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Abstract

This Bachelor thesis adresses the problem of reconstruction of kinematic prop-
erties of W bosons in H — WW?* — [vlv decay. The primary focus is to
examine the capability of several machine learning algorithms to accurately
reconstruct the 4-momenta of the W boson. Using simulated data with the
kinematics of the final decay products, this work compares the performance of
models such as Random Forest, AdaBoosted Decision Trees and Deep Neural
Network using several validation metrics.

The training pipeline is developed using the Python programming language
to ease model training and allow performing experiments on architecture and
underlying methods. The research finds that a Deep Neural Network method
allows for the most precise reconstruction of the W kinematics.

The contribution of this work lies in emphasizing the great potencial of
using machine learning methods to reconstruct the W boson kinematics of
particle systems, setting a foundation for future improvements in testing the
Bell inequalities and quantum tomography.

Keywords Higgs boson, W boson, leptonic decay, machine learning, kine-
matics reconstruction, deep neural network, Quantum entanglement
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Abstrakt

Tato bakalarska prace se zabyva problémem rekonstrukce kinematickych vlast-
nosti W bosonu v H — WW?*. — [vlv rozpadu. Primarné se zaméfuje na zk-
oumani schopnosti nékolika algoritmu strojového uceni presné rekonstruovat
4-moment bosonu W. Na zékladé simulovanych dat s kinematikou koneénych
produkti rozpadu tato prace porovnava vykonnost modeltl, jako jsou Random
Forest, AdaBoosted Decision Trees a Deep Neural Network, pomoci nékolika
valida¢nich metrik.

Trénovaci pipeline je vyvinuta pomoci programovaciho jazyka Python, aby
se usnadnilo trénovani modeli a umoznilo provadét experimenty s architek-
turou a zakladnimi metodami. Vyzkumem bylo zjisténo, ze metoda Deep Neu-
ral Network umoznuje presnou rekonstrukci kinematiky.

Prinos této prace spociva ve zduraznéni velkého potencidlu vyuziti metod
strojového uceni k rekonstrukci kinematiky bosoni W ¢asticovych systémi, coz
vytvari zaklad pro budouci zlepseni testovani Bellovych nerovnosti a kvantové
tomografie.

Klicova slova Higgstiv boson, W boson, leptonovy rozpad, strojové ucend,
rekonstrukce kinematiky, deep neural network, Kvantové provazani
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Chapter 1

Introduction

Quantum entanglement (QE) is a fascinating phenomenon and is one of the
key factors behind the disparity between classical and quantum mechanics.
It refers to the situation where a pair of particles is generated so that the
individual quantum states of each remain indefinite until measured, and the
act of measuring one instantaneously determines the result of measuring the
other, even when at a distance from each other [1].

The phenomenon was first described in a paper by Albert Einstein, Boris
Podolsky, and Nathan Rosen in 1935 [2], challenging the quantum understand-
ing of the physical world. In their paper, the scientists mentioned above raised
a crucial question: Can the quantum-mechanical description of physical real-
ity, as given by the wave function, be considered complete? They argued that
it violates two fundamental principles of classical physics — locality and re-
alism. Quantum mechanics allows for correlations, observed in measurements
on entangled particles that are spatially separated, but simultaneously sug-
gests that the measurement on one particle can, without a delay, affect the
state of another, regardless of distance. Due to this apparent conflict, the
quantum mechanics theory described through the wave function was deemed
incomplete. Einstein, Podolsky, and Rosen proposed the existence of hidden
variables — unknown parameters that determine the state of a system, which
the wave function fails to describe fully.

A significant advancement in the discussion of QE came in 1964 when
physicist John S. Bell formulated what is now known as Bell’s theorem. He for-
malized the assumptions of the Einstein-Podolsky-Rosen argument into what
is called local hidden variable theories — models in which the outcomes of mea-
surements are determined by pre-existing properties (the hidden variables) and
no influence can travel faster than the speed of light. These theories directly
reflect the classical ideas of locality and realism. Bell then considered an exper-
iment where measurements are performed independently on the two separated
particles of an entangled pair. Suppose the measurement results depend upon
hidden variables contained within each particle. In that case, the correlation
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between two results must obey a specific set of inequalities (Bell inequalities)
derived from this experiment’s assumptions. John Bell then showed that quan-
tum physics predicts correlations that violate those inequalities, meaning that
no theory based on local hidden variables can fully reproduce the statistical
correlations predicted by quantum mechanics [3].

1.1 Motivation

QE is used in several modern quantum technologies, including quantum tele-
portation, superdense coding, quantum cryptography, and quantum comput-
ing. These applications exploit the unique correlations between entangled
particles to perform tasks that are either impossible or highly inefficient for
classical systems. The research on this phenomenon is can be used for devel-
opment of technologies that society will utilize in the future.

QE has been experimentally observed in different physical systems, rang-
ing from subatomic particles to objects such as diamond crystals. Notably,
entanglement was demonstrated between two diamond (each millimeter-sized)
samples at room temperature, over a distance of approximately 15 centimeters,
highlighting that entanglement is not limited to microscopic systems [4].

However, the study of QE in high-energy particle physics remains severely
unexplored. A significant step forward was achieved when the A Toroidal LHC
ApparatuS (ATLAS) Collaboration reported the highest-energy observation of
entanglement in top-antitop quark events produced in proton-proton collisions
at the Large Hadron Collider (LHC) [5].

Beyond the top-quark system, the leptonic decay of the Higgs boson via W
bosons offers a particularly intriguing opportunity for testing QE. As described
by Alan J. Barr [6], measurements of the emitted lepton directions allow to
determine the expectation values of various quantum Bell operators. One can,
therefore, go further and use these H — WW™ boson decays as a laboratory
to perform Bell tests [6]. This decay allows for the examination of famous
inequalities in a physical arrangement that has never been explored before:
at energy scales characteristic of the Higgs boson mass, around 125 GeV; at
extremely short time intervals on the order of 10725 seconds, which correspond
to the lifetime of the W boson; and at distances as small as 10716 meters.

1.2 Goals

To accurately test Bell inequalities and determine the strength of correlations,
one’s goal would be to accurately reconstruct the kinematic properties of W
bosons in the H — WW™* — fvly final state. Those properties will be used to
determine the strength of QE in the Higgs and W system, which is related to
the violation of Bell inequalities. This goal must be divided into several tasks:



Goals 3

1. Describe the basic principles of Higgs boson production and decay into
a pair of W bosons and their subsequent decay into an electron and a muon;

2. Analyze the provided data;

3. Using the features of the electron and the muon, implement and train at
least two classical machine learning algorithms to reconstruct the W-boson
pair;

4. Develop and optimize deep-learning algorithms (at least one), taking into
account that some of the W decay products escape undetected;

5. Evaluate the performance of both classical and deep-learning models on
simulated data by comparing the results with the true 4-momenta of the
W-bosons;

6. Present the results and discuss the performance of the different machine
learning algorithms.

This thesis is organized into six chapters. ‘Chapter 2 describes necessary
knowledge of underlying physics, 4-momenta and presents several Higgs boson
production modes as well as decays into a pair of W-bosons.Chapter 3 explores
models chosen for reconstruction (regression problem) and discusses the meth-
ods to evaluate their precision.Chapter 4 give insights into implementation
details.Chapter 5 provides analysis of given dataset. The obtained results will
be summarized in Chapter 6. The conclusion is given in Chapter 7.



Chapter 2

Standard Model of particle
physics

The Standard Model (SM) is a fundamental theoretical framework that de-
scribes the electromagnetic, weak, and strong interactions — three of nature’s
four known fundamental forces, with gravity being the only exception [7].
Alongside these interactions, the SM also classifies and characterizes all known
elementary particles that have been experimentally observed to date.

The development of the SM is the result of decades of effort by physicists
worldwide, combining theoretical insights and experimental discoveries. One
of the earliest milestones was achieved in 1928 with Paul Dirac, who formulated
his famous equation, implying the existence of an antimatter, which became
a crucial foundation for the SM.

Here, the focus will be on the part about particles. They are described
in the SM shown in Figure ‘2.1. Each particle is characterized by intrinsic
properties such as mass, electric charge, spin, and color. Based on their spin,
they are divided into two distinct groups: fermions, which possess half-integer
spin (specifically, spin—%)7 and bosons, which have integer spin (often 1 or 0).

There are 12 fermions, which form the basic building blocks of matter.
They are grouped into two families — quarks and leptons — each arranged
in three generations of increasing mass [10]. Quarks, which participate in
the strong interaction, carry electric and color charges [11]. They are further
classified into two types: up-type quarks (up, charm, and top), which carry an
electric charge of —i—%e, and down-type quarks (down, strange, and bottom),
which have an electric charge of —%e.

The lepton family consists of the electron, muon, and tau, each accompa-
nied by a corresponding neutrino. This association reflects that, in particle
interactions, each charged lepton participates exclusively in reactions involv-
ing its own neutrino. The electron, muon, and tau have an electric charge of
—1le, while their neutral counterparts are electrically uncharged. Within the
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SM, neutrinos are assumed to be massless, although experimental evidence
suggests they possess a small but nonzero mass.

For every fermion, a corresponding antiparticle with identical mass and
opposite electric charge exists. In the case of quarks, the antiparticle also
carries the opposite color charge.

The fundamental forces between these particles are mediated by gauge
bosons, all of which are spin-1 particles. The massless photon carries the
electromagnetic force, the weak interaction is mediated by the massive W+ and
Z" bosons, and gluons transmit the strong interaction. In addition, the Higgs
boson — a unique scalar particle with spin-0 — plays a crucial role within
the SM. This particle arises due to the Higgs mechanism, which introduces
the Higgs field and is responsible for electroweak! symmetry breaking [12].
This mechanism enables the W+ and Z° bosons to acquire mass via their
interactions with the Higgs field [13, 14, 15]. The Higgs boson itself, with
a measured mass of approximately 125 GeV [9], was discovered in 2012 by the
ATLAS and Compact Muon Solenoid (CMS) experiments at LHC of European
Organization for Nuclear Research (CERN) after a search lasting more than
four decades [16].

Lunification of two fundamental interactions: electromagnetic and weak interactions.
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2.1 Higgs Boson production

The Higgs boson, like other fundamental particles, can be produced in high-
energy particle collisions. In modern experimental physics, this is typically
achieved using particle accelerators, where large numbers of particles are accel-
erated to velocities approaching the speed of light before colliding at extremely
high energies. The LHC at CERN is currently the world’s most powerful par-
ticle accelerator, where protons and lead ions [17] are employed as primary
colliding particles.

The Standard Model predicts several mechanisms through which the Higgs
boson can be produced in proton-proton collisions. However, the probability
(cross section) of creating a Higgs boson in any single event is extremely low —
at the LHC, it is estimated that, on average, only one Higgs boson is produced
in approximately ten billion collisions.

