particle IDs. Both models are trained on an identical and computationally less intensive dataset
of 1000 jets, ensuring comparability of results.

The performance evaluation employs two complementary metrics. First, the AUC provides
an assessment of classification performance across the range of threshold values. Second, the
background rejection factor at a specified signal efficiency, denoted as REJX [82], is calculated
according to:

REJX =
1

FPR , at TPR = X%, (7.33)

where FPR represents the False Positive Rate and TPR denotes the True Positive Rate. This
metric quantifies the classifier’s ability to reject background jets while maintaining a specified
level of signal efficiency, a crucial performance indicator for practical HEP applications where
obtaining high signal purity is often important.
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Figure 7.10.: Receiver Operating Characteristic (ROC) curves comparing the performance of the VQC and Par-
ticleTransformer for top quark jet identification. The comparable performance is achieved despite the VQC
having approximately five orders of magnitude fewer parameters. Also highlighted is the high signal efficiency
region where the VQC demonstrates superior background rejection.

The results yield several insights regarding the 1P1Q approach when used for supervised
classification:

• The VQC demonstrates robust performance as a top-tagger, achieving an AUC of 0.887.
This performance metric exceeds that attained by the QAE for top quark decay jet identifi-
cation, a predictable outcome considering the VQC’s supervised learning paradigm, which
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benefits from seeing both background and signal samples during training, enhancing its
classification capabilities relative to unsupervised algorithms.

• Perhaps more remarkable is the VQC’s competitive performance relative to the Parti-
cleTransformer, as illustrated in Figure 7.10. This competitive capability is achieved
despite a stark disparity in model complexity—the VQC incorporates merely 32 trainable
parameters, in contrast to the transformer-based architecture’s extensive parameter-
isation of O(106) parameters. This five-order-of-magnitude reduction in parameter
count represents a transformative advantage for model interpretability, computational
efficiency, and potential hardware implementation.

• The VQC’s performance advantage becomes particularly pronounced in the high signal
efficiency regime, where it marginally surpasses the ParticleTransformer. Specifically,
at a signal efficiency of 90% (a practical choice of the working point), the VQC achieves
a background rejection factor (REJ90) of 4.488, exceeding the ParticleTransformer’s
value of 3.890. This performance in the high efficiency regime suggests that the quantum
approach may potentially offer advantages in scenarios where maintaining high signal
purity is important.

These findings, from both the QAE and the VQC underscore the considerable potential of QML
in HEP. The VQC’s ability to achieve, and in specific regimes, even exceed the performance of
a highly sophisticated classical model while utilising far fewer parameters suggests a funda-
mental advantage in the quantum approach to feature extraction and subsequent classification.
This efficiency furthermore translates to enhanced interpretability, and potentially mitigates
overfitting risks, enabling effective training with smaller datasets.

7.9. Closing Studies: Feature Ablation

The efficacy of QML architectures is significantly influenced by both the data encoding strategy
and the quantum circuit architecture. To rigorously evaluate the 1P1Q encoding methodology
employed in the QAE and VQC implementations, a systematic feature ablation analysis was
conducted. This investigation quantifies the contribution of individual kinematic features to
the overall performance, and demonstrates the optimal usage of all features by the QNNs.

The ablation procedure proceeds by excluding specific particle features from the encoding
scheme and observing the resultant impact on performance. When eliminating an angular
variable such as 𝜂 or 𝜙 from the encoding, the corresponding rotation gate is entirely removed
from the quantum circuit (see Equation 7.25). In the case of the 𝑝T ablation, the scaling factor
𝑓 (see Equations 7.22 and 7.23) is replaced with a constant value of 1.

Table 7.2.: Performance comparison (AUC scores) for different input feature combinations in the QAE and VQC
models. The benchmark signal is 𝑡 → 𝑏𝑞𝑞. Both models were trained using 10,000 simulated jets from the
JetClass dataset.

Model Inputs
(𝑝T, 𝜂, 𝜙) (𝑝T, 𝜂) (𝜂, 𝜙) (𝑝T, 𝜙)

QAE 0.872 0.825 0.823 0.827
VQC 0.886 0.851 0.808 0.857
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As illustrated in Table 7.2, the omission of any individual kinematic feature results in a mea-
surable degradation of classification performance for both quantum models. This degradation
exhibits model-specific patterns that provide insight into the feature utilisation mechanisms of
the respective architectures. The most pronounced performance reduction is observed when 𝑝T
is excluded, more so in the case of the VQC. The ROC curves corresponding to these ablation
studies for the VQC are presented in Figure 7.11. Interestingly, this performance degradation
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Figure 7.11.: ROC curves comparing the performance of the VQC for different sets of input features. A gradual
drop in performance is observed when features are dropped, with the most significant reduction coming from the
exclusion of 𝑝T information.

appears less severe across features in the QAE compared to the VQC. This is hypothesised
to stem from the QAE’s inherent compression mechanism, which potentially facilitates a
more balanced utilisation of all input features through the distribution of information across
entangled quantum states.

