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Preface
Humankind has always been curious trying to understand why things behave
in a certain way. For instance, we have observed the nature around us and
predicted the seasonal changes or developed tools. For this matter, theories
have been developed and observations have beenmade to link to them. Around
4000 BC, the Mesopotamians postulated ideas to describe their observations
of the heavenly bodies, suggesting that the Earth was at the center of the
universe and the others bodies orbited it. But the astronomy wasn’t the only
scope of their endeavor. They extracted iron which gave rise to the Iron
Age, experimented with plants to cure where some of those still are in use to
produce medicines, Pythagoras, Aristotle, Plato and many others developed
mathematics, geometry and suggested the existence of an indivisible building
block of matter.
However, it wasn’t until the XIII. century that these works are brought together
which form the science as we know it today. But, the progress was still very
slow. It took another 4 centuries to revolutionize the way we looked at the
Universe by the work of Copernicus. The birth of the modern science dates
back to the XVII. century where the nature was observed with advanced tool
such as telescopes, microscopes andmeasuring gadgets. The law of gravity was
shown, the relations between the volume and the temperature of a gas were
shown. Later on in the following century during the Age of Enlightenment,
groundwork of biology and chemistry were established.
XIX. century saw many great scientists; Dalton by the theory of atomic matter,
Faraday and Maxwell by their theories on the electricity and magnetism, and
others, including Curie, Gauss, Mendeleev and many more. Each of the
discoveries made by these people helped us to understand better how the stuff
around us worked.
It wasn’t until the last century that the quantum mechanics and relativity
formulated. These two concepts only revolutionized completely the way we
perceived world around us.
The Particle Physics, one of the torch carriers of this endeavor, building on top
of the modern physics as it is now, studies the building blocks of matter that
are invisible, sometimes indivisible. It comes here, the famous Standard Model
(SM) of Particle Physics; the most successful theory that paints the picture
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depicting how these elementary particles interact with each other. Initially
being the collection of numerous individual scientific results in the second half
of the 20th century, it has now become mainly the product of collaborative
efforts, given the mathematical maturity it had gained throughout the years.
The SM’s predictions have been confirmed by many experimental results; the
discovery of theW± and Z0 bosons [1, 2] in 1983, the observation of the top
quark [3, 4] in 1995 and the Higgs boson [5, 6] in 2012, along with many others.
It’s a very successful theory describing the three of the four known interactions
of the nature; electromagnetic, weak and strong interactions. The forth one,
the gravitational interaction, is too weaker than the others on many orders of
magnitude, which is a small enough contribution to be safely ignored [7]. And
it’s not covered in this thesis, too.
In the following chapters, youwill see a handful of fronts of conducting a typical
research; theory, experiment, interpretation of results, respectively. Let’s break
these down into finer pieces; in Chapter 1, we will develop the theory of the SM
and focus on the Brout-Englert-Higgs Mechanism. This is where you should
pay attention if you would like to understand the underlying mechanism using
mathematical formalism.
The Chapter 2 will present a great experimental apparatus in which the most
powerful electromagnet in the world is hosted. We will see what it is composed
of, how it is commissioned and how the data it produces is analyzed. This is
the part that you will like if you are more of an experimentalist.
Chapter 3 is my personal favorite. We will elaborate here on the state-of-art
machine learning algorithms. Tune in here if you would like to dive into a
realm where mathematics and programming swirls around each other.
A combination utilizing all these efforts comes in Chapter 4. A delicate way of
searching for rare signals is in this part. Check out this chapter if you would
like to find out how a data analysis at the CMS is conducted. You will not
only see how detector data is handled, but also learn how the experimental
difficulties are tackled.
I hope you will enjoy the journey as much as I did.



Chapter

1 The Standard Model and
Higgs boson pair
production

In this introductory chapter, we set the theoretical foundation for the thesis by
reviewing the Standard Model (SM) and the description of double Higgs (HH)
production. The material introduced here is used throughout the following
chapters, and it is complemented when needed by Beyond Standard Model
(BSM) ideas.
The objectives of this thesis are:

• to review the theoretical tools needed to describe Higgs boson pair
production;

• to study the experimental strategy used to search for HH events in the
bb̄WW̄ final state;

• to develop and validate the analysis methods used to improve the sensi-
tivity of the measurement;

• to compare the resulting limits with the available Run-2 and Run-3
references;

• to assess where machine learning methods can provide additional gains.
This chapter is divided into two parts. The first part focuses on Quantum Field
Theory (QFT), which combines quantum mechanics and special relativity to
describe fundamental particles and their interactions, and on the structure of the
SM, which provides the current description of the electromagnetic, weak, and
strong interactions. The derivations in this part follow the standard references
by Peskin and Schroeder [8], Srednicki [9], and Griffiths [7]. The second part
is devoted to Higgs boson pair production at proton-proton (pp) colliders,
covering its production mechanism, main properties, and BSM interpretations,
with emphasis on the experimental results that motivate this work.
The structure of the thesis is as follows. Chapter 2 presents the CMS detector,
the CERN accelerator complex, and the experimental conditions relevant for the
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analysis. Chapter 3 introduces the machine learning methods used in this work
and explains how they improve the separation between signal and background
events. Chapter 4 details the search for HH production in the bb̄WW channel
using Run-3 data, including the event selection, background estimation, and
statistical interpretation. Chapter 5 concludes the thesis by summarizing the
main results and outlining possible directions for future improvements and
searches.

1.1 Standard Model of particle physics

The mathematical representation that we will follow is based on the following
conventions adopted by Peskin and Schroeder. The space-time coordinates are
denoted by x = xµ = (t,x) , and the momentum by p = pµ = (E, p), and the
corresponding derivatives are ∂µ = ∂/∂xµ = (∂/∂t,∇). The metric tensor (gµν)
is (+,−,−,−), so that a free massive particle satisfies p2 = pµp

µ = E2 − |p|2.
Scalar fields and Dirac spinors are designated by φ and ψ, respectively. The
Weyl representation for Dirac matrices i.e. γ5 = iγ0γ1γ2γ3, and it is used
to define the fermion conjugate ψ̄ ≡ ψ†γ0. The symbols used for particles
designate either the particle itself or its associated field, where the meaning is
inferred from the text. The Feynman slash is given by

/A
def
= γ0A0 + γ1A1 + γ2A2 + γ3A3, (1.1)

where A is a covariant vector. Using the Einstein summation convention, the
expression simply becomes /A def

= γµAµ.
Two different unit systems are used depending on the quantities. The first one,
International system of units (SI), is the scheme used to quantify macroscopic
phenomena, e.g. kg, s, m, K. The second system of units is called natural units,
which imposes ~ = c = 1 and is forming a more suitable scheme for particle
physics usage. This system of units results in

[energy] = [mass] = [length]−1 = [time]−1 = eV = 1.602× 10−19 J, (1.2)

where electron Volts (eV) is chosen as the reference. As an example, the mass
of the electron can be expressed as me = 9.109 × 10−31kg = 0.511 MeV. A
proton’s mass in this sense is 0.928 GeV, which makes GeV a very useful unit
in particle physics given hadrons generally have masses on the order of 1 GeV.

1.1.1 Quantum Field Theory for collisions

Quantum Field Theory is a theoretical framework that combines quantum
mechanics and special relativity to describe the behavior of subatomic particles
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and fields. In this section, we’ll take a quick look at its general principles and
observable quantities before moving on to the SM.
The principle of least action is a fundamental principle in classical mechanics
and states that the path taken by a system between two states is the one for
which the action is minimized. It is used to derive the equations of motion
for a system. In QFT, we can derive the equations of motion using a free field
φ(x) where x = (t,x) denotes space-time coordinates. The action S, which
is calculated as the integral of the Lagrangian density L, is the mathematical
function of the state of the physical system at hand, and can then be written as

S =

∫
L(φ, ∂µφ)d4x. (1.3)

Using the principle of least action by varying the path and requiring δS = 0

δS =

∫
d4x

[
∂L
∂φ

δφ+
∂L

∂
(
∂µφ

)δ (∂µφ)
]

(1.4)

integrating by parts yields

=

∫
d4x

[
∂L
∂φ
− ∂µ

(
∂L

∂
(
∂µφ

))] δφ+ ∂µ

(
∂L

∂
(
∂µφ

)δφ) , (1.5)

where the last term is a total derivative and vanishes obeying δφ(−→x , t1) =

δφ(−→x , t2) = 0. Finally, requiring δS = 0 for all paths yields the Euler-Lagrange
equations of motion for the field φ:

∂µ
∂L

∂(∂µφ)
− δL
∂φ

= 0. (1.6)

Using this equation, an operator representing the total energy of a quantum
system, the so called Hamiltonian density can be written as follows

H =

∫
Hd3x⇒ H =

∂L
∂(∂µφ)

∂µφ− L. (1.7)

If we let the fields interact with each other, we will need to divide the Hamil-
tonian into free and interacting parts i.e. H = H0 +HI . We are now working
in the interaction picture. The time dependence in the states is controlled in the
interacting part HI where the free part H0 controls the time dependence in
operators, such as

d |Ψ(t)〉
dt

= iHI(t) |Ψ(t)〉 , (1.8a)

HI(t) = eiH0(t−t0)(Hint)e
−iHo(t−t0). (1.8b)
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The Equations (1.8a) and (1.8b) show the state operator and the interaction
Hamiltonian in the interaction picture, respectively.
Some of our main interests in the collider experiments are cross-sections
and decay rates. In order to access these variables, we need to describe the
transition probability between initial and final states denoted by |i〉 and |f〉
corresponding to non-interacting collections of particles with momenta pini
and pouti , respectively. These probabilities can be written in terms of a unitary
S-matrix, such as |Ψ(t→ +∞)〉 = S |Ψ(t→ −∞〉 = S |i〉 which describes the
evolution of the initial state in time. Thus, the projection 〈f |S|i〉 gives the
transition amplitude to the final state. Considering the interaction part HI
small compared to the free Lagrangian, the S-matrix can be derived as a
perturbative series, such as

S =

∞∑
n=0

(−i)n

n!

∫
· · ·
∫
d4x1 · · · d

4xnT{HI(x1) · · ·HI(xn)} (1.9)

where T denotes the time-ordered multiplication. Every term in the series in
Equation (1.9) can be written as a finite sum of products, which allows the
amplitudes to be calculated. These amplitudes can then be represented by Feyn-
man diagrams implementing an easy scheme to interpret terms contributing
to a given process at a given order in the perturbative expansion.
We can derive this probability for our collision experiment. The main kind of
collision experiments is either a head-on collision or a fixed-target experiment.
Cross-section becomes a very useful observable in this endeavor. It is defined as
the rate of the scattering of a collision per incident flux with area dimensions
and it is directly related to the probability of a given interaction to occur. The
differential cross-section dσ(X)/dX is defined as a function of certain quantity X,
and is generally more useful in collision systems. The quantity X is a variable
inheriting the final momenta poutf , hence deriving S

S = 1 + (2π)
4
δ4
(
pin1 + pin2 −

∑
poutf

)
· iM

(
pin1,2 →

{
poutf

})
(1.10)

to incorporate the part of the S-matrix regarding the interactions between the
particles into the matrix elementM, the differential cross-section can be written
as follows

dσ

dΦ
=

∣∣∣M(
pin1,2 →

{
poutf

})∣∣∣2
F

(1.11)

where the flux F and the phase space differential are as follows

F = 4

√(
pin1 · p

in
2

)2

−
(
pin1

)2 (
pin2

)2

= 4Eini E
in
2 ∆v (1.12)
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dΦ = (2π)
4
δ4
(
pin1 + pin2 −

∑
poutf

)∏
f

d3pout
f

(2π)
3

1

2Eout
f

(1.13)

where∆v is the relative velocity between the incident particles inEquation (1.12).
It’s important to note that the cross-section is invariant under Lorentz boost
along the beam direction. By integrating the Equation (1.11) over the desired
phase space, the total or differential cross-section can be obtained, and decay
rates can be calculated similarly by taking a single initial particle of M into
consideration and the flux factor F as 2M .
Cross-section can be computed as a perturbative expansion just as the S-matrix
is. A coupling constant g denoting the interaction strength and a parameter such
as α = g2/ (4π) allow the expansion to be written as

σ = σLO ·
(

1 +
α

2π
σ1 +

( α
2π

)2

σ2 + · · ·
)

(1.14)

where the interaction parameter α should be weak, meaning that it’s a small
factor i.e. α� 1, to be computable in perturbative theory.
Another important notion arises here. Leading order (LO) calculation, which
means taking the lowest-order variable in the Equation (1.14) for the numerical
computation is relatively easy. Next-to-leading order (NLO) or next-to-next-to
leading order (NNLO) and so on calculations i.e. taking higher-order terms in
the equation proves being a challenging task but provides better theoretical
prediction. The reason to the complexity in the NLO and so forth calculations
relies on the fact that they involve factorially larger number of Feynman
diagrams with the order of the calculation, which makes the evaluation hugely
complicated and computationally expensive.
Loop integrals, which are integrals over the momenta of virtual particles in the
diagrams, often contain ultra-violet (UV) divergences, which arise from the
contributions of veryhigh-momentumvirtual particles. Thesedivergences need
to be carefully regularized and renormalized to obtain physically meaningful
results. To do so, a renormalisation procedure, which can absorb infinities into
the parameters of the theory, and define renormalized parameters, is applied.
This procedure requires introducing a renormalisation scale µR, which should
not affect the physical observables. In this way, bare coupling constants found
in the Equation (1.14) are replaced by constants which depend on µR.

1.1.2 Standard Model - particles and symmetries

The SM is the ruling theory that describes the fundamental forces and elemen-
tary particles that make up all matter in the universe (except gravity). It’s a
highly successful and well-tested theory, although it’s not considered to be
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the final theory of everything. The SM systematizes all known elementary
particles, which are considered to be the fundamental building blocks of matter.
These particles are point-like and indivisible (as far as we know). They are
divided into two main categories:

• Fermions: These particles have half-integer spin and obey the Pauli
exclusion principle, which states that no two identical particles with
half-integer spin can occupy the same quantum state simultaneously.
This principle has significant implications for the structure of atoms,
molecules, and even the stability of stars. They are the constituents of
ordinary matter that we see around us. Fermions are further divided
into:

– Quarks: These are the building blocks of protons and neutrons,
which make up the nuclei of atoms. There are six types of quarks:
up, down, charm, strange, top, and bottom. They have fractional
electric charges, e.g. 2/3 or 1/3 in units of e (see Table 1.1). They are
also charged under the strong interaction, which is called the color.

– Leptons: These are particles that don’t interact with the strong
nuclear force. They include electrons, muons, taus, which have a
charge of −1 and their associated neutrinos which are electrically
neutral and have extremely small mass.

• Bosons: These particles have integer spin and act as mediating particles
of the fundamental forces. The bosons in the SM are:

– Gluons: Mediate the strong nuclear force, which binds quarks
together inside hadrons.

– Photons: Mediate the electromagnetic force, responsible for interac-
tions between charged particles.

– W and Z bosons: Mediate the weak nuclear force. The weak force,
mediated by W± and Z bosons, interacts with lepton and quark
pairs, causing flavor changes. The Z bosonmediates neutral currents,
analogous to electromagnetic interactions but with flavor instead of
electric charge, enabling it to interact with neutrinos. Importantly,
these weak interactions are observed to affect only left-handed
particles.

– Higgs boson: Explains howparticles acquiremasswithout breaking
gauge invariance (more about that in Section 1.1.5).

Each charged particle in the SM has a corresponding antiparticle with the same
mass and spin, but with opposite internal quantum numbers, including electric
charge, color charge, weak isospin, and all associated flavor numbers (baryon
number and lepton number). For example, the antiparticle of the electron is the
positron (e+), which carries a charge of +1, while quarks have corresponding
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antiquarks (e.g., ū, d̄) that bear opposite electric and color charges. It is
important to note that the W+ and W− bosons are mutually antiparticles,
while neutral bosons such as the photon, the Z boson, and the Higgs boson are
their own antiparticles.
As experimentally shown, the fermions have three generations. Each generation
contains heavier versions of the particles in the previous generation, called
flavor. Neutrinos, in this regard, are extremely light, and their exact masses are
still being studied. The generations differ in stability, too. The first-generation
particles (up and down quarks, electron, and electron neutrino) are stable.
Whereas the heavier quarks and leptons are unstable and decay rapidly into
lighter particles. This is a consequence of lepton flavor conservation; for
instance, the electron is stable simply because it is the lightest charged lepton
and has no lighter particle to decay into. The existence of three generations
of fermions is a puzzle that physicists are still trying to solve. While the
cancellation of quantum anomalies requires a specific balance of charges within
each generation, it does not predict the total number of generations.
Every charged particle ofmatter is a Dirac fermion, meaning it has a correspond-
ing antiparticle with the opposite charge but otherwise identical properties.
Neutral, massive neutrinos, however, present a different situation. They could
be either Dirac or Majorana fermions, and research is ongoing to determine
which is the case. Given all the information so far, we can list the particles as in
Table 1.1.
In order to understand the force-carrier particles, we should take a look at the
symmetry concept. Symmetry is fundamental to the SM’s structure. Specifically,
the SM is built upon the principle of gauge invariance. This means that the
theory remains unchanged under certain transformations. These are abstract
transformations acting on the internal properties of the particles, and they can
be different at every point in spacetime (local gauge transformations). These
transformations can be continuous (like rotations and boosts) or discrete (like
parity and charge conjugation). They can act on spacetime coordinates (Lorentz
transformations) or internal degrees of freedom (gauge transformations).
It is tomaintain this gauge invariance that the SM introduces new force-carrying
fields, called gauge bosons. These bosons are the mediators of the fundamental
forces. Each type of symmetry corresponds to a specific type of force and
its associated gauge boson. For example, the symmetry related to electric
charge gives rise to electromagnetism, and the corresponding gauge boson is
the photon.
The mass of the gauge boson is directly related to the range of the force it
carries. Massless bosons, like photons and gluons, mediate forces with infinite
range. Massive bosons, like the W and Z bosons, mediate forces with a very
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Table 1.1 | This table summarizes the properties of leptons and quarks within the SM.
Mass values are sourced from reference [10]. While charged leptonmasses are presented
with four significant digits, they are actually knownwithmuchgreater precision. Electric
charges are expressed as multiples of the electron’s absolute charge. For neutrinos, only
upper bounds on their masses are available, and the values shown here are derived
from cosmological measurements of the total mass of stable neutrinos [11].

Generation 1 2 3

Leptons

Name, symbol electron neutrino, νe muon neutrino, νµ tau neutrino, ντ
Mass ←−−−−−−−−

∑
νi < 0.0926 eV @ 90% C.L. −−−−−−−−→

Electric charge 0 0 0

Name, symbol electron, e muon, µ tau, τ
Mass 511.0 keV 105.7 MeV 1.777 GeV
Electric charge -1 -1 -1

Quarks

Name, symbol up, u charm, c top, t
Mass 2.2+0.6

−0.4 MeV 1.28(3) GeV 173.5(6) GeV
Electric charge 2/3 2/3 2/3

Name, symbol down, d strange, s bottom, b
Mass 4.7+0.5

−0.4 MeV 96+8
−4 MeV 4.18+0.04

−0.03 GeV
Electric charge -1/3 -1/3 -1/3
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short range; a consequence of the uncertainty principle is that the heavier
the virtual particle, the shorter the distance it can travel. The properties of
these gauge bosons, including their masses and spins, are determined by the
underlying symmetries of the SM. Table 1.2 lists the SM’s gauge bosons. A
boson’s mass directly affects the interaction’s range. The massless photon, for
example, results in electromagnetism’s infinite range.
It’s important to mention the Noether’s theorem which highlights a crucial
link between symmetries and conservation laws: every continuous symmetry
corresponds to a conserved quantity. For the Poincaré group, these are energy,
momentum, and angular momentum. Gauge symmetries, on the other hand,
lead to conserved charges like electric charge.
Importantly, gauge symmetry-based interactions guarantee renormalizability,
a desirable theoretical property. However, this framework initially predicts
massless gauge bosons, contradicting experimental evidence that the weak
interaction’s bosons aremassive. This discrepancy is resolved by themechanism
of spontaneous symmetry breaking, which is explained in Section 1.1.5.

1.1.3 Gauge Invariance

Gauge transformations are specific mathematical operations that can be per-
formed on the quantum fields representing particles. Importantly, these
transformations can be different at different points in spacetime – this is what
makes them "local" gauge transformations. The principle of gauge invariance
on the other hand, demands that the physical predictions of a theory must
not change even if we perform these local gauge transformations. In order to
maintain this gauge invariance, we need to introduce force-carrying particles
called gauge bosons.
Consider the Lagrangian density for a free Dirac field ψ:

Table 1.2 | This table describes the gauge bosons within the SM and the fundamental
forces that theymediate. Mass values are from reference [10], with values in parentheses
reporting the experimental upper limits.

Name Mass Interaction

Photon γ 0 (< 1× 10−18 eV) Electromagnetism
Z boson 91.1876 GeV

Weak interaction
W± bosons 80.385 GeV
Gluons, g 0 (< 1.3 MeV) Strong interaction
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L = ψ̄
(
iγµ∂µ −m

)
ψ. (1.15)

TheLagrangiandensity is invariant under a phase transformation of the fermion
field, such as:

ψ → eiQωψ, ψ̄ → eiQωψ̄ (1.16)

where Q is the charge operator, i.e. Qψ = +ψ,Qψ̄ = −ψ̄, ω is a real constant
independent of x and ψ̄ is the conjugate field. The set of all number e−iω

form an abelian group, i.e. any two elements of the group commute such that
e−iω1eiω2 = e−iω2eiω1 . This particular group is called U(1) meaning the group
of all unitary 1× 1 matrices.
For simplicity purposes, wewill take infinitesimal group transformationswhere
the parameter ω is small enough that we can perform an expansion over it and
take only the linear term into account, i.e.

e−iω = 1− iω +Q(ω2) (1.17)

and the field ψ = changes as

ψ → ψ + δψ = ψ + iQωψ (1.18)

ψ̄ → ψ̄ + δψ̄ = ψ̄ + iQωψ̄ = ψ̄ − iωψ̄. (1.19)

such that the Lagrangian density remains unchanged. But at this point, in
order to perform same transformation at every space-time point, all of these
points should ’be aware’ of the transformation, which doesn’t seem like a good
option. Instead, we assume that the invariance under gauge transformations is a
fundamental property of nature. This assumption imposes the invariance under
local transformations, meaning that the parameter ω depends on space-time
point x. In that case, the fields transform as

δψ(x) = iω(x)ψ(x); δψ̄(x) = −iω(x)ψ̄(x). (1.20)

But now the Lagrangian density is no longer invariant under these transforma-
tions because of the partial derivative between ψ̄ and ψ. We can now assume
that the Lagrangian in Equation (1.15) is invariant under U(1) transformations.
This derivative acts on the space-time parameter ω(x) which imposes that the
Lagrangian density is altered by an amount δL, where

δL = −ψ̄γµ
[
∂µQω (x)

]
ψ (x) , (1.21)

where the square brackets indicate that the derivative is to be acted only inside
them.
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In order to restore the gauge invariance, we assume that the fermion field
interacts with a vector field Aµ, called a gauge field, with an interaction term i.e.

− gψ̄γµAµQψ., (1.22)

where g is the gauge coupling constant and replaced often by the electromagnetic
charge e in this context. Adding this term to the Lagrangian density, which
now becomes

L = ψ̄
(
iγµ

(
∂µ + ieQAµ

)
−m

)
ψ. (1.23)

In order to maintain invariance property, the gauge field should also change as
in the following

− eQAµ → −eQ
(
Aµ + δAµ (x)

)
= −eQAµ +Q∂µω (x) (1.24)

hence

δAµ (x) = −Q∂µω (x) /e (1.25)

which cancels each other alongwith Equation (1.21), hence the gauge invariance
is restored. The Equation (1.23) is known as the fermionic part of the Lagrangian
density for Quantum Electrodynamics (QED), where e denotes the electric
charge of the electron and Aµ denotes the photon field. A proper quantum
field theory, one where the photon fieldAµ can be expressed using creation and
annihilation operators, requires a kinetic term for the photon. This term must
be quadratic in the derivative of Aµ. Without it, the Euler-Lagrange equation
for the gauge field would be algebraic, allowing us to eliminate the gauge field
entirely from the Lagrangian. However, this kinetic term must be introduced
without breaking gauge invariance. This is accomplished by defining the field
strength tensor, Fµν , as

Fµν ≡ ∂µAν − ∂νAµ , (1.26)

which under gauge transformation in Equation (1.24) remains invariant mean-
ing that any term which depends on Fµν may be added to the Lagrangian
density. If we choose this term to be − 1

4Fµν , then the Lagrange equations
of motion match Maxwell’s equations exactly. We now have achieved the
derivation of the Lagrangian density for QED from the framework of U(1)

gauge invariance, which is

LQED = −1

4
FµνF

µν + ψ̄
(
iγµ

(
∂µ + igQAµ

)
−m

)
ψ. (1.27)

Before moving on to the SM Lagrangian, it is useful to introduce the concept of
covariant derivative Dµ, which is defined as
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Dµ ≡ ∂µ + igAµ. (1.28)

It has the same property as the transformations of the fermion field in Equa-
tion (1.20) and the gauge field in Equation (1.24) such that the quantity Dµψ

transforms in the same manner under the gauge transformations as ψ. Given
that, we can rewrite the QED Lagrangian density as

L = −1

4
FµνF

µν + ψ̄
(
iγDµ −m

)
ψ. (1.29)

What’s more, the field strength Fµν can now be expressed in terms of the
commutator of two covariant derivatives as in the following equation:

Fµν = − i
g

[
Dµ, Dν

]
= − i

g

[
∂µ, ∂ν

]
+
[
∂µ, Aν

]
+
[
Aµ, ∂ν

]
+ ig

[
Aµ, Aν

]
.