2.1.1 Gluon-gluon fusion

Gluon-gluon fusion (ggF) is the primary mechanism for Higgs boson production
at hadron colliders such as LHC, accounting for approximately 87% of all Higgs
bosons created in proton-proton collisions [18]. In this process, two gluons —
carriers of the strong nuclear force that ‘glue’ quarks inside protons — interact
to produce the particle. However, since gluons are massless and do not couple
directly to the Higgs boson [19], this interaction occurs indirectly through
a quantum loop involving virtual heavy quarks, primarily the top quark and,
to a lesser extent, the bottom quark. These virtual particles momentarily exist
during the interaction, facilitating the gluon-Higgs coupling. The likelihood of
such interactions is higher for heavier quarks due to their stronger coupling to
the Higgs field. This coupling strength is proportional to the particle’s mass,
making the top quark’s contribution dominant in the ggF process [20, 21].
This mechanism is illustrated as a Feynman diagram in Figure 2.2‘.

g 00000000000000000000Q0Q00QQ0Q

g 0200000000009000000000Q000QQ00Q4

B Figure 2.2 Feynman diagram of Higgs boson production via ggF. The gluons couple
to a virtual top quark loop, which produces the Higgs boson [21]
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2.1.2 Higgs Strahlung process

Higgs Strahlung (German for ‘radiation’), also known as associated production,
is a process where a Higgs boson is emitted during the collision of a fermion
and its corresponding anti-fermion, such as an electron and a positron. Two
particles annihilate, and with enough energy, they can briefly form a virtual W
or Z boson (carriers of the weak nuclear force), which then ‘radiates’ a Higgs
boson [22]. In the result there is a final state containing both a Higgs and a real
Z or W boson [21]. This mechanism dominated Higgs production at older
colliders like the Large Electron-Positron Collider (LEP) and was significant
at the Tevatron (proton-antiproton collider). However, at the LHC — which
collides protons with protons — quark-antiquark pairs are rarer, making Higgs
Strahlung responsible for just 4% of Higgs bosons today [18]. A Feynman
diagram can be found in Figure 2.3.

f

f

B Figure 2.3 Feynman diagram of Higgs boson production via Higgs Strahlung pro-
cess [21]

Despite its lesser role at the LHC, Higgs Strahlung remains valuable for
precision studies. When the Higgs is produced alongside a W or Z boson (writ-
ten as WH or ZH), scientists can exploit the leptonic decays of the W/Z to
isolate clean signals from background noise [23]. Additionally, Higgs Strahlung
helps test theoretical predictions: deviations in its production rate could hint
at new physics affecting the Higgs’ couplings to weak bosons [24]. While over-
shadowed by gluon fusion (the dominant production mode), Higgs Strahlung
acts as a precision tool.

2.1.3 Weak boson fusion

Weak Boson Fusion (WBF) is the second most significant Higgs boson produc-
tion mechanism at the LHC, contributing approximately 7% of the total Higgs
yield, following ggF [18]. In this process, two incoming quarks from the collid-
ing protons emit a virtual weak boson — either a W or Z boson (Figure 2.4).
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These bosons then interact to produce a Higgs boson. At the same time, the
colliding quarks lose little energy, recoiling smoothly as they exchange weak
bosons.

q

B Figure 2.4 Feynman diagram of Higgs boson production via WBF [21]

This results in a distinct experimental signature: two high-energy jets emit-
ted in opposite directions (‘tagging jets’) in the forward regions of the detector
and minimal particle activity in the area between them [25]. This signature
makes WBF events relatively easy to identify amidst the complex environment
of proton-proton collisions. It is particularly valuable for studying the Higgs
boson’s couplings to weak bosons due to its clean experimental signature [26,
21].

2.1.4 Top quark fusion

Top quark fusion is an extremely rare Higgs boson production mechanism
at the LHC, occurring when two gluons — each splitting into a top quark-
antiquark pair — collide and combine to form a Higgs boson (Figure 2.5). This
process, sometimes called ‘t¢H’ (though distinct from associated production),
relies on the Higgs’ strong coupling to top quarks due to their immense mass of
about 173 GeV. However, its predicted production rate is about 1% of all Higgs
events, making it two orders of magnitude rarer than ggF [18]. The challenge
lies in distinguishing it from overwhelming backgrounds like tt+ jets, where
top pairs are produced alongside unrelated jets.

Despite its rarity, observing top fusion is critical because it provides a direct
measurement of the Higgs-top quark coupling. Significant progress was made
in the year 2018 when both the ATLAS and CMS collaborations reported the
observation of ttH production by combining data from multiple Higgs decay
channels (e.g., H — ~vy, H — WW*): CMS reported a 5.20 significance
for ‘ttH’ production [27], while ATLAS reached 6.30 using full 2011-2017
datasets [28]. These results confirmed the Standard Model prediction that the
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B Figure 2.5 Feynman diagram of Higgs boson production via top quark fusion [21]
Higgs boson couple to particles proportionally to their mass.

2.2 Higgs boson decay modes

Quantum mechanics predicts that any unstable particle will eventually decay
into lighter particles if such decays are allowed by conservation laws and avail-
able phase space. The likelihood of a particular decay occurring depends on
factors such as the mass difference between the initial and final states and the
strength of the interactions involved. For the Higgs boson, which interacts
with all massive elementary particles in the Standard Model (SM) [29], this
leads to a variety of possible decay channels, each characterized by a probabil-
ity known as the branching ratio [30]. The SM provides precise predictions for
these ratios as a function of the Higgs mass, and these are commonly visualized
in plots showing the expected decay patterns, such as in Figure 2.6 and Fig-
ure m Both plots highlight the dominant decay modes, including fermionic
channels such as H — bb, H — 777~, and H — c¢, as well as bosonic chan-
nels like H - WW* and H — ZZ*. Additionally, loop-induced processes such
as H — gg, H — ~v, and H — Z~ are shown. The plot uses a logarithmic
vertical scale to clearly present both frequent and rare decay modes on the
same graph. At the observed Higgs mass of 125 GeV, the bb final state is the
most probable decay channel, followed by decays into WW?*, gg, and 777~
The plot also indicates the total theoretical uncertainty for each decay mode,
represented by the shaded bands surrounding each curve.

One common decay path is into a pair of fermion and antifermion. The
probability of such a decay is higher for heavier particles, as the coupling
strength between the Higgs and a fermion is proportional to the mass of the
latter [29]. Thus, while the Higgs could, in principle, decay into a top-antitop
quark pair, this is only possible if the Higgs mass exceeds twice the top quark
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B Figure 2.6 Predicted Standard Model branching ratios for the Higgs boson
as a function of its mass [31]. The plot covers fermionic decays (such as bb, 7+7~, and
cé), bosonic decays (WW ) and ZZ ™)), and loop-induced decays (gg, vy, Z7). The
shaded bands represent the theoretical uncertainties associated with each prediction.

mass (about 346 GeV), which is not the case for the observed Higgs mass of
125 GeV [@] At this mass, the most common decay is into a pair of bottom
and antibottom quarks (H — bb) [‘34], accounting for approximately 58% of
all decays. The next most frequent fermionic decay is into a tau-antitau pair,
with a branching ratio of about 6% [@]

The Higgs boson can also decay into pairs of massive gauge bosons. For
a Higgs mass of 125 GeV, the decay into a pair of W bosons (H — WW¥)
is the most likely bosonic decay, occurring about 22% of the time [‘18]. Each W
boson can further decay into a quark-antiquark pair or a charged lepton and
a neutrino, but reconstructing these decays is challenging due to background
processes and the undetectable nature of neutrinos [29]. Another important
but rarer channel is the decay into a pair of Z bosons (H — ZZ*), which
occurs about 3% of the time at this mass [18]. When both Z bosons decay into
easily detectable charged leptons (such as electrons or muons), the resulting
signal is particularly clean and useful for Higgs studies.

Decays into gauge bosons as gluons or photons are also possible. For
them to happen, quantum loops are needed, involving virtual heavy quarks

10
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B Figure 2.7 Predicted Standard Model branching ratios for the Higgs boson
as a function of its mass. Covers wider mass range from 90 GeV to 1000 GeV [32].
The plot covers fermionic decays (such as bb, 777~ and ¢¢), bosonic decays (WW*)
and ZZ™), and loop-induced decays (gg, 7y, Z7). The shaded bands represent the
theoretical uncertainties associated with each prediction.

or massive gauge bosons. The decay into two gluons (H — gg) happens about
8.6% ﬂ35] of the time, while the much rarer decay into two photons (H — )
occurs in only about 0.2% of cases [@] Though rare, the diphoton decay chan-
nel is experimentally significant because the photons’ energies and directions
can be measured with high precision. This allows for an accurate reconstruc-
tion of the Higgs boson mass.

2.3 Higgs leptonic decay via W bosons

In this thesis, the focus is placed on the study of the leptonic decay channel
of the Higgs boson via W bosons, specifically the process H — WW™* — {viv,
depicted in Figure 2.8. This decay results in a final state consisting of two
oppositely charged leptons of different flavors (I = e, ) and two associated
neutrinos.

Two neutrinos in the final state of this decay make the analysis more chal-
lenging. They interact only using the weak force and therefore escape direct

11
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detection, leaving no track in the detector. Their presence is inferred indirectly
through an imbalance in the transverse momentum of the visible final state
particles, known as the missing transverse momentum pJ**** [36].

B Figure 2.8 Feynman diagram of Higgs boson leptonic decay via W bosons [‘21‘]



Chapter 3

Machine Learning

Machine learning (ML) is a field of artificial intelligence whose primary goal
is to study and create computational algorithms that are able to learn specific
patterns from data and generalize to new information that has never been
seen before. This way, they can perform tasks without explicit programming.
The term was first used in 1959 by Arthur Samuel, an IBM employee, in his
paper [37]. In this work, generalization means a model’s ability to yield results
as accurately as possible on novel experience (usually called a test set) after
being trained on a learning (training) set. The aforementioned data could be
in the form of digital sets, gathered and labeled by humans and made available
electronically, or other forms of information derived from interaction with the
environment. Invariably, the quality of gathered data and its size play a crucial
role for the model to make successful predictions [38].

Machine learning proved extremely useful in many fields and its branches,
including natural language and speech processing, computer vision, fraud de-
tection, banking, search engines, and others. Given the increasing accessibility
of online data and affordable computational resources, more and more compa-
nies use ML methods in marketing, healthcare, and even agriculture.

This chapter outlines the essential principles that form the theoretical foun-
dation for the problems and methodologies addressed in the subsequent thesis
chapters.