These studies highlight the particular significance of 𝑝T information in jet classification or
anomaly detection tasks. Furthermore, they demonstrate that the 1P1Q encoding methodology
effectively captures complementary information from both momentum and angular variables.
The consistent pattern of performance degradation observed across both quantum models
upon feature reduction substantiates the suitability and information efficiency of the 1P1Q
encoding scheme for high-energy physics applications.

These findings suggest that optimal performance in quantum jet classification necessitates
the complete triplet of kinematic features (𝑝T, 𝜂, 𝜙). Therefore, a comprehensive encoding
approach like 1P1Q ensures that the QNNs can utilise all available information for both
supervised and unsupervised tasks.
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7.10. Outlook for QML in HEP

The results presented in this thesis demonstrate that QML techniques offer promising avenues
for future HEP analyses. It has been shown that an intuitive encoding strategy like 1P1Q,
when coupled with quantum circuit-based algorithms, can produce powerful tools for both
anomaly detection and supervised classification. These approaches achieve competitive or
superior performance compared to classical counterparts while utilising significantly fewer
parameters, thus enhancing interpretability and computational efficiency. The inherent ability
of quantum circuits to exploit the geometric nature of input data is particularly advantageous
for jet physics applications, where the spatial and kinematic relationships between particles
contain important information. Quantum operations naturally preserve these relationships
through unitary transformations, enabling effective feature extraction and pattern recognition
in high-dimensional data.

Despite these encouraging results, substantial work remains to be undertaken regarding the
fundamental understanding of the learning processes within parameterised quantum circuits.
The interpretability of quantum operations and their relationship to physical observables
requires further theoretical development. Additionally, the optimisation landscapes of vari-
ational quantum circuits require a rigorous characterisation to address challenges such as
barren plateaus and local minima that can hinder the training process. As quantum hardware
continues to evolve and error mitigation techniques improve, the practical implementation
of QML algorithms in HEP will become more and more viable. The confluence of quantum
computing and experimental HEP lays the ground for interdisciplinary research that may
ultimately transform how physics analyses are conducted in the post-NISQ era.

The work presented here in this thesis is also available as a preprint [200] on arXiv, currently
undergoing peer review for publication. Two master theses [210, 211] have also been written
as part of this project.
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8. Conclusion

This thesis presents two novel approaches for applying Machine Learning (ML) in High Energy
Physics (HEP), demonstrating the potential of both classical and quantum algorithms for
discovering new physics at the LHC. The first part introduces the Variational Autoencoder-
Quantile Regression (VAE-QR) methodology, a model-agnostic approach for searching for
resonant anomalies in dijet events recorded by the CMS detector at

√
𝑠 = 13 TeV during

Run 2 of the LHC. The VAE is trained exclusively on jets from dijet events in a control
region dominated by QCD multijet background events. Notably, this is a fully data-driven
approach that does not require the usage of any MC simulation. When applied to events in
the signal region, the reconstruction score serves as the basis for constructing an anomaly
metric that is decorrelated from the dijet invariant mass (𝑚jj) using a DNN-based QR approach.
A comprehensive search for resonant anomalies performed over the 𝑚jj range from 1.8 to
6 TeVreveals no significant deviations from the Standard Model (SM) expectation, with the
highest observed local significance being 2.3𝜎 at 4.9 TeV. Subsequently, exclusion limits are set
on a diverse range of signal models of the form 𝐴→ 𝐵𝐶 , where a heavy resonance 𝐴 decays
to two lighter particles 𝐵 and 𝐶 with complex topologies ranging from 1 + 2 prong to 6 + 6
prong structures. Almost all of these benchmark signals on which exclusion limits are set
represent the first such limits obtained at the CMS Experiment, with these groundbreaking
results now published in the journal Reports on Progress in Physics [51]. The limits obtained and
the expected sensitivities to a broad range of signal models are shown to be substantially better
than those from the inclusive search, where no anomaly detection cut is applied. Furthermore,
all methods part of this analysis, including the VAE-QR approach presented in this thesis,
demonstrate superior performance compared to traditional substructure variable-based cuts,
establishing it as a powerful new tool for Beyond the Standard Model (BSM) physics searches.
The intrinsically model-agnostic and data-driven nature of the VAE-QR method enables its
application to a far broader class of signal models than demonstrated here, with preliminary
studies indicating sensitivity to broad-width resonance signals as well. Figure 8.1 for example,
shows the most anomalous event, in terms of the VAE-QR anomaly score, as recorded during
the Run 2 data taking period of the CMS Detector.