(1.30)

Additionally, a local gauge invariant Lagrangian under a certain group requires
a covariant derivative Dµ = ∂µ − igA

a
µT

a, with the T a as the group generator.
Hence, a gauge field tensor can be written as

igF aµνT
a =

[
Dµ, Dν

]
. (1.31)

1.1.4 Standard Model Lagrangian

The SM Lagrangian includes terms for fermions, gauge bosons and Higgs
boson, and is built on the gauge group SU(3)C ⊗ SU(2)L ⊗ U(1)Y , where C
refers to the color, L to the left-handed fermions and Y to the weak hypercharge
representing the symmetries of the strong, weak and electromagnetic forces,
respectively.
The first group, SU(3)C , has 8 generators - abstract mathematical objects
that describe infinitesimal transformations in Lie groups like SU(3) - whose
representation is provided by the Gell-Mann matrices λa. Each of these
generators corresponds to a gauge boson, i.e. Gaµ. The covariant derivative is
given by

Dij
µ = ∂µ − igsG

a
µ

λija
2
, (1.32)

and the field tensor can be derived using the gauge field tensor from Equa-
tion (1.31), as

Gaµν = ∂µG
a
ν − ∂νG

a
µ − gsf

abcGbµG
c
ν (1.33)
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where fabc is the structure constant of the group and gs is the coupling constant
of the strong interaction. The Quantum Chromodynamics (QCD) Lagrangian
density can then be expressed as

LQCD = −1

4
GaµνG

aµν + ψ̄
(
i /D

ij
)
ψ. (1.34)

The second and third groups, SU(2)L ⊗ U(1)Y , describe the weak and the
electromagnetic interactions. The covariant derivatives for this interaction acts
differently on the left- and right-handed fermions based on the chirality, and
can be expressed as

Dµ = ∂µ − ig
σi
2
Wµi − ig′Y

2
Bµ (1.35)

D′µ = ∂µ − ig
′Y

2
Bµ (1.36)

where g and g′ are the two coupling constants, σi are the Pauli matrices,Wµi

and Bµ are the three and one spin-1 boson associated to the SU(2)L and
U(1)Y groups, respectively. The corresponding field tensors can be built using
Equation (1.31) as

W i
µν = ∂µW

i
ν − ∂νW

i
µ + gεijkW j

µW
k
ν (1.37)

Bµν = ∂µBν − ∂νBµ, (1.38)

where ε is the fully antisymmetric structure constant of the SU(2) group.
The gauge and fermionic part of the SM Lagrangian can therefore be given as

Lgauge = −1

4
GaµνG

µν
a −

1

4
W i
µνW

µν
i −

1

4
BµνB

µν (1.39)

Lfermion =
∑
ψ,I

ψ̄I
(
iD̄
)
ψI , (1.40)

where I represents the three generations of particles and with the various fields
ψ = L,Q, e, u, d, which are

L =

[(
νeL
eL

)
,

(
νµL
µL

)
,

(
ντL
τL

)]
, Q =

[(
uL
dL

)
,

(
cL
sL

)
,

(
tL
bL

)]
(1.41)

e = [eR, µR, τR] ,u = [ur, cR, tR] ,d = [dR, sR, bR] , (1.42)

where, L and Q are the left-handed lepton and quark doublets of the SU(2)

group, while the right-handed fermions are kept in singlets as e,u and d where
the relation is given by

PL,R =
1

2
(1± γ5), ψL,R = PL,Rψ. (1.43)
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The reason to this composition of only left-handed fermions is discussed
towards the end of the Section 1.1.5.
So far, all the particles are massless since a mass term of typemψ̄ψ would break
the gauge invariance under SU(3)C ⊗ SU(2)L ⊗ U(1)Y symmetry. They have
to acquire their mass via another mechanism, which is the topic of the next
section.

1.1.5 Electroweak interactions and BEH mechanism

Experiments have shown that many fundamental particles, including leptons,
quarks and the W and Z bosons, possess mass. However, the SM’s Lagrangian,
as constructed based on gauge invariance, only permits massless particles. To
resolve this contradiction between theory and observation, physicists proposed
a complex scalar field, denoted as φ, which is a doublet under the SU(2) weak
interaction symmetry, has a hypercharge of Y=1, and carries no color charge.
This field was independently postulated in several publications [12–14]. The
process by which leptons, quarks, and bosons acquire mass is known as the
Brout-Englert-Higgs (BEH) mechanism. The Lagrangian describing this scalar
field is given by

Lscalar = Dµφ
†Dµφ− V (φ†φ). (1.44)

The potential energy associated with this field, denoted as V (φ†φ), was defined
using the most general form that could be consistently calculated within the
theory while also adhering to the required gauge symmetries i.e.

V
(
φ†φ

)
= −µ2

(
φ†φ

)
+ λ

(
φ†φ

)2

(1.45)

with µ2 > 0. The lowest energy state of this potential (its minimum) occurs
when the quantity 〈0|ψ†ψ|0〉 equals µ2/λ ≡ v2. Here, v represents the vacuum
expectation value (VEV) of the scalar field. This non-zero VEV breaks the
electroweak symmetry group SU(2)L ⊗ U(1)Y . By expressing the field’s
behavior around this VEV using polar coordinates, we obtain

φ(x) =
1√
2
exp

(
iσiξi (x)

)( 0

v + h(x)

)
EWSB
−−−−−→ φ(x) =

1√
2

(
0

v + h(x)

)
,

(1.46)
where ξi(x) represent Goldstone bosons, and the Electroweak symmetry break-
ing mechanism (EWSB) has been applied. The covariant derivative of this field
is

Dµ = ∂µ − ig
σi
2
W iµ − ig

′

2
Bµ. (1.47)
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Substituting the covariant derivative in the Lagrangian and developing further
yields

Lscalar = Dµφ
†Dµφ+ µ2

(
φ†φ

)
− λ

(
φ†φ

)2

=
v2

8

(
2W i

µW
iµ + g′2BµBν − 2g′gBµW

3µ
)(

1 +
h

v

)2

+
1

2

(
∂µh∂

µh
)
− λv2h2 − λvh3 − λ

4
h4 − λv4

4
.

(1.48)

Equation (1.48) reveals how theW 1,2,3 and B gauge bosons acquire mass, as
indicated by its second line. Furthermore, the expression’s final term demon-
strates a mixing phenomenon between the W 3 and B fields. To understand
the actual particles we observe, we must redefine these gauge bosons into the
physical bosons:

W±µ =
1√
2

(
W 1
µ ± iW

2
µ

)
(1.49)(

Zµ
Aµ

)
=

(
cos θW − sin θW
sin θW cos θW

)(
W 3
µ

Bµ

)
(1.50)

Here, θW represents the Weinberg angle, defined by the relationship tan θW =

g′/g. Ultimately, the four degrees of freedom initially present in the scalar field
φ are reinterpreted as contributing to the mass of the Higgs boson and the
masses of the weak bosons. Crucially, the photon remains massless throughout
this process:

mw =
gv

2

mz =

√
g2 + g′2

v

2

ma =0

(1.51)

By utilizing the relationship mZ = mw/ cos θW , which connects the masses
of the weak bosons, the initial line of Equation (1.48) can be expressed in a
different, but equivalent, form as

Lscalar ⊃
(
m2
WW

+
µ W

−µ +
1

2
m2
ZZµZ

µ

)(
1 +

h

v

)2

(1.52)

Equation (1.52), which represents a portion of the scalar Lagrangian, serves
a dual purpose: it not only predicts the masses of the weak bosons but also
details how these bosons interact with the scalar field.
The second line of Equation (1.48) suggests the existence of an additional scalar
particle, the Higgs boson. This particle acquires mass, given bymH =

√
wλv,
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utilizing the remaining degree of freedom. The experimentally determined
mass of theHiggs boson is 125.09±0.24GeV.TheVEV, v, which is approximately
246 GeV, can be derived from measurements of the weak boson masses in
Equation (1.51). Combining these values allows us to predict the value of λ,
which in turn predicts the strength of trilinear (λvh3) and quartic

(
λ
4h

4
)
Higgs

self-interactions.
Directly adding mass terms for fermions violates gauge invariance, a crucial
requirement for the SM. However, experiments clearly indicate that fermions
do possess mass. To resolve this conflict, we introduce Yukawa terms, which
couple the scalar field φ to the fermions:

LYukawa =−
∑
i

Y ijl

(
L̄i · φ

)
lj + h.c. (leptons)

=−
∑
ij

Y iju

(
Q̄i · φC

)
uj −

∑
ij

Y ijd

(
Q̄i · φC

)
dj + h.c. (quarks)

(1.53)
Here, φC is defined as iσ2φ

∗. Yl, Yu, and Yd represent the Yukawa coupling
matrices, which govern the interactions of the scalar field with leptons (electron,
muon, tau), up-type quarks (up, charm, top), and down-type quarks (down,
strange, bottom), respectively. Importantly, these Yukawa couplings are matri-
ces within the flavor space, meaning that they can mix different generations of
fermions.
After electroweak symmetry breaking, as described in Equation (1.46), the
portion of the Yukawa interaction involving leptons transforms into

LYukawa ⊂ −
Ylv√

2

(
l̄LlR + l̄RlL

)(
1 +

h

v

)
. (1.54)

This portion of the Lagrangian reveals a new mass term for charged leptons,
expressed as ml = Ylv/

√
2. Intriguingly, the Yukawa coupling for the top

quark, Yt, is approximately 1. The top quark’s Yukawa coupling is notable
due to its magnitude, indicating a strong Higgs interaction. This proximity
to unity, unlike other fermion Yukawa couplings, suggests a more "natural"
coupling strength and potential relevance to electroweak symmetry breaking or
beyond-Standard-Model physics. It highlights the flavor hierarchy problem and
possible top-Higgs sector connections. Additionally, it describes an interaction
term between lepton-antilepton pairs and the Higgs boson. Figure 1.1 provides
experimental evidence supporting these scalar field couplings.
For leptons, a single Yukawa matrix is used to relate left-handed flavor eigen-
states to mass eigenstates. This matrix can be diagonalized in flavor space,
resulting in a unique Yukawa coupling value for each lepton flavor.
While a similar expression applies to quarks, they involve two Yukawamatrices



1.1.5. Electroweak interactions and BEH mechanism 19

Figure 1.1 | The CMS collaboration’s [15] measurements of the Higgs boson’s interac-
tions with various fermions (top and bottom quarks, tau and muon leptons) and weak
bosons (W and Z) through Yukawa couplings show excellent agreement with the SM
predictions outlined in Equations (1.52) and (1.54). This agreement strongly supports
the inclusion of the scalar field in the Lagrangian as the mechanism responsible for
giving mass to elementary particles.
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(Yu and Yd). Consequently, both matrices cannot be simultaneously diago-
nalized. Unlike leptons, a direct one-to-one correspondence between mass
and flavor eigenstates isn’t possible for all quarks. By convention, the up-type
quark matrix is diagonalized, leading to a non-diagonal matrix, known as the
Cabibbo-Kobayashi-Maskawa (CKM) matrix, which relates the mass and flavor
eigenstates of down-type quarks. The CKM matrix is characterized by four
parameters, one of which introduces charge-parity (CP) violation.
In the lepton sector with massive neutrinos, the mismatch between flavor and
mass eigenstates is encoded in the unitary Pontecorvo-Maki-Nakagawa-Sakata
(PMNS) matrix, which relates the charged-current weak eigenstates (e, µ, τ )
to the neutrino mass eigenstates (ν1, ν2, ν3) [16]. Unlike the nearly diagonal
CKM matrix, the PMNS matrix exhibits large mixing angles and is typically
parameterized by three angles (θ12, θ23, θ13) and one Dirac CP-violating phase
δ if neutrinos are Dirac particles; if neutrinos are Majorana, two additional
Majorana phases become physical but do not affect oscillations. This structure
reflects that the charged-lepton Yukawa matrix can be chosen diagonal by
convention, while the neutrino mass matrix remains non-diagonal, leading to
observable neutrino oscillations and potential leptonic CP violation.
Beyond the Higgs interactions described in Equation (1.54), EWSB leads to
leptons interactingwithW and Z bosons, as well as photons, through terms that
preserve lepton flavor. While this principle also applies to quarks, the inability
to simultaneously diagonalize bothYukawamatrices necessitates amodification
of the charged currents mediated by theW boson. This modification introduces
transitions betweenup-type anddown-typequarks,meaningquarks of different
flavors can change into one another.
The SM includes 26 parameters that are not predicted by the theory itself and
must be determined experimentally. In addition to the local gauge symmetries
already discussed, experiments have revealed global symmetries, such as
lepton number conservation (one for each generation) and baryon number
conservation. However, these global symmetries were not explicitly imposed
during the model’s construction, leading them to be classified as "accidental
symmetries".
Finally, the lack of experimental detection of right-handed neutrinos suggests
that a Yukawa term cannot be included in the SM Lagrangian to give neutrinos
mass. Consequently, within the SM framework, neutrinos remainmassless after
electroweak symmetry breaking, which contradicts experimental observations
of neutrino oscillations which require neutrinos to have mass.
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1.1.6 Simulation and reconstruction of proton–proton
collisions

Theorists face a major challenge in collider experiments: accurately calculating
observable quantities like total cross-sections and decay rates. This requires
controlling both the perturbative description of the hard scattering and the
non-perturbative dynamics of QCD. At hadron colliders such as the Large
Hadron Collider (LHC), this is particularly difficult because quarks and gluons
are never observed as free particles, but instead undergo parton showering,
hadronisation, and the decay of short-lived hadrons before leaving signals in
the detector.
When quarks or gluons, collectively referred as partons, are created in a high-
energy collision, a phenomenon known as the hard process, they subsequently
emit additional partons. This emission phenomenon is called Final State
Radiation (FSR). The cascade of these emitted particles is referred to as a
parton shower, and importantly, this shower’s development is independent of
the specific details of the initial hard process or how the initial partons were
generated. This universality, coupled with the significant difference in energy
scales between the high-momentum transfers of the hard process and the
lower-energy processes occurring within hadrons, allows for the factorisation
of these processes in cross-section calculations.
As the parton shower evolves, the relevant momentum scale decreases, and the
strong coupling αs(Q) increases. This growth of αs reduces the probability for
further emissions, so the shower gradually dies out until a non-perturbative
scale is reached. At that point, the quarks become confined within hadrons,
which are composite particles with neutral color charge. These hadrons, along
with their potential decay products, are then detected as collimated clusters of
particles known as jets.
To effectively interpret jet data and other objects (leptons, photons etc.), simula-
tions are crucial, allowing for comparisons with experimental results. Tomodel
the proton-proton collisions, Parton Distribution Functions (PDFs), denoted
as fa(x), are employed. These functions represent the probability of finding a
parton of flavor ’a’ carrying a fraction ’x’ (where x is between 0 and 1) of the
proton’s total energy. The flavor ’a’ can be gluons, valence quarks, or virtual
(sea) quarks, though sea quarks are less probable at high momentum fractions
due to their virtual nature.
The total cross-section for a collision between two hadrons (hh) producing a
final state X is calculated by summing over all possible pairs of partons (a
and b). The calculation involves integrating over the momentum fractions
of the partons (xa and xb) and the phase space of the final state (Φ). The
probability of finding a parton with a specific momentum fraction is given by
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fa(xa, µ
2
f ) and fb(xb, µ

2
f ), which depend on the factorization scale µf . The hard

scattering cross-section for the interaction of the partons a and b is represented
by dσa,b→X(xa, xb, µ

2
R), which depends on the renormalisation scale µR. This

can be expressed as:

dσhh→X =
∑
a,b

∫
dxadxbdΦ fa(xa, µ

2
f )fb(xb, µ

2
f ) dσa,b→X(xa, xb, µ

2
R), (1.55)

where X is an arbitrary final state and dσa,b→X(xa, xb, µ
2
R) is the scattering

cross-section of two partons a and b coming from the two hadrons, whose
fraction of momentum and flavor are integrated and summed over, respectively.
When hadrons (like protons) collide in a particle accelerator, the resulting event
is incredibly complex, producing a large number of particles. To understand
the overall properties of these collisions and the particles they create, physicists
need to simulate the entire process from the initial interaction to the final
detection of the particles. This simulation is done using computer programs
called Monte Carlo (MC) generators, which build up a detailed, step-by-step
history of the event, as depicted in Figure 1.2. These simulations are crucial for
accurately measuring the overall characteristics of the collision.
The simulation of a collision event begins with computing the parton-level
differential cross-section at a chosen perturbative order and particlemultiplicity.
Due to the factorial growth of Feynman diagrams with final-state particles,
generators are typically limited to around 10 particles. The sampled points
either estimate the total cross-section or represent simulated hard scatterings,
with parton distribution functions used to assign parton probabilities. Since
events are not sampled with exact probabilities, each is assigned a weight.
Once the hard process is simulated, the parton shower is applied under the
assumption that it factorizes from the hard process and evolves independently.
Each parton, whether from the initial or final state, undergoes radiative correc-
tions, emitting additional partons that form jets. At the end of the parton shower,
radiation stops and partons no longer have enough energy to remain free. The
simulation then transitions to color-neutral hadrons using non-perturbative
hadronisation models.
Alongside the hard scattering, leftover partons from the colliding hadrons can
undergo multiple parton interactions. Their products also pass through parton
showering, hadronisation, and interact via color reconnection with the initial
and final states. The combination of these parallel processes is known as the
Underlying Event (UE).
In many cases, LO (see Section 1.1.1 for explanations of LO and NLO) pre-
dictions lack precision due to large uncertainties related to the choice of the
renormalisation scale or limited kinematic coverage. To improve accuracy,
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Figure 1.2 | Imagine a particle collision in an accelerator, like smashing two protons
together. A computer program (a Monte Carlo event generator) simulates this. The
core of the collision, where the particles directly interact, is shown as a red blob in the
centre. As particles fly out, they can emit radiation, called Bremsstrahlung, which is
shown as a branching, tree-like structure surrounding the red blob. Sometimes, there
might even be a second, separate hard collision, shown as a purple blob. The quarks
and gluons that are created eventually turn into the stable particles we see in detectors;
this process is shown as light green blobs. Some of these stable particles then decay into
other particles, shown as dark green blobs. Finally, sometimes photons (light particles)
are emitted, shown as yellow lines. Essentially, this diagram shows a step-by-step
breakdown of all the complex processes that happen in a particle collision, as simulated
by a computer [17].



24 Chapter 1. The Standard Model and Higgs boson pair production

NLO calculations are used. Since parton showers already include higher-order
effects beyond LO, matching procedures are needed to avoid double counting.
In MG5_aMC@NLO [18], this introduces negative-weight events, reducing
statistical efficiency, as more events must be simulated to balance the cancella-
tions. Powheg [19], in contrast, avoids negative weights by specializedmethods.
Other generators like Whizard [20] and Sherpa [21] also support LO or NLO
simulations with parton showers and additional features.
These simulations provide a detailed understanding of the underlying physics
processes, which is essential for accurately interpreting the signals observed
in the detector and reconstructing the properties of the particles produced in
the collisions. To reconstruct jets in a consistent and infrared–safe way (i.e.,
stable under soft or collinear particle emissions), experimental analyses use
clustering algorithms that group the measured particles into jets according
to their proximity in the (y, φ) plane. The most widely used class at hadron
colliders is the sequential recombination family, where a distance measure is
defined between pairs of particles and between each particle and the beam.
Popular choices include the kT , Cambridge–Aachen, and, in particular, the
anti-kT algorithm, which is the LHC standard. The anti-kT algorithm tends
to produce approximately conical jets that are stable under soft and collinear
radiation, making them well suited for comparisons between theory and
experiment.
In addition to jets, the reconstruction of other objects such as leptons, photons,
andmissing transverse energy (Emiss

T ) plays a crucial role in collider experiments.
Leptons, including electrons and muons, are identified using their distinct
signatures in the detector, such as tracks in the inner tracker and energy
deposits in the electromagnetic calorimeter. Photons are reconstructed based
on their energy deposits in the electromagnetic calorimeter without associated
tracks. Emiss

T , which indicates the presence of neutrinos or other undetected
particles, is calculated as the negative vector sum of the transverse momenta of
all reconstructed objects in the event. These objects, alongwith jets, are essential
for accurately characterizing the final states of collisions and for disentangling
the complex structure of events.
A significant challenge in these experiments is to accurately infer the properties
of the original quark or gluon that initiated the jet, as well as to identify
and measure the properties of leptons, photons, and Emiss

T from the energy
deposits and tracks measured by the detector. This requires sophisticated
reconstruction techniques, including machine learning (ML), to disentangle
the complex structure of jets and other objects, improve the reconstruction of
the initial parton’s characteristics, and ensure precise identification of leptons
and photons. These techniques are further complemented by comparisons
with theoretical simulations, which are crucial for validating the methods and
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ensuring consistency with the underlying physics models.
Accurate measurements in particle physics experiments rely heavily on precise
corrections, calibrations, and the careful treatment of uncertainties. Detector
responses must be calibrated to ensure that the measured signals, such as en-
ergy deposits in calorimeters or tracks, accurately reflect the true properties of
the particles. This involves correcting for detector effects like non-uniformities,
energy scale shifts, and resolution smearing. Additionally, systematic uncertain-
ties arise from various sources, including themodeling of the detector response,
theoretical predictions (e.g., parton distribution functions and renormalization
scales), and the simulation of background processes. These uncertainties are
quantified and propagated through the analysis to assess their impact on the
final results. Robust calibration procedures and uncertainty evaluations are
critical for ensuring the reliability of the reconstructed quantities, such as jets,
leptons, photons, and missing transverse energy, and for enabling meaningful
comparisons between experimental data and theoretical predictions.
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1.2 Higgs boson pair production

The 2012 discovery of the Higgs boson by the ATLAS and CMS experiments
yielded the first measurement of its mass [5,6]. These measurement, combined
with the VEV, allowed physicists to determine the value of the λ parameter
in Equation (1.48). This, therefore, led to predictions for how Higgs bosons
interactwith each other via trilinear andquartic couplings and the rates atwhich
associated processes occur at the leading order, specifically the production
of HH and three Higgs bosons (HHH). While observing three Higgs bosons
is unlikely with current and near-future detectors due to its extremely low
production rate, the study of HH production is ongoing.
Understanding HH production could provide valuable insights into the limita-
tions of the SM as an effective theory at high energies or hint at a more complex
Higgs sector. The strength of the trilinear Higgs interaction is particularly
important because measuring it would test the SM’s prediction of λ. This
could significantly improve our understanding of the Higgs potential and the
mechanism by which the Higgs boson obtained its VEV and gives mass to all
fundamental particles.

1.2.1 HH production in the Standard Model

At a proton-proton collider, the primaryway to produce pairs ofHiggs bosons is
through gluon-gluon fusion (ggF). This process, initially explored in references
[22, 23], is a loop-induced interaction. Even at the leading order, it involves
Feynman diagrams containing loops of top and bottom quarks, as illustrated
in Figure 1.3. One type of diagram features a triangular loop that produces a
virtual (off-shell) Higgs boson, which then decays into two real (on-shell) Higgs
bosons via the triple-Higgs interaction. However, two Higgs bosons can also be
produced through box loop diagrams that do not involve the direct interaction
of three Higgs bosons. These two sets of diagrams contribute to the probability
of the process with opposite signs, resulting in a destructive interference. The
reason that the rate at which pairs of Higgs bosons are produced is significantly
low is primarily due to the contributions from the box and triangle Feynman
diagrams largely cancelling each other out, as shown in Figure 1.4
The total rate for producing Higgs boson pairs in pp collisions is known with
high precision (NNLO) in QCD). Reference [24] suggests applying a roughly
10% correction for the top quark mass, observed at NLO, to the total NNLO
rate. Using a centre-of-mass energy of

√
s = 13 TeV and a Higgs boson

mass of mH = 125 GeV, this yields a cross-section (σHH ) of 33.45 fb with
uncertainties of +4.3%/− 6% (due to the energy scale of the process), ±2.1%
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Figure 1.3 | Examples of the Feynman diagrams that contribute to the production of
two Higgs bosons at the leading order. Notably, only triangle diagrams, like the one
on the left, involve the Higgs boson’s self-interaction strength, denoted by λ. Both top
and bottom quarks can exist within the loop of these diagrams, but the top quark’s
contributions are much more significant to the overall probability due to its strong
interaction with the Higgs field (large Yukawa coupling), appearing once in triangle
diagrams and twice in box diagrams.