3.1 Learning methods

There are many different scenarios and real-life problems that can be solved
(or partially solved) with ML . There are many categories of learning methods
based on the type of task, the nature of acquired information, and how the
model can learn from the data. Here, two of them will be discussed — super-
vised and unsupervised learning. Each of them has its own advantages over
the others, but there exists no ‘Master Algorithm’ suitable for each and every

13
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problem. Figure @ is a schematic representation of the first two methods,
showing their main differences.

a) Unsupervised learning b)  Supervised learning
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B Figure 3.1 Supervised and unsupervised machine learning [‘39] a) Schematic repre-
sentation of an unsupervised learning model. Unlabelled data is used in unsupervised
learning algorithms for clustering. b) Schematic representation of a supervised learn-
ing model. Labeled data is used in supervised learning algorithms for classification.

3.1.1 Supervised learning

In supervised learning, the model is trained on a set of samples that have
already been labeled with the correct value. This set is divided into two parts:
training and test sets (More on this matter in section ‘Data sets). The learner
tries to extract underlying relations in the training set and construct a mapping
function from input space to output space [@] Ideally, a trained model will
be able to correctly predict labels not only for samples from the training set
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but also for unseen ones — from the test set of entirely new samples from the
same problem domain.

Each example is represented by an array or vector called a feature vector.
This vector is often dissected into input and output (target) features. The
whole data set is represented by a matrix. Labels often come from human
input.

Let S be a training data set with N training samples in the form of pairs:

S:{(X17y1)7(X27Y2)7"'7(XN)YN)} (31)

Where xy, for k € {1,2,..., N} is k -th sample (input) vector drawn from
m -dimensional input space X™ and y,, is k -th label (output) vector from
n -dimensional output space Y. We assume that examples are independently
and identically distributed (i.i.d.) according to some fixed but unknown distri-
bution D, where S € D. The model experiences training dataset, learns correct
labels for given samples, and constructs a mapping function f: X™ — Y™ to
predict output vector based on feature vector [40]. Then, the performance
is evaluated using special metrics.

Supervised ML can be further grouped into two categories based on the
type of output label to predict. The first one is classification. In this scenario,
each component y; of the label vector y € Y™, for i € {1,2,...,n}, can take
only one value from a predefined set of discrete classes. The task then is for
the model to correctly assign a label for each input. For example, in the email-
filtering problem, it is possible to define a task to filter spam email. In this
case, the discrete classes for each sample (email) will be {spam, non-spam}.
The classification itself is typically performed by estimating the likelihood that
the observed sample belongs to each possible class, with the class of highest
estimated probability selected as the predicted outcome.

The second one is regression. Here, label vector y is drawn from n-
dimensional real space R"™. Now that the labels are real numbers, one cannot
reasonably expect the model to predict the correct label with brilliant precision
when it is unique or even exactly its average value. Instead, it is appropriate
to demand that the predictions be as close to the correct ones as possible.
This is the key difference between regression and classification: the measure
of error is quantified by the magnitude of the difference between the predicted
and true real-valued labels rather than by their exact equality. In this work,
a regression task is performed with multiple outputs required (here, the label
vector y will be taken from an 8-dimensional real space R%).

3.1.2 Unsupervised learning

In unsupervised learning, algorithms analyze datasets that lack explicit, cor-
rect labels. Unlike supervised learning, where the goal is to predict known
outcomes, unsupervised learning seeks to uncover hidden structures or rela-
tionships within the data itself. More formally, the training data set consists
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only of N input vectors:

{Ga), (x2), -5 (xw)}

where xy, for k € {1,2,..., N} is k -th input vector drawn from m -dimensional
input space X™. The main goal of the model now is to learn patterns from this
data and find its own solution, without supervision in the form of labels and
evaluation metrics used in supervised learning. This method is used in clus-
tering (e.g., k-means, DBSCAN, hierarchical clustering), density estimation,
anomaly detection, and dimensionality reduction (PCA, t-SNE, autoencoders).

Unsupervised models typically learn parameters through optimization of
similarity metrics, which somehow explain the underlying structure of the
data. For example, clustering algorithms adjust parameters to group simi-
lar data points together [41], while dimensionality reduction methods try to
find transformations that preserve the essential structure of the dataset in
a lower-dimensional space with the best possible accuracy. Different tech-
niques make different assumptions about the data structure. Compactness
and connectedness measure how close members of the same cluster are, while
separation quantifies how much different clusters are separated [42]. Methods
such as the Dunn index combine these aspects, evaluating the ratio between
minimum inter-cluster separation and maximum intra-cluster diameter [43].
Other approaches, like density-based clustering, identify clusters as regions of
high data density [41].

Unlike supervised learning, there is no universal metric for evaluating the
performance of unsupervised models because there are no labels for compari-
son.

3.2 Data sets

The foundation of any machine learning project is the data. High-quality,
diverse, and large datasets are essential for building models that generalize well
to new, unseen examples. Data can originate from various sources, including
experimental measurements (e.g., detector data), computer simulations, or
even artificial datasets crafted by humans.

Preprocessing is important too. Raw data must be thoroughly cleaned,
which includes getting rid of errors or missing data, adding new features or
removing unnecessary ones. The performance and reliability of a ML model
are directly linked to the dataset it experiences. Neglecting this step means
leading to reduced model accuracy, increased bias, or misleading results.

One of the critical aspects of preparing data is the train-test split. As men-
tioned earlier, the models have to correctly predict labels not only for the
training data but also for samples they have never encountered before. To
understand how good they are, it is important to evaluate each model’s per-
formance on a subset of data not used during training. Typically, the dataset
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B Figure 3.2 How different subsets are used in a training process [44]

is divided into two or three parts: training set (used for the training phase),
validation set, and test set.

To further prevent data leakage — where information from the test set
inadvertently influences the model and leads to overly optimistic performance
estimates — it is important that all preprocessing steps are performed using
only the training data, with the test data remaining untouched. Data leakage
can arise from improper data handling, such as applying normalization or
feature selection across the entire dataset before splitting.

The test set is kept aside until the very end of the process when the final
model has been chosen. It is only used to get an estimation of ML algorithm
performance and generalization ability on the unseen before data — how good
it will be when used in the future — and is never considered in the process
of choosing the final model. Otherwise, the resulting test error will be a too-
optimistic estimate of reality because the algorithm has been fitted to this
data, leading to a distorted and biased choice. It also violates the principle of
not touching the test data before obtaining the final model, which is necessary
for the test error to be a reasonable estimate of the true error.

All algorithms have internal parameters, which are determined while the
model experiences training data, and external parameters, which control the
learning algorithm but are not learned from the data itself. Those settings are
established before the training begins. They are often called hyperparameters.
To determine the optimal set of hyperparameters — to tune them — a model
is trained on the training set with different values of those settings and then
evaluated on the validation set. Then, based on the values of the metrics, we
choose our final model and finally get a realistic estimation of how the model

17
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will perform on future data. Figure 3.2 shows how different sets are used in
the training process.

3.3 Evaluation metrics

In a multi-output regression problem with N samples and D output targets
(in this case, D = 8), the following error metrics are defined by aggregating
across all targets. Each metric below is computed by summing or averaging
the per-target errors over all N samples. This section describes the evaluation
metrics used to calculate the performance of regression models. The overfitting
and underfitting processes are described as well.

3.3.1 Mean Squared Error

The Mean Squared Error (MSE) measures the average squared difference
between the estimated and true value. MSE is commonly used as a training
loss for neural networks and is also the default impurity measure in regression
trees. For multi-output regression, it is defined as:

11D
MSE = —— Z Z (yij - gij)Z 5 (32)
ND e«
=1 j=1
where y;; is the true value and ¢;; the predicted value of the j-th target

feature for sample 1.
Advantages:

m Penalizes larger errors more heavily due to squaring, which leads models
to focus on reducing big mistakes;

m Differentiable and convex, making it suitable for optimization algorithms
like gradient descent.

Disadvantages:

m Sensitive to outliers and large deviations because squaring amplifies large
errors;

m The units of MSE are the square of the original units, which can be harder
to interpret;

= With multiple targets, if one target has a larger scale, it can disproportion-
ately influence the overall MSE unless targets are normalized.
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3.3.2 Mean Absolute Error

The Mean Absolute Error (MAE) calculates the average of the absolute
differences between predicted values and actual values. It is given by:

N D
MAE = NB z:: z:: Yij — yzg (3.3)

Advantages:

= Unlike MSE, MAE treats all errors linearly, which directly corresponds to
the average magnitude of errors;

m Less sensitive to outliers compared to MSE since it does not square the
errors. Large deviations do not disproportionately affect the metric;

m Units are the same as the original data, making it more interpretable;

= (Can be more informative when typical absolute errors are in priority rather
than worst-case errors.

Disadvantages:

= Not differentiable at zero, which can complicate optimization in some al-
gorithms.

= Does not penalize large errors as much as MSE, so models that occasionally
make large mistakes (underfitting models) might score better under MAE
than under MSE, which can mask tail issues.

3.3.3 Root Mean Squared Error

The Root Mean Squared Error (RMSE) is the square root of the MSE,
bringing the error metric back to the original units of the target variable.
RMSE still penalizes significant errors (due to the underlying squaring), but
its scale is comparable to the original data. It is defined as:

1 N D
RMSE = NE EZ: Ez: Yij — yz] . (34)

Advantages:

m [ike MSE, it penalizes larger errors more strongly, but its units are inter-
pretable since they match the original data;

m Expressed in the same units as the targets, making error magnitudes di-
rectly interpretable (unlike MSE);
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m Widely used and understood in many fields.
Disadvantages:
m Still susceptible to outliers due to the squaring of errors;

m Provides no fundamentally new information beyond MSE .

3.3.4 Opverfitting and Underfitting

Overfitting is the phenomenon when the algorithm fails to capture the un-
derlying structure of the data and instead memorizes the dataset, including
its random noise, outliers, measurement errors, and anomalies. The result
is a mapping function that is perfectly fitted to training samples. An over-
fitted model is excessively complex, having more parameters than available
data. It achieves high accuracy if measured on the training set, but performs
inadequately on the validation set. Predictions on additional data will be very
inaccurate because of the lack of generalization capabilities — the model has
learned too much unnecessary information [45]. To mitigate overfitting, one
can make use of regularization techniques, increase the size of the training set,
or simplify the model in question [46].

On the other hand, underfitting takes place when the model is too simple.
It fails to capture significant patterns adequately and thus has low accuracy on
training and validation sets. This process is a direct consequence of applying
too much regularization, using low-quality sample sets, or training with a small
number of epochs (for Neural Networks) [45]. The remedy will be the opposite
of overfitting — one can make the model more sophisticated by adding more
trainable parameters, try using different values of hyperparameters, or weaken
the regularization effect.