The second part of this thesis introduces a Quantum Machine Learning (QML)-based ap-
proach to anomaly detection in HEP, with the 1P1Q encoding scheme that maps individual
jet constituent information onto two-level quantum states (qubits) through quantum unitary
operations. The powerful performance of this encoding is demonstrated through two quantum
algorithms: the Quantum Autoencoder (QAE) for anomaly detection and the Variational Quan-
tum Classifier (VQC) for binary classification. The QAE, trained on jets initiated by light quarks
or gluons with single-pronged topology, demonstrates superior performance compared to a
benchmark classical autoencoder across a wide range of signal models, despite utilising only
O(1%) of the trainable parameters. Specifically, with ten jet constituents and a training sample
of ten thousand jets, the QAE achieves an Area Under the Curve of 0.872 for distinguishing
top quark-initiated jets from light quark- or gluon-initiated jets, compared to 0.858 for the clas-
sical autoencoder. The VQC demonstrates competitive performance for binary classification
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between top quark-initiated and light quark- or gluon-initiated jets, achieving an AUC of 0.886
with merely thirty-two trainable parameters, each such parameter corresponding to a rotation
visualisable in three-dimensional space. In comparison, the state-of-the-art ParticleTrans-
former algorithm [82] against which it is benchmarked, contains O(106) trainable parameters.
Notably, the VQC is able to exceed the performance of the ParticleTransformer in the high
signal efficiency region (> 80%), whilst offering substantially enhanced interpretability. The
results presented in this thesis are currently available as a preprint [200] and are, as of June
2025, undergoing peer-review for publication in a journal.

These results underscore the potential of machine learning, both classical and quantum, for
future analyses in HEP, particularly within LHC experiments such as the CMS Experiment.
Unsupervised machine learning techniques serve as a powerful complementary approach to
traditional dedicated searches for BSM physics phenomena. Unlike targeted searches that are
optimised for specific theoretical models and signatures, these data-driven methods require
minimal assumptions about the signal characteristics, enabling them to probe a substantially
broader phase space. This model-agnostic nature allows unsupervised approaches to potentially
identify any statistically significant deviation from SM predictions, regardless of whether such
deviations correspond to theoretically motivated scenarios or represent entirely unexpected
phenomena. While dedicated searches remain essential for testing specific theoretical predic-
tions with optimal sensitivity, unsupervised methods cast a safety net against the possibility
that new physics might manifest in ways other than those anticipated by current theoretical
frameworks. The synergy between these complementary approaches, the first being targeted
searches providing deep sensitivity to specific models and the second being unsupervised
methods offering broad coverage across the entire accessible phase space, together serve to
maximise the discovery potential for BSM physics at the LHC.

The inherent limitations of Noisy Intermediate-Scale Quantum devices present significant
obstacles to the practical implementation of QML algorithms. These hardware constraints
include low coherence times, errors in gate fidelity, and the presence of quantum noise,
which collectively degrade the performance of quantum circuits. This necessitates the usage
of complex error mitigation strategies to maintain adequate accuracy. The optimisation
landscape of quantum NNs is not completely understood, with phenomena such as barren
plateaus hampering the training convergence of QML algorithms. Additionally, the nature
of current hardware and the overhead associated with error correction protocols limit the
depth and complexity of QML models that can be feasibly implemented on near-term quantum
devices. These challenges, combined with the high operational costs of quantum hardware,
make the deployment of QML algorithms on current devices technically and economically
prohibitive for most applications. At the same time, QML promises exponential speedup and
dramatic reductions in parameter complexity, along with far greater interpretability compared
to classical ML approaches, particularly in the post-NISQ era. This advantage could prove
crucial as detector granularity and data rates continue to increase at future colliders, where
the computational demands of classical algorithms may become prohibitive. The application
of such advanced machine learning algorithms to the analysis of data arising from current
and future particle collider experiments, with their unprecedented energies and luminosities,
presents an exciting frontier for discovering new physics that may lie beyond the SM.
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Figure 8.1.: The most anomalous event of Run 2 (2016-18) at the CMS Experiment, as identified by the VAE-QR
algorithm presented in this thesis.
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A. Appendix: Computing

A.1. Backpropagation Algorithm

The backpropagation algorithm [78, 212] is the cornerstone of training NNs. It efficiently
computes the gradient of a scalar loss function L with respect to every parameter (weights
𝑊 (ℓ) and biases b(ℓ)) by repeatedly applying the chain rule. Those gradients are then used by
an optimiser routine such as Adam to update the parameters by minimising L.