(due to uncertainties in the PDFs), and ±2.3% (due to the uncertainty in the
strong coupling constant, αs), as stated in Equation (1.56).

σHH = 34.45fb+4.3%
−6% (scale)± 2.1%(PDF)± 2.3%(αs) (1.56)

Current research on non-resonant double Higgs production primarily aims to
measure the trilinear Higgs coupling and compare it to the value predicted
by the SM based on the known Higgs mass and VEV. Contrary to what might
initially be expected, the HH production rate doesn’t necessarily increase as
the strength of this coupling increase due to interference effects previously
discussed. The relationshipbetween the cross-section and the couplingmodifier
(κλ = λ/λSM ) is shown in Figure 1.5.
The second most significant way to produce pairs of Higgs bosons is via Vector
Boson Fusion (VBF) production mode. In this process, the Higgs bosons
originate from the exchange of virtual W or Z bosons in the t-channel, or
through a similar mechanism where a single, virtual Higgs boson is produced
and then decays into a pair. Other production methods, such as double Higgs-
strahlung (where a Z or W boson is also produced) and production alongside a
top quark-antiquark pair, are analogous to their single Higgs boson production
counterparts but are not expected to be observed until the next generation
of more powerful experiments. In general, any Feynman diagram that can
produce a single Higgs boson can also lead to double Higgs production by
adding a trilinear Higgs coupling vertex to the diagram, which significantly
reduces the probability of the process. The cross-sections for double Higgs
production, including QCD corrections and assuming a Higgs boson mass of
125 GeV and a collision energy of

√
s = 13 TeV, are given by [25]:
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Figure 1.4 | Differential cross-section of producing a pair of Higgs bosons at the LO
as function of the invariant mass of the Higgs pair. The figure breaks down the total
probability into contributions from different underlying Feynman diagrams involved in
gluon-gluon fusion, including how these contributions interfere with each other. The
final, observable quantity is the sum of all these individual contributions and their
interferences [25].
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Figure 1.5 | Cross-sections for different production modes of pairs of Higgs bosons
as function of the strength of the trilinear Higgs coupling (λ) is normalized over its SM
value (κ

λ
= λ/λ

SM
). The dashed lines and lighter-colored bands represent calculations

at the LO, while the solid lines and darker-colored bands show the results at the NLO,
which are more accurate calculations. The colored bands around the lines indicate the
theoretical uncertainties arising from the choice of energy scale in the calculations and
from the uncertainties in the PDFs, with these two types of uncertainties added together
linearly to show the total uncertainty. [26]
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σGGF = 31.05 fb+2.2%
−5.0% (scale)± 3.0%(αs + PDF)

σVBF = 1.73 fb+0.03%
−0.04% (scale)± 2.1%(αs + PDF)

σZHH = 0.363 fb+3.4%
−2.7% (scale)± 1.9%(αs + PDF)

σW+HH = 0.329 fb+0.32%
−0.41% (scale)± 2.2%(αs + PDF)

σW−HH = 0.173 fb+1.2%
−1.3% (scale)± 2.8%(αs + PDF)

σtt̄HH = 0.775 fb+1.5%
−4.3% (scale)± 3.2%(αs + PDF),

(1.57)

and the corresponding Feynman diagrams are shown in Figure 1.6.
The κ-framework is a widely used approach in experimental particle physics to
parameterize potential deviations from the Standard Model (SM) predictions.
In this framework, the couplings of the Higgs boson to other particles and to
itself are modified by scaling factors, denoted as κ parameters. For example,
κλ modifies the trilinear Higgs self-coupling, while κt scales the top quark
Yukawa coupling. These modifiers are defined such that κ = 1 corresponds to
the SM prediction. Any measured deviation of κ from 1 would indicate new
physics beyond the Standard Model (BSM).
The κ-framework is particularly valuable because it provides a model-indepen-
dent way to test the consistency of experimental results with the SM. By
introducing these scaling factors, experimentalists can quantify how well the
data align with the SM or identify potential hints of BSM physics. However,
while the κ-framework is effective for detecting deviations, it does not pro-
vide direct insight into the underlying theoretical model responsible for the
deviations. For this reason, it is often complemented by more comprehen-
sive approaches, such as Effective Field Theories (EFTs), which offer a deeper
connection to possible BSM scenarios.

1.2.2 Introduction to Effective Field Theory

If the energy scale at which new physics emerges is significantly higher than
the electroweak scale, then one can describe its indirect effects on low-energy
observables in away that doesn’t dependon the specificdetails of theunderlying
model. These effects manifest as modifications to the SM Lagrangian, including
both shifts in SMparameters such as couplings andmasses, and the introduction
of new, non-renormalisable local interactions among SM particles [27].
In this framework, the SMLagrangian is extended intowhat’s called an effective
field theory [28–30], expressed as:

LSM → Leff = LSM +
∑
d>4

∑
i

c
(d)
i

Λd−4
O(d)
i (1.58)
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Figure 1.6 | Representative Leading Order Feynman diagrams for the dominant
double Higgs production mechanisms: (a) gluon-gluon fusion, (b) vector-boson fusion,
(c) double Higgs-strahlung, and (d) tt̄HH associated production. The trilinear Higgs
self-coupling (λ

HHH
) vertex is highlighted in red [25] .
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Here, O(d)
i are higher-dimensional operators (of mass dimension d) that obey

Poincaré and SM gauge symmetries, and c(d)
i are known as Wilson coefficients,

which determine the strength of these new interactions. The SM is recovered
either if all c(d)

i vanish or in the limit where Λ→∞.
Though the expansion includes an infinite number of terms, only a finite
number of them contribute at any given order in 1/Λ. Moreover, the effect
of these higher-dimensional operators on physical processes with energy E
becomes increasingly negligible as powers of E/Λ, allowing the series to be
truncated and only the most significant terms considered.
The following two conditions must be met for this approach to yield well-
defined predictions:

1. The typical energy scale E of the processes under consideration must
be smaller than the new physics scale Λ. When E ≈ Λ, all operators in
the effective expansion contribute comparably, the expansion becomes
invalid, and the theory must be replaced by a UV-complete description
of the new degrees of freedom.

2. The underlying UV theory must allow for a perturbative expansion in its
couplings [31].

Although effective interactions result in a non-renormalisable theory, this does
not prevent the calculation of higher-order corrections, since there is now
a well-defined cut-off scale Λ [32]. For a discussion on the validity of EFT
methods in Higgs sector measurements, see ref. [31].
In the EFT framework, the experimental objective is to constrain or detect
non-zero values of the operator coefficients c(d)

i /Λd−4. Assuming reasonable
values for the Wilson coefficients, these constraints can be translated into limits
at which new physics might appear. EFTs also help identify observables that
are especially sensitive to deviations from SM predictions.
A minimal set of independent operators is known as a basis. At dimension
six, two commonly used bases are the Warsaw basis [33] and the SILH basis
[34, 35]. There are 2,499 baryon-number-preserving dimension-six operators
that also respect the required symmetries. However, under the widely used
assumption of Minimal flavor Violation — which postulates that new physics
respects the same flavor structure dictated by the SM Yukawa couplings — this
number reduces significantly to just 76 parameters. If one also neglects CP-odd
operators, this set further reduces to 53 independent operators, of which only
a subset will typically contribute to any given physical process.
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1.2.3 Double Higgs Production in Linear EFT (SMEFT)

There are various approaches to determining the EFT modifications to HH
production, depending on the chosen operator basis. One common framework
is the SM Effective Field Theory (SMEFT), which assumes the Higgs boson is
part of an electroweak doublet, and new physics is significantly heavier than
the electroweak scale. In this approach, higher-dimensional operators (such as
those in the Warsaw or SILH bases) modify the SM Lagrangian.
For instance, specific dimension-six operators modify the Higgs self-coupling
and the top quark Yukawa interaction, which are already present in the leading-
order Feynman diagrams for double Higgs production. Furthermore, these
operators can generate entirely new contact interactions not present in the SM,
such as tt̄HH , HGG, and HHGG vertices. These new interactions lead to
additional tree-level Feynman diagrams, as illustrated in Figure 1.7.

Figure 1.7 | Additional Feynman diagrams potentially contributing to Higgs pair
production. The new vertices arising from BSM physics are depicted as black squares.
The vertex on the left is induced by effective operators generating a tt̄HH contact
term. The vertices in the centre and right are induced by operators generating HGG
and HHGG contact terms. Note that the labels c

2
, c
g
and c

2g
within the squares are

common shorthand notations for these effective interactions, often used in the context
of non-linear EFT (discussed in Section 1.2.4).

While SMEFT provides a rigorous, explicitly gauge-invariant formulation, the
experimental results presented in this thesis primarily rely on the κ-framework
and its natural extension, the non-linear EFT (HEFT). Note that the labels c2,
cg, and c2g shown in Figure 1.7 are common shorthand notations for these
effective interactions, bridging the gap to the non-linear framework discussed
in the following section. This non-linear approach allows for a more direct
translation of the κλ and κ2V coupling modifiers that are explicitly targeted
and constrained in the final experimental analyses.
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1.2.4 Double Higgs Production in Non-linear EFT
(HEFT)

The use of non-linear EFT to describe BSM effects in Higgs pair production was
discussed in refs. [24, 36, 37]. The relevant part of the non-linear Lagrangian is
given by:

Lnonlin ⊃− κλ
m2

H
2v

H3 −mtt̄t

(
κt

H
v

+ c2
H2

v2

)

+
αs
12π

(
cg

H
v

+ c2g
H

2v2

)
GaµνG

a,µν ,

(1.59)

In this expression, five couplings need to be determined, but the relationship
between the contact terms involving one or two Higgs bosons is lost, and thus
the connection to single-Higgs processes is obscured. The SM is recovered
when κλ = κt = 1 and c2 = cg = c2g = 0. Here, κλ and κt are anomalous
couplings that modify the cubic Higgs self-coupling and the top quark Yukawa
coupling, respectively. The other couplings lead to diagrams identical to those
in the linear EFT, as shown in Figure 1.7.
In scenarios where c2 = cg = c2g = 0, and denoting by A4 and A� the LO
amplitudes corresponding to the triangle and box diagrams in Figure 1.3, the
matrix element squared for HH production can be written as:

|M|2 =
∣∣∣κλκtA4 + κ2

tA�

∣∣∣2 = κ4
t

∣∣∣∣κλκt A4 +A�

∣∣∣∣2 . (1.60)

This expression highlights the quadratic dependence of the cross-section on
the Higgs self-coupling κλ. Furthermore, since the matrix element’s kinematic
features are determined only through the amplitudes A4 and A�, it follows
that any observable sensitive to HH kinematics will depend only on the ratio
κλ/κt. Importantly, this observation remains valid even beyond LO, despite
the absence of clearly distinguishable box and triangle amplitudes at higher
orders.
This framework (Equation (1.60)) also allows us to connect theHEFTparameters
(κλ, κt) to the SMEFT deviations. By comparing the amplitude expressions
from both EFTs, we can infer how these parameters relate, providing a bridge
between the two approaches.
In practical terms, themost relevantHEFTparameters forHiggs pair production
are κλ, which rescales the Higgs self-coupling and therefore the triangle
diagram; κt, which rescales the top Yukawa coupling and affects both the
box and triangle diagrams; and the non-linear contact couplings c2, cg, and
c2g, which generate the tt̄HH , HGG, and HHGG vertices, respectively. For
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vector-boson-fusion topologies, the analogousmodifiers are κV and κ2V , which
govern the single- and double-Higgs couplings to electroweak vector bosons.
These are the standard coupling labels that appear in the corresponding HEFT
Feynman-diagram representations.

1.2.5 Modeling of non-resonant BSM effects on HH
production

While the sensitivity of HH production to new physics makes it an excellent
probe for deviations from SM predictions, it presents significant challenges
for experimental analyses. Efficiently modeling these deviations, especially
those arising from EFT effects, is crucial for optimizing analyses, setting limits,
or characterizing new physics. The straightforward approach of generating
Monte Carlo samples across the multi-dimensional EFT parameter space is
computationally impractical.
To overcome this, experimental collaborations often rely on the matrix-element
reweighting technique. By defining a limited set of points in the parameter
space as kinematic benchmarks, physicists can represent the possible types of
kinematic behavior of HH within the non-linear EFT.
This procedure yields a small, manageable set of representative points in the
EFT parameter space. This allows experimental searches to be optimized
for broad kinematic variations, increasing the sensitivity of the analyses to a
wider range of potential signal kinematics without the need for continuous
Monte Carlo generation. Despite the fact that the chosen benchmarks represent
discrete points, it is possible to model the kinematics of HH production for any
values of the anomalous couplings by reweighting the events of the benchmark
samples. These weights, derived from the matrix element of the process, are
functions of the EFT couplings and allow for smooth interpolations across the
parameter space during statistical analysis.

1.2.6 Review of current experimental results on HH
production

The current experimental results on HH production from pp collisions at the
LHC are reviewed in this section, focusing exclusively on the reported upper
limits from the ATLAS and CMS collaborations. The discussion includes
integrated luminosities, centre-of-mass energies, observed and expected upper
limits on production cross-sections or signal strengths, reported significances,
and derived constraints on the Higgs boson trilinear self-coupling modifier
and the quartic HHVV coupling modifier (k2V ) across all investigated decay
channels.
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Figure 1.8 | Branching ratios of the HH decay modes. The values are calculated using
the single Higgs boson branching ratios taken from ref. [24].

HH→ bb̄bb̄ Channel This decay channel represents the most probable final
state for Higgs boson pairs, with an SM branching fraction of approximately
34% (see Figure 1.8). Despite this high branching ratio, experimental searches
in this channel face considerable challenges due to overwhelming hadronic
backgrounds, predominantly originating from multi-jet QCD processes. The
difficulty in accurately modeling these large backgrounds, which simulations
often struggle to predict, significantly impacts the sensitivity of this channel,
illustrating that a high branching ratio does not automatically guarantee the
most stringent experimental limits. Another issue is the ambiguity in deter-
mining which Higgs boson each b quark originated from. These necessitate the
development and application of complex data-driven background estimation
methods.
The latest searches for non-resonant HH→ bb̄bb̄ production by both the ATLAS
and CMS collaborations, utilizing integrated luminosities of 126 fb−1 and 138
fb−1 respectively, of proton-proton collision data at

√
s = 13 TeV from LHC

Run 2, found no evidence of a signal [38, 39]. Consequently, no observed or
expected significance in terms of standard deviations was reported by either
experiment. ATLAS determined an observed (expected) upper limit on the
cross-section of 5.4 (8.1) times the SM prediction at 95% Confidence Level (CL),
while CMS reported a tighter observed (expected) limit of 3.9 (7.8) times the
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SM prediction. For individual production modes, ATLAS reported observed
(expected) 95% CL upper limits on the signal strength for ggF of 5.5 (8.2) and
for VBF production of 130 (130). Both collaborations derived constraints on
κλ and κ2V . ATLAS observed (expected) 2σ constraints for κλ were [-3.5, 11.3]
([-5.4, 11.4]), and for κ2V were [-0.0, 2.1] ([-0.1, 2.1]). CMS observed (expected)
95% CL allowed intervals for κλ were [-2.3, 9.4] ([-5.0, 12.0]), and for κ2V were
[-0.1, 2.2] ([-0.4, 2.5]), with CMS noting their κ2V constraints were the most
stringent at the time of publication.
Methodologically, the analyses diverged significantly. For background estima-
tion, ATLAS utilized a neural network with deep ensembles to reweight events
with exactly two b-tagged jets to model the signal region, extracting results
from a fit to the reconstructed mHH spectrum. Conversely, CMS employed
a Boosted Decision Tree (BDT) to reweight events with three b-tagged jets,
extracting signals using the output of a multivariate BDT discriminant. Jet
pairing strategies also differed, with ATLAS prioritizing angular proximity and
CMS prioritizing mass consistency.

HH→ bb̄τ τ̄ Channel This channel presents a more balanced experimental
view compared to the bb̄bb̄ channel. With a moderate SM branching fraction of
7.3%, it benefits from relatively lower background contamination. This makes
it an attractive channel for HH searches, offering a cleaner signature than fully
hadronic final states.
The ATLAS and CMS collaborations have both conducted searches for non-
resonant HH → bb̄τ τ̄ production using integrated luminosities of 139 fb−1

and 138 fb−1 respectively, of proton-proton collision data collected at
√
s = 13

TeV during LHC Run 2 [40, 41]. Neither search observed a significant excess of
events above the expected background. While the specific ATLAS publication
did not explicitly provide derived constraints on κλ and κ2V , such contributions
are incorporated into broader ATLAS combined analyses. CMS set an observed
(expected) upper limit on the inclusive HH production cross-section of 3.3
(5.2) times the SM prediction at 95% CL, and for VBF HH production, an
observed (expected) limit of 124 (154) times the SM prediction. ATLAS reports
an observed (expected) κλ constraint of [-2.7, 9.5] ([-3.1, 10.2]) at 95% CL. CMS,
however, derived constraints for κλ as [-1.7, 8.7] at 95% CL and for κ2V as [-0.4,
2.6] at 95%CL. Both analyses employedmultivariate discriminants, such as BDT
and Deep Neural Networks (DNN), for signal identification and background
rejection, with improvements in b-tagging, tau lepton identification, and trigger
strategies being crucial for enhanced sensitivity.
The analyses employed distinct multivariate strategies. CMS utilized an ensem-
ble of DNN to perform multi-class classification, separating the signal from
specific backgrounds across three distinct final states (τeτh, τµτh, τhτh). In
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contrast, ATLAS employed a BDT to discriminate signal from background in
combined τlepτhad and τhadτhad channels.

HH → bb̄γγ Channel This channel is characterized by a very small SM
branching fraction of around 0.26%. However, its distinct advantage lies in the
clean experimental signatureprovidedby theprecisely reconstructible diphoton
invariant mass, which leads to relatively low background contamination. This
cleanliness of the final state allows for effective signal extraction even from rare
events, positioning it as a "golden channel" for precision measurements due to
its excellent mass resolution.
The ATLAS and CMS collaborations have conducted searches for HH→ bbγγ
production [42, 43]. The latest ATLAS result combined full LHC Run 2 and
early Run 3 datasets, accumulating over 300 fb−1 of proton-proton collision
data at 13 TeV and 13.6 TeV. This led to a measured signal strength of µHH
= 0.9+1.4

−1.1 (expected 1.0+1.3
−1.0), and an observed (expected) upper limit on the

signal strength of 3.8 (2.6) times the SM prediction at 95% CL. The observed
statistical significance of the SM signal was 0.84σ, consistent with expectations.
ATLAS derived 95% CL constraints for κλ of [-1.7, 6.6] and for κ2V of [-0.5, 2.6].
The CMS search utilized 137 fb−1 of Run 2 data at

√
s = 13 TeV, yielding an

observed (expected) upper limit on the inclusive HH production cross-section
of 7.7 (5.2) times the SM prediction at 95% CL, and for VBF HH production, 225
(208) times the SM prediction. CMS provided 95% CL constraints on κλ of [-3.3,
8.5] (expected [-2.5, 8.2]), further refining these to exclude values outside [-2.7,
8.6] when combined with ttH(→γγ) and fixing κt=1. Both collaborations relied
on advanced multivariate techniques, including machine learning classifiers
and precise object identification, to mitigate backgrounds, with CMS also
using data-driven methods for non-resonant γ(γ)+jets backgrounds and fitting
two-dimensional (mγγ ,mjj) distributions.
The analyses diverged in their signal extraction and resolution strategies.
CMS performed a maximum likelihood fit to the two-dimensional (mγγ ,mjj)
distribution, utilizing a discrete profiling method to account for the bias
associated with the choice of the background function. Conversely, ATLAS
extracted results from a one-dimensional fit to themγγ spectrum. To enhance
sensitivity, ATLAS implemented a two-step kinematic fit that leverages the high-
precision photon measurements to improve the b-jet momentum resolution,
alongside the usage of a Transformer-based b-tagging algorithm.

HH→ bbWW/bbZZ (Multilepton) Channels Searches for HH production in
channels where one Higgs decays to bb̄ and the other to vector bosons (W or
Z)—collectively HH→ bbV V—are motivated by sizable branching ratios and
distinctive experimental signatures involving leptons and Emiss

T . Both ATLAS
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and CMS have analyzed the full Run 2 dataset at
√
s = 13 TeV (about 140 fb−1),

focusing on final states such as 2b+ 2`+ missing ET (which can be originated
from either bbWW or bbZZ), single- and di-lepton channels, and multilepton
(2b4`) signatures [44–47]. Advanced multivariate techniques were used to
suppress dominant backgrounds, particularly from top-quark production. No
significant excess above SM expectations was observed. ATLAS set a 95%
confidence level upper limit of 9.7 (expected 16.2) times the SM prediction for
non-resonant HH production in the bbWW channel, with constraints on the
Higgs self-coupling modifier κλ of [−6.2, 13.3] and on κ2V of [−0.17, 2.4] [44].
CMS reported a corresponding limit of 14 (expected 18) times the SM value,
with κλ constrained to [−7.2, 13.8] (expected [−8.7, 15.2]) and κ2V to [−1.1, 3.2]

(expected [−1.4, 3.5]), and a much weaker limit for VBF production [46].
In multilepton channels, CMS set an observed (expected) upper limit of 30 (37)
times the SM cross-section for HH→ bb4`, with κλ constrained to [−9, 14] (ex-
pected [−11, 16]) [48]. Although a dedicated ATLAS result for bbZZ is not avail-
able, such final states are included in their broader multilepton searches [45].
Methodologically, the analyses employed distinct classification strategies. CMS
implemented a DNN augmented by a Lorentz Boost Network (LBN) to pro-
cess four-vector inputs for the bbWW channel, while utilizing a BDT for the
statistically limited bbZZ channel. In contrast, the ATLAS multilepton analysis
employed BDTs across all categories, classifying events strictly by the multi-
plicity of light leptons and hadronic taus (e.g., 2` same-charge, 3`, 4`) rather
than by specific intermediate vector boson decays.

Combined Results from ATLAS and CMS Both the ATLAS and CMS collab-
orations have performed comprehensive statistical combinations of searches
for Higgs boson pair production across multiple decay channels, substantially
improving sensitivity to this rare process and yielding the most stringent
constraints to date on the Higgs self-coupling.
The latestATLAS combination, using 126–140 fb−1 ofRun2data at

√
s = 13 TeV,

sets an observed (expected) upper limit of 2.9 (2.4) times the SM prediction at
95% confidence level, with no significant excess above background expectations.
The analysis constrains the Higgs boson self-coupling modifier κλ to the range
[−1.2, 7.2] and the quartic HHV V coupling modifier κ2V to [0.6, 1.5], both
consistentwith the SM [49]. These results are achieved by combining a broad set
of decay channels, including bbbb, bbττ , bbγγ, multilepton, and bb``+Emiss

T , with
improved sensitivity arising from advances in individual analyses and refined
statistical treatments to ensure compatibility and avoid event overlap. The
ongoing accumulation of Run 3 data is expected to further enhance sensitivity.
CMS has similarly combined results from a wide range of channels, utilizing
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138 fb−1 of Run 2 data at
√
s = 13 TeV. The observed (expected) upper limit on

the inclusive HH production cross-section is 3.5 (2.5) times the SM prediction,
with no significant signal observed [50]. The combined analysis constrains
κλ to [−1.4, 6.8] (expected [−1.0, 7.0]) and κ2V to [0.6, 1.4] (expected [0.7, 1.4]),
consistent with SM expectations. These combinations include channels such as
bbbb, bbττ , bbγγ, bbWW , multilepton, and bbZZ.
Looking ahead, both collaborations anticipate further progress with Run 3
and the HL-LHC, which are expected to yield even tighter constraints and
potentially the first evidence for Higgs boson pair production.