Figure 3.3 shows an intuitive example of overfitting and underfitting.
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B Figure 3.3 Tllustration of the underfitting/overfitting issue on a simple regression
case. Data points are shown as blue dots, and the model fits as red lines. Underfitting
occurs on the left panel, a good fit is shown in the center panel, and overfitting in the
right panel [47]
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3.4 Hyperparameter optimization

Previously, it was mentioned that the validation set is used to tune the model’s
hyperparameters. This process is called hyperparameter optimization. It in-
volves searching for the best combination of hyperparameter values that min-
imize a chosen evaluation metric, typically measured on a validation set. The
search spaces are often large and complex. That is why there are a lot of dif-
ferent exploration strategies available — from random search to evolutionary
algorithms.

In this thesis, a commonly used method was applied — a grid search. It
creates a discrete set of candidate values for each hyperparameter, which forms
a multidimensional grid [48]. The algorithm exhaustively evaluates the model
performance at every point in this grid. The optimal hyperparameter set is the
one yielding the best validation performance.

This concept is simple and easy to implement. However, it suffers from
a problem similar to the ‘curse of dimensionality’: the number of evaluations
grows exponentially with the number of hyperparameters in the grid. This
makes grid search computationally expensive and often impractical for models
with many hyperparameters or costly training procedures [49].

3.5 Ensemble method

Each trained ML model has a unique approach to the problem before it, con-
structing its own mathematical representation to find a solution. However,
it is a good idea to combine predictions from multiple distinct models si-
multaneously. This way, the variance in estimation is reduced, which might
lead to better accuracy and robustness compared to relying on a single model
alone [50].

The ensemble method allows to train several ML algorithms independently
on the same task and then aggregate all predictions to form a final output.
This ensemble consists of a concrete set of alternative models, often called
‘weak learners’ They can be constructed using one ML algorithm or several
separate ones. Those learners can have different hyperparameter values or be
trained on distinct subsets of the training set. Regardless of their construction,
they all focus on the same type of task — either classification or regression. In
the second case, the final solution can be calculated by averaging the outputs
of all learners [51].

There are two main categories of ensemble techniques: parallel and se-
quential. Parallel methods, such as bagging (bootstrap aggregating), train
weak learners independently on different random subsets of the training set
and then combine their predictions. Random forest is one of the most popular
method of bagging-based ensembles. Sequential methods, like boosting, train
base learners iteratively, where each new model is focused on correcting the
errors of its predecessors. This work uses one such method — AdaBoost [51].
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3.6 Supervised learning approaches

3.6.1 Decision tree

A decision tree is the supervised learning algorithm used to predict output
value based on the given sample by learning simple decision rules inferred
from the training data features. A regression tree is used if the target is a real
number. The main idea is to iteratively split training data samples into distinct
and non-overlapping regions, where the output values within each region are
as homogeneous as possible. The splits are executed inside each internal node
based on the value of a chosen feature (e.g., whether a feature value is greater
than a threshold) [52]. The goal is to create two sub-samples, or ‘children’,
with greater purity of the output variable than their ‘parent’. For regression
tasks, purity means the first child should have samples with high target variable
values, and the second should have samples with low values. Each leaf node
corresponds to a predicted target value. For example, in CART, one of the
decision tree construction algorithms, the final prediction is the average of
the target values of training samples falling into the region [52]. Figure 3.
illustrates a trained decision tree for regression task.

RM <=6.941
mse = 84.42
samples = 506
value = 22.533
Tru:/ \\17:159
LSTAT <= 14.4 RM <= 7.437
mse = 40.273 mse = 79.729
samples = 430 samples = 76
value = 19.934 value = 37.238
DIS <=1.385 / CRIM <= 6.992 NOX <= 0.659 PTRATIO <= 19.65
mse = 26.009 mse = 19.276 mse = 41.296 mse = 36.628
samples = 255 samples = 175 samples = 46 samples = 30
value = 23.35 value = 14.956 value = 32.113 value = 45.097
mse = 78.146 mse = 14.885 mse = 11.391 mse = 14.674 mse = 20.111 mse = 9.307 mse = 18.697 mse = -0.0
samples =5 samples = 250 samples = 101 samples = 74 samples = 43 ples =3 ples = 29 les =
value = 45.58 value = 22.905 value = 17.138 value = 11.978 value = 33.349 value = 14.4 value = 45.897 value = 21.9

B Figure 3.4 Visualization of a regression decision tree trained on the Boston Housing
dataset. The tree splits the data based on various features (e.g., RM, LSTAT, CRIM)
to predict housing prices. Each node displays the mean squared error, number of
samples, and predicted value. Darker colors represent higher predicted values [53]

Building a regression tree involves a top-down, greedy algorithm called re-
cursive binary splitting. Starting with the initial training set and first internal
node, the algorithm constructs a rule to split samples into two regions based
on one feature only. Let S be a training data set with N training samples in
the form of pairs:

S = {(x1,y1), (X2,92), - -, (XN, YN) }» (3.5)
where xy, for k € {1,2,..., N} is k -th sample (input) vector drawn from
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m -dimensional input space X™ and y; is k -th label (output) value from 1-
dimensional output space Y. Then, let zj, be an i-th feature of the k-th input
sample. If xj is numerical, a rule is defined as:

xh <t (3.6)

where t is some numerical threshold value. Now, let NV; be the tree’s node
with index ¢, then CF Cf are the child nodes of Ny, j € N; is one the training
samples that pass through the node and 7; is the mean value of those samples.
The loss function — residual sum of squares (RSS) — for Ny is defined as:

RSSy =Y (y; — )™ (3.7)
JEN

The loss function for the whole tree is the RSS across all leaves or across all
nodes, which will be split while training the model (called ‘buds’). If I; is the
indicator of whether the node t is a bud or a leaf, the total loss for the tree is:

RSSp =) I, RSS, (3.8)
t

When choosing a feature and threshold to perform a split, the algorithms try to
minimize RSSp. The reduction in RSS7r when splitting bud Ny into children
CF and COF is defined as:

ARSSr = RSS — (RSScp + RSScp ) =

= Z (yn_gt)z_ Z (yn_gtL)2+ Z (yn_gﬁ)Q ) (39)
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where g and g is the mean value of samples in the child nodes.

To find an optimal sequence of splits to minimize RSSt is an NP-hard
problem [54]. Instead, The algorithm takes a greedy approach: for each split,
it considers all possible combinations of features and thresholds. The values
are taken from training data — each value of the chosen feature among the
samples in the bud is tested as the threshold. After considering all possible
splits, we choose the one with the greatest reduction in bud’s RSS .

Advantages:

m Regression trees are simple to understand and interpret. The decision rules
can be expressed in if-then statements;

= Naturally capture nonlinear dependencies and interactions between fea-
tures;

m Requires little data preparation. Some tree and algorithm combinations
support missing values [55];
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= The cost of using the tree (i.e., predicting data) is logarithmic in the number
of data points used to train the tree [55];

= Able to handle both numerical and categorical data.

= Able to handle multi-output problems. The modification is simple: Store
n output values in leaves instead of one and use splitting criteria that
compute the average reduction across all n outputs [55].

Disadvantages:

= The algorithm can create very deep and complex trees, resulting in overfit-
ting and poor generalization capabilities. To avoid this, one can use meth-
ods as pruning, set the minimum number of samples required at a leaf node
or limit the maximum depth;

m Decision trees can significantly change their structure because of small
variations in the training data;

m Predictions of decision trees are piecewise constant approximations;

= Features with many distinct values can dominate the splitting process,
potentially biasing the model.

3.6.2 Bootstrap aggregated trees

Boosted trees are an ensemble learning technique that constructs a strong pre-
dictive model by sequentially combining multiple weak learners (e.g., shallow
decision trees). Each succeeding tree is trained to correct the errors of the pre-
vious ensemble, progressively minimizing a predefined loss function. To force
models to focus on the ‘hard’ examples, the boosting algorithm applies weights
to the training data and changes them after each iteration accordingly [56].
For regression tasks, the objective is often to reduce MSE or MAE .

Boosting often yields significantly improved accuracy over a single model,
and in practice, its ensembles tend to have lower errors than bagging-based
ensembles in many settings. In regression tasks, boosting creates a sequence
of regression trees, each trying to correct the residual errors of the ensemble
so far. Empirical studies show that a boosted regression model can achieve
lower prediction error than an individual tree or a simple bagged ensemble [57].

AdaBoost (Adaptive Boosting) is one of the most famous boosting algo-
rithms, introduced by Freund and Schapire [58]. The key idea in AdaBoost
is the adaptive reweighting of training examples based on error. In regres-
sion, one must convert continuous prediction errors into a form suitable for
reweighting. In 1997, Leo Drucker proposed AdaBoost.R2 [59], an adaptation
of AdaBoost to regression problems. His modification introduces a weighted
median when aggregating predictions of all weak learners.

Let S be a training data set with NV training samples in the form of pairs:

24
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S:{(X17y1)7(x27y2)7'"ﬂ(XN7yN)}7 (3'1())

where xy, for k € {1,2,..., N} is k -th sample (input) vector drawn from
m -dimensional input space X™ and y is k -th label (output) value from
1 -dimensional output space Y. Let T be the number of weak learners to
train.

The following AdaBoost.R2 algorithm was proposed by Drucker [59]:

1. To each training sample x, assign a weight wy for k € {1,2,... N},
2. Repeat next steps for t € {1,2,...T} or while L' loss defined below is less
than or equal to 0.5:

= Draw a N samples with replacement and with probability pi = Z“j@
Jj=

or
1

ke€{1,2,... N} to form new training subset;

= Train weak learner t to the bootstrapped training subset and predict
values for all samples from the original training set. Let those predictions
be fi(xy) for k€ {1,2,...,N};

= Calculate a loss L, for k € {1,2,...,N}:

D = sup |y — f(xx)| (3.11)
ok — i)
L'y = — (3.12)

= Calculate the average loss Lt

N
i/t = ZLtk * Pk (313)
k=1
- If Lt > 0.5, end iteration and set T'=1¢ — 1;
= Let B = 15—; be a measure of confidence in the weak learner. A low

value means high confidence in the prediction;

= Update the weights: wp = wy - (Bt)l_Lt’f . The smaller the loss, the
smaller the weight. This reduces the probability of picking this sample
to the training subset for the next iteration.

3. To get final output value for sample x, calculate the weighted median of
fix for t € {1,2,...T}, using weights log(é) for model ¢.

Advantages:

= AdaBoost often achieves superior accuracy compared to single models by
combining multiple weak learners into a strong ensemble. By sequen-
tially focusing on the samples that are hardest to predict, it adaptively
improves the overall model’s performance, often outperforming many tra-
ditional classifiers and regressors;
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= AdaBoost can work with various weak learners, such as decision trees or
linear models. One can apply this algorithm across different types of data
and problem domains, adapting to the strengths of the chosen base learner;

= Despite its focus on difficult cases, AdaBoost is often resistant to overfit-
ting, especially when using simple weak learners and regularization. This
robustness stems from combining many weak models rather than relying
on a single complex one, thus controlling variance.