Consider a feed-forward NN with 𝐿 layers. We adopt the column-vector convention whereby
activations a(ℓ) ∈R𝑛ℓ and weight matrices𝑊 (ℓ) ∈R𝑛ℓ×𝑛ℓ−1 . Backpropagation proceeds in four
steps:

• Forward pass: propagate the input x through the network and cache the pre-activations
z(ℓ) and activations a(ℓ) :

a(0) = x, (A.1)
z(ℓ) =𝑊 (ℓ)a(ℓ−1) + b(ℓ), ℓ = 1, . . . , 𝐿, (A.2)
a(ℓ) = 𝜙 (ℓ)

(
z(ℓ)

)
, ℓ = 1, . . . , 𝐿, (A.3)

where 𝜙 (ℓ) is the element-wise activation function of layer ℓ .

• Backward pass: propagate the derivative term 𝜹 (ℓ) ≡ 𝜕L/𝜕z(ℓ) from the output layer
back to the input:

𝜹 (𝐿) = ∇a(𝐿)L ⊙ 𝜙′(𝐿)
(
z(𝐿)

)
, (A.4)

𝜹 (ℓ) =
(
𝑊 (ℓ+1)

)⊤
𝜹 (ℓ+1) ⊙ 𝜙′(ℓ)

(
z(ℓ)

)
, ℓ = 𝐿 − 1, . . . , 1. (A.5)

• Gradient computation: for each layer, compute as follows -

𝜕L
𝜕𝑊 (ℓ)

= 𝜹 (ℓ)
(
a(ℓ−1) )⊤, (A.6)

𝜕L
𝜕b(ℓ)

= 𝜹 (ℓ), (A.7)

which, for a mini-batch of size𝑚, is then averaged over the𝑚 examples.

• Parameter update: e.g. stochastic-gradient descent with learning rate 𝜂:

𝑊 (ℓ) ←𝑊 (ℓ) − 𝜂 𝜕L
𝜕𝑊 (ℓ)

, b(ℓ) ← b(ℓ) − 𝜂 𝜕L
𝜕b(ℓ)

. (A.8)

These steps are then repeated for each epoch until convergence or a stopping criterion is
met.
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B. Appendix: CMS-EXO-22-026

B.1. Trigger Efficiency Plots

The triggers used to select events have different efficiencies depending on the year the data
was recorded. The goal is to select interesting events containing highly energetic jets as can be
seen in the trigger efficiency distributions of Figure B.1 as a function of𝑚jj and jet soft-drop
mass𝑚SD

B.2. Signal Injection Bias Studies

To validate the robustness of the VAE-QR methodology and quantify its sensitivity, comprehen-
sive bias tests are performed using the mock MC QCD dataset with an integrated luminosity
of 26.8 fb−1. The tests involve injecting signals of increasing cross-section into the dataset used
for the QR training (on MC) to verify exactly two crucial assumptions:

• the background shape remains unaffected by the presence of signal

• subsequent fits can recover the signal that was injected (see Figures B.3a,B.3b and B.3c)

The benchmark signal model employed is an 𝑋 → 𝑌𝑌 ′ resonance with 𝑀𝑋 = 2 TeV, and
two configurations of daughter particle masses: a more boosted scenario with𝑀𝑌 = 80 GeV,
𝑀𝑌 ′ = 170 GeV, and a less boosted scenario with 𝑀𝑌 = 400 GeV, 𝑀𝑌 ′ = 170 GeV. The
significance of the signal is evaluated across a range of injected cross-sections, with p-value
scans shown separately for each anomaly category as well as for their combination.