1.2.7 Overview and Outlook

Given the extreme rarity of HH production, a multi-channel approach is
essential, leveraging the complementary advantages and challenges of different
final states. Progress in experimental sensitivity is driven by two main factors:
the increasing integrated luminosity delivered by the LHC and the continuous
refinement of analysis methodologies. The transition from Run 2 to early Run 3
data, combined with the widespread adoption of advanced machine learning
algorithms, such as BDTs and DNNs, has remarkably improved the precision
and reach of these searches. As a result, physicists are able to extract more
information from the available data, continually pushing the boundaries of
experimental capability.
Current combined analyses from ATLAS and CMS experiments constrain the
Higgs boson self-coupling modifier and the quartic HHVV coupling modifier
to ranges consistent with SM predictions as shown in Figure 1.9. However,
the allowed parameter space remains broad, and a definitive measurement
of the Higgs self-interaction is still beyond the present statistical reach of
the LHC. Looking ahead, the HL-LHC is expected to transform the search
for HH production. With significantly increased integrated luminosity, the
HL-LHC is anticipated to provide the first evidence—and potentially the
observation—of HH production, enabling much tighter constraints on the
Higgs self-coupling. This will offer unprecedented insights into the Higgs
potential and themechanismof electroweak symmetry breaking. The continued
synergy between growing data samples and innovative analysis techniques
will be crucial in unraveling the mysteries of the Higgs boson self-interaction
and exploring new frontiers in particle physics.
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Chapter

2 Experimental Setup:
CERN and The Compact
Muon Solenoid
Experiment

This chapter focuses on the experimental equipment deployed at CERN, with
particular emphasis on the Compact Muon Solenoid experiment (CMS), one
of the Large Hadron Collider’s flagship detectors. The CMS is an immense
and technically complex device designed to detect a wide variety of particles
and phenomena arising from high-energy proton-proton collisions at unprece-
dented energies, creating conditions similar to those just moments after the
Big Bang. Through its layered structure and specialized subsystems, the de-
tector captures detailed information about particle trajectories, energies, and
interactions, enabling physicists to probe fundamental questions about the
composition of matter and the forces governing the universe. In the following
sections, we describe briefly the CERN’s LHC and CMS detector’s design,
operational principles, and the technologies that support its broad scientific
program.

2.1 The European Organization for
Nuclear Research (CERN)

The European Organization for Nuclear Research, commonly known by its
French acronym CERN (Conseil Européen pour la Recherche Nucléaire), is
the world’s largest particle physics laboratory and one of the most significant
scientific collaborations in history. Founded in 1954 by 12 European countries,
CERN emerged from post-World War II efforts to unite European scientists and
restore Europe’s position in fundamental physics research. The organization
was strategically located near Geneva, Switzerland, at the Franco-Swiss border,
after Geneva was selected as the site in 1952 and approved by referendum in
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1953.

Figure 2.1 | An aerial view of the LHC and the Super Proton Synchrotron (SPS) ring
showing the locations of the main experiments and sites along with the French-Swiss
border [52].

CERN’s fundamental mission focuses on providing physicists with the neces-
sary tools and infrastructure to conduct unprecedented experiments in particle
physics, advancing our understanding of the building blocks of the universe.
Today, CERN has expanded to include 25 member states along with numer-
ous worldwide affiliations, making it one of the best international scientific
collaborations that brings together people from diverse backgrounds to push
the frontiers of science and technology.

2.2 The Large Hadron Collider:
Engineering Marvel and Scientific
Instrument

The Large Hadron Collider represents the pinnacle of particle accelerator tech-
nology and stands as the world’s largest and most powerful particle accelerator.
Constructed between 1998 and 2008 through collaboration with over 10,000
scientists and hundreds of universities across more than 100 countries, the
LHC occupies a circular tunnel 27 kilometers (17 miles) in circumference, reach-
ing depths of up to 175 meters beneath the France-Switzerland border (see
Figure 2.1).
The name "Large Hadron Collider" reflects its key characteristics: "Large" refers
to its massive 27-kilometer circumference, "Hadron" indicates it accelerates
protons or ions (particles belonging to the hadron family), and "Collider"
describes its function of creating head-on collisions between counter-rotating
particle beams. The LHC reuses the tunnel originally built for the Large
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Figure 2.2 | Schematic diagram of CERN’s accelerator complex showing the LHC and
its injection [53].

Electron-Positron Collider (LEP), as an example of the evolutionary nature of
particle physics infrastructure (see Figure 2.2).
The LHC operates by accelerating protons to extraordinary energies of 6.8
TeV per beam, creating collision energies of 13.6 TeV when the beams meet.
The accelerator achieves these extreme energies using superconducting dipole
magnets that generate magnetic fields of 8.33 tesla (T) (see Figure 2.3).
The engineering challenges to createworld record collision energy represent one
of the most advanced technological achievements in modern physics, requiring
unprecedented advances across multiple engineering disciplines to achieve
its revolutionary capabilities. The LHC’s superconducting magnet system
constitutes perhaps the most technically demanding component, with 1,232
main dipole magnets each generating 8.3 T magnetic fields while operating at
the extreme temperature of 1.9 Kelvin (-271 °C). These 15-meter-long, 35-tonne
magnets must maintain field uniformity to within micrometers across their
aperture, requiring precision manufacturing tolerances that push industrial
capabilities to their absolute limits. The superconducting coils utilize 11,080
amperes of current flowing through niobium-titanium cables cooled by super-
fluid helium, demanding revolutionary cryogenic systems that consume 40MW
of electricity and 120 tonnes of helium. The LHC’s vacuum system presents
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Figure 2.3 |Computer-generated cross-sectional diagramof theLargeHadronCollider
tunnel showing beam pipes and magnetic systems [54].

equally extraordinary challenges, encompassing 104 kilometers of ultra-high
vacuum pipingmaintained at pressures as low as 10−11 mbar achieved through
250,000 welded joints and 18,000 vacuum seals. Beam stability requirements
demand micron-level precision in magnet alignment and orbit control, with
feedback systems capable of correcting positional drifts as small as 10-25 mi-
crometers. The extreme scale of coordinating these systems represents an
engineering achievement that required pushing numerous technologies "well
beyond today’s frontiers" [55, 56].
The LHC’s beam structure can consist of up to 2,808 bunches of protons in
each beam, with each bunch containing approximately 115 billion protons.
These bunches are separated by 25 nanoseconds, creating a collision rate of 40
MHz at the four intersection points where experiments are located. The design
luminosity—a measure of collision rate—reaches 1034cm−2s−1, first achieved
in June 2016 and subsequently exceeded by a factor of two.

2.2.1 The Accelerator Complex

TheLHCoperates as thefinal stage inCERN’s sophisticated accelerator complex,
which progressively increases particle energies through a series of intercon-
nected machines (see Figure 2.2). The acceleration chain begins with Linac4,
which generates 160 MeV negative hydrogen ions, progresses through the Pro-
ton Synchrotron Booster, the 28 GeV Proton Synchrotron, and the SPS, which
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accelerates particles to 450 GeV before injection into the LHC.
This complex system allows particles to be gradually accelerated over a period
of approximately 20 minutes before reaching their final energy and circulating
for 5 to 24 hours during physics runs. The LHC can also accelerate heavy ions,
particularly lead ions, which reach energies of 5.3 TeV per nucleon pair for
studies of quark-gluon plasma—the state of matter believed to have existed in
the early universe.

2.3 The LHC and the CMS Experiment

The LHC hosts four major experiments at its collision points, each designed to
investigate different aspects of particle physics. The two largest general-purpose
detectors, ATLAS andCMS, jointly announced the discovery of theHiggs boson
in 2012 and continue investigating its properties along with searches for new
physics beyond the Standard Model.
ATLAS (A Toroidal LHC ApparatuS) represents the largest-volume particle
detector ever constructed, measuring 46meters in length, 25 meters in diameter,
andweighing 7,000 tonnes (see Figure 2.4). Located in a cavern about 100meters
underground near Meyrin, Switzerland, ATLAS employs a distinctive magnet
system built around a large central solenoid for inner tracking and two air-core
toroidal systems (barrel and end-cap) for muon bending, yielding excellent
standalone muon momentum resolution across a wide pseudorapidity range
(η). The collaboration comprises more than 5,500 scientists from 245 institutes
across 42 countries. For detailed information about ATLAS, see Ref. [57].
The Compact Muon Solenoid takes a different technical approach while pur-
suing similar scientific goals to ATLAS. Built around a massive 4-T solenoid
magnet, the CMS detector measures 21 meters long, 15 meters wide, and 15
meters high, with a total weight of 14,000 tonnes (see Figure 2.5). Uniquely
among LHC detectors, CMS was constructed in 15 sections at ground level
before being lowered into an underground cavern near Cessy, France, and re-
assembled. The collaboration involves approximately 5,500 particle physicists
from 241 institutes in 54 countries. Since the work of this thesis depends on
the data collected at the CMS, we will elaborate on it a little more.

2.3.1 CMS Subsystems and Layer Structure

The CMS experiment is designed to explore a broad range of studies, from the
Standard Model (including the Higgs boson) to searching for signals of physics
beyond the Standard Model such as extra dimensions and dark matter. The
full detector measures 21 meters long, 15 meters wide, and 15 meters high, and
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Figure 2.4 |Cut-awayviewof theRun 3 configuration of theATLASdetector indicating
notable sub-systems. [57].

Figure 2.5 | Schematic drawing of the CMS detector, taken from Ref. [58].
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the design emphasizes compactness, high magnetic field, and precision muon
detection, inspiring the name "Compact Muon Solenoid". Its structure features
concentric cylindrical layers around the beam pipe, each designed for precise
detection of different particles (see Figure 2.6).

Figure 2.6 | Cutaway diagram of the CMS detector at CERN showing key components
involved in the detection and data collection from particle collisions. [59].

Inner Tracking System

The core consists of four cylindrical layers of silicon pixel detectors for high-
precision vertex and track reconstruction, at radii ranging from 2.9 cm to 16 cm,
plus three forward endcap disks on each side located at |z| = 29.1, 39.6, and
51.6 cm from the interaction point [60]. This innermost detector contains 124
million pixels, each with a size of 100µm× 150µm, enabling a spatial resolution
of about 10µm. This seemingly sub-pixel precision is achieved because the hit
position is reconstructed from clusters spanning multiple pixels: the deposited
charge diffuses during drift and is displaced by the magnetic field (Lorentz
drift), leading to charge sharing between neighbouring pixels. Using the
measured charge distribution within a cluster (rather than only the index of the
hit pixel), the position can be interpolated with template- or charge-weighted
methods, yielding a resolution substantially better than the binary limit of
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pitch/
√

12 (the standard deviation for a uniform hit position within one pixel
when only the hit pixel is known).
Surrounding the pixel layers is a silicon strip detector comprising four inner
barrel layers, six outer barrel layers, and two endcap sections (one at each side
of the interaction point along±z) composed of multiple strip disks (the Tracker
Inner Disks and Tracker Endcaps). With over 15,000 modules, it provides a
total of about 10 million strips. This lightweight design minimizes material to
limit multiple scattering and preserves tracking accuracy in the high radiation
environment.
The intrinsic hit resolution of the strip tracker is set primarily by the strip
pitch typically O(80–180) µm depending on the layer and radius and the
track incidence angle. The strip-hit resolution is evaluated with the overlap
“pair method” (see Figure 2.7), where two hits from overlapping modules in
the same layer are crossed by the same track to suppress multiple-scattering
effects. The study uses tracks with pT > 3 GeV/c, at least 8 valid hits, and
track-fit probability ≥ 10−3, and retains hit pairs with cluster width ≤ 4 strips,
identical cluster width in both modules, predicted propagation path < 7 cm,
and predicted-distance uncertainty in the bending coordinate below 25 µm.
The single-sensor resolution is extracted from

σhit =

√
σ2

pred−meas − σ
2
meas

2
, (2.1)

where σpred−meas is the double difference between measured and predicted
positions across the two sensors and σmeas is the difference between measured
positions. As illustrated in Figure 2.7, smaller strip pitch gives better resolution,
while cluster sizes above one strip improve performance via charge sharing
and analogue readout.

Electromagnetic Calorimeter (ECAL)

The ECAL uses nearly 76,000 lead tungstate (PbWO4) crystals in a barrel and
endcap geometry. These crystals are highly dense and radiation-hard, scintillate
rapidly, and feature high granularity for accurate energy measurement of
electrons and photons. Photo-detectors attached to the back of each crystal
convert scintillation light into electrical signals, amplified and sent for analysis.
This sub-detector’s relative energy resolution improves with energy and is
commonly parameterized as σE/E = S/

√
E⊕N/E⊕C, whereE is the particle

energy (in GeV), S is the stochastic term,N the noise term, C the constant term,
and ⊕ denotes addition in quadrature. For the barrel, a representative test-
beam result implies a relative resolution at the percent level at E ∼ O(10) GeV
and below 0.5% at E ∼ 100 GeV [63].
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Figure 2.7 | Silicon strip hit resolution for 13.6 TeV pp collision runs in 2023 (left) and
2024 (right). Strip hit resolution is derived by selecting pairs of hits in different types of
overlapping sensors and for different cluster widths expressed in units of number of
strips. The theoretically expected resolution from a binary readout tracking detector
(i.e., hit or no hit) is also displayed. By measuring the fraction of charge collected
by adjacent strips, the hit position can be interpolated more precisely, leading to a
resolution significantly better than the binary limit. [61, 62].

Hadronic Calorimeter (HCAL)

The hadronic calorimeter surrounds the ECAL and measures energies of
hadrons. It comprises a barrel, two endcaps, an outer section beyond the
solenoid, and forward calorimetry. While the central and endcap regions use
layers of brass absorber and plastic scintillator tiles, the forward calorimeter
(HF) employs a different technology to withstand the unprecedented particle
fluxes and extreme radiation doses near the beamline. The HF consists of a
steel absorber structure embedded with radiation-hard quartz fibers. Instead
of scintillation, the active medium in the HF generates signals via Cherenkov
light produced by charged shower particles above the Cherenkov threshold.
Across the entire sub-detector, these optical signals are summed over "towers"
to determine energy. The overall design ensures hermetic coverage with no
gaps and strong resistance to radiation.
Following the same resolution parameterization described for the ECAL, a
representativeHCALenergy resolution curvedemonstrates a relative resolution
of approximately 100% at 1 GeV, improving to around 10% at 100 GeV, and
approaching a constant term limit of about 5% at energies above 1000 GeV [63].
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Superconducting Solenoid Magnet

The solenoid magnet is 12.5 meters long, 6 meters in diameter, and provides a
3.8 T field, the largest ever built for a particle detector. It is constructed from
aluminum-stabilizedNb-Ti/Cu cable, cooled to 4K (–269 °C). Themagnet bends
the paths of charged particles, allowing accurate momentum measurement
in conjunction with the tracker and muon system. The 12,500-ton steel yoke
returns the field and supports the massive detector sections.

Muon Detection System

Outside the calorimeters and solenoid sits the CMSmuon system, consisting of
drift tubes, cathode strip chambers, resistive plate chambers and gas electron
multipliers. Muons are tracked over large distances with high accuracy with
chambers embedded at strategic locations enabling redundancy and trigger
capabilities essential for physics analyses.
Unlike the calorimeters, the muon systemmeasures momentum (p) rather than
energy, determining it from the track curvature in the magnetic field. The
offline momentum resolution of the standalone muon system is approximately
9% for small pseudorapidities (η) and momenta up to 200 GeV/c, varying
between 15% and 40% at p = 1 TeV/c depending on η. However, when these
measurements are combined with data from the inner tracking system to
perform a “global” muon fit, the resolution improves dramatically. At lower
momenta, the tracker dominates and improves the global resolution by an order
of magnitude (to roughly 1–2%). At high momenta (p ∼ 1 TeV/c), the muon
system’s long lever arm complements the inner tracker, yielding an overall
global momentum resolution of approximately 5%.
See Figure 2.5 for a wide view of all sub-detectors of CMS.

2.3.2 Data Collection and Processing

The CMS experiment represents one of the most sophisticated data collection
and processing systems among modern physics experiments. With proton
bunches colliding at a rate of 40 MHz and producing terabytes of raw data per
second, the experiment requires an intricate multi-stage data flow system to
capture, process, and analyze collision events.
TheCMS experiment employs a sophisticated two-level trigger systemdesigned
to reduce the incoming data rate from 40 MHz to approximately 1 kHz for
permanent storage. This reduction is essential as recording every collision
would produce unmanageable data volumes.
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Level-1 Trigger (L1) operates using custom-designed electronics located in
the underground service cavern. It processes data from the calorimeter and
muon systems exclusively, with a maximum decision latency of 3.2 µs. During
this brief window, event data is held in front-end pipeline buffers awaiting
the trigger decision. The L1 trigger reduces the event rate from 40 MHz to
approximately 100 kHz by identifying events containing high transverse energy
electrons, photons, jets, muons, or significant missing transverse energy.
High-Level Trigger (HLT) represents the second stage, implemented in soft-
ware running on a farm of approximately 20,000 CPU cores housed on the
surface above the CMS cavern. The HLT performs more sophisticated recon-
struction and selection algorithms, using faster versions of offline reconstruction
software to further reduce the event rate to about 1 kHz for prompt reconstruc-
tion and permanent storage.

Data Acquisition and Trigger System

The Data Acquisition (DAQ) system serves as the critical bridge between the
detector hardware and the computing infrastructure. It is responsible for
collecting, inspecting, and assembling data fragments from the myriad of
electronic channels following a Level-1 trigger acceptance. By aggregating
these individual fragments into complete collision events, the DAQ system
manages massive, high-bandwidth data flows and routes them to the High-
Level Trigger processors for final online filtering. The Data Quality Monitoring
(DQM) system operates online during data collection to provide rapid feedback
to experiment operators, enabling prompt identification of detector issues and
ensuring data integrity.

Computing Model and Data Processing Workflow

Once an event passes all trigger selections, CMS relies on a comprehensive,
multi-stage computing workflow to transform raw detector signals into refined
physics objects. The initial stage, known as prompt reconstruction, employs
sophisticated algorithms—including track fitting, vertexing, and particle flow
reconstruction—to build a complete picture of the collision. This computa-
tionally intensive task is performed rapidly after data taking, applying the
latest detector calibrations and alignment conditions to ensure high-quality,
physics-ready output.
To accommodate the diverse analytical needs of the collaboration while man-
aging storage limits, CMS employs a tiered hierarchy of data formats. These
formats progressively reduce event sizes by stripping away lower-level detector
details in favor of high-level physics kinematics:
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• RAW & RECO: The foundational formats containing direct digitized
signals and the full output of the reconstruction algorithms, respectively.

• Analysis Object Data (AOD) & MiniAOD: Reduced formats contain-
ing the essential physics objects required for most analyses, offering a
significant reduction in file size.

• NanoAOD: An ultra-compact format that reduces the per-event data
footprint to a fraction of a percent of the original RECO size, serving as
the primary format for modern high-level statistical analysis.

The sheer volume of CMS data necessitates a distributed global computing
infrastructure, historically organized into a hierarchical Tier structure (Tier-0,
Tier-1, and Tier-2). The central facility handles initial prompt reconstruction
and data archiving, while global centers provide the processing power and
distributed storage required for large-scale simulated data production, repro-
cessing campaigns, and end-user physics analysis. Throughout this pipeline, a
comprehensive Data Quality Monitoring (DQM) system provides continuous
feedback—operating both online during active collisions and offline during
reconstruction—to guarantee data integrity and detector health.
The scale and efficiency of CMS data operations are immense, processing tens
of petabytes of data annually. Demonstrating the robust capabilities of this
entire workflow, during the 2025 proton run of the LHC, the CMS experiment
successfully recorded a record-breaking integrated luminosity of approximately
125 fb−1. This remarkable milestone underscores the seamless integration of
hardware triggers, high-throughput software processing, and distributed grid
computing required to drive discoveries in modern high-energy physics.

2.3.3 Object reconstruction

Reconstructed physics objects in CMS and used in this analysis are built with
the particle-flow (PF) algorithm, which combines information from the tracking
detectors and the calorimeters into a common set of particle candidates [64].
The PF reconstruction operates on PF blocks, i.e. groups of low-level detector
elements that are likely to originate from the same particle, and iteratively
identifies muons, electrons, photons, charged and neutral hadrons, and finally
the missing transverse energy, removing used elements at each step. After
PF reconstruction, objects are further classified into working points (WPs)
of differing efficiency and purity. The high-level trigger follows the same
principles, with simplified and more regional implementations.
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Muons

Muon PF candidates are required to be isolated, using the scalar sum of
transverse momenta of nearby PF candidates within a cone, and to pass
identification working points based on track quality and compatibility with
the primary vertex. Loose muons include candidates from both prompt
production and heavy-flavour decays, while tight muonsmust be reconstructed
in both the inner tracker and muon system with stringent requirements on
hit multiplicity, impact parameters, and fit quality. Several reconstruction fits
(tracker-only, combined, and specialised high-pT fits) are considered, and the
TuneP algorithm selects the optimal momentum estimate. The CMS muon
reconstruction is highly performant; the tight selection criteria typically yield
an identification efficiency between 95% and 99% across the detector acceptance,
while maintaining a hadron-to-muon misidentification probability well below
0.1% [65,66].

Electrons and photons

Electrons and photons are reconstructed using a combined treatment, since
bremsstrahlung and conversions couple their signatures. Electron candidates
are built by associating Gaussian-sum filter tracks to ECAL clusters, with the
momentum estimated from both the track curvature and the ECAL energy,
while photons are reconstructed from ECAL clusters with no matching tracks.
Isolation is defined from the transverse energy in a cone around the candidate.
Prompt electrons and photons are selected using either cut-based criteria or
multivariate discriminants that exploit shower-shape variables, track–cluster
matching, and isolation. Depending on the chosen multivariate working point,
typical electron and photon identification efficiencies range from 80% to 90%.
At these efficiencies, the probability for a hadronic jet to be misidentified as an
electron or isolated photon is strictly controlled, typically falling between 1%
and 5% [67].

Jets

After leptons and isolated photons are removed from consideration, the remain-
ing PF candidates are clustered into jets. Charged hadrons, neutral hadrons,
and non-isolated photons are combined using the anti-kT algorithm [68] with
distance parameters R = 0.4 (AK4) and R = 0.8 (AK8) to reconstruct jets from
single-parton and boosted topologies, respectively. The PF information from
the tracker, ECAL, and HCAL is combined to avoid double counting and to
improve the jet energy resolution. This global event description achieves a
typical jet energy resolution of 15% to 20% at 30 GeV, about 8% at 100 GeV, and
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4% at 1 TeV [69]. Following rigorous calibration, the residual uncertainty on
the jet energy scale is tightly constrained, remaining below 1% for central jets
with pT > 30 GeV. To further suppress background, a multivariate pileup jet
identification algorithm is applied to low-pT AK4 jets, which retains 90% to
95% of genuine hard-scatter jets while rejecting over 90% of pileup-induced jets.
For boosted jets, substructure and grooming techniques such as soft-drop [70]
are used to mitigate soft and pileup contamination and to resolve two-prong
decays of heavy resonances inside AK8 jets.

Hadronic taus

Hadronically decaying τ leptons (τh) are reconstructed starting from jets clus-
tered with the anti-kT algorithm. The hadron-plus-strips (HPS) algorithm [71]
identifies τh candidates by combining charged hadrons and photons into decay-
mode hypotheses, constrained by invariant mass, charge, and collimation
requirements. A convolutional neural network-based multiclassifier, known
as DeepTau [72], then discriminates genuine τh from quark- or gluon-initiated
jets and misidentified electrons or muons, using both high-level variables and
low-level calorimeter and tracking information in (η, φ) grids. The latest iter-
ation of this algorithm incorporates domain adaptation by backpropagation
to significantly reduce performance discrepancies between collision data and
simulation. This refined algorithm provides exceptional separation power; at a
genuine τh identification efficiency of 60% (the Tight working point), it restricts
the jet-to-τh misidentification probability to approximately 0.25%, representing
a 50% reduction in background compared to previous iterations. Furthermore,
dedicated discriminators against light leptons heavily suppress electroweak
backgrounds. The algorithm limits the electron misidentification probability
to roughly 0.15% at an 80% τh signal efficiency (a factor of two improvement),
while the muon misidentification probability remains tightly controlled at
approximately 0.01% for a 99.5% τh signal efficiency [73].