Disadvantages:

= AdaBoost’s adaptive weighting scheme can cause it to excessively empha-
size noisy or mislabeled samples, as these are repeatedly misclassified and
thus receive higher weights. This can degrade model performance and lead
to overfitting on noise;

= Because AdaBoost trains weak learners sequentially, it cannot easily be
parallelized. This sequential nature increases training time, especially for
large datasets or when many iterations are required. The computational
cost can become significant compared to methods like random forests;

m AdaBoost requires that each weak learner performs slightly better than
random guessing. If weak learners are unstable or too weak, the ensemble
may fail to converge to a strong model, resulting in suboptimal perfor-
mance.

3.7 Artificial Neural Networks

Artificial neural networks (ANNs) are inspired by the structure and function
of biological neural networks found in the human brain. In biological systems,
neurons communicate through synapses, forming complex networks that pro-
cess and transmit information via electrical impulses. ANN abstracts these
principles by representing artificial neurons as mathematical functions that
receive inputs, apply weights, and produce outputs through activation func-
tions. The learning process in an ANN involves adjusting the weights so that
the network can approximate complex functions or recognize patterns in data.

The conceptual foundation for ANNs was laid in 1943 when Warren Mc-
Culloch and Walter Pitts published a paper introducing the first mathematical
model of a neural network [60]. Their model described how simple computa-
tional units could be interconnected to perform logical operations, suggesting
that networks of such units could, in principle, compute any function that
a digital computer could.

The next significant milestone came in the late 1950s when Frank Rosen-
blatt introduced the perceptron, an early trainable neural network model that
could perform binary classification tasks [61]. The perceptron consisted of



Artificial Neural Networks

a single layer of artificial neurons, each computing a weighted sum of its in-
puts and passing the result through a threshold activation function.

Neural networks continue to evolve, with applications in healthcare, fi-
nance, autonomous vehicles, and scientific discovery.

3.7.1 Feedforward Neural Network

Feedforward Neural Networks (FNNs) are a foundational class of ANNs char-
acterized by their plain data flow. The information propagates from input to
output layers without cyclic connections. These networks typically consist of
one input layer, one or several hidden layers, and an output layer. The FFN
with multiple hidden layers is called a Deep Neural Network (DNN) [62]. Each
neuron in a layer computes a weighted sum of inputs from the preceding layer,
followed by a nonlinear activation function. Mathematically, for layer i, and
neuron j, the output is represented by function f; @) . Rri-1 — R, where n;_1
is the number neurons from previous layer. This function is calculated as:

£9(x) = g(w" - x + wy), (3.14)

where g is activation function and w is the weight vector of neuron j. Layer
i of the FNN can be represented as f() : R"-1 — R™ _ where

. . . A
£(0) — <f1<z>,f2(l>7 N ,,fni@)) (3.15)

The whole FNN is a function chain f) 0 f(~Do...0f@ o f1), Figure 3.5‘
shows an example of FNN . This type of architecture allows FNNs to approxi-
mate complex nonlinear mappings. Training process is using backpropagation
and gradient-based optimization to minimize a loss function. Gradients are
computed via the chain rule, iteratively adjusting weights and biases to reduce
prediction errors.

3.7.2 Regularization

Due to the immense amount of parameters in DNNs, they are prone to over-
fitting. While reducing model complexity (e.g., fewer layers or neurons) can
mitigate overfitting, it risks underfitting by simplifying the model. Regular-
ization techniques address this trade-off by constraining the learning process
without discarding model capacity. In this thesis, experiments employed L1
and L2 regularization, which penalize large weights by adding a term to the loss
function. L1 regularization (Lasso) drives non-critical weights to zero, while
L2 (Ridge) shrinks weights uniformly. Dropout and Batch Normalization were
also considered in different architectures. An additional technique was used
— Gaussian noise injections. It injects random noise sampled from a normal



Artificial Neural Networks

Hidden Hidden
Output
Input layer layer 1 layer 2 laver
(1) £(2) Y
.

S—

1 A

L2 2(1) Y1
(2)

2 A

T3 1) )
15

®

V4. "l

B Figure 3.5 An example of FNN with 3 layers. This model is considered as DNN .

distribution N(0,0?) into hidden layer activations [63]. By corrupting inputs
with noise, the model learns robust features invariant to small changes [64].

3.7.3 Learning rate scheduler

The learning rate (LR) is a critical hyperparameter in training deep neural net-
works, controlling the step size at which model parameters are updated during
optimization. Choosing an appropriate LR is essential: too small a value leads
to slow convergence and longer training times, often causing the model to get
stuck in flat regions of the loss function — a vanishing gradient problem. On
the contrary, too large LR can cause unstable updates, resulting in oscillations
or divergence, known as the exploding gradient problem. To address these
challenges, dynamic learning rate schedules adjust the LR during training to
balance convergence speed and stability.

In this work, two learning rate scheduling strategies were experimented
with: the multi-step schedule with burn-in and the cosine annealing schedule.
The multi-step learning rate schedule reduces the LR at predefined epochs or
iterations, allowing the model to make significant initial updates and gradually
refine its parameters as training progresses [65]. The burn-in period is a par-
ticularly effective enhancement: it starts training with an intentionally low
LR that gradually increases during the initial phase (the burn-in steps). This
gradual warm-up helps prevent premature convergence to suboptimal value
and stabilizes early training dynamics, especially when using large batch sizes
or complex architectures [65]. After the burn-in phase, the LR decreases step-
wise at specified milestones.

The cosine annealing schedule, introduced by Ilya Loshchilov and Frank
Hutter, is a smooth, non-monotonic LR decay strategy inspired by simulated

28
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annealing [66]. The LR at iteration ¢ is computed as:

1 tm
=—(1 — 1
=y (1+eos (7)) m (3.16)

where 7 is the initial LR, 7T is the total number of training iterations (some-
times epochs) and ¢ is the current one. This schedule gradually decreases the
LR from 7 to zero following a half-cosine curve, allowing the optimizer to
explore the parameter space freely at the start and then converge smoothly.



Chapter 4

Implementation

This chapter describes the design and implementation of the training pipeline,
which was developed for this research. The main objective behind this pipeline
was to provide a modular and reusable environment capable of handling ex-
periments with multiple DNN models in an organized and efficient way. The
main priority was given to maintainability, flexibility, and the ability to vi-
sualize results to interpret and evaluate model performance in the context of
quantum entanglement studies.

At the core of this system is the concept of configuration files. Each model
is represented by its own configuration file, which specifies parameters such as:

m The dataset to be used;
= Model architecture (layers, activation functions);

= Training parameters (number of training, validation, and test epochs, op-
timizer, learning rate, batch size).

This approach makes it very simple to switch between different models, re-
produce results, or make minor adjustments during experimentation without
altering the code. It also facilitates using the same pipeline for future projects
or extended analyses.

Once a training session is initiated, the pipeline performs the following
steps:

1. Reads the global configuration for environment settings (paths to datasets,
output folders, logging preferences);

2. Loads the dataset from disk and preprocesses it into train, validation, and
test subsets;

3. Instantiates a deep learning model based on the selected architecture from
the configuration file;

30



4. Trains the model, logging its progress (loss values, validation metrics) and
saving intermediate checkpoints;

5. Evaluation plots are generated, comparing reconstructed quantities to the
truth-level data;

6. After training is complete, the model is used to predict the reconstructed
4-momenta of the particles in the test set;

7. Models are saved for later reuse, allowing inference on new data without
retraining.

This flow can be represented as the diagram in Figure }41‘

. . Data Loading ..
{Conﬁg File Parsmg]—{ O —— H Model Training }
Correlation Analysi .
{ Orr(jglaplii tiélga ySlS}—[Model EvaluationH Model Saving }

B Figure 4.1 Overview of the machine learning pipeline for H — WW* — (vlv
analysis. The process begins with configuration parsing, continues through data load-
ing, model training, and evaluation, and ends with the generation of physical analysis
plots for correlation interpretation.

The pipeline was designed to be both easy to maintain and extendable.
Its modular structure allows for new model architectures or data types to be
integrated with minimal effort, which is especially valuable for future research
or similar experiments.

An important part of the implementation is the set of tools for result anal-
ysis. The pipeline can automatically generate plots of Wigner-Weil coefficients
¢ij, to study how the reconstructed four-momenta affect the quantum correla-
tions between W bosons. Three main types of plots are generated:

= A 3D histogram (visualized as a heatmap) of the ¢;; coefficients computed
from the reconstructed four-momenta;

m The same type of heatmap, but calculated from the truth-level data;

= An array of 8 x 8 two-dimensional histograms, each corresponding to a spe-
cific (i,7) pair of coefficients. These plots compare the reconstructed c;;
distributions to their truth counterparts, offering a detailed view of recon-
struction accuracy.
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In addition to the c¢;; analysis, the pipeline can produce comprehensive
visual comparisons of reconstructed four-momenta versus ground-truth values.
These are presented as:

= Two-dimensional histograms,
= Scatter plots,

= Binned scatter plots visualized as heatmaps (including outlier suppression
via value clipping to improve plot readability).

Moreover, the system can compute the four-momentum of the W bosons
directly from the four-momenta of the decay products (lepton and neutrino)
via simple vector summation. These W-boson four-momenta are also com-
pared to their ground-truth counterparts through the same range of visualiza-
tions.

4.1 Folder structure description

Before diving deeper into the used technologies, it is worth describing the
general folder structure of the project. As the scale of the project has grown,
a clear and logical way of organizing files and scripts has become crucial for
maintaining readability and reproducibility.

m configs/ — Contains configuration files for individual experiments. Each
file specifies model hyperparameters, dataset paths, optimizer settings,
learning rate schedule, and much more;

= data/ — Holds both input datasets (raw and preprocessed);
= images/ — Stores images used in this thesis;

= logs/ — Stores TensorBoard log files of the trained models, such as loss
value, evaluation metrics, and training time;

m plots/ — Stores the visual outputs of the experiments, including scatter
plots, histograms, heatmaps, and ¢;; coefficient analyses;

m saves/ — Stores Pytorch save files, which holds neural network learnable
parameters and architecture;

m utils/ — Contains high-level Python scripts for training, evaluation, vi-
sualization, data preprocessing, and metric calculation;

= config_classic.yaml — Configuration file, specifying which classical ML
model to train, as well as additional hyperparameters;
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m config pipeline.yaml — Configuration file, defines path to save logs,
plots and trained DNN models;

= EDA.ipynb — Notebook where and Exploratory Data Analysis is per-
formed;

m NeuralNetwork.py — A Python script to parse config file of individual
experiment and build Neural Network;

m train_classic.ipynb — Notebook orchestrating classical ML model train-
ing, prediction, and plot generation;

= train_pipeline.ipynb — Notebook orchestrating DNN model training,
prediction, and plot generation;

This layout ensures that code, data, and results are separated, making the
project easy to navigate and scale as new experiments are added.