The results shown in Figure B.2 demonstrate that the k-fold procedure described in 5.6.2.1 is
able to mitigate any potential biases that could arise from the presence of signal. It also makes
a convincing case for the necessity of the three-category limit setting procedure compared to
both the inclusive dijet fit and a single-category analysis. It is seen that for the less boosted
signal configuration (𝑀𝑌 = 400 GeV,𝑀𝑌 ′ = 170 GeV), the jets from the decay are less likely
to merge, creating more complex event topologies that are captured differently across the
anomaly categories. The tighter quantile regions preferentially select events where the two jets
exhibit greater merging, resulting in a sharper signal shape compared to the looser selections.
This difference in responses across categories justifies the limit setting procedure described in
Section 5.8.8, as it enables the analysis to substantially enhance the overall statistical power of
the search. The corresponding fits for the three categories used in the limit setting procedure
are shown in Figures B.3a,B.3b and B.3c.
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Figure B.1.: Trigger Efficiency for each year as a function of𝑚jj and either leading (left) or subleading (right) jet
mass
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(a) (b)

Figure B.2.: p-value scans for the injected signal 𝑀𝑋 = 2 TeV with two different decay product masses 𝑀𝑌 =

80 GeV,𝑀𝑌 ′ = 170 GeV (left) and𝑀𝑌 = 400 GeV,𝑀𝑌 ′ = 170 GeV (right)

(a) Signal+Background Fit for the events ly-
ing in the category between the 90th and 95th
percentiles. The aforementioned signal model
being injected into the MC QCD dataset with
a cross-section of 0.25 pb corresponding to a
expected significance of about 6.5𝜎

(b) Signal+Background Fit for the events ly-
ing in the category between the 95th and 99th
percentiles.

(c) Signal+Background Fit for the events ly-
ing in the category above the 99th percentile

Figure B.3.: Signal + Background fits in the three categories, with an injected signal

B.3. Other methods in CMS-EXO-22-026

The analysis CMS-EXO-22-026 contained a total of 5 anomaly detection methods, out of which
the VAE-QR method is the focus of this thesis. The other methods are described briefly in this
Appendix.

The first three methods: CWoLa Hunting, TNT and CATHODE follow the paradigm of weak
supervision, which must be understood first. In the supervised paradigm, one possesses clearly
labelled datasets where the nature of each event, whether signal or background, is exactly
known. On the other hand, one could instead have two datasets, as shown in Figure B.4, where
the exact nature of individual events is unknown, but the relative proportions of signal and
background differ between the two datasets.
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For weak supervision in the classification context, it is not necessary to know the exact
proportions of background and signal in the datasets. It is only required that there are two
mixed datasets with different fractions of signal and background [213]. In the fully supervised
case, this reduces to a special case where one dataset contains 100% signal events and another
contains 100% background events, and the network learns to distinguish between these pure
samples.

According to the Neyman-Pearson lemma, the optimal classifier for distinguishing between
two hypotheses is the likelihood ratio [214]. It can be demonstrated that the optimal classifier
for distinguishing between two mixed datasets with different signal-background compositions
is monotonically related to the optimal classifier for distinguishing between pure signal and
background samples [213]. This means that in the limit of sufficient statistics in the mixed sam-
ples, a classifier trained to distinguish between mixed datasets can converge to the performance
of a fully supervised classifier.

In the particle physics context, this approach is particularly valuable as the available data
can be split into a signal-enriched region (SR), and a signal-depleted sideband. A classifier
can be trained to distinguish between these two regions, and under appropriate conditions,
this would optimally converge to the same performance as a classifier trained to distinguish
between unambiguously labelled signal and background events. This approach has proven
effective in data-driven analyses, where the usage of simulated signal samples is undesirable,
as is often the case when searching for unknown physics phenomena.

: SIGNAL

: BACKGROUND

CLASSIFIER

Figure B.4.: Illustration of the weak supervision paradigm. Instead of having purely labelled signal and background
samples as in the supervised case, weak supervision utilises two mixed samples with different signal fractions. A
classifier trained to distinguish between these mixed samples approximates a classifier trained on pure samples.

The remaining methods that are part of the analysis are now described below:

• CWoLa Hunting: This approach combines weakly supervised classifier training with
the assumption of a resonant signal. A signal mass window in𝑚jj is selected to define a
signal region (SR), while two sidebands on either side of that mass region serve as the
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background region. A classifier is trained to distinguish between these two groups of
events using the weakly supervised method. This procedure is repeated for different
signal mass windows to cover the full𝑚jj range, as detailed in Table B.1. If a narrow-width
resonant signal is present, it will be localised in a particular mass region, and the SR will
contain the majority of the anomalous signal events compared to the sidebands. The
classifier would then learn to tag these events.