Missing transverse energy

The missing transverse momentum ~pmiss
T is defined as the negative vector

sum of the transverse momenta of all PF candidates, and its magnitude is
referred to as Emiss

T . It provides sensitivity to undetected particles such as
neutrinos, but is also affected by detector acceptance, misreconstruction, and
pileup. After incorporating jet energy corrections (Type-1 corrections), the
Emiss

T response is restored to near unity. The corresponding Emiss
T resolution

depends heavily on the overall event topology and pileup conditions, but
typically ranges from 15 to 30 GeV for standard collision environments [74].
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To mitigate the severe effects of high pileup in Run 3, the pileup per particle
identification (PUPPI) algorithm is now recommended as the default over
the standard PF-based method, providing reduced pileup dependence and
improved resolution. While advanced machine-learning algorithms such as
DeepMET [75] have recently been developed—offering an additional 10% to
30% improvement in Emiss

T resolution by learning the optimal weight for each
PF candidate—they are not employed in this work. Instead, this analysis relies
entirely on the robust, default PUPPI Emiss

T reconstruction.

b-tagging

Jets originating from b quarks are identified using dedicated b-tagging algo-
rithms that exploit the presence of long-lived B hadrons and their displaced
decay vertices [76]. Tracks associated with jets are required to satisfy qual-
ity and impact-parameter criteria, and secondary vertices are reconstructed
when possible. A variety of multivariate discriminants, such as DeepJet [77]
and ParticleNetAK4 [78], combine information on track impact parameters,
secondary-vertex properties, and possible leptons inside jets to distinguish b
jets from light-flavor and charm jets.
Starting fromRun 3, ParticleNet is the recommended algorithm and used in this
analysis. The ParticleNetAK4 architecture treats jets as an unordered "particle
cloud" to efficiently incorporate low-level jet information. For a standard
mediumworking point, it provides state-of-the-art separation power, achieving
a b-jet identification efficiency of approximately 75% to 80%, while limiting
the misidentification probability to roughly 1% for light-flavor jets and 10%
for charm jets. Furthermore, recent CMS commissioning studies demonstrate
that the ParticleNetAK4 discriminants exhibit excellent data-to-simulation
agreement across various Run 3 phase spaces, ensuring robust performance in
the active collision environment [79].

Pileup mitigation

Multiple proton–proton interactions per bunch crossing introduce additional
soft particles that deteriorate the reconstruction of jets, Emiss

T , and lepton
isolation. For AK4 jets, charged-hadron subtraction is used to remove charged
PF candidates associated with pileup vertices before clustering, while AK8 jets
are reconstructed using the PUPPI algorithm [80], which assigns per-particle
weights based on local event shape and vertex compatibility, down-weighting
particles likely originating from pileup. Similar corrections are applied to
lepton isolation and Emiss

T to reduce their dependence on the number of pileup
interactions.
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2.4 Personal contribution

This work benefited from extensive operational responsibilities within the CMS
collaboration and contributions to the CMS Tracker performance. Detector
operations included regular shifts as Detector Control System/Detector Safety
System shifter ensuring safe and stable running conditions of CMS subdetectors,
real-time response to alarms, and coordination with sub-system experts during
LHC fills. Additional operational service comprised trigger shifter duties
within the CMS online trigger team, monitoring High-Level Trigger menus and
rates, validating changes during commissioning, and interfacing with DAQ to
maintain data-taking efficiency in evolving beam conditions. Complementing
these, service as Tracker detector-on-call provided rapid expert support for
silicon tracker issues during data taking, including diagnosis of module trips,
DAQ problems related to tracker and recovery procedures, and feedback
to operations for sustained data quality. Periods as shift leader involved
end-to-end coordination of CMS data-taking, leading the control room crew,
communicating with LHC, and executing run plans while enforcing safety and
data quality protocols.
In parallel to operations, a substantive contribution was made to the CMS
Tracker project within the Detector Performance Group through a hit resolu-
tion study using proton–proton datasets from Run 3 [61,62]. The core of this
contribution was the implementation, validation, and interpretation of the strip
overlap pair-method workflow summarized in Figure 2.7 and equation (2.1):
defining the track and hit-pair selection, evaluating the measured and pre-
dicted inter-module residuals, extracting single-sensor resolution from their
quadratic combination, and producing consistent layer-by-layer comparisons
across detector regions and data-taking periods. The analysis measured hit res-
olution as a function of incident angle, cluster size, local track parameters, and
instantaneous luminosity, with dedicated checks of alignment and calibration
updates and their impact on apparent resolution shifts. The resulting plots and
summaries were used to document strip-tracker performance and to support
detector-performance monitoring in Run 3.



Chapter

3 Machine Learning
Implementation

Machine learning (ML) has become an indispensable tool in modern parti-
cle physics, enabling physicists to extract rare signals from overwhelming
backgrounds in complex experimental data. This chapter introduces the funda-
mental concepts, methodologies, and applications of machine learning relevant
to this thesis. The general machine learning concepts presented in the following
sections are based primarily on the textbooks by Bishop [81] and Goodfellow,
Bengio, and Courville [82].
This chapter first reviews supervised learning paradigms and training practices.
It then discusses the three ML models compared for optimizing the signal
extraction in the analysis of HH→ bbWW channel in the di-leptonic (DL) final
state introduced in Chapter 4, namely a Transformer, a Deep Neural Network
(DNN), and a Boosted Decision Tree (BDT). Finally, it provides a comparison
of these models.

3.1 Machine learning in high–energy
physics

Particle physics experiments generate petabytes of data annually, with each
collision event comprising thousands of reconstructed objects whose proper-
ties must be analyzed to identify rare signal processes. Traditional selection
strategies, relying on hand–crafted cuts on individual observables, often lack
sensitivity to subtle kinematic correlations that distinguish signal from back-
ground. Machine learning techniques, by contrast, learn complex relationships
between observables, automatically capturing non–linear relationships and
high–dimensional feature interactions that human analysts might overlook.
The application of machine learning in high–energy physics (HEP) is particu-
larly valuable for several reasons. First, ML algorithms can exploit correlations
among large numbers of input variables without requiring explicit theoretical
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guidance. Second, they provide a probabilistic interpretation of events—for ex-
ample, assigning a “signal probability” to each event—that naturally integrates
with the likelihood–based statistical inference frameworks used in HEP. Third,
ML methods offer interpretability through feature importance rankings and
partial–dependence plots, allowing physicists to validate that learned patterns
reflect genuine physics rather than statistical artifacts. Finally, advances in ML
architectures have enabled the incorporation of complex detector information
(e.g., calorimeter and tracker deposits arranged in spatial grids) directly into
models, improving sensitivity [83, 84].

3.1.1 Supervised learning

Supervised learning refers to the class of machine learning methods where a
model is trained on examples forwhich the desired output is known. Concretely,
the training dataset consists of pairs (xi, yi), where xi is a vector (or a collection)
of input features describing an event, and yi is a target label such as “signal” or
“background”. In the context of this analysis, these perfectly labeled datasets
are generated using MC simulations. Because the true physical origin of an
event in collision data is fundamentally unknown, MC simulations provide
the indispensable ground truth—simulating both the targeted signal and the
various SM backgrounds—to construct the exact (xi, yi) pairs required for
training. The goal is to learn a function f(x) that generalizes to unseen events
(such as the actual collision data) by predicting the label (classification) or a
continuous quantity (regression).
In classification, y is discrete (binary or multi–class) and the model outputs
either a class label or a score that can be interpreted as a class probability. In
regression, y is continuous and the model predicts a real–valued quantity (e.g.
a particle’s energy). In HEP analyses, classification is most commonly used
for signal–background discrimination, while regression is frequently used for
calibration tasks or improved kinematic reconstruction.

3.1.2 Common supervised ML models in HEP

HEP analyses typically choose ML models by trading off discrimination power,
robustness to systematic variations, interpretability for validation, and train-
ing/inference cost. Mostly used architectures are:

• Boosted decision trees: A decision tree is a non-parametric model that
partitions the feature space through a sequence of simple binary splits,
leading to a final prediction at the ”leaves” (Figure 3.1a). Because indi-
vidual trees are prone to overfitting and can be weak learners (performs
only slightly better than random guessing), boosting is employed: an
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ensemble technique that combinesmultiple trees sequentially, where each
new tree is trained to correct the residual errors of the previous ensemble.
In HEP, BDTs are a primary tool for event–level classification with tabular,
high–level features, offering strong performance, fast training, and easy
diagnostics e.g. with intrinsically–offered feature importance [85]. See
Section 3.4 for more information.

• Deep neural networks: Artificial neural networks consist of intercon-
nected nodes (neurons) organized in layers, where each connection has
a learnable weight and neurons apply non-linear activation functions to
their inputs. Multi-layer Perceptrons (MLPs) are neural networks that con-
tain at least one hidden layer between the input and output. When scaled
with multiple hidden layers, they become a form of DNNs, exploiting this
depth to learn highly complex, hierarchical representations. (Figure 3.1b).
They are often used when non–linear feature combinations are complex
or when learning a shared representation across channels/categories is
beneficial [86, 87]. See Section 3.2.1 for detailed information on DNNs.

• Convolutional neural networks (CNNs): CNNs process data by using
small, sliding windows (filters) to scan across the input, automatically
learning to detect specific shapes and features. Crucially, they can rec-
ognize a pattern no matter where it appears (translational invariance
property). This makes them ideal for analyzing grid–like data (Fig-
ure 3.1c). In particle physics, CNNs are commonly used to process
calorimeter energy deposits by treating the detector cells like pixels in a
2D image, allowing the network to easily identify the distinct “shapes” of
different particle showers [88, 89].

• Graph Neural Networks (GNNs): GNNs are designed to process data
structured as a network (or “graph”), where individual items are repre-
sented as nodes connected by relational links. Instead of analyzing items
in isolation, GNNs learn by passing information back and forth between
connected nodes to understand how they interact. This architecture is
uniquely suited for input data that varies in size and has no fixed order.
In particle physics, this paradigm is extremely powerful for analyzing
collections of particles, such as those inside a jet. By treating each re-
constructed particle as a node in a graph, the network can dynamically
map out the complex spatial and kinematic relationships between them,
making GNNs the dominant standard for modern jet tagging [78, 90].

• Recurrent Neural Networks (RNNs): RNNs process sequential data one
element at a time, maintaining an internal memory or ”hidden state” that
updates at each step based on the current input and the previous state.
Because they process variable–length sequences via these hidden states,
theywere historically dominant for jet constituent analysis and event–level
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sequences. However, they are increasingly replaced by transformers due
to superior parallel scaling and long–range dependency modeling [91,92].

• Normalizing Flows / Invertible Neural Networks: Normalizing flows
construct complex probability distributions by applying a sequence of
invertible, differentiable transformations (bĳections) to a simple base
distribution (like a Gaussian), allowing for exact likelihood evaluation.
These generative models are often adapted for supervised regression
and unfolding. Unlike standard networks that output a single value,
conditional flows learn the full conditional probability density p(y|x),
making them ideal for tasks requiring precise uncertainty quantification
or inverse problem solving (e.g. detector unfolding) [93, 94].

• Transformers (attention models): The core mechanism of a Transformer
is self-attention, which allows the model to dynamically weigh the impor-
tance of different parts of the input relative to one another, regardless of
their distance in a sequence or physical space. Because they do not im-
pose a fixed neighborhood structure, they are increasingly used to model
global correlations among many objects/particles. In collider physics,
modern transformer-based jet-tagging and b-tagging models such as
Unified Particle Transformer (UParT) and related Particle Transformer
variants have become important benchmarks [95]. Transformers are also
the primary choice for the foundation models in particle physics [96–98].
See Section 3.3 for more details on transformer architecture.

3.1.3 General training procedure and evaluation
metrics

A typical training process starts by defining a loss function L(f(x), y) that
penalizes incorrect predictions and then processed by optimizingmodel param-
eters to minimize the average loss over the training set. For binary classification,
a standard choice is the binary cross–entropy loss, which encourages the model
score to approach 1 for signal and 0 for background.
Optimization is typically performed iteratively using gradient–based methods.
The process relies on backpropagation to compute the gradients of the loss
function with respect to the network parameters, which indicate the direction
in the parameter space that minimizes the loss. While standard Stochastic
Gradient Descent (SGD) updates weights using a fixed learning rate, modern
deep learning tasks typically employ adaptive methods that adjust the learning
rate for eachparameter basedonhistorical gradients suchasAdagrad, RMSprop,
and Adam [102].
While the loss function guides the optimization, the network’s ability to model
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(a) General architecture of a BDTmodel. The input features x are evaluated sequentially
by an ensemble of decision trees, where each tree contributes a prediction f

k
(x) and

the final output is obtained by combining the predictions of all trees. BDT architecture.
Figure taken from ref. [99]

(b) Comparison between a DNN and an RNN. In a DNN, information flows forward
through successive fully connected layers, whereas in an RNN, recurrent connections
allow information from previous steps to influence the current output. Figure taken
from ref. [100]

(c) General architecture of a CNN. The input is processed through convolutional
layers that extract local features, followed by pooling layers that reduce the spatial
dimensionality, and finally by fully connected layers that map the extracted features to
the output prediction.. Figure taken from ref. [101]

Figure 3.1 | Schematic representations of four of the supervised machine learning
architectures. These diagrams illustrate some of the architectures discussed in Sec-
tion 3.1.2.
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complex data depends fundamentally on the activation function applied to the
output of each artificial neuron. These functions determine whether a neuron
"fires" and passes information to the next layer, transforming the weighted
sum of inputs into a meaningful output signal. Mathematically, they serve the
critical role of "breaking linearity." A neural network composed exclusively of
linear layers (weighted sums) would effectively collapse into a single linear
regression model, regardless of how many layers are stacked, limiting it to
learning only simple, flat decision boundaries. By introducing non–linear
activation functions, the network gains the ability to approximate arbitrarily
complex functions, allowing it to model the intricate, non–linear kinematic
correlations of particle physics collisions. Common choices for activation
functions in high–energy physics include:

• Sigmoid: Defined as σ(x) = 1/(1 + e−x) (Figure 3.2 left), this function
maps inputs to the range (0, 1). It is standard for the final output layer in
binary classification tasks, where the output is interpreted as a probability.

• ReLU (Rectified Linear Unit): Defined as f(x) = max(0, x) (Figure 3.2
right), ReLU is thedefault choice for hidden layers inmodern architectures.
It mitigates the vanishing gradient problem associated with saturating
functions, enabling the efficient training of deep networks.

• Softmax: A generalization of the sigmoid function for multi–class classi-
fication, defined for a vector of raw scores z = (z1, . . . , zK) as:

σ(z)i =
ezi∑K
j=1 e

zj

This transformation ensures that the outputs lie in the range (0, 1) and
sum to unity, representing a categorical probability distribution.

A fundamental challenge in machine learning is achieving the optimal balance

Figure 3.2 | Sigmoid (left) and ReLU (right) activation functions. The sigmoid function
maps real-valued inputs smoothly to the interval [0,1], while ReLU outputs zero for
negative inputs and increases linearly for positive inputs.
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between underfitting and overfitting. As illustrated in Fig. 3.3, underfitting
occurs when amodel is too simple to capture the underlying physics encoded in
the data, resulting in poor performance on both the training and validation sets.
Conversely, overfitting arises when a model is excessively complex, leading
it to memorize statistical fluctuations and noise in the training data rather
than learning generalizable physical patterns. This typically manifests as high
performance on the training set but poor performance on a held-out test set.

Figure 3.3 | Schematic comparison of overfitting, appropriate fitting, and underfitting
in classification and regression problems. Complex models may fit noise in the data,
while overly simple models fail to capture the true underlying structure [103].

To mitigate the risk of overfitting, several regularization techniques are em-
ployed. Regularization terms, such as L1 or L2 norms, can be added to the
loss function to penalize excessively large weights and discourage complex-
ity. Dropout is another effective method that randomly deactivates a fraction
of neurons during training, forcing the network to learn robust, redundant
representations. Additionally, early stopping is used to halt training once the
performance on a separate validation set ceases to improve, preventing the
model from learning the noise of the training data.
The effectiveness of these techniques in ensuring generalization is measured by
splitting the dataset into statistically independent subsets—typically training,
validation, and testing samples. A more robust approach, often used in
physics analyses to avoid bias and maximize the available statistics, is stratified
k–fold cross–validation (CV). In this approach, the data is partitioned into k
folds (partitions) while preserving the signal–to–background proportions in
each split. Each event is then evaluated by a model version that was trained
without using that specific event, ensuring an unbiased estimate of the model’s
performance.
Beyond these architectural and procedural choices, the performance and gener-
alization capability of a model are heavily influenced by its hyperparameters.



66 Chapter 3. Machine Learning Implementation

Key configuration settings include:

• Learning Rate: Controls the step size during the gradient descent update.
A value that is too large causes the loss to oscillate or diverge, while a
value that is too small results in slow convergence and a risk of getting
stuck in local minima. The values are typically in the range O(10−5) to
O(10−2), depending on the optimizer and the batch size.

• Batch Size: The number of training samples processed before the internal
model parameters are updated. Larger batches provide more accurate
gradient estimates but require significant memory; smaller batches in-
troduce noise that can act as a regularizer. The batch size is commonly
between 256 and a few thousand events, limited by available memory
and I/O throughput.

• Epochs: One epoch is defined as a complete pass through the entire
training dataset. The total training duration is a function of the number
of epochs and the dataset size.

• Architecture Complexity: Refers to the structural complexity of the
model, such as the number of hidden layers and neurons in a DNN, the
number of attention heads in a Transformer, or the maximum depth of
trees in a BDT. This must be tuned to ensure the model is expressive
enough to learn the physics without becoming prone to overfitting.

• Regularization Strengths: Hyperparameters such as the dropout rate or
the coefficients of L1 and L2 regularization, which control the strength
of the penalty applied to large model weights and are tuned to reduce
overfitting and the performance gap between training and validation
samples.

The performance of a classifier is assessed using several metrics:

• Accuracy: The fractionof correctly classified events. However, in presence
of severe class imbalance (many background events, few signal events),
a naive classifier might achieve high accuracy simply by predicting the
majority class.

• Precision and Recall: Precision is the fraction of predicted signal events
that are truly signal; recall is the fraction of true signal events correctly
identified. A high–precision classifier rarely mislabels background as
signal, while a high–recall classifier misses few signal events.

• ROC Curve and AUC: The Receiver Operating Characteristic (ROC)
curve plots the true positive rate (recall) against the false positive rate
as the classification threshold varies. The Area Under the ROC Curve
(AUC) summarizes the classifier’s ability to rank signal events higher
than background, independent of threshold choices.
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• Confusion Matrix: A matrix comparing true and predicted labels, show-
ing the counts of true positives, false positives, false negatives, and true
negatives. Normalizing the confusion matrix by row (true label) or
column (predicted label) reveals per–class performance.

For physics analyses, the confusion matrix normalized by true label is particu-
larly informative: it reveals the purity (fraction of events in each predicted class
that are truly that class) and the efficiency (fraction of true signal/background
events assigned to each predicted class). An ideal classifierwould yield a purely
diagonal confusion matrix. The purity of the signal categories is particularly
important, as these classes provide the primary discrimination power between
signal and background in the subsequent likelihood fit, while the purity of
the background classes helps constrain the corresponding normalizations and
shape uncertainties.

3.1.4 Practical considerations in HEP analyses

Class imbalance and weighting

In supervised HEP analyses, models are typically trained on simulated samples
where each event is labeled as signal or background, and each event carries
a physics–motivated weight (generator weight × cross section × integrated
luminosity × corrections) so that the training emphasizes events according
to their expected contribution in data [104]. While these weights ensure the
training sample is physically accurate, they often lead to a significant numerical
asymmetry between categories, requiring specific strategies to manage the
resulting sample composition.
In particle physics, signal events are typically far rarer than background events.
Naive training on imbalanced data causes the model to ignore the minority
(signal) class. Common solutions include:

• Class reweighting: Applying additional training weights to signal and
background events so that the loss function is not dominated by the
more abundant class, for example by scaling the signal contribution to be
comparable to that of the background.

• Oversampling: A resampling technique for imbalanced classification
where the minority class is increased—either by duplicating existing
minority examples or by generating synthetic ones—so the model does
not favor by default predicting the majority class.

• Undersampling: Complementary resampling approach where the ma-
jority class is reduced (typically by randomly removing majority–class
events from separate strata) to avoid a classifier being dominated by
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background–like examples.

Negative event weights

In Monte Carlo event generators, NLO corrections can produce events with
negative weights, representing destructive interference in the underlying ampli-
tudes. These negative weights have no meaningful interpretation for machine
learning loss functions and can destabilize training. The standard approach
is to exclude events with negative weights from the training set, accepting a
potential decrease in the performance of the model.

Feature engineering and input selection

The choice of input features significantly impacts model performance. In
physics analyses, features are typically grouped into:

• Low–level variables: Four–momenta components, object identification
scores, isolation measures.

• High–level variables: Hand–crafted observables such as missing trans-
verse energy, invariant masses, angular separations, scalar sums.

Despite the ability of deep networks to learn feature representations automat-
ically, including well–motivated physics–inspired high–level variables often
improves both performance and interpretability. Moreover, highly correlated
features can be retained because modern algorithms exploit non–linear rela-
tionships that linear correlation alone does not capture.

Interpretability and validation

Despite their power, machine learning models are often perceived as “black
boxes” obscuring the logic of their decisions. Several techniques improve
interpretability [104]:

• Feature importance: Estimating how strongly each input variable in-
fluences the model’s predictions, for example through model-specific
feature importance scores or model-agnostic methods such as permuta-
tion importance.

• Partial dependence plots: Showing how the model’s output varies with
one variable while marginalizing over others.

• SHAP values (SHapley Additive exPlanations): A game–theoretic ap-
proach to quantify each feature’s contribution to individual predictions.
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• Validation on orthogonal samples: Training on simulation and validat-
ing on control regions in data to ensure learned patterns reflect genuine
physics.

3.2 Neural networks

Artificial neural networks are a broad class of models constructed from in-
terconnected computational units (neurons) arranged in layers. Each neuron
computes a weighted sum of its inputs, adds a bias term, and applies a non–
linear activation function. Formally, the output a of a single neuron can be
expressed as:

a = σ

(
n∑
i=1

wixi + b

)

where w represents the weight vector, x the input vector, b the bias, and
σ(·) the non–linear activation function. Feed–forward neural networks with
non–linear activations are universal function approximators, i.e. they can ap-
proximate arbitrary continuous functions on compact domains given sufficient
capacity [105].
The training process involves minimizing a loss function, L(x), which quan-
tifies the mismatch between predictions and targets. Common loss functions
include Mean Squared Error (MSE) for regression tasks and cross–entropy for
classification. Training is performed via backpropagation, an algorithm that
uses the chain rule of calculus to compute the gradient of the loss with respect
to every weight and bias in the network. These gradients are then used to
update the parameters using an optimization algorithm, typically Gradient
Descent or adaptive variants such as Adam or RMSprop.

3.2.1 Deep neural networks

Deep neural networks (DNNs) are neural networks withmultiple hidden layers
between the input and output. Increasing the depth enables the model to learn
hierarchical representations, where early layers can capture relatively simple
patterns and later layers can combine these intomore abstract and task–relevant
features. In practice, this additional representational hierarchy often allows a
deep model to achieve a similar discrimination power with fewer units than a
purely shallow architecture, albeit at a higher training and tuning cost.
For a feed–forward DNN, the computation can be written compactly as a
sequence of layer transformations. Starting from an input feature vector
h(0) ≡ x, each hidden layer ` produces
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h(`) = σ
(
W(`)h(`−1) + b(`)

)
,

where W(`) and b(`) are trainable parameters and σ is a non–linear activation
function (commonly ReLU in hidden layers). For binary classification, the final
layer is typically a single node with a sigmoid activation, yielding a score that
can be interpreted as an estimate of the signal probability.
Depth, however, also introduces practical challenges. As networks become
deeper, optimization can become unstable due to issues such as vanishing/-
exploding gradients and sensitivity to the scale of activations. Modern DNN
training therefore commonly relies on a small set of architectural components
and regularization techniques that improve convergence and generalization:

• Normalization layers: Batch normalization or layer normalization sta-
bilizes the distribution of activations across layers, enabling faster and
more reliable training.

• Regularization: Weight decay (L2 regularization), dropout, and early
stopping are widely used to reduce overfitting, especially when training
statistics are limited or when inputs exhibit strong correlations.

• Initialization and optimization choices: Suitable weight initialization
and adaptive optimizers (e.g., Adam) can significantly improve training
stability and reduce sensitivity to hyperparameter choices.

3.2.2 DNNs in HEP

The rapid adoption of DNNs in HEP is driven by several distinct advantages
over traditional multivariate techniques and shallow machine learning models:

• Universal function approximation: Unlike linear discriminants, DNNs
can theoretically approximate any continuous function to arbitrary pre-
cision, allowing them to model highly complex, non–linear decision
boundaries in the multidimensional phase space of particle collisions.

• Automated feature engineering: Deep Learning models excel at learn-
ing optimal representations directly from low–level inputs, such as
four–momenta or raw calorimeter energy deposits [106]. This reduces
the reliance on hand–crafted features that may overlook subtle kinematic
information.