4.2 Technologies

The pipeline was developed entirely in Pythonﬁ, version 3.10.4, which is widely
regarded as one of the most versatile and accessible programming languages
for machine learning and data analysis [67]. Its large ecosystem of libraries,
strong community support, and the availability of interactive computing tools
make it a natural choice for this research.

Python’s design encourages clear, readable code, while its broad module
support streamlines the implementation of common data science workflows
such as data preprocessing, visualization, and model training.

All experiments were conducted on an HP ProBook 450 G8 laptop, with
an 11th Gen Intel (R) Core (TM) i7-1165G7 CPU running at 2.80 GHz, 16
GB of DDR4 RAM, and an integrated Intel Iris Xe Graphics graphics card.

4.2.1 Jupyter Notebook

The studies were carried out in a Jupyter Notebook?, an open-source web-
based computing environment that combines live code execution, text docu-
mentation, and visualization in a single interface. This interactive development
style was particularly valuable during the early stages of the project, where it
enabled fast prototyping and visualization.

"https://www.python.org/
https://jupyter.org/
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4.2.2 Pandas

The Pandas‘3 library was used for efficient manipulation and analysis of struc-
tured datasets. Its powerful DataFrame abstraction allowed for seamless load-
ing, filtering, and transformation of tabular data, which was particularly useful
for handling large simulation outputs and preparing them for model input.

4.2.3 NumPy

The NumPyB library was employed for numerical computation throughout this
project. Its efficient implementation of multi-dimensional array operations was
beneficial for both data transformation and mathematical operations involving
four-momenta and probability distributions.

4.2.4 Seaborn and matplotlib

To analyze the results and visualize data in the process of Exploratory Data
Analysis (EDA), the pipeline made extensive use of the matplotlib® and
Seaborn‘6 libraries. These tools were handy for generating scatter plots, his-
tograms, and heatmaps. They helped assess both model performance and the
properties of the reconstructed physical quantities.

4.2.5 SciPy

The SciPy‘7 library provided various scientific computing tools, including sta-
tistical tests and interpolation routines, which were used in the project for
data preparation and exploration.

4.2.6 Scikit-learn

The Scikit-learn® library was used primarily for evaluation metrics and data
manipulation tasks such as data scaling and train-test splitting. Its straight-
forward API made integrating the evaluation process into the training pipeline
easy.

3https://pandas.pydata.org/
*https://numpy.org/
Shttps://matplotlib.org/
Shttps://seaborn.pydata.org/
"https://scipy.org/

Shttps:/ /scikit-learn.org/stable/
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4.2.7 PyTorch

The neural network models were implemented using PyTorchb, a popular open-
source machine learning framework. PyTorch’s dynamic computational graph
model, intuitive syntax, and GPU support made it an ideal choice for fast
prototyping and iterative experimentation in this research.

4.2.8 TensorBoard

TensorBoard‘10 was used to monitor the training progress of the models, vi-
sualizing metrics such as loss, accuracy, and learning rate over time. This
tool supplied critical insights of the training process and allowed for easier
hyperparameter tuning.

“https://pytorch.org/
Ohttps://www.tensorflow.org/tensorboard



Chapter 5
Dataset

This chapter describes the dataset used to analyze the decay process H —
WW* — fvlyv. The dataset consists of simulated proton-proton collision
events, which follow SM predictions and were generated using a multi-step
simulation chain to replicate realistic LHC conditions.

5.1 Data simulation

The following description is based on ‘Laboratory-frame tests of quantum en-
tanglement in H — WW’ [68]. The hard scattering process, representing the
Higgs production via ggF and its decay into two W bosons, was simulated
at leading order (LO) using MadGraph5__aMC@NLO v5.4.2 [69] Monte
Carlo generator. Production mode was modeled via a contact interaction’.
Both Higgs event signals and background signals (non-resonant events) were
generated to simulate the signal that is usually produced in SM processes.

Obtained parton-level events were processed through PYTHIA 8.3 [70]
to simulate:

= Parton showering: emission of additional quarks/gluons via QCD radiation;
= Hadronization: formation of stable particles from quarks/gluons;

= Underlying events: soft interactions between proton remnants not involved
in the hard scattering.

A simplified detector response was modeled using Delphes 3.5.0 [71],
which includes:

m Tracking: reconstruction of charged particle trajectories in the inner detec-
tor;

! An approximation where a complex interaction like a loop process is simplified to a direct
coupling at a single spacetime point, ignoring internal details like virtual particles
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m Calorimetry: measurement of energy deposits from electrons, photons, and
jets;

= Missing transverse momentum p7r***. Transverse momentum pr itself is the

component of a particle’s momentum perpendicular to the beam axis (z-
axis). The high value of pr indicates a particle produced in a high-energy
collision, making it more likely to originate from a Higgs decay rather
than background processes. The transverse momentum vector sum must
be zero after the collision has happened. Therefore, any imbalance in the
total transverse momentum (missing transverse momentum) signals the
presence of invisible particles.

5.2 Selection cuts

After the simulation, additional selection cuts can be applied to ensure each
event contains exactly one Higgs boson, two W bosons, and their respective
decay products (leptons and neutrinos). The selection cuts used by the ATLAS
Collaboration for the H — WW™* — fvlv decay channel are designed to isolate
Higgs signals from backgrounds [72]. The standard criteria limit the maximum
pseudorapidity 7 of both leptons and the minimum transverse momentum prp
of leading and subleading leptons. In this dataset, two charged leptons are
labeled with indices 1 and 2, denoting the leading and subleading lepton,
respectively. This distinction is based on their transverse momentum pr, de-

fined as:
pr = \/Pg% + p2

The leading lepton is the one with the greater transverse momentum, while
the subleading lepton has the lower value. This is also applicable to neutrinos.
Table ‘5.1‘ lists the exact values applied. Missing transverse momentum cuts
ensure the primary lepton has sufficient energy to trigger the detector and sup-
press low-energy backgrounds while balancing signal retention and background
rejection, as softer leptons are still likely in Higgs boson decays. A pseudo-
rapidity cut ensures that leptons are within the tracking acceptance of the
ATLAS inner detector, where measurement precision is highest.

B Table 5.1 Selection cuts applied to leptons

Parameter Value

minimum leading lepton pr 22 GeV
minimum subleading lepton pr 15 GeV
maximum lepton n 2.5
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5.3 Data extraction

The dataset used in this thesis was initially stored in the ROOT file format.
To perform further analysis using machine learning tools in Python, it was
necessary to convert the data into a more accessible tabular format, specifically
CSV.

For this purpose, a Python script was utilized, which employs the uproot
library to extract the event information from the ROOT files and store it in
a pandas DataFrame. The script iterates over all entries and separates the
relevant sub-quantities. For each particle, the total energy (fE) and total
momentum magnitude (fP) are extracted. The momentum vector is further
decomposed into its Cartesian components (£X, £fY, £Z). The resulting table
is exported and saved in CSV format for subsequent analysis.

5.4 Exploratory Data Analysis

This section describes an exploratory analysis of the dataset used in this work.
The aim is to understand the data structure, its statistical properties, the
nature of the features and the targets, as well as to assess the presence of
outliers or any data quality issues that might affect training performance.

5.4.1 Dataset overview

The dataset consists of 1,000,000 simulated events. Each event includes infor-
mation about two charged leptons and two neutrinos, represented in the form
of four-momenta, along with the components of the missing transverse mo-
mentum arising from the undetectable neutrinos. All features are real-valued
floating-point numbers.

The input features are composed of the four-momenta, of the two leptons in
the final state (Table @) and the z and y components of the missing transverse
momentum (Table ‘5.5). The target values consist of the four-momenta of the
two neutrinos associated with each lepton (Table 5.3). The missing transverse
momentum components, mpx and mpy, are derived as the sum of the transverse
components of the two neutrinos’ momenta. Properties of the W bosons are
described at the Table ‘5.4.

5.4.2 Statistical summary

Before inspecting statistical properties, the dataset was split into training
(80%), validation (10%), and testing (10%) subsets.
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B Table 5.2

Description of lepton 4-momenta features.

Feature | Description

11_E

12_E

11 p_x x-component of the leading lepton’s momentum
11 _p_y | y-component of the leading lepton’s momentum

11 p_z z-component of the leading lepton’s momentum

12 p_x x-component of the subleading lepton’s momentum
12_p_y | y-component of the subleading lepton’s momentum

12 p_z z-component of the subleading lepton’s momentum

Energy of the leading lepton

Energy of the subleading lepton

B Table 5.3 Description of neutrino 4-momenta features.
Feature | Description
nl_E Energy of the neutrino associated with the leading lepton
nl_p_x x-component of the neutrino associated with the leading lepton
nl_p_y | y-component of the neutrino associated with the leading lepton
nl p_z z-component of the neutrino associated with the leading lepton
n2_E Energy of the neutrino associated with the subleading lepton
n2_p_x x-component of the neutrino associated with the subleading lepton
n2_p_y y-component of the neutrino associated with the subleading lepton
n2_ p_z z-component of the neutrino associated with the subleading lepton
B Table 5.4 Description of W boson 4-momenta features.
Feature | Description
wl_E Energy of the W boson which produced the leading lepton
wl_p_x xz-component of the W boson which produced the leading lepton
wl_p_y y-component of the W boson which produced the leading lepton
wl_p_z z-component of the W boson which produced the leading lepton
w2_E Energy of the W boson which produced the subleading lepton
w2_p_X x-component of the W boson which produced the subleading lepton
w2_p_y y-component of the W boson which produced the subleading lepton
w2_p_z z-component of the W boson which produced the subleading lepton

Tables \ﬂ and M summarize the statistical properties of the input and
target training datasets without selection cuts applied, respectively. It is worth

noting that

the energy and z-momentum components have a significantly
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B Table 5.5 Description of missing transverse momentum components.

Feature | Description

mpx Missing transverse momentum in the z-direction

mpy Missing transverse momentum in the y-direction

broader range and higher standard deviation compared to the x and y com-
ponents. This can negatively affect gradient-based optimizers and the conver-
gence time of the models.

As listed in Table \M and Table \M, the application of selection criteria
to isolate the H — WW* — (vlv signal significantly alters the statistical
composition of the dataset. An analysis and comparison of the most significant
changes before and after the cuts is presented below:

= Mean value of leading lepton energy (11_E) decreases from 97.1 GeV (un-
cut) to 63.7 GeV (cut) (-34%);

= Mean value of subleading lepton energy (12_E) drops from 96.8 GeV to
50.2 GeV (-48%);

= Standard deviation of 11_E collapses by 72% (146.4 GeV to 41.1 GeV),
indicating tighter energy constraints;

= Extreme 11_E values (up to £3457 GeV uncut) are capped at £355 GeV
post-cut. Similar situation occurs to ranges of 12_E, 11_p_z and 12_p_z
— all of them have been significantly shortened;

= Standard deviation of mpx and mpy is decreased by 9% (28.7 — 31.2 GeV),
indicating tighter missing energy constraints;

m Mean value of mpx remains at zero, as expected for neutrino momentum
balance in Higgs decays;

= Cuts reduce the dataset size by 73% (800k — 215k).