An important consideration is that the features used for classification must not be corre-
lated with𝑚jj to prevent sculpting of the mass distribution. This is done by reweighting
events in the two sidebands of higher and lower mass respectively, to have equal weights.
On top of that, events in the signal region are reweighted to be of equal weight as the
sidebands. The input features used in the CWoLa Hunting approach include:

– 𝑚SD: Soft-drop mass of the jet

– 𝜏21 → N-subjettiness ratio 𝜏2/𝜏1

– 𝜏32 → N-subjettiness ratio 𝜏3/𝜏2

– 𝜏43 → N-subjettiness ratio 𝜏4/𝜏3

– 𝑛PF: Number of PFCands in the jet

– LSF3 →: Les Houches angularity variable

– DeepB: B-tagging discriminator

The CWoLa Hunting approach used in this analysis employs two per-jet classifiers instead
of an event classifier, with these classifier scores being combined thereafter to obtain a
final event-level anomaly score.

• TNT: This method specifically targets signals where both jets in the event are anomalous,
and operates through an autoencoder-based preselection strategy. The same features
and signal region plus sideband definitions (as detailed in Table B.1) are utilised for the
TNT method as were employed for CWoLa Hunting.

In TNT, as for CWoLa hunting, two jet-level autoencoders are trained. For each event,
the two jets are labelled as J1 and J2. Unlike the original implementation [215] where the
heavier and lighter jets were explicitly identified, in this analysis the J1 and J2 labels are
randomly assigned to the two jets in each event. The autoencoders are trained on the𝑚jj
sidebands, for each considered signal region, and then used to compute reconstruction
scores for each jet, with higher scores indicating potential anomalies.

The jets can then be labeled as background-like or signal-like, based on what percentile of
the autoencoder reconstruction score they lie in. Specifically, jets from each signal region
with reconstruction scores in the top 20% are classified as signal-like, while those in the
𝑚jj sideband, or in the SR with scores in the bottom 40% are classified as background-like.
These jets are then combined to create signal-enriched and signal-depleted jet datasets,
which are subsequently used to train a weak classifier, following a similar approach to
that used in CWoLa Hunting.
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• CATHODE: The primary goal is to learn the likelihood ratio between signal and back-
ground probability distributions, defined as:

𝑅( ®𝑥) =
𝑝sig+bkg( ®𝑥)
𝑝bkg( ®𝑥)

(B.1)

CATHODE [216] employs a sophisticated density estimation technique to construct a
background model for each signal region, using the background density in the sidebands.
In the first step, it uses normalising flows to learn the background density distribution.
This is achieved by mapping the background density in the sideband (SB) to a normalising
flow probability density, which can smoothly transform between different probability
distributions.

The following input features are used:

– Leading jet mass𝑚 𝑗1

– Sub-leading jet mass𝑚 𝑗2

– Mass difference Δ𝑚 𝑗1 𝑗2 = |𝑚 𝑗1 −𝑚 𝑗2 |

– N-subjettiness ratio 𝜏41 for both jets

Having learnt 𝑝bkg(𝑥 |𝑚jj ∉ SR), events can be sampled to obtain 𝑝bkg(𝑥 |𝑚jj ∈ SR).
Thereafter, a classifier can be trained to distinguish between these synthetic events and
actual events in the signal region which have the underlying distribution 𝑝sig+bkg(𝑥 |𝑚jj ∈
SR), effectively creating an anomaly detection metric, as was done for CWoLa Hunting
and TNT. An additional version of CATHODE, named CATHODE-b that uses the b-
tagging DeepCSV score of each leading jet is also included in the analysis, and is observed
to have higher sensitivity to processes which produce b-jets.

• QUAK: This can best be described as a semi-supervised method, since it requires the
usage of signal and backgroundMC simulation for training. The QUAK anomaly detection
method [217] utilises supervised training directly on simulated signals and background
samples without intermediate generative models. A total of 6 normalizing flows are
trained on a mixture of Monte Carlo signal simulations, with the following masses of
the decay products B and C for the decay 𝐴→ 𝐵𝐶: (80,80), (80,170), (80,400), (170,170),
(170,400), and (400,400) GeV. Input features include: 𝜌 =

𝑚1
𝑝T
, n-subjettiness ratios 𝜏21, 𝜏32,

and 𝜏43, a modified subjettiness ratio 𝜏𝑠 =
√
𝑚21
𝑚1

, the DeepB tagger score, and the number
of jet constituent PFCands (𝑛PF). Another normalising flow is then trained to learn the
background MC distribution. QUAK produces a two-dimensional anomaly score using
the negative log-likelihood losses of the normalising flow trained on background and the
combination of those trained on the mixture of signal priors (using an L5 norm). Prior
to performing a selection, the losses are decorrelated from𝑚jj to ensure they have an
approximately Gaussian distribution. Thereafter, for each mass hypothesis𝑚H that is
tested, an SR and a sideband is defined, with the sideband serving as the background
template. Finally, events are selected using a background-excluding contour constructed
by binning this 2D loss space using polar coordinates, and selecting the least populated
bins in the SR iteratively until a specified number of events have been selected. These
selected events can then be used for the common bump-hunt and limit setting procedure.
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Table B.1.: Signal regions used by the weakly supervised methods, the resonance masses considered with each
bin, the efficiency of the anomaly score cut, and the number of data events in the bin after pre-selection (before
any anomaly score cut).
Bin Name Range ( GeV) Eff. Cut Signal Masses ( GeV) Num. data events