• Scalability with data: DNNs generally benefit more from large datasets
than traditional algorithms. As the volume of simulated training data
increases, deep networks continue to improve in performance without
saturating as quickly as shallow models, making them well–suited for
the massive datasets produced by the LHC [88].
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• Flexibility of architecture: The deep learning framework allows for
specialized architectures tailored to the specific geometry of HEP data.
For instance, CNNs leverage the grid–like structure of calorimeters, while
GNNs and Transformers naturally handle the variable–length, unordered
sets of particles typical of jet substructure and event reconstruction [106].

While DNNs offer superior expressivity, their successful deployment in HEP
analyses requires careful attention to several practical implementation details:

• Input preprocessing: DNNs are highly sensitive to the scale of input data.
Large numerical values (e.g., particle pT in MeV) can push activation
functions into saturation regions (vanishing gradients), halting learning.
It is therefore mandatory to standardize inputs—typically to zero mean
and unit variance—to ensure efficient convergence [106].

• Negative event weights: As discussed in Section 3.1.4, standard loss
functions like cross–entropy are not convergent when negative weights
are included, leading to training instabilities. Common mitigation tech-
niques include training on absolute weights, ignoring negative weights,
or employing specialized loss functions.

• Computational resources: The training DNNs involves dense matrix
multiplications that are computationally heavy on CPUs. Efficient train-
ing requires GPU acceleration, which introduces additional complexity
regarding memory management (batch size tuning) and software depen-
dencies (e.g., CUDA, TensorFlow/PyTorch versions).

• Hyperparameter optimization: The hyperparameter space for DNNs
is significantly large. Finding the optimal configuration often requires
automated scanning strategies, such as Bayesian optimization or grid
search, as manual tuning is inefficient and prone to bias.

The application of DNNs in HEP is rapidly evolving beyond standard sig-
nal–background classification. Current research focuses on integrating DNNs
into the core computational pipelines of experiments and expanding their
capability to discover unknown physics:

• Generative models for fast simulation: Detailed detector simulation
(e.g., using GEANT4) is the primary computational bottleneck in modern
experiments. Generative Adversarial Networks (GANs) and Variational
Autoencoders (VAEs) are being deployed to generate synthetic calorimeter
showers orders of magnitude faster than traditional methods, while
maintaining high physical fidelity [107,108].

• Real–time inference on FPGAs: To deploy deep learning at the trigger
level—where decisions must be made in microseconds—models are
being compressed and synthesized for Field–Programmable Gate Arrays
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(FPGAs). This allows physicists to convert trained DNNs into firmware,
enabling complex event tagging at the full collision rate [109].

• Anomaly detection (unsupervised learning): Rather than training on
specific signal models, autoencoders are used to learn the distribution of
Standard Model background events. When applied to data, events with
high reconstruction error are flagged as potential anomalies, allowing for
model–independent searches for new physics [110].

3.2.3 DNN Implementation for HH→ bbWW

The DNN model for HH → bbWW (DL) analysis is trained (the code imple-
mentation is archived at ref. [111]) as a supervised binary classifier to separate
non–resonant HH signal from the dominant backgrounds after the baseline
event selection and categorization described in Chapter 4.
The input feature set include a mixture of low–level kinematic information
(four–momenta components of leptons and jets, Emiss

T –related variables) and
high–level observables constructed from these objects (masses and angular
separations), including flags for resolved and boosted topologies and ggF– and
VBF–like events. The full list of input features is given in Table 3.1.
A fully connected multilayer perceptron (MLP) architecture with 3 hidden
layers comprising 32, 16, and 8 neurons respectively is chosen. Each hidden
layer is followed by batch normalization to stabilize learning and a ReLU
activation function. The output layer consists of a single node with a sigmoid
activation, producing a score in [0, 1]. To ensure the sigmoid score can be
interpreted strictly as a probability, the model output is calibrated using Platt
scaling [112] (logistic regression) on the validation set.
Events are weighted during training using the same nominal analysis weights
applied in histogram production (cross section, integrated luminosity, and all
relevant correction factors), ensuring that the loss emphasizes phase–space
regions according to their expected impact in data. Negative–weight events
are excluded from training and an additional class reweighting (calculated
to balance the sum of weights for signal and background) is applied, which
stabilizes optimization and improves sensitivity in the most discriminating
regions. The model is trained with a binary cross-entropy loss, which measures
the error between predicted probabilities and true binary labels, and the
Adam optimizer, an adaptive gradient-based optimizationmethod that updates
parameters efficiently during training. A batch size of 2048 is used, and early
stopping with a patience of 5 epochs monitors the validation loss and stops
training when no improvement is observed for five consecutive epochs, helping
limit overfitting and preserve generalization performance.
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Hyperparameters were optimized via a manual heuristic search centered
around standard best practices, as a full grid search was computationally
prohibitive. The best hyperparameters were selected based on the highest
validation AUC, and the final model was retrained using these settings.
The stability of the DNN is assessed using a stratified k–fold splits with k = 5,
and performance is summarized with weighted ROC curves and AUC values
on held–out folds.
The results are shown in Section 3.5 in comparison with the other two models.

3.3 Transformers and attention
mechanisms

Transformers represent a paradigm shift in machine learning, introducing the
self–attentionmechanismas an alternative to recurrent architectures. Originally
developed for natural language processing [113], transformers are increasingly
adopted inparticle physics for tasks ranging fromevent classification to anomaly
detection. This section provides a detailed explanation of transformers, their
advantages over recurrent models, and emerging applications to high–energy
physics.
The core innovation of transformers is the self–attention mechanism, which
computes a weighted sum of all input elements, with weights determined
dynamically based on element similarities. Unlike recurrent networks, which
process inputs sequentially and thus struggle with long–range dependencies
due to vanishing gradients, attention enables direct communication between
distant elements in a single operation.
The fundamental building block is scaled dot–product attention, defined as

Attention(Q,K,V) = softmax
(

QKT

√
dk

)
V ,

where Q (query), K (key), and V (value) are learned linear projections of the
input. More concretely, the query represents the specific features an element
(e.g., a reconstructed particle) is “looking for” to better contextualize itself
within the event. The key acts as an identifier broadcasted by every element
in the sequence, advertising the nature of the information it holds. The value
contains the actual content or physical kinematics of that element. Intuitively,
each query vector attends to all available items by computing a similarity score
against their keys (QKT ). These scores are normalized into attention weights
via a softmax function, which then dictate how much of each corresponding
value (V) should be aggregated to form the final, context-aware representation
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of the element. The scaling factor
√
dk (where dk is the dimension of the key)

prevents the dot products from becoming too large, which would saturate the
softmax and suppress gradients.
Rather than relying on a single global attention function, transformers utilize
multi–head attention to capture multiple types of correlations simultaneously.
This mechanism executes h independent attention operations—or heads—in
parallel:

MultiHead(Q,K,V) = Concat(head1, . . . ,headh)WO,

where each head projects the input into a distinct representation subspace of
dimension dk = d/h using its own set of learned weight matrices. This de-
composition allows different heads to specialize in extracting different physical
features from the same event; for instance, one head might learn to attend to
angular relationships while another focuses on kinematics. The outputs of all
heads are concatenated and mixed through a final learned linear projection
WO, synthesizing these independent insights into a single, rich, context-aware
latent representation.

Transformer encoder

A standard transformer encoder layer combines multi–head self–attention with
a feed–forward network (see Figure 3.4):

h′ = MultiHead(h,h,h) ,

h′′ = FFN(h′) = ReLU(h′W1 + b1)W2 + b2 ,

where residual connections and layer normalization are applied around each
sub–layer:

h′residual = LayerNorm(h + MultiHead(h,h,h)) ,

hout = LayerNorm(h′residual + FFN(h′residual)) .

Residual connections enable stable training of very deep networks by avoiding
the vanishing gradient problem and allows the model to simply add the new
relational information to the existing features which is like an "update" to the
particle’s description rather than a total replacement. Layer normalization nor-
malizes activations across the feature dimension, improving training stability
and generalization. Finally, stacking multiple encoder layers allows the model
to build hierarchical representations, with each layer refining features learned
by previous layers.
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Figure 3.4 | Encoder–decoder transformer: the encoder (left) produces contextual
representations used for downstream tasks such as classification, while the decoder
(right) is primarily used for auto-regressive generation [113].
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Transformer decoder

The original transformer architecture is composed of an encoder and a decoder:
the encoder produces contextual embeddings for the input sequence, while
the decoder generates an output sequence auto-regressively, using masked
self–attention over previously generated tokens and cross–attention to the
encoder outputs. In particle–physics applications, encoder–only variants are
typically sufficient for event or jet classification, since the task is to map a
set/sequence of objects to a single score or class label. By contrast, the decoder
component is mainly used for generative tasks, where one aims to sequentially
generate structured outputs (e.g. particle–level representations). We will not
elaborate on the details of the transformer decoder given it’s not used in this
thesis.

3.3.1 Transformers in HEP

Transformers offer several advantages over DNN architectures in the context
of particle physics:

• Global correlations: Unlike sequential or local architectures, the atten-
tion mechanism operates globally over all input elements. This allows
the model to capture long-range dependencies and complex symmetries
between particles regardless of their position in the input sequence.

• Parallelizable: Transformers process all elements in parallel, enabling
efficient implementation on GPUs.

• Variable–length inputs: Transformers naturally handle variable num-
bers of particles per event via masking, without requiring padding to
fixed sizes.

• Interpretability: Attention weights reveal which particles the model
focuses on for its predictions, providing physics–interpretable results.

• Scalability: Transformer models have demonstrated strong scaling prop-
erties—larger models trained on more data consistently improve perfor-
mance.

Practical considerations for transformer deployment in particle physics

The quadratic attention complexity O(n2) in sequence length can become
prohibitive for events with hundreds of reconstructed particles. Strategies to
reduce computational cost include:

• Sparse attention: Restricting the attention mechanism to a local neigh-
borhood or a fixed subset of nodes to reduce the number of dot-product
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operations.
• Hierarchical attention: Implementing a multi-stage approach, such as

first processing constituents into jets and subsequently applying attention
at the jet or event level.

• Linear attention: Utilizing approximations of the softmax function to
achieve O(n) complexity [114].

• Input Pruning: Pre-selecting physics objects based on kinematic thresh-
olds (e.g., pT cuts) or isolation criteria to reduce the initial sequence
length.

For typical HEP events withO(10) toO(50) reconstructed objects, the quadratic
cost is manageable.
Unlike languagemodels, whichprocess discrete tokens (words), particle physics
events contain continuous variables (four–momenta, energies, angular posi-
tions). The choice of how to encode particles as embeddings significantly
impacts model performance:

• Dense embeddings: Concatenating particle four–momenta and identifi-
cation scores and projecting through a learned linear layer.

• Lorentz–invariant embeddings: Constructing Lorentz–invariant combi-
nations (masses, angles, rapidity differences) and including them in the
embedding.

• Learnable embeddings: Using neural networks to project particle prop-
erties into a learned representation space, allowing the model to discover
optimal embeddings.

Standard transformers use positional encodings to distinguish between dif-
ferent positions in a sequence. In particle physics, there is no natural “posi-
tion”—particles are not ordered. To mitigate this, either positional encoding is
omitted to rely on the particle properties themselves to distinguish particles, or
a learned or fixed positional encoding can be introduced by associating each
particle with an embedding corresponding to its rank e.g. by pT providing
information about the event structure.

Current research in HEP using Transformers

Several recent applications demonstrate transformers’ potential in HEP:

• While not strictly transformers, ParticleNet and similar architectures [78,
115, 116] use graph neural networks and set–based operations (invariant
to permutations of jet constituents) that share the spirit of attention. These
models process jet constituents as a set, learning permutation–invariant
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representations that naturally encode the irregular structure of hadronic
decays.

• Transformers have been explored for event–level classification tasks,
processing the full set of reconstructed objects (leptons, jets, missing
energy) as a sequence [117, 118]. A simple application encodes each
particle as a vector of its properties (four–momenta, identification scores,
etc.), feeds the sequence through transformer layers, and applies a pooling
operation (e.g., averaging all output embeddings or using a dedicated
classification token) to produce a single event–level prediction.

• Transformers also excel in unsupervised settings. VAEs and diffusion
models (i.e. models that transform random noise back into a structured
representation) based on transformers can learn the distribution of back-
ground events in a control region, then flag deviations in data as potential
anomalies [119, 120]. This complements targeted signal searches by iden-
tifying unexpected structures in data without presupposing the signal’s
properties.

As transformer models scale to larger event datasets and computational infras-
tructure matures, several trends emerge:

• Foundation models for HEP: Pre–training transformers on large unla-
beled datasets of collision events (via self–supervised learning such as
masked particle prediction) could enable efficient fine–tuning for down-
stream physics tasks [98].

• End–to–end learning from raw detector data: Transformers that operate
directly on detector readouts, bypassing hand–crafted reconstruction
algorithms [121,122].

• Generative models for simulation: Transformers can learn to generate
synthetic collision events, potentially reducing the computational cost of
Monte Carlo simulation [123,124].

• Online triggering: Deploying lightweight transformer variants on trigger
systems with FPGA to make real–time physics decisions at the full event
rate [125,126].

3.3.2 Transformer–based model for HH→ bbWW

An architecture based on transformer encoder is implemented for the HH→
bbWW (DL) analysis (The code implementation is archived at ref. [127]). The
model processes the event as a sequence of reconstructed objects, learning to
distinguish the signal from background processes.
The model receives a sequence of 8 tokens representing the event: 2 leptons,
4 AK4 jets, 1 AK8 jet, and the Emiss

T . Each object type is described by a
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distinct feature vector containing four–momentum components (px, py, pz, E)
and object–specific properties. For leptons, this includes the charge and the
PDG ID—a unique integer assigned by the Particle Data Group to identify
particle species (e.g., ±11 for electrons/positrons and ±13 for muons). For jets,
the features include b–tagging scores and other substructure variables. Full list
of input features is same as the the ones for the DNN implementation given in
Table 3.1. These raw feature vectors are projected into a shared 32–dimensional
latent space using separate MLPs for leptons, jets, and Emiss

T . Each embedding
network consists of three fully connected layers with ReLU activations and
layer normalization.
The core architecture consists of 6 stacked transformer encoder layers. Each layer
employs multi–head self–attention with 4 heads and a feed–forward network
dimension of 128. After the final encoder layer, the learned object embeddings
are aggregated via mean pooling across the sequence dimension to produce a
single, global event–level representation vector. The global representation is
passed through a final linear layer and Platt scaling to produce probabilities.
The results are shown in Section 3.5.

3.4 Boosted decision trees

Boosted decision trees are ensemble methods that combinemanyweak learners
(shallow decision trees) into a single strong learner. A decision tree recursively
partitions the feature space using axis–aligned splits on individual variables.
At each node, a split is chosen to minimize impurity (e.g., entropy) in the
resulting child nodes. Trees are easy to interpret but prone to overfitting.
Boosting is an additive ensemble technique (combining multiple individual
models) that improves predictive performance by sequentially training weak
learners—typically shallow decision trees. Unlike bagging, which builds trees
in parallel, boosting is iterative: each new tree is specifically designed to
minimize the errors, or residuals, left by its predecessors.
In the gradient boosting approach, this "correction" is treated as an optimization
problem. At each iteration, the algorithm calculates the negative gradient of
the loss function with respect to the current model’s predictions. This gradient
effectively represents the direction and magnitude of the steepest descent
required to minimize error. By fitting a new tree to these gradients rather than
the original target, the model performs gradient descent in function space. The
final prediction is the accumulated result of these updates, often scaled by a
learning rate to ensure generalization and prevent overfitting.
The key hyperparameters controlling model complexity include:
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• Number of boosting rounds: The total number of trees added to the
ensemble. Too few rounds lead to underfitting; too many risk overfitting.

• Learning rate: A shrinkage factor applied to each tree’s contribution.
Lower learning rates require more boosting rounds but often yield better
generalization.

• Tree depth: Controlling themaximumdepth of individual trees. Shallow
trees are weak learners; excessively deep trees capture noise.

• Subsampling: Training each tree on a random subsample of the data and
features reduces overfitting and improves stability.

3.4.1 BDTs in HEP

While Deep Learning has gained prominence, BDTs remain a primary choice
in particle physics due to their robustness, interpretability, computational effi-
ciency and performance on structured kinematic data. The primary distinctions
lie in the boosting strategy and optimization objective:

• Gradient Boosted Decision Trees (GBDT): A generalization of boosting
where, instead of reweighting events, new trees are trained to predict
the residual errors (gradients) of the loss function from the previous
step [128].

• XGBoost (ExtremeGradient Boosting): Themodern standard in collider
physics analyses. It is an optimized implementation of GBDT that in-
troduces regularization terms (L1 and L2) into the objective function to
prevent overfitting—a critical feature when training on limited Monte
Carlo statistics. It also offers significant improvements in computational
speed and scalability [129].

• LightGBM (Light Gradient Boosting Machine): A high-performance
framework that differs from XGBoost primarily by employing a leaf-wise
(best-first) tree growth strategy rather than a level-wise approach. This
allows the algorithm to grow deeper, asymmetrical trees by expanding
the specific leaf that results in the largest reduction in the loss function.
This strategy often leads to faster convergence and higher accuracy on
large-scale datasets, though it requires careful tuning of the maximum
depth to prevent overfitting [130].

Despite the growing dominance of Deep Learning, BDTs remain the workhorse
of many high–energy physics analyses due to several distinct advantages:

• Performance on tabular data: For analyses relying on high–level, struc-
tured kinematic variables (e.g., invariant masses, angular separations),
BDTs often match or outperform DNNs. They partition the phase
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space using sequential, multi-dimensional orthogonal cuts (forming
hyperrectangles). This aligns perfectly with the physics–driven logic
of traditional, cut-based signal region definitions, making them highly
interpretable [106,131].

• Interpretability: Unlike "black box" neural networks, BDTs offer intrinsic
transparency. Metrics such as feature importance allow physicists to
rank input variables by their discrimination power, providing immediate
feedback on which physical properties drive the classification. This is
critical for validating that the model relies on robust physics rather than
simulation artifacts [132].

• Training speed and efficiency: BDTs typically train orders of magnitude
faster than deep networks and require significantly fewer computational
resources. This rapid training time facilitates extensive optimization
cycles, allowing analysts to test hundreds of feature combinations and
hyperparameter settings in the time it takes to train a single large Trans-
former.

• Robustness to small datasets: In analyses with limited Monte Carlo
statistics (e.g., rare signal grids), BDTs are generally less prone to overfit-
ting than over–parameterized deep networks, as their model complexity
(tree depth) is more easily constrained.

Practical considerations for BDT training

While robust, BDTs present specific challenges thatmust be addressed to ensure
optimal performance [133]:

• Feature engineering dependency: Unlike DNNs or Transformers, which
learn directly from raw data, BDTs rely on the quality of input features.
They cannot automatically extract high–level concepts from low–level
four–vectors; physicists must explicitly provide engineered variables to
maximize sensitivity.

• Correlated variables: Standard decision trees tackle redundant variables
by arbitrarily selecting one and ignoring the other. While this does not
degrade performance, it can skew feature importance rankings, making
a strong physical variable appear irrelevant if a correlated proxy was
chosen by the algorithm first.

• Discrete nature and gradient descent: Because decision trees make
discrete cuts (non–differentiable), they cannot be trained via standard
backpropagation. This prevents them from being easily integrated into
"end–to–end" differentiable pipelines where the detector simulation or
systematic uncertainties are optimized simultaneously with the classifier.
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Current trends in BDT research

Research into BDTs continues to evolve, focusing on integrating them into
modern differentiable workflows and real–time systems:

• Differentiable Decision Trees: To bridge the gap between BDTs and
Deep Learning, recent work focuses on "soft" decision trees that replace
hard cuts with sigmoid functions. This makes the tree differentiable,
allowing it to be inserted as a layer within larger neural networks or
optimized via gradient descent for tasks like systematic uncertainty
minimization [134].

• Fast inference on FPGAs: For trigger systems where decisions must
be made in nanoseconds, BDTs are being synthesized directly onto
FPGAs. Tools that convert trained BDTs into firmware, enable complex
machine learning algorithms to run at the full 40 MHz collision rate of
the LHC [135].

• Gradient boosting for reweighting: BDTs are increasingly used not just
for classification, but for density estimation. By training a BDT to distin-
guish between data and simulation, the output score can be converted
into an event weight that corrects the simulation to match the data, of-
fering a high–dimensional alternative to traditional histogram–based
reweighting [136,137].

3.4.2 BDT implementation for the HH→ bbWW (DL)
analysis

In the HH→ bbWW (DL) analysis, a BDT is trained using the XGBoost [129]
library. The code implementation is archived at [138]. To prevent overfitting
while maintaining computational efficiency, the model is configured with the
following hyperparameters:

• Architecture: A maximum of 200 boosting rounds (trees) with a maxi-
mum depth of 3.

• Optimization: An initial learning rate of 0.1, which decays exponentially
by a factor of 0.99 in every iteration to ensure stable convergence.

• Regularization: Training is monitored via specific validation sets, em-
ploying early stopping with a patience of 30 rounds to determine the
optimal number of trees. The model utilizes default L2 regularization.

• Hardware: GPU–accelerated histogram construction is used to speed up
training.

The dataset was initially partitioned into a 20% independent testing set and an
80% development set. The latter was further subdivided into training (80% of
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the development set, or 64%of the total) and validation (20%of the development
set, or 16% of the total) sets for model optimization and hyperparameter
tuning. Unlike neural networks, the BDT input features—corresponding to
the kinematic variables listed in Table 3.1—are not scaled, as decision trees are
invariant to monotonic feature transformations. The output is a raw logistic
probability score in [0, 1].
The results are shown in Section 3.5.

3.5 Comparison of models

This section details the comparative application of the three machine learn-
ing architectures—Transformer, Deep Neural Network, and Boosted Decision
Tree—to theHH→ bbWW (DL) analysis. To ensure a fair comparison, all three
models are trained on an identical set of input features, as listed in Table 3.1.
The correlation matrix of input features is given in Figure 3.5

3.5.1 Interpretability and physics features

To interpret the decision-making process of the algorithms and verify that they
are utilizing physically motivated kinematic features, the feature importance
for three distinct architectures are analyzed.

DNN Permutation Importance

For the DNN model, feature importance is evaluated using permutation im-
portance, as shown in Figure 3.6. This metric measures the decrease in the
model’s AUC when the values of a single feature are randomly shuffled, break-
ing the correlation with the target. The results identify the dilepton invariant
mass (m``) as the dominant driver of the DNN’s performance; permuting this
variable causes a substantial drop in AUC of nearly 0.10. Following the mass
term, the DNN relies on other lepton, jet and Emiss

T variables. This indicates the
DNN has learned a decision boundary that is highly sensitive to the topology
of the leptons and jets, the presence of heavy-flavor jets and the Emiss

T .