This means that the cuts prefer lower-energy leptons, which are consistent
with Higgs decays while rejecting high-energy outliers from background pro-
cesses. This selection criteria effectively isolate Higgs signal events by filtering
leptons within detector acceptance and reducing background-induced outliers.

5.4.3 Univariate analysis

Here follows the illustration of the impact of selection cuts on the kinematic dis-
tributions of the simulated dataset used for the analysis. The blue histograms
correspond to the original, unfiltered dataset, while the orange histograms
represent the subset of events that survive the applied selection criteria.



Exploratory Data Analysis 41

1061 —
I Original
105- [ With Selection Cuts

104_

103,

Events

102_
101_

100_

-1/
10 500 1000 1500 2000 2500 3000 3500

Leading lepton energy (GeV)

B Figure 5.1 Distribution of leading lepton energy before (original) and after selec-
tion cuts applied.

Figure E shows the distribution of the leading lepton energy (I1g). The
original dataset spans a broad range of energies, with a long tail extending
to several thousand GeV. After selection cuts are applied, the distribution
becomes significantly narrower, with high-energy outliers removed and most
events concentrated at lower energies.

Figures B.1 and B.2 provide a comprehensive overview of the distributions
for all input features: the energies and momentum components of both leptons,
as well as the missing transverse momentum components (mpx, mpy). For
each variable, the selection cuts reduce the range and variance, particularly
evident in the energy distributions. The cuts also remove extreme values,
resulting in more physically plausible events that are within the acceptance of
the detector (e.g.,, 11_p_x and 12_p_y). Similar behavior observed for target
features (Figures NB.3 and ‘B.4).

To further investigate the structure and relationships within the dataset,
Figure ‘5.2 shows the correlation matrix for the input dataset. In each cell,
the Pearson correlation coefficient is calculated between a pair of features,
with the intensity of color indicating the strength and direction of the cor-
relation. Particularly, strong negative correlations are observed between the
transverse momentum components of the leptons (11_p_x, 11_p_y) and the
missing transverse momentum components (mpx, mpy), as expected from mo-
mentum conservation in the transverse plane. Moderate positive correlations
are also seen between the energies and longitudinal momenta of the leptons. Se-
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lection cuts only slightly change the Pearson correlation coefficients, as shown

in Figure j5.3.
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Chapter 6

Experiments and Results

This chapter describes the conducted experiments, including hyperparameter
tuning and different architectures, and a discussion of their results.

6.1 Classical ML methods

The first experiments were conducted on classical ML models — Random
Forest and AdaBoost. For the AdaBoost algorithm, a decision tree regressor
was selected as the base estimator due to the nonlinear shape of the data and
the ability to partition the feature space into distinct regions.

6.1.1 Random Forest

A simple grid search was used for hyperparameter tuning. Each search space
is represented by several values. They are written manually in distinct config
files. Hyperparameters that were chosen to try out in the starting configuration
were:

= Depths of the decision tree (as the estimator model in Random Forest) —
4, 10, 16, and 22;

= Number of estimators in the model — 2, 8, 14, and 20.

MAE was chosen as a loss function. One can see the value of the loss
function for different combinations in Figure ‘6.1. The best model in this
iteration has 20 Decision Trees with a depth of 16.

Further search was split into two directions: either to experiment with esti-
mators’ depth or their number. The evaluation shows that while training loss
was smaller with deeper trees, there was almost no improvement in validation
metrics. Figures ‘6.2 and 6.3 demonstrate different values of MAE for each
hyperparameter combination. Combining both approaches results in a model
with 100 Decision Trees with a depth of 20. Values of MAE and RMSE for
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B Figure 6.1 Loss function (MAE) for different combinations of hyperparameters
(Cartesian product of number of estimators [2, 8, 14, 20] and tree depths [4, 10, 16,
22]) in a first iteration of hyperparameter tuning for Random Forest.
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B Figure 6.2 Loss function (MAE) for different combinations of hyperparameters
(Cartesian product of number of estimators [4, 8, 12, 16, 20] and tree depths [20, 25,
30]) in a depth-focused iteration of hyperparameter tuning for Random Forest.
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B Figure 6.3 Loss function (MAE) for different combinations of hyperparameters
(Cartesian product of number of estimators [20, 40, 60, 80] and tree depths [12, 16])
in a breadth-focused iteration of hyperparameter tuning for Random Forest.
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each iteration are listed in Table @ Due to the lack of improvement in vali-
dation metrics, this model was not pursued further and was retained for later
comparison.

B Table 6.1 Results of evaluating best Random Forest models from each iteration
of hyperparameter tuning with MAE and RMSE for multi-output regression (average
across all target features) on the dataset without selection cuts.

Iteration First Depth Breadth Final
Train Val. Train Val. Train Val. Train Val.

MAE 36.37 40.80 29.91 40.69 36.23 40.64 29.76 40.47

RMSE - 71.63 - 71.50 - 71.26 - 71.04

6.1.2 AdaBoost

A similar strategy was used in the beginning steps of tuning. The chosen
values of the hyperparameters to test were:

= Depths of the decision tree (as the estimator model in Random Forest) —
4, 10, 16, and 22;

= Number of estimators in the model — 8, 14 and 20;

m [earning rate — 1, 0.1 and 0.01.

First AdaBoost model has a learning rate of 0.01, 20 weak learners (De-
cision Trees) of depth 22. The tuning was split into researching deeper trees
(values of 22, 26, and 30 were explored) and more weak learners (20, 26, and
32). The LR value was additionally tested, with the values of 0.01, 0.04, and
0.07.

Again, deeper Trees showed better performance on train data, but vali-
dation metrics are even closer to each other. The final AdaBoost model has
a learning rate of 0.01 and 32 estimators with a depth of 22. Values of MAE
and RMSE for each iteration are listed in Table @ Figures M, @, and @
demonstrate different values of MAE for each hyperparameter combination.
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B Figure 6.4 Loss function (MAE) for different combinations of hyperparameters
(Cartesian product of number of estimators [8, 14, 20], learning rate [1, 0.1, 0.01] and
tree depths [10, 16, 22]) in a first iteration of hyperparameter tuning for AdaBoost.
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B Figure 6.5 Loss function (MAE) for different combinations of hyperparameters
(Cartesian product of number of estimators [8, 14], learning rate [0.01, 0.04, 0.07] and
tree depths [22, 26, 30]) in a depth-focused iteration of hyperparameter tuning for
AdaBoost.
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B Figure 6.6 Loss function (MAE) for different combinations of hyperparameters
(Cartesian product of number of estimators [20, 26. 32], learning rate [0.01, 0.04,
0.07] and tree depths [22]) in a breadth-focused iteration of hyperparameter tuning
for AdaBoost.
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B Table 6.2 Results of evaluating best AdaBoost models from each iteration of hyper-
parameter tuning with MAE and RMSE for multi-output regression (average across
all target features) on the dataset without selection cuts.

Iteration First Depth Breadth Final
Train Val. Train Val. Train Val. Train Val

MAE 26.19 38.49 1449 38.17 23.94 3812 2394 38.12

RMSE - 72.05 - 74.04 - 72.16 - 72.16

6.2 Deep Neural Network

Hyperparameter optimization of DNN was done manually by creating separate
config files, which also hold the architecture of the Neural Network — each
layer with a number of neurons and other parameters. Throughout the tuning
process, the following values were tested:

= Dataset type: Whether to scale data with StandartScaler [73] or Ro-
bustScaler [74] or use default set;

= Number of epochs for early stopping: how many epochs to wait before and
improvement in validation metric;

m LR type: whether to use static LR or change it in the process of training
with the scheduler. If the scheduler was chosen, additional parameters were
chosen, such as the number of epochs for the burn-in feature and specific
checkpoints (indexes of epochs) to change LR;

m LR : base value, which might be changed with scheduler;

= Activation function: Rectified Linear Unit (RELU) or Leaky RELU were
tested;

m [oss function: initially, MSE was chosen, but then changed to MAE for
better interpretability;

= Optimizer: Stochastic gradient descent (SGD), SGD with momentum,
Root Mean Square Propagation (RMSProp), and Adaptive Moment Es-
timation (Adam);

= Regularization: L1, L2 norms, Gaussian noise and Dropout;
= Number of neurons in the layers.

During optimization, the architecture was changed several times to con-
tain fewer layers and neurons. The goal was to construct an accurate model
that simultaneously contained as few parameters as possible. Following the
hyperparameter tuning, the final model consists of 8 fully connected layers.
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It uses Adam optimizer with the Leaky RELU activation function. The base
value of LR is 0.00004; it is scheduled to increase in the 40-th to 0.002 and in
the 60-th epoch to 0.005, and then decrease it in the 80-th and 100-th epochs
to previous values, as can be seen in Figure 6.7. The model was trained on
the standardized dataset. With a batch size of 128 for training and 256 for
validation and testing, the model was trained for 300 epochs, with an early
stopping patience of 20 epochs.
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B Figure 6.7 The learning rate value throughout training the final model. The X-
axis holds the epoch index, and the Y-axis is a real value.

6.3 Effects of selection cuts

After exploring different models on the original dataset, the selection cuts were
used on the data. All models were retrained on cut data and evaluated using
the same metrics. Tables ‘6.3 and ‘6.4 list exact values of MAE and RMSE
on the train and validation dataset with selection cuts applied. About 60%
decrease in MAE validation error is observed for the best classical models. One
can also notice an improvement in histograms of predicted values of neutrinos
against the true ones (Figures ‘C.l and ‘C.Z), especially in x and y components.

B Table 6.3 Results of evaluating best Random Forest models from each iteration
of hyperparameter tuning with MAE and RMSE for multi-output regression (average
across all target features) on the dataset with selection cuts.

Iteration First Depth Breadth Final
Train Val. Train Val. Train Val. Train Val

MAE 19.55 24.79 19.51 24.72 1943 24.63 14.35 24.61

RMSE - 38.61 - 38.46 - 38.32 - 38.25
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B Table 6.4 Results of evaluating best AdaBoost models from each iteration of hyper-
parameter tuning with MAE and RMSE for multi-output regression (average across
all target features) on the dataset without selection cuts.