A0 1350-1650 - - 13.8M
A1 1650-2017 1% 1800, 1900 4.5M
A2 2017-2465 1% 2200, 2300 1.4M
A3 2465-3013 1% 2600, 2700, 2800 400k
A4 3013-3682 3% 3200, 3300, 3400, 3500 100k
A5 3682-4500 3% 3900, 4100, 4200, 4300 22k
A6 4500-5500 5% 4800, 4900, 5000, 5100, 5200 3.9k
A7 5500-8000 - - 479
B0 1492-1824 - - 6.6M
B1 1824-2230 1% 2000, 2100 2.1M
B2 2230-2725 1% 2400, 2500 630k
B3 2725-3331 1% 2900, 3000, 3100 170k
B4 3331-4071 3% 3600, 3700, 3800 42k
B5 4071-4975 3% 4400, 4500, 4600, 4700 8.5k
B6 4975-6081 5% 5300, 5400, 5500, 5600, 5700, 5800 1.3k
B7 6081-8000 - - 144

In the case of QUAK, it is important to note that the mixture of signal priors that it is
trained on, may also contain the signal on which this method is later used to set limits
on. While the limits obtained using QUAK are competitive with the other methods and
better than the inclusive search with no selection, a degradation of approximately 30% is
observed when a given signal model is removed from the training prior of QUAK, before
subsequently using it to set limits on that model.

B.3.1. Expected Sensitivity Studies

To assess the potential of the proposed analysis methodologies, comprehensive expected
sensitivity studies are performed. Whilst all methods in the analysis are expected to be
sensitive to a wide range of topologies, a dedicated study is carried out using the mock MC
dataset corresponding to an integrated luminosity of 26.8fb−1.

Two such studies are conducted, each utilising different hypothetical signal models injected
into the background MC dataset with gradually increasing cross-sections. The first signal
model is the 𝑋 → 𝑌𝑌 ′→ 4𝑞, characterised by a 2 + 2 prong structure, and the second is the
𝑊 ′→ 𝐵′𝑡 → 𝑏𝑍𝑡 decay, featuring a 3 + 3 prong topology. These complementary topologies
were selected to demonstrate the broad applicability of the analysis methods across different
final state configurations commonly predicted by theories beyond the SM.

For each signal model, the complete search procedure was implemented, including the char-
acteristic search for resonant anomalies over the𝑚jj spectrum. The expected statistical sig-
nificance for each signal model was calculated using the methodology highlighted in Section
5.8. The results of these studies are presented in Figure B.5, which illustrates the expected
discovery potential for both signal topologies across the range of cross-sections investigated.
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(a) Expected statistical significance for the 𝑋 → 𝑌𝑌 ′ → 4𝑞 signal
model as a function of injected cross-section. The horizontal dashed
lines indicate the various 𝑁 𝜎 thresholds, with discovery typically
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(b) Expected statistical significance for the 𝑊 ′ → 𝐵′𝑡 → 𝑏𝑍𝑡

signal model as a function of injected cross-section. The sensitivity
curve demonstrates the enhanced discovery potential for this 3 + 3
prong topology.

Figure B.5.: Expected sensitivity studies for two representative signal models. Both panels show the statistical
significance as a function of the injected signal cross-section, demonstrating the discovery potential of the various
methods across different topologies.

This study demonstrates that while the inclusive search procedure without any selection
exhibits some sensitivity to the presence of signal, all methods employed in this analysis
demonstrate significantly enhanced sensitivity compared to the inclusive approach. This
improvement in discovery potential validates and justifies the usage of these sophisticated ML
techniques for new physics searches and demonstrates their ability to extract subtle signal
features from complex background environments.

The optimal performance was achieved, as expected, through the implementation of a specially
designed model-specific version of QUAK trained on a signal prior consisting exclusively of the
signal model upon which limits are subsequently set. This configuration corresponds to a fully
supervised search procedure and serves as a benchmark against which the model-agnostic
methods that make up this analysis can be evaluated. These sensitivity studies thus provide
confidence that the proposed methods in CMS-EXO-22-026 offer substantial discovery potential
across a spectrum of potential new physics scenarios while preserving the model-agnosticism
required for broad searches at the LHC.