Transformer Attention Mechanism

To interpret the Transformer model, the mean attention weights (aggregated
over all heads, layers, andbatches) assigned to the input features are analyzed, as
shown in Figure 3.7. This metric reflects the intrinsic "focus" of the model’s self-
attention mechanism during the learning process. Consistent with the DNN,
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l1(2)_Px x component of the (sub)leading lepton’s pT
l1(2)_Py y component of the (sub)leading lepton’s pT
l1(2)_Pz z component of the (sub)leading lepton’s pT
l1(2)_E energy of the (sub)leading lepton
l1(2)_pdgId PDG ID of the (sub)leading lepton
l1(2)_charge charge of the (sub)leading lepton
l1(2)_pt pT of the (sub)leading lepton
j(i)_Px x component of the ith leading jet’s pT (i = 1, 2, 3, 4)
j(i)_Py y component of the ith leading jet’s pT (i = 1, 2, 3, 4)
j(i)_Pz z component of the ith leading jet’s pT (i = 1, 2, 3, 4)
j(i)_E energy of the ith leading jet (i = 1, 2, 3, 4)
j(i)_btag b–tagging score of the ith leading jet (i = 1, 2, 3, 4)
j8_Px x component of the leading AK8 jet’s pT
j8_Py y component of the leading AK8 jet’s pT
j8_Pz z component of the leading AK8 jet’s pT
j8_E energy of the leading AK8 jet
j8_tau(N) N-subjettiness of the leading AK8 jet (N = 1, 2, 3, 4)
j8_msoftdrop soft drop mass of the leading AK8 jet
met_E magnitude of the missing transverse energy
HT scalar sum of the pT of all jets
dR_l1_l2 ∆R between the two leptons
dR_j1_j2 ∆R between the two leading jets
dR_dilepton_dijet ∆R between the dilepton and dĳet systems
dR_dilepton_dibjet ∆R between the dilepton and dibjet systems
abs_dphi_met_dilepton |∆φ| between the missing transverse energy and the dilep-

ton system
abs_dphi_met_dibjet |∆φ| between the missing transverse energy and the dibjet

system
min_dR_l1_ak4jets Minimum ∆R between the leading lepton and all AK4 jets
min_dR_l2_ak4jets Minimum ∆R between the subleading lepton and all AK4

jets
min_dR_lead_bjet_leptons Minimum ∆R between the leading b–tagged jet and both

leptons
min_dR_sublead_bjet_leptons Minimum ∆R between the subleading b–tagged jet and

both leptons
min_abs_dphi_ak4jets Minimum ∆φ between all AK4 jets and the missing trans-

verse energy
di_bjet_mass Mass of the dĳet system formed by the two leading b–tagged

jets
di_lepton_mass Mass of the dilepton system
di_lepton_dijet_met_mass Mass of the dilepton + dĳet + missing transverse energy

system
V BF_tag Binary VBF tagging variable
boosted_tag Binary boosted topology tagging variable
run_year Run year of the event (2022 or 2023)

Table 3.1 | Input features to the three MLmodels. A value of zero is passed whenever
a variable was not available e.g. AK8 jet variables for resolved categories.
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Figure 3.5 | Correlation matrix showing the relationships between input features.
Notable high–correlation blocks are visible among the jet substructure variables (e.g.,
j
8
τ variables and soft–drop mass), while the majority of other inputs show low linear

correlation.
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Figure 3.6 | The top 10 input features for the DNN classifier ranked by permutation
importance. The importance is quantified as the decrease in the Area Under the ROC
Curve (AUC) when the values of a specific feature are randomly shuffled while keeping
others fixed. The dilepton invariant mass (m

``
), the angular separation between leptons

(∆R(`
1
, `

2
)), and the leading jet b-tag score are identified as the most critical features

for predictive performance. For the full list, see Appendix A.2.1

the Transformer assigns the highest attention score to the dilepton invariant
mass (m``). However, the secondary features reveal a different prioritization
compared to the DNN. The Transformer places significant attention on the
transverse momentum imbalance, ranking the azimuthal separation between
the missing transverse energy and the dilepton system (|∆φ(pmissT , ``)|) and the
magnitude of the missing energy (pmissT ) as the next most important features.
This suggests the Transformer architecture builds its internal representation by
focusingmore on the global event alignment and the recoil of the system against
the leptons, rather than the specific jet flavor or lepton-lepton ∆R prioritization
seen in the DNN.

BDT Feature Importance

The feature importance for the BDT classifier, derived from the weight of each
feature in the decision trees, is presented in Figure 3.8. Here, the "weight"
metric counts the number of times a variable is used to split the data across all
trees in the ensemble. The BDT model also ranks the dilepton invariant mass
(m``) as the most critical discriminator. However, unlike the neural networks,
BDT places amuch stronger emphasis on the hadronic resonance structure. The
di-b-jet mass (mbb) is ranked as the clear second most important feature. This
implies that the BDT structure effectively isolates the signal by explicitly cutting
on the mass windows of both the leptonic (m``) and hadronic (mbb) decay legs,
whereas the deep learning models rely more on complex correlations involving
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Figure 3.7 | Top 10 mean attention scores assigned by the Transformer model to the
input features, aggregated over all attention heads, encoder layers, and the evaluation
batch. The ranking reveals that the model prioritizes leptonic and missing energy
variables. For the full list, see Appendix A.2.1.

the missing energy and angular separations.

3.5.2 Robustness to data calibration

To further evaluate the robustness of the three architectures against potential
mismodeling or calibration inaccuracies, a sensitivity study was performed by
applying a 10% shift and a 10% smearing to the input features. The impact on
model performance, quantified by the change in the AUC (∆AUC), reveals a
stark contrast between the methods. While the DNN and Transformer models
exhibit remarkable stability—showing negligible performance degradation
(∆AUC ≤ 2 × 10−4)—the XGBoost BDT demonstrates significantly higher
sensitivity to these perturbations, particularly under the smearing scenario
where the AUC drops by 3.4 × 10−3 (Figure 3.9). This discrepancy is likely
rooted in the fundamental differences between their decision-making processes:
while the BDT relies on discrete, axis-aligned splits that can be easily bypassed
by small feature shifts, the neural networks utilize smooth activation functions
and high-dimensional representations that inherently offer greater resilience to
localized input noise. Despite the BDT’s distributed feature importance profile,
these results suggest that the "softer" decision boundaries of deep learning
models provide superior mathematical robustness to systematic variations in
input data.
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Figure 3.8 | The top 10 input features for the BDT classifier model. The ranking is
dominated by the high–level engineered variables, specifically the invariant masses of
the dilepton and dĳet systems. The importance metric reflects the relative contribution
of each feature to the construction of the boosted decision trees. Unlike the neural
networks, the BDT model places high importance on the di-b-jet mass (m

bb
) alongside

the dilepton mass (m
``
), indicating a strong reliance on reconstructing both resonant

decay systems. For the full list, see Appendix A.2.1

Summary

All three models consistently identify the dilepton invariant mass as the single
most discriminative feature. However, the analysis reveals distinct strategies
for background rejection among the architectures.

• The DNN relies on topological closeness (∆R) and b-tagging.
• The Transformer focuses on global alignment with the missing transverse

energy (∆φ).
• The BDT model exploits the kinematic resonance of the di-b-jet system

(mbb).
A critical distinction emerges when comparing the distribution of importance
scores across the three architectures. Both theDNNand the Transformer exhibit
a highly concentrated dependency, where the dilepton invariant mass (m``)
disproportionately dominates the decision-making process, effectively treating
other variables as minor corrections. This suggests that the deep learning
models primarily optimize their loss functions by relying on this single high-
level discriminant. In contrast, the BDTmodel demonstrates a more distributed
utilization of the feature space. Its importance profile is significantly flatter,
with comparable weights assigned to the top several features (e.g., m``, mbb,
pmissT , and lepton pT ). This indicates that the gradient-boosted decision trees are
successfully capturing a broader range of kinematic correlations, constructing
a robust decision boundary that relies on the interplay of multiple physical
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Figure 3.9 | Robustness comparison of the XGBoost, Transformer, and DNNmodels
under 10% shift (blue) and 10% smearing (green) of the input features. The y-axis
represents the change in AUC relative to the nominal performance evaluated on CMS
simulation. The results highlight that deep learning architectures (DNN and Trans-
former) maintain stable discrimination power under these perturbations, whereas the
BDTmodel exhibits amore pronounced performance loss, indicating a higher sensitivity
to the exact calibration of input variables.
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observables rather than hinging the classifier’s performance on a single variable.
This broader dependency may offer the BDT model greater resilience against
systematic uncertainties that might affect the dilepton invariant mass.

3.5.3 Evaluation

The models are evaluated using a robust validation strategy to prevent overfit-
ting and ensure generalization:

• Stratified k–fold cross–validation: The dataset is partitioned into statis-
tically independent folds, preserving the signal–to–background ratio in
each split. This ensures that every event is assigned a score by a model
trained on a disjoint subset of data, preventing bias in the final statistical
inference. The results are listed in Table 3.2

• Performance metrics: The primary metric for comparison is the AUC,
which quantifies the model’s ability to rank signal events higher than
background events. The results are listed in Table 3.3 and shown as ROC
curve plots in Appendix A.2.2.

• Purity and efficiency: Confusion matrices (shown in Figure 3.10) are
analyzed to determine the purity of signal categories, which is critical for
maximizing sensitivity in the likelihood fit.

Fold 1
st

2
nd

3
rd

4
th

5
th

Average

AUC 0.9670 0.9674 0.9676 0.9666 0.9662 0.96696
Table 3.2 | To validate the BDT’s performance stability, AUC values were calculated
for each fold of a k-fold cross-validation study. This rigorous assessment was performed
exclusively for the BDT, as it was the selected model for the final inference study; other
architectures were excluded from this process due to the prohibitive computational
time required. The results indicate a robust implementation.

Model DNN Transformer BDT

AUC 0.965 0.969 0.966
Table 3.3 | Comparison of the AUC performance for the DNN, Transformer, and BDT
models, evaluated on the independent test dataset. While the Transformer achieves the
highest discrimination power (0.969), all three architectures demonstrate comparable
performance.

The comparison aims to identify the optimal balance between discrimination
power and computational cost. While the discrimination performance of
the three models is comparable as shown in Table 3.3 and figure 3.10, the
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(a) Transformer model (b) DNNmodel

(c) BDT model

Figure 3.10 | Confusion matrices for the Transformer (top left), DNN (top right), and
BDT (bottom) models, evaluated on the test set. The matrices are normalized by true
class label (rows), such that the diagonal elements represent the recall (efficiency) for
background and signal, respectively. While the Transformer yields the highest signal
efficiency (0.93), the DNN and BDT provide stronger background rejection (0.90).
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final selection of the BDT is driven by practical considerations regarding
computational efficiency. As summarized in Table 3.4, the training costs vary
by orders of magnitude. The BDT model converges in under one minute,
whereas the DNN requires approximately 30 minutes, and the Transformer
necessitates 1.5 hours per training cycle on the same hardware.

Model Total Time Epochs

∗
Time / Epoch Early Stopping

Transformer 90 min 4 22.5 min No
DNN 28 min 16 106 s Yes
BDT 45 s 200 0.2 s Yes

Table 3.4 | Comparison of computational costs for the three architectures. The BDT
offers a significant speed advantage, enabling rapid iteration.
∗For the BDT, “Epochs” refers to boosting rounds.

This efficiency is crucial for the analysis workflow, as it facilitates extensive
hyperparameter optimization, feature engineering iterations, and the rigorous
k–fold cross–validation required to ensure unbiased inference.
Beyond wall–time, the BDT offers several additional advantages in the context
of this analysis. First, it is computationally efficient and straightforward to
retrain across multiple folds and configurations, which is particularly useful
when k–fold strategies are employed to avoid bias in downstream statistical in-
ferenceworkflows. Second, BDTs provide strong interpretability via established
diagnostics (e.g., feature importance and related ranking methods), enabling
faster validation that the classifier is learning physically meaningful correla-
tions. Third, the reduced training cost makes it feasible to perform broader
robustness studies—such as repeated trainings under alternative weighting
schemes or systematic variations—without prohibitive training time, thereby
improving confidence in the stability of the final template shapes used in the
fit.



Chapter

4 Search for HH to bbWW
using Run-3 Data from
CMS

This chapter focuses on the experimental search for the Higgs boson pair
production using Run-3 data of the CMS Experiment. The following sections
present the search in the decay mode involving two bottom quarks and two W
bosons where both W boson decay leptonically. This analysis utilizes proton-
proton collision data collected at a center-of-mass energy of

√
s = 13.6 TeV by

the CMS experiment during first two data taking years of Run-3 (2022–2023),
amounting to a total integrated luminosity of 62,4 fb−1.

4.1 Analysis setup

Since the SM Higgs boson can decay into several different final states, Higgs
boson pair production can be studied in a wide variety of channels. In this
analysis, the HH→ bb`ν`ν final state provides several advantages:

1. The two most frequent Higgs boson decay modes are H → bb̄ and
H → W±W∓. Through the subsequent decay W → `ν, this leads to a
clean signal provided by the two leptons with a branching ratio of 2.64%

2. The dominant background process in this topology, top quark pair (tt̄)
production is well modeled in simulation.

3. This channel has been shown to be complementary to other HH decay
modes already explored by CMS. Given that the observation of SM HH

production is expected to be extremely challenging, combining as many
channels as possible will be essential.

4. In the event that a deviation from the SM prediction for HH production is
observed in another channel, it is crucial to provide several independent
cross-checks in different final states.

While the hadronically decayingHiggs boson can be reconstructed from the jets
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originating from the hadronization of the b quarks in H→ bb, the kinematics
of the leptonically decaying Higgs boson cannot be fully reconstructed because
of the two neutrinos in the final state. As a consequence, the di-Higgs invariant
massmHH cannot be directly accessed, which largely removes the distinction
between resonant and non-resonant production in terms of analysis strategy.
The most distinctive features of the signal, common to all signal hypotheses,
are a pair of b jets with an invariant mass peaking near the Higgs boson mass,
on top of a smooth background distribution, and a pair of prompt, isolated
charged leptons. The dilepton (DL) system provides a clean experimental
signature that can be efficiently selected by DL triggers.
The most frequent SM processes contributing to the selected event topology are
tt̄ andDrell–Yan (DY) production ofZ/γ∗(→ `+`−) in associationwith jets [139].
The dileptonic tt̄ production cross section is known at NNLO in QCD and is
approximately 98 pb [140]. Since tt̄ production leads to an identical visible final
state, it constitutes an irreducible background. Its rate can only be reduced by
exploiting differences in the kinematic properties of the reconstructed objects
to enhance the signal sensitivity.
In contrast, the DY process is reducible: it can be significantly suppressed by
requiring the presence of b-tagged jets. This requirement does not, however,
reduce the contribution fromZ/γ∗ production in associationwith genuine b jets,
for which additional strategies are needed. Further subdominant backgrounds
include single top quark production in association with aW boson (tW ) [141],
single top production in the t- and s-channels [142], diboson production (ZZ,
WW, ZW, collectively denoted as VV) [143], tt̄ production in association with
vector bosons (tt̄W, tt̄Z, tt̄γ, denoted as tt̄V) [144], and various single Higgs
boson productionmodes, primarily tt̄H and ZH [145,146]. Backgrounds arising
from jets misidentified as leptons, originating from W+jets or QCD multĳet
events, are rendered negligible by the tight requirements imposed on the
identification and isolation of reconstructed electrons and muons.

4.1.1 Samples

The analysis is based on proton–proton collision data collected with the CMS
detector at a center-of-mass energy of

√
s = 13.6 TeV. Only luminosity sections

certified as suitable for physics analyses are used. The resulting integrated
luminosities are 34.7 fb−1 in 2022 and 27.8 fb−1 in 2023, for a total of 62, 4 fb−1.
Events are selected using the High Level Trigger (HLT) paths. The sensitivity of
the dileptonic final states is enhanced by combining single- and double-lepton
triggers. Events with two offline reconstructed electrons (muons) must satisfy
at least one of the corresponding single-electron (single-muon) or double-
electron (double-muon) triggers, whereas events with one electron and one
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muon are required to pass at least one of the single-electron, single-muon, or
electron–muon trigger paths.
To ensure a high signal acceptance while maintaining manageable data rates,
the analysis relies on a combination of single and double lepton HLT paths.
These triggers together require the presence of at least two isolated leptons
(electrons or muons) with transverse momentum thresholds optimized for the
Run 3 data-taking conditions. Events are selected if they fire at least one of the
HLT paths corresponding to their final state. The primary triggers used in this
analysis are:

• Single Muon:

– HLT_IsoMu24
Requires a single isolated muon with pT > 24 GeV. This path acts as a
primary collector anda safety net for dilepton eventswhere the subleading
lepton may be too soft to satisfy double-lepton thresholds.

• Single Electron:

– HLT_Ele30_WPTight_Gsf
– HLT_Ele50_CaloIdVT_GsfTrkIdT_PFJet165

Provides coverage for events with at least one high-pT electron. The
WPTight requirement ensures a robust, tight selection at 30 GeV, while the
50 GeV path utilizes very tight calorimetric (CaloIdVT) and tight tracking
(GsfTrkIdT) identification to maintain trigger stability at higher energy
scales.

• Double Muon:

– HLT_Mu17_TrkIsoVVL_Mu8_TrkIsoVVL_DZ_Mass3p8
Requires two muons with pT > 17 and 8 GeV, respectively. It applies track
isolation (TrkIsoVVL), a vertex compatibility cut (dz), and a low invariant
mass cut (mµµ > 3.8 GeV) to suppress backgrounds from low-energy
resonances and pileup.

• Double Electron:

– HLT_Ele23_Ele12_CaloIdL_TrackIdL_IsoVL
– HLT_DoubleEle33_CaloIdL_MW

The primary path requires two electrons with pT > 23 and 12 GeV, satis-
fying loose calorimetric (CaloIdL) and tracking (TrackIdL) identification
requirements.

• Muon-Electron:

– HLT_Mu12_TrkIsoVVL_Ele23_CaloIdL_TrackIdL_IsoVL_DZ
– HLT_Mu8_TrkIsoVVL_Ele23_CaloIdL_TrackIdL_IsoVL_DZ
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– HLT_Mu23_TrkIsoVVL_Ele12_CaloIdL_TrackIdL_IsoVL
These cross-triggers allow for asymmetric thresholds, maximizing ac-
ceptance for events where one lepton is significantly softer than the
other.

Data are organized into several primary datasets (PDs): Muon, MuonEG, and
EGamma. Each event is recorded in one or more PDs if the corresponding
trigger path fires. To avoid double counting, a prioritization scheme is applied
so that each event is selected once among the PDs. The priority order is:
Muon→EGamma→MuonEG.
Simulated samples are used to model the signal and the background pro-
cesses. Background events are generated at leading order or next-to-leading
order accuracy using matrix-element generators such as MG5_aMC@NLO and
Powheg. For the DY process, inclusive samples covering the full phase space
are combined with additional samples binned in generator-level jet multiplicity
and DL mass using a stitching procedure [147] to improve statistical precision
in relevant regions of phase space.
Parton showering, hadronization, τ decays, pileup interactions and polarization
effects are simulated with Pythia. The underlying-event tune CP5 is used
for all the samples [148]. The parton distribution functions are primarily
NNPDF3.1 [149].
Signal events are generated following the same strategy. Non-resonant ggF
production is simulated at NLO, whereas non-resonant vector-boson fusion is
generated at LO. Eachdecay channel is represented by adedicated signal sample
with its corresponding branching fraction except for the HH → bbWW →
bb`+ν`−ν and HH → bbZZ → bb`+ν`−ν modes, which are merged because
their final states are experimentally indistinguishable.
The analysis employs four GGF samples at NLO with different κλ values and
nine VBF samples at LO with different values of the κλ, cV and c2V couplings.
Their cross sections are summarized in Tables 4.1 and 4.2. Under the SM
hypothesis, this limited grid of samples enables a continuous scan of the
coupling modifier parameter space.

Table 4.1 | The production cross-section of the double Higgs GGF signal samples at
NLO precision.

Sample κ
λ

Cross-section [fb]

SM 1 34.13
ggF 2 0 65.30
ggF 3 2.45 12.85
ggF 4 5 83.49
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Table 4.2 | List of VBFHH signal sampleswith their corresponding couplingmodifiers
used in the analysis. The parameters κ

V
, κ

2V
, and κ

λ
correspond to the C

V
, C

2V
, and

C
3
parameters in the sample generation, respectively. The values of the HEFT Wilson

coefficients in the SM and in eight BSM benchmark models are defined in Ref. [150]

Sample κV κ2V κλ Cross-section [fb]

SM 1.00 1.00 1.00 1.9
VBF 2 1.74 1.37 14.40 394.6
VBF 3 -0.96 0.96 -1.43 1.11
VBF 4 -0.76 1.44 -19.30 354.8
VBF 5 -1.60 2.72 -1.36 11.58
VBF 6 -0.01 0.03 10.20 0.01
VBF 7 -1.21 1.94 -0.94 3.76
VBF 8 -1.83 3.57 -3.39 16.63
VBF 9 -2.12 3.87 -5.96 672.1

4.1.2 Object definitions

Leptons Electrons and muons used in the analysis are defined in three WPs,
referred to as “loose”, “fakeable”, and “tight”. Loose leptons are employed to
veto low-mass DL pairs, fakeable leptons are used for object cleaning, and tight
leptons correspond to the final lepton selection in the signal regions.
The selections summarized in Tables 4.3 and 4.4 include requirements on trans-
verse momentum (pT) and pseudorapidity η, lepton isolation, the transverse
(|dxy|) and longitudinal (|dz|) impact parameters of the lepton trackwith respect
to the primary vertex, the three-dimensional impact parameter significance
d/σd, the b-taggingdiscriminator of the closest jet, and the leptonMVAscore [67].
For electrons passing the fakeable selection, additional criteria are imposed
on the electromagnetic shower shape (σiηiη), the hadronic-to-electromagnetic
energy ratio (H/E), and the difference between the inverse of the cluster energy
and the inverse of the track momentum (1/E − 1/p), in order to resemble the
identification applied at trigger level.
Hadronically decaying τ leptons (τh) are required to have pT > 20GeV, |η| < 2.3,
and to pass the mediumworking point of the DeepTau algorithm [72]. They are
cleaned against fakeable electrons and muons by vetoing τh within ∆R < 0.3

of any such lepton to ensure orthogonality with other HH analyses targeting
final states with hadronic τ decays.

Jets AK4 (AK8) jets [68] are required to satisfy tight identification criteria, to
have |η| ≤ 2.4, and pT ≥ 25(200) GeV. AK8 jets must additionally contain at
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Table 4.3 | Loose, fakeable, and tight selection criteria defined for electrons.
1 Barrel / endcaps
2 Defined as pjet

T
/p
e

T
− 1 if the electron is matched to a jet within ∆R < 0.4 or as the

PF-relative isolation computed within a cone of fixed size ∆R = 0 otherwise
† Fails (passes) the requirement prompt-electron MVA ≥0.30

Observable [unit] Loose Fakeable Tight
pT [GeV] > 5 > 10 > 10

|η| < 2.5 < 2.5 < 2.5

|d
xy
| [cm] < 0.05 < 0.05 < 0.05

|d
z
| [cm] < 0.1 < 0.1 < 0.1

d/σ
d

< 8 < 8 < 8

I
e

< 0.4× pT < 0.4× pT < 0.4× pT
σ
iηiη

– < 0.011/0.030
1

< 0.011/0.030
1

H/E – < 0.1 < 0.1

1/E - 1/p – > −0.04 > −0.04

Conversion rejection no yes yes
Missing hits ≤ 1 = 0 = 0

EGamma POGMVA >WP-80 >WP-90 no-iso >WP-90 iso
PNet of the nearby jet – <WP-tight (<WP-medium)† <WP-medium
Jet relative isolation2 – < 0.7(–)† –
Electron MVA – – > 0.3

Table 4.4 | Loose, fakeable, and tight selection criteria defined for muons.
1 Barrel (endcaps)
2 Defined as pjet

T
/p
µ

T
− 1 if the electron is matched to a jet within ∆R < 0.4 or as the

PF-relative isolation computed within a cone of fixed size ∆R = 0 otherwise
† Fails (passes) the requirement prompt-µMVA ≥0.5

Observable [unit] Loose Fakeable Tight
pT [GeV] > 5 > 10 > 10

|η| < 2.4 < 2.4 < 2.4

|dxy | [cm] < 0.05 < 0.05 < 0.05

|dz | [cm] < 0.1 < 0.1 < 0.1

d/σd < 8 < 8 < 8

Iµ < 0.4× pT < 0.4× pT < 0.4× pT
PF muon >WP-loose >WP-loose >WP-medium
PNet of the nearby jet – <WP-interp. (<WP-medium)1 <WP-medium
Jet relative isolation2 – < 0.8(–)† –
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least two subjets with pT ≥ 20 GeV and |η| ≤ 2.4, a soft-drop mass1 in the range
30 ≤ mSD ≤ 210 GeV, and an N-subjettiness2 ratio τ2/τ1 ≤ 0.75, ensuring a
two-prong topology compatible with a boosted H→ bb̄ decay.
A jet cleaning procedure is applied to avoid double counting of energy deposits.
AK4 (AK8) jets overlapping with fakeable electrons or muons within ∆R < 0.4

(∆R < 0.8) are removed from the jet collection. To enhance the sensitivity to
VBF HH production, an additional category of jets, referred to as VBF jets, is
defined. VBF jets share the same reconstruction as AK4 jets, but with a relaxed
pseudorapidity requirement |η| ≤ 4.7 and a higher pT threshold pT ≥ 30 GeV,
increased further to pT ≥ 60 GeV in the region 2.7 < |η| < 3.0 to suppress
noise-induced jets in the ECAL endcaps. VBF jets are cleaned with respect to
the H→ bb̄ candidates by discarding any jet within ∆R < 0.8 of the two AK4
jets, or within ∆R < 1.2 of a merged AK8 jet.
Identification of b-jet candidates among AK4 jets and of subjets of AK8 jets
are performed using the ParticleNet (PNet) algorithm [78]. Medium btagging
working point is used for AK4 jets whereas anAK8 jet is considered btagged if it
has PNet vs QCD (particleNet_XbbVsQCD, PNet score to discriminate AK8 jets
from QCD background processes) score higher than 0.92 which corresponds to
an efficiency of approximately 80% and a 1% misidentification probability for
light-flavor quark and gluon induced jets, and at least one of its subjets’ pT is
greater than 30 GeV.

Missing transverse momentum The missing transverse momentum (~pmiss
T )

is determined using the “Type-1” correction algorithm [151]. This method
propagates the jet energy corrections applied to reconstructed jets into the raw
missing energy calculation. By adjusting the raw ~pmiss

T vector by the difference
between the corrected and uncorrected jet momenta, the variable ensures that
the momentum imbalance is consistent with the calibrated hadronic activity in
the event.