Iteration First Depth Breadth Final
Train Val. Train Val. Train Val. Train Val

MAE 9.09 2341 9.85 23.80 4.66 2352 4.66 23.52

RMSE - 38.87 - 39.39 - 39.67 - 39.67

6.4 Results

For the final choice, the validation metrics of the three best models were com-
pared. One can see them for an original dataset in Table ‘6.5, and for the
dataset with selection, cuts applied in Table 6.6. It is shown that the Neural
Network performs better than classical ML, methods. The MAE metric for
each target is significantly lower, especially for Energy and z-component fea-
tures. Therefore, the best DNN was chosen for both datasets. Table @ lists
the architecture of the model. The estimated MAE on test data is 35.25 and
22.42 on the original dataset and the one with selection cuts applied, respec-
tively. Figures ‘C.?) and ‘C.4 show the distribution of reconstructed W boson
features (using predicted neutrino properties) against the true values.

B Table 6.5 MAE for several models calculated on the dataset without selection cuts.

Feature MAE
NN Random forest AdaBoost

vi_E 57.563 67.134 63.139
vl _p_x 9.163 9.663 9.264
vi p_y 9.125 9.645 9.222
vl _p_z 66.454 75.938 71.381
v2_E 57.264 66.645 62.560
vV2_p_X 9.171 9.658 9.261
v2_p_y 9.134 9.646 9.225
v2_p_z 66.118 75.467 70.892

Average | 35.499 40.475 38.118
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B Table 6.6 MAE for several models calculated on the dataset with selection cuts
applied.

Feature MAE
NN Random forest AdaBoost

vi_E 36.349 40.875 38.761
vl p_x 8.213 8.778 8.357
vi_p_y 8.209 8.788 8.342
vl p_z 44.326 48.551 47.007
v2_E 29.512 33.578 31.203
v2_p_x 8.210 8.717 8.345
V2_p_y 8.205 8.697 8.343
v2_p_z 35.289 38.911 36.985
Average | 22.289 24.612 23.418

B Table 6.7 Summary of the best DNN architecture.

Type of layer | Number of neurons

input 10
linear 16
linear 32
linear 64
linear 128
linear 64
linear 32
linear 16
linear 8
identity 8




Chapter 7

Conclusion

In this thesis, the primary objective was to reconstruct the kinematic properties
of W bosons in the H - WW?* — fvlv final state. Accurate reconstruction of
these properties is essential for testing Bell inequalities and studying quantum
entanglement in the Higgs boson and W boson systems. The work was divided
into several tasks to achieve this goal, from theoretical background research to
developing, optimizing, and evaluating machine learning models.

First, a theoretical overview of the Higgs boson production and decay mech-
anisms was provided, focusing on gluon-gluon fusion and the subsequent decay
into W bosons. The following chapter covered the basics of machine learning
theory as well as methods, metrics, and additional tools, which were used in
this thesis to achieve the stated goal. It also contains explanations of key
terms for the reader to better understand the proposed solutions in this the-
sis’s later stages. A modular deep-learning pipeline developed for this research
is described. The pipeline handles the complete training workflow, from data
loading to evaluation, and includes tools for advanced visualization of both
regression performance and quantum correlation observables. Next, a detailed
analysis of the simulated dataset was carried out, including the extraction
of features and targets from ROOT files and an extensive exploratory data
analysis to understand the statistical properties and structure of the data.

Two classical machine learning algorithms — Random Forest Regression
and AdaBoost Regression — were implemented and evaluated for the recon-
struction task. These models provided a baseline for further comparisons.
In parallel, several DNN models were trained, fine-tuned, and tested. They
achieve strong performance in matching the true momenta of the W bosons,
demonstrating the feasibility of applying machine learning techniques to this
challenging task. All aspects of the thesis assignment have been fulfilled, ad-
dressing the physics objectives and the application of advanced methods.

Testing basic DNNs and optimizing specific hyperparameters of their struc-
tures led to the creation of an architecture that delivers excellent results while
remaining relatively simple and compact. The additional result of this work
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is a fully operational, flexible, and extensible pipeline for the regression-based
reconstruction of W boson kinematics in leptonic Higgs decay. The developed
framework provides a solid foundation for future studies in reconstructing par-
ticle kinematics.

While the models developed in this thesis achieved promising results, there
remains much room for future improvements. More sophisticated approaches,
such as Conditional Denoising Diffusion Model [75] or unfolding techniques
like OmniFold [76], could further enhance the quality of the reconstruction.
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Summary statistics

54



B Table A.1 Summary statistics of the input features set (in GeV). The table includes basic descriptive statistics — mean, standard
deviation (Std), minimum (Min), 25th percentile (25%), median (50%), 75th percentile (75%), and maximum (Max) — for each input
feature. The features correspond to the four-momentum components of two leptons from the Higgs boson decay and missing transverse
momentum in x and y directions.

Feature 11 E 11 p.x 11 _p_y 11 p_z 12_.E 12 p_x 12_p_y 12 _p_z mpx mpy
Mean 97.098 0.013  -0.031 0.276 96.789  -0.021  -0.016 0.035 0.005 0.047
Std 146.362  19.453 19.431 173.476 144.790 19.440 19.420 171.980  28.748  28.699
Min 0.279 -60.545 -61.542 -3457.412 0.219 -60.347 -62.005 -3818.028 -64.661 -63.799
25% 27.268 -13.231 -13.269 -36.613 27.321 -13.270 -13.240 -36.692 -23.806 -23.703
50% 47.991 -0.007 -0.037 0.032 48.003 -0.031 -0.037 -0.014 0.012 0.105
75% 101.634  13.243  13.199 36.908  101.572 13.234 13.223 36.893  23.819 23.837
max 3457.443  60.957 60.382 3123.345 3818.037 61.440 61.582 3489.573 63.392 63.894
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B Table A.2 Summary statistics of the target features set (in GeV). The table includes basic descriptive statistics — mean, standard
deviation (Std), minimum (Min), 25th percentile (25%), median (50%), 75th percentile (75%), and maximum (Max) — for each target
feature. They correspond to the four-momentum components of two neutrinos from the Higgs boson decay.

Feature vi_E vl p_x vl_p.y vi_p_z v2_E v2_p_x vVv2_p_y v2_p_z
Mean 96.597  -0.004  -0.006 0.108 96.601 0.008 0.053 0.193
Std 144.568  19.478  19.441 171.679  144.978 19.438  19.426 172.032
Min 0.111 -60.639 -60.913 -3178.377 0.095 -61.518 -61.144 -2976.134
25% 27.265 -13.272 -13.234 -36.652 27.223 -13.219 -13.207 -36.551
50% 47.999 0.006  -0.015 0.040 47.892  -0.025 0.047 0.025
75% 101.303  13.254  13.233 36.910 101.064 13.247 13.259 36.741
max 3178.535 60.631  61.506 3055.023 3542.116 61.101 62.540 3542.108

B Table A.3 Summary statistics of the input features set with selection cuts applied (in GeV). The table includes basic descriptive
statistics — mean, standard deviation (Std), minimum (Min), 25th percentile (25%), median (50%), 75th percentile (75%), and maximum
(Max) — for each input feature. The features correspond to the four-momentum components of two leptons from the Higgs boson decay
and missing transverse momentum in z and y directions.

Feature 11 E 11 p.x 11 _p_y 11 p_=z 12.E 12 p_x 12_p_y 12 p_z mpx mpy
Mean 63.695 0.030 -0.069 0.062 50.203 -0.016 0.025 0.133 -0.014 0.049
Std 41.081 23.506  23.538 68.104 34.793 18.785  18.770 55.006 31.226 31.243
Min 22.005 -60.168 -60.760 -351.123 15.010 -59.753 -60.282 -322.844 -62.848 -63.799
25% 35.407 -21.181 -21.280 -34.579 26.594 -15.666 -15.586 -26.614 -26.901 -26.851
50% 48.992 0.061 -0.199 0.119 38.428 0.010 -0.002 -0.009  -0.041 0.105
75% 78.213 21.190 21.183 34.691 61.664 15.632 15.635 27.001  26.899  26.910
max 355.910 60.141 60.382  329.702 334.947 59.094 60.356 330.299 63.392 63.227
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B Table A.4 Summary statistics of the target features set with selection cuts applied (in GeV). The table includes basic descriptive
statistics — mean, standard deviation (Std), minimum (Min), 25th percentile (25%), median (50%), 75th percentile (75%), and maximum
(Max) — for each target feature. They correspond to the four-momentum components of two neutrinos from the Higgs boson decay.

Feature vi E vl _p_x vli_p_y vl_p_z v2_E v2_p_x Vv2_p_y v2_p_z
Mean 69.775 0.014 0.005 0.217 55.157  -0.027 0.044 0.170
Std 78.405  22.087  22.102 100.198 65.264 17.886  17.866 81.625
Min 0.470 -59.655 -60.312 -1211.536 0.298 -60.851 -61.139 -1154.824
25% 27.221 -14.484 -14.497 -29.547 19.423 -10.738 -10.691 -22.887
50% 46.474  -0.024 0.004 0.042 35.199  -0.026 0.023 -0.009
75% 79.708  14.544  14.569 29.642 63.159  10.687  10.764 23.026
max 1388.941 60.631 60.713 1388.813 1378.474 61.101 62.540 1378.362
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B Figure B.2 Boxplots of input features before and after selection cuts applied. The vertical axis (log-scaled for energy plots) indicates
the number of events, the horizontal axis — corresponding input feature. The central line in each box marks the median, while the box
edges denote the interquartile range (25th to 75th percentiles). The whiskers extend to the most extreme data points within 1.5z the
interquartile range. Outliers beyond this range are shown as individual points.
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Targets Boxplots Bl Original [ After selection cuts

60 - . 60 - ' 3000 - [}
10001 404 201 2000 1
»n 1004 0 201 n 207 0 10001
c c € c
o o 0 o 0] o 01
> 104 > > >
w (TP W 5o L1 ~1000 A
14 —40 —40 —2000 1
o —60 1 i —60 i —3000 1 8
vl E (GeV) vl p x (GeV) vl p vy (GeV) vl p z (GeV)
60 - . 60 - i °
1000 5
401 40
2000 1
vn 100 n 207 n 207 )
+ +J - -
c c 0 c 0 c
o o o o 0
> 104 > > >
w W —20 W >0 L
1] _40 —40 - ~2000 1
0 —60 1 i —60 1 0
v2_E (GeV) v2 p X (GeV) v2 p vy (GeV) v2 p z (GeV)

B Figure B.4 Boxplots of targets before and after selection cuts applied. The vertical axis (log-scaled for energy plots) indicates the
number of events, the horizontal axis — corresponding target feature. The central line in each box marks the median, while the box
edges denote the interquartile range (25th to 75th percentiles). The whiskers extend to the most extreme data points within 1.5z the
interquartile range. Outliers beyond this range are shown as individual points.
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README.md.....ovvviriineeennnnnnnnn. a brief description of the content

src

LHiggs_ww_qe .............. A directory with source codes and plots

TheSiS. ot text and code of the thesis

tvakandri—ctufit—thesis.pdf ............... PDF with thesis text
thesis.zip.............. IXTREX source work with code and images
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