B.3.2. Background-only Fits

This Appendix presents the background-only fits for all methods other than the VAE-QR,
whose background-only fit was previously shown in Figure 5.26.

The VAE-QR approach has the advantage in its ability to perform the background fit across
the entire𝑚jj spectrum simultaneously. In contrast, the remaining methods in this analysis,
namely CWoLa Hunting, TNT, CATHODE, and QUAK, define and use narrow sliding 𝑚jj
windows for signal searches, as detailed in this Appendix and listed in Table B.1. As a result,
individual background-only fits are performed within each narrow mass interval, with each
fit independently characterising the background behaviour within its respective window. To
present a comprehensive view of the background modelling performance across the entire𝑚jj
range, the results from these individual fits are plotted by stitching together the fits from each
window, and shown in Figure B.6. These fits serve as the foundation upon which searches are
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conducted, with any significant deviation potentially indicating the presence of new physics
signatures.
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(a) CWoLa Hunting background-only fit results across the full𝑚jj
spectrum.
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(b) TNT background-only fits

(c) CATHODE background-only fits (d) QUAK background-only fits

Figure B.6.: Background-only fit results for the other four anomaly detection methods. Each panel shows the
background as obtained by stitching together individual fits from narrow𝑚jj windows

B.3.3. Comparison and Complementarity between Methods

The methods presented in this analysis share a common dataset and phase space region,
yet they differ significantly in both their algorithmic design and feature selection. This
methodological diversity naturally leads to variations in sensitivity across different signal
topologies. This section examines these differences to establish the complementarity of the
employed techniques.
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Empirical observations indicate distinctive performance patterns across methods. The VAE-QR
demonstrates particular sensitivity to signals where the daughter decay particles possess high
masses. Conversely, other methods exhibit enhanced performance for signatures with specific
jet substructure patterns or distinctive angular distributions.

To quantitatively assess the relative sensitivities of these methods, various benchmark signals
were injected into the mock Monte Carlo dataset at different cross sections. For each method,
the minimum cross section required to achieve a 3𝜎 and 5𝜎 expected significance was calculated.
Figure B.7 illustrates these threshold cross sections across the different methods and benchmark
signals, providing a comparative view of each method’s sensitivity to specific signal topologies.
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Figure B.7.: Injected cross sections of each benchmark signal model required to achieve a 3𝜎/5𝜎 expected signifi-
cance, using each anomaly detection method.
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A more direct comparison was performed by computing normalised anomaly scores for each
method on a single benchmark signal, specifically the 𝑋 → 𝑌𝑌 ′→ 4𝑞 process. These scores
were normalised to the range (0, 1) to facilitate direct comparison. Figure B.8 presents scatter
plots comparing the VAE-QR scores against those from three other methods, while Figure B.9
displays the complete correlation matrix of Pearson correlation coefficients between each pair
of method scores. Analysis of the correlation coefficients reveals moderate correlations between

(a) TNT vs VAE-QR (b) CATHODE vs VAE-QR (c) QUAK vs VAE-QR

Figure B.8.: Distribution of the normalised anomaly scores of 3 out of the 4 anomaly detection methods as
compared to that of the VAE-QR, using the 𝑋 → 𝑌𝑌 ′ → 4𝑞 benchmark signal

certain method pairs, with the most pronounced correlation (> 0.5) observed between the TNT
and CWoLa Hunting methods. This higher correlation is expected given that these methods
share core principles and differ primarily in the application of an additional autoencoder-based
preselection step in the TNT approach. Nevertheless, no method pair exhibits correlations
sufficiently high to render any single method meaningless.

The overall low correlation between methods indicates that each captures different aspects of
the signal topology. This complementarity is particularly valuable in model-agnostic searches
where the exact nature of potential new physics signals remains unknown. Methods that
prioritise different features or employ varied learning strategies can collectively provide broader
coverage of the potential signal space than any single method alone.

The studies presented here demonstrate conclusively that the suite of methods presented in
this analysis provide comprehensive coverage across a wide range of signal topologies. Each
method contributes unique sensitivity to different aspects of potential signals, ensuring that
the combined analysis maximises the probability of detecting anomalous physics processes,
should they exist in the data. This complementarity is essential for robust model-agnostic
searches in high-energy physics, where the precise characteristics of new physics remain
mostly unknown.
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Figure B.9.: Correlation Matrix showing the Pearson coefficient of correlation between the anomaly scores
obtained by each method
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