4.1.3 Event selection

The event selection consists of a set of simple requirements applied to recon-
structed events in data and simulation, designed to retain as many signal
events as possible while suppressing the various background contributions.
The selection is applied in successive stages, so that the agreement between
data and simulation can be validated at multiple levels.

1Softdrop mass is a groomed jet mass that uses a recursive algorithm to strip away soft,
wide-angle radiation and pileup from large-radius jets, allowing for the precise identification of
heavy boosted particles like Higgs or W bosons.

2N-subjettiness (τN ) quantifies how well the radiation inside a jet aligns with the hypothesis
that the jet is composed ofN subjets.
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Data events are first collected using a set of trigger path listed in Section 4.1.1.
As no emulation of the trigger is available in simulation, the offline selection
is defined to closely follow the trigger requirements. The selection begins
by requiring two oppositely charged leptons (muons or electrons) that satisfy
the identification and isolation criteria introduced in Section 4.1.2. Selected
events are then categorized according to the lepton flavors into three channels:
µ+µ− and e+e− (collectively referred to as “same-flavor”), and µ±e∓ (“mixed-
flavor”). If more than two leptons are present, the pair with the largest
transverse momenta is chosen. Veto on additional leptons is applied. The
leading and subleading leptons are required to have pT above 30 GeV and
15 GeV in ee, 24 GeV and 15 GeV in µµ and 25 GeV and 15 GeV in eµ. These
thresholds are aligned with the trigger thresholds used in each category. A
DL invariant mass requirement m`` > 12 GeV is applied in all categories to
suppress backgrounds from quarkonium resonances and jets misidentified as
leptons.
Jets are required to be separated from the selected leptons by ∆R > 0.4. At least
two such jets must be present in the event. If more than two jets are available,
the pair with the highest combined scores of the PNet b-tagging discriminator
is chosen to define the hadronically decaying Higgs boson candidate.
Finally, a requirement,m`` < 110(100)GeV in the same-flavor (mixed) channels,
efficiently suppresses tt̄ events, at the cost of discarding only a tiny fraction of
signal events. Another requirement,m`` < 70 GeV in the same-flavor channels
is imposed, which removes the bulk of the DY background for whichm`` peaks
around the Z-boson mass mZ ' 91 GeV. The predicted and observed event
yields in this region for the three flavor channels are listed in Figure A.24,
showing good agreement between data and the sum of expected backgrounds
and signal contributions.

4.1.4 Signal extraction

Signal extraction is based on a BDT performing binary classification of events
that pass the full selection, as explained in Section 3.4.2. The discriminant
distributions per category enter the statistical inference procedure.
The BDT model is provided with a rich set of input features built from the
2022 and 2023 Run 3 datasets with a total integrated luminosity of 62, 4 fb−1,
combining all final states. Illustrative distributions of some of these input
variables are shown in Figure 4.1. The input to the BDT model consists of a
mixture of low-level variables, such as the four-momenta of leptons and btagged
jets, and high-level observables built from these objects. The output layer uses
a sigmoid activation function, yielding a single node with values between 0 and
1 that sum to unity for each event and passed through a calibration to be able to
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interpret as signal probability. To verify the stability of the training and estimate
the model’s generalization performance, a stratified k-fold cross-validation is
conducted using five partitions.

4.1.5 Control Regions

To robustly constrain the normalization of the dominant background processes,
tt̄ and DY, the analysis defines dedicated control regions (CRs) enriched in
these specific backgrounds. These regions are orthogonal to the SR and are
included simultaneously in the final maximum likelihood fit. By leveraging
the high statistics available in these regions, the background normalizations
are constrained directly by the data, reducing the reliance on theoretical cross-
section predictions and their associated large uncertainties. The definition of
the control regions is driven primarily by the dilepton invariant mass,m``, as
illustrated in the categorization scheme (Figure 4.2). The event selection is
divided into three distinct regions:

• Signal Region (SR): Defined by m`` < 70 GeV. This low-mass region
retains the majority of the HH signal while suppressing the Z-peak
contribution.

• Drell–Yan Control Region (DY CR): Defined by 70 ≤ m`` ≤ 110 GeV.
This region captures the Z boson mass peak (mZ ≈ 91 GeV), providing a
pure sample of Z/γ∗ → `` events to constrain the DY normalization and
heavy-flavor modeling.

• tt̄ Control Region (tt̄ CR): Defined by m`` > 110 GeV. This high-mass
tail is dominated by tt̄ production, allowing for a precise measurement
of the top background rate in the phase space relevant to the analysis.

In the statistical inference, the normalization of these backgrounds is not fixed
to the SM prediction but is instead treated as a set of free-floating parameters.
To account for potential kinematic differences and modeling discrepancies
between different topologies, these normalization parameters are split for the
tt̄ normalization as decoupled between the boosted and resolved kinematic
regimes to address potentialmodeling discrepancies in the high-pT phase space.
Additionally, the DY normalization is decoupled between the ggF and VBF
production to compensate for the modeling inaccuracy in the high pT, forward
region.
The inclusion of dedicated control regions in the simultaneous fit is crucial
for constraining both background normalizations and systematic shape un-
certainties. When a systematic effect is treated as fully correlated between
a high-statistics CR and the SR, the fit leverages the large CR event yield to
precisely measure the associated nuisance parameter. This process, known
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Figure 4.1 | Distributions of selected input variables used in the multivariate analysis,
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as profiling, tightly constrains the parameter’s variance. Because the regions
are mathematically linked, this constraint propagates directly to the SR, sig-
nificantly shrinking the background uncertainty band. Conversely, if these
shape uncertainties were modeled as uncorrelated, the CR would provide no
constraining power, leaving the SR degraded by large prior uncertainties.

4.1.6 Categorization

To maximize sensitivity to different signal kinematics and production modes,
the analysis divides the selected events into orthogonal categories. This catego-
rization is primarily driven by the hadronic topology of the event—specifically
the reconstruction of large-radius jets ("Boosted") versus standard jets ("Re-
solved")—and the multiplicity of b-tagged jets. The categorization strategy
proceeds as follows:

1. Boosted Topology: The boosted category targets the regime where the
decay products of a heavy resonance (e.g., a Higgs boson) are collimated
into a single large-radius jet. Events fall into this category if they contain
at least one AK8 jet (pT > 200 GeV) identified as a b-jet.

2. Resolved Topology: Events that do not satisfy the boosted criteria (i.e.,
contain zero b-tagged AK8 jets) are considered for the resolved categories.
These rely on standard anti-kT R = 0.4 jets (AK4). The resolved events
are further split based on b-jet multiplicity to improve the signal-to-
background discrimination:

• Resolved 1b: Events containing exactly one b-tagged AK4 jet.
• Resolved 2b: Events containing at least two b-tagged AK4 jets.

3. VBF Topology: Dedicated categories are defined to target VBF produc-
tion signatures. These events are characterized by the presence of two
additional "tagging" jets with a large invariant mass (mjj > 500 GeV)
and a large pseudo-rapidity separation (|∆ηjj | > 3.0). VBF candidates
are identified in both boosted and resolved event topologies, using jet
collections cleaned against the signal jets to avoid overlap.

Figure 4.2 summarizes the categories set up in the analysis.

4.1.7 Binning strategy

The output of the neural network classifier serves as the final discriminating
variable used in the statistical inference. To maximize the sensitivity to the HH
signal while ensuring the stability of themaximum-likelihood fit, the binning of
these distributions is optimized to balance resolution in the signal-rich region
with sufficient statistical precision in background-dominated regions.
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Figure 4.2 | Schematic overviewof the event categorization strategy. Events containing
two opposite-sign leptons are first classified based on the dilepton invariant mass (m

``
)

into a Signal Region (m
``
< 70 GeV), a Drell-Yan Control Region (70 ≤ m

``
≤ 110 GeV),

and a tt̄ Control Region (m
``
> 110 GeV). Events falling into the Signal Region are

further subdivided based on hadronic activity: VBF categories are given the priority
and those containing at least one boostedH → bb̄ candidate are classified as "Boosted,"
while the remaining events are classified as "Resolved 1b" or "Resolved 2b" based on the
multiplicity of b-tagged AK4 jets (1 or ≥ 2). VBF resolved categories do not have the 1b
and 2b separation.
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A simple uniform binning is generally suboptimal formachine learning discrim-
inants, which typically exhibit strongly peaked shapes near 0 (background-like)
and near 1 (signal-like). Uniform binning can therefore dilute sensitivity by
providing insufficient granularity where the signal is concentrated, while si-
multaneously creating sparsely populated bins where backgrounds dominate,
increasing statistical fluctuations and potentially destabilizing the fit.
To address this, a custom variable-width binning strategy is applied to the
classifier output histograms. The bin boundaries are optimized iteratively, start-
ing from the highest classifier scores (the signal-enriched region) and moving
toward the lowest scores (the background-dominated region). In the sensitive
high-score tail, bins are defined to satisfy strict statistical safety thresholds—
specifically, maintaining a minimum of 10 expected background Monte Carlo
events and bounding the maximum fractional statistical uncertainty per bin
between 20% and 30%, depending on the specific phase-space category. Mov-
ing toward the low-score region, where the signal is increasingly depleted,
progressively coarser bins are constructed. This ensures robust constraints on
the background normalizations while preventing the introduction of sparsely
populated bins that could destabilize the maximum-likelihood fit.
In background control regions, where the discriminant shape is not required,
the workflow is simplified to use inclusive yields (a single bin) per category
rather than a multi-bin shape. This avoids introducing low-signal bins while
still providing strong constraints on background normalizations in the global
fit. Figure 4.3 shows the resulting rebinned ML score distributions in the signal
region.

4.2 Corrections to the data and simulation

MC simulations are indispensable for estimating background processes and
modeling signal characteristics in high-energy physics analyses. However,
despite the high precision of modern event generators and the detailed detector
modeling provided by software such as Geant4 [152], simulated samples
cannot perfectly reproduce the complex experimental conditions of the CMS
detector. Discrepancies betweendata and simulation arise fromvarious sources,
including imperfectmodeling of the detector, approximations in the description
of underlying event activity, and fluctuations in instantaneous luminosity.
Furthermore, localized hardware malfunctions and time-dependent shifts
in detector acceptance encountered during the Run-3 data-taking periods
introduce additional non-uniformities that require specialized mitigation, as
detailed in Section 4.2.1.
To ensure that the simulation accurately represents the data collected, a series
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(a) Prefit.

(b) Postfit.

Figure 4.3 | ML score distributions before (A) and after (B) the fit.
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of corrections must be applied. These corrections are typically derived by
comparing the performance of physics objects (such as leptons and jets) in data
against those in simulation using standard reference processes (e.g., Z → ``).
The primary method for implementing these efficiency corrections is through
the application of scale factors (SFs). An SF is defined as the ratio of the
efficiency measured in data (εdata) to the efficiency measured in simulation
(εMC):

SF =
εdata
εMC

.

These factors are applied as event weights, re-normalizing the simulated events
to match the selection probabilities observed in reality.

4.2.1 Issues in data taking in Run-3

The Run-3 data taking period encountered a few detector-specific issues that
required dedicatedmitigation strategies in both data processing and simulation
[153,154]. These effects are taken into account in this analysis throughdedicated
event cleaning, corrections, and period-specific simulations.
During the 2022 data taking, a leak in the ECAL endcap (EE) water cooling
circuit led to abnormally high energy deposits in several ECAL towers. The leak
affected the cooling of electronics serving 20 communication and control units,
corresponding to 491 ECAL crystals, and the impacted region was masked
from 17 September until the end of the 2022 run, effectively rendering about 7%
of the ECAL endcap unusable. Jets falling in the corresponding event-cleaning
region are vetoed, and simulations used for 2022 are split into pre-EE and
post-EE periods to correctly mimic the impact of the masked crystals; the leak
was repaired during the year-end technical stop, so 2023 data are unaffected.
In 2023, after Technical Stop 1 (19–24 June), 27 modules in Barrel Pixel (BPix)
layers 3 and 4 became inoperable because of a problem in the distribution
of the LHC clock signal. To account for the resulting loss of jet energy and
tracking performance, a dedicated jet energy scale and resolution correction is
applied, and 2023 simulations are divided into pre-BPix and post-BPix periods
to reproduce the changed detector conditions.

4.2.2 Pile-up re-weighting

The high instantaneous luminosity of the LHC results in multiple simultaneous
proton-proton interactions per bunch crossing, referred to as pileup. To ensure
the simulation accurately reflects experimental conditions, MC events are
reweighted to match the pileup distribution observed in the data. The data
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distribution is derived from the per-bunch instantaneous luminosity, assuming
a total inelastic proton-proton cross section of 69.2 mb with a precision of
±4.6% [155]. Along with this uncertainty, the resulting weights are propagated
to the final results to cover uncertainties in the luminosity measurement and
the underlying physics model.

4.2.3 Trigger selection and efficiency

To correct for differences in trigger response between data and simulation, the
trigger efficiency is measured as a function of the leading and sub-leading
lepton pT. The efficiency is defined as:

ε(pT1
, pT2

) =
Npass trigger

Ntotal

where Ntotal is the number of events passing the full offline selection and
Npass trigger is the subset of those events that also fired the relevant HLT path.
This efficiency is computed separately for Data and MC simulation. The final
correction applied to MC events is the trigger scale factor, defined as the ratio
of the observed efficiencies:

SF (pT,1, pT,2) =
εdata(pT,1, pT,2)

εMC(pT,1, pT,2)

The scale factors are derived in 2D histograms with variable binning up
to 300 GeV in lepton pT. The nominal weight along with "up" and "down"
systematic variations are derived from the statistical uncertainty of the efficiency
measurement. The calculated scale factors are shown in Appendix A.4

4.2.4 Noise filters in Run-3

For Run-3 analyses utilizing NanoAOD, a standard set of noise filters is recom-
mended by CMS to reject anomalous events [156]. The baseline recommenda-
tion for 2022–2023 Data and MC includes the following flags:

Flag_goodVertices: Ensures the event contains a valid, well-reconstructed
primary vertex.

Flag_globalSuperTightHalo2016Filter: Vetoes events containing beam ha-
lo particles (muons originating from upstream interactions).

Flag_EcalDeadCellTriggerPrimitiveFilter: Rejects fictitious MET gener-
ated by energy deposited in dead cells of the ECAL.

Flag_BadPFMuonFilter & Flag_BadPFMuonDzFilter: Reject events with erro-
neous muons based on track quality and vertex compatibility.
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Flag_hfNoisyHitsFilter: Removes events with anomalous noise in the Had-
ronic Forward calorimeter.

Flag_eeBadScFilter: Vetoes noise spikes arising from specific bad supercrys-
tals in the ECAL Endcap.

Flag_ecalBadCalibFilter: Rejects events with energy deposits in ECAL crys-
tals known to have incorrect calibration factors, which would otherwise
create artificial MET tails.

4.2.5 Top quark pT reweighting

Measurements of differential tt̄ cross-sections during Run 1 and Run 2 have
revealed a discrepancy between experimental data and standard NLO MC pre-
dictions [157,158]. Specifically, the pT spectrumof top quarks observed in data is
significantly softer than that predicted by generators such as Powheg+Pythia8.
This mismodeling is generally attributed to missing higher-order QCD and
electroweak corrections in the simulation. To mitigate this effect and improve
the modeling of the detector response (e.g., trigger and b-tagging efficiencies),
a reweighting procedure is applied to simulated tt̄ events.
The correction is applied at the parton level using SFs derived from the ratio of
the unfolded differential cross-section in data to the MC prediction. The total
event weight, wtop, is defined as the geometric mean of the scale factors for the
top quark (t) and top antiquark (t̄):

wtop =

√
SF(ptT ) · SF(pt̄T ).

For the standard Powheg+Pythia8 samples, the data-driven scale factor is given
by the TOP PAG as:

SF(pT ) = 0.103 · e−0.0118·pT − 1.34 · 10−4 · pT + 0.973,

where pT is measured in GeV. To avoid extrapolating into unmeasured phase
space, theweight for quarkswith pT > 500GeV is capped at the value calculated
for 500 GeV.

4.2.6 b-tagging corrections

To accurately model the performance of the b-tagging algorithm in simulation,
corrections are applied to the b-tagging discriminant shape. Unlike standard
methods that correct efficiencies at specific working points, this “shape cor-
rection” method reweights simulated events to match the full discriminant
distribution observed in data. This approach is essential for analyses that
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rely on the discriminant shape for signal separation or background estimation.
These are provided by the b-tagging and Vertexing (BTV) POG [159].
The correction is implemented as an event weight derived from the properties
of all jets in the event. For a given jet i, the scale factor SFi depends on the jet’s
transverse momentum (pT,i), pseudorapidity (ηi), and its specific b-tagging
discriminant value (Di). The total event weight, ωevent, is the product of the
scale factors for all selected jets:

ωevent =

Njets∏
i=1

SF(Di, pT,i, ηi).

This method ensures that events are reweighted without migrating them
between jet multiplicity bins.
The application of these scale factors can inadvertently alter the total predicted
event yield before any b-tagging selection is applied. To preserve the inclusive
normalization of the sample—ensuring that the tagging calibration does not
affect the total theoretical cross-section—a renormalization factor r is required.
This factor is defined as the ratio of the sum of weights before and after the
b-tagging correction:

r =

∑
ωnominal∑
ωbtag

. (4.1)

Since the impact of the reweighting varies with the phase space, this ratio r
must be derived and applied separately for each process, jet flavor composition,
and jet multiplicity bin.
The uncertainty on the shape correction is evaluated through several indepen-
dent variations, which account for detector effects and statistical limitations in
the derivation of the scale factors.

• Jet energy scale (JES): The scale factors are re-derived using jets with
JES-shifted energies to propagate the impact of JES uncertainties to the
b-tagging performance.

• Purity (lf, hf): This accounts for the contamination of light-flavor jets
in heavy-flavor control regions (hf) and vice-versa (lf) by varying the
contamination rates.

• Statistics (hfstats, lfstats): These variations account for statistical fluc-
tuations in the Data and MC samples used to derive the scale factors.
They are split into linear (1) and quadratic (2) terms for both heavy-flavor
(hfstats1/2) and light-flavor (lfstats1/2) jets.

• Charm-jet mis-tagging (cferr1/2): Accounts for the probability of
charm quarks being mis-identified as b-jets. Due to the lack of pure
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calibration samples, c-jets are assigned a nominal scale factor of 1.0,
with uncertainties extrapolated from the b-jet envelope. These are split
into linear (cferr1) and quadratic (cferr2) terms to allow the fit to pro-
file potential mismodeling in charm-enriched backgrounds like tt̄ and
W+jets.

4.2.7 Boosted bb-jet tagging

To identify the boosted decay of the Higgs boson into a pair of bottom quarks
(H → bb̄), this analysis utilizes AK8 PUPPI1 jets tagged with the ParticleNet
algorithm with the mass-correlated discriminant (particleNetWithMass −
_HbbVsQCD).
To account for differences between data and simulation in tagging efficiency,
SFs are derived using the µ-tagged method [160], as recommended by the
BTV POG. The µ-tagged method relies on selecting a high-purity sample of
heavy-flavor jets from data to serve as "proxies" for the signal jets. Since the
hadronization of b quarks has a significant probability of producing a muon
via semileptonic decay, the presence of a soft, non-isolated muon within a jet
cone is a strong indicator of heavy-flavor content.
The calibration workflow utilizes AK8 jets containing a reconstructed soft
muon to model inclusive heavy-flavor jets. To ensure accurate modeling of
the background, a multi-dimensional reweighting procedure is applied. A
3D reweighting map based on jet pT , |η|, and the substructure variable τ21 is
computed to correct the simulation to match the jet kinematics observed in
data. This step is critical for minimizing kinematic differences between the
proxy jets and the target signal jets.
The SFs are extracted as the ratio of tag efficiencies in data and simulation
for the chosen working point for the discriminant (> 0.92), in bins of jet pT
(300-350, 350-425 and 425-infinity).
This analysis specifically utilizes the mass-correlated version of the ParticleNet
discriminant. However, because the standard µ-tagged calibration procedure
was originally designed for the mass-decorrelated tagger, a noticeable shape
discrepancy was observed in the proxy jet soft-drop mass (mSD) distribution af-
ter applying the calibration reweighting. To quantify the systematic uncertainty
associatedwith this effect, the scale factorswere re-derived by shifting the lower
mSD threshold applied to the proxy jets from 40 GeV up to 100 GeV (shown

1A PUPPI jet is reconstructed by applying a clustering algorithm to particle-flow candidates
that have been individually weighted by the Pileup Per Particle Identification (PUPPI) algorithm.
Because each constituent particle’s four-momentum is scaled by its probability of originating from
the primary hard-scatter vertex rather than from pileup interactions, the resulting jet exhibits
improved energy and mass resolution, offering greater stability against pileup contamination.
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in Figure A.29). While the scale factors remain stable for moderate threshold
changes, extreme variations (specifically 90 and 100 GeV) act as outliers and
yield noticeably different values. Since the baseline analysis requires a loose,
inclusive threshold ofmSD ≥ 30 GeV, the maximum deviation caused by these
high-mass cuts is adopted as a conservative systematic envelope to robustly
cover the observedmSD shape discrepancy.
Flavor dependence is treated explicitly: AK8 jets matched to B hadrons are
corrected with bb scale factors, while jets matched to C hadrons are corrected
with cc scale factors. Light-flavor jets remain unweighted as their contribution
in the tagged region is negligible. The resulting scale factors are consistent
with unity within their uncertainties, as shown in Figure A.28.
In this analysis, I applied the µ-tagged calibration procedure myself, and the
resulting scale factors and associated uncertainties are included in the public
Run-3 analysis [161].

4.2.8 Corrections to leptons

To ensure accurate modeling of lepton kinematics and selection efficiencies,
specific corrections are derived by the Muon and EGamma POGs. These
corrections address discrepancies between Data and MC simulation arising
from detector effects, material modeling, and reconstruction performance.

Muons

For analyses utilizing muons in the medium transverse momentum range
(15 < pT < 200 GeV), corrections are derived by Muon POG using the Tag-and-
Probe (TnP) method on Z boson resonances [162]. SFs on identification (ID)
efficiency are provided for standard working points (Loose, Medium, Medium
Prompt, Tight, Soft, and High-pT ). These efficiencies are parametrized as a
function of the muon pT and η. Isolation SFs are computed using TnP on DY
events. Available working points include PFIso (Loose, Tight), MiniIso (Loose,
Medium, Tight), and TrackerIso (Loose, Tight). The corrections corresponding
to the working points used for the objects are applied.

Electrons

Corrections for electrons are applied for reconstruction, identification, and
triggering [67]. SFs for electron reconstruction and ID are derived for stan-
dard cut-based IDs (Veto, Loose, Medium, Tight) and MVA-based IDs by the
EGamma POG. Trigger SFs on the other hand are dependent on the offline
selection. The provided corrections assume standard offline ID requirements;
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analyses applying stricter isolation or impact parameter cuts must validate
these SFs separately.
To calibrate the electron energymeasurement, a "Scale and Smearing" procedure
is applied, matching the Z → ee peak in Data to MC. For data, energies are
scaled (typically shifted) to correct for underestimated energy response and for
simulation energies are smeared to widen the resolution, matching the worse
resolution observed in data.

4.2.9 Z boson pT reweighting

The DY process simulation, typically generated at LO or NLO precision, often
exhibits discrepancies in the modeling of the vector boson transverse momen-
tum spectrum, pT (Z), when compared to data [163]. These mismodelings arise
primarily from missing higher-order QCD corrections.
To mitigate this, a reweighting procedure is applied to the DY MC samples. In
this analysis, the SFs are provided by CMS and parameterized as a function
of the generator-level dilepton transverse momentum, pgenT (``). The generator-
level leptons are constructed by selecting particles from the GenPart (generator
level events) collection that satisfy the following criteria:

• Status: Stable particles (status code 1).
• Flavor: Correct PDG ID (±11 for ee, ±13 for µµ).
• Origin: A check on the status flags to ensure the leptons originate from

the hard process.
The reweighting factor is applied event-by-event to the simulation. Furthermore,
systematic uncertainties associated with this reweighting are propagated via
dedicated variations to cover the uncertainty in the derivation of the weights.

4.2.10 Jet energy corrections and resolution

Accurate reconstruction of jet kinematics is critical for precision measurements
and searches. To ensure the simulated jet response matches the data, a series
of corrections are applied to the jet energy scale (JES) and jet energy resolution
(JER), collectively called Jet Energy Corrections (JECs) [164].

Jet energy scale

The measured energy of reconstructed jets differs from the true particle-level
energy due to detector non-uniformities, pileup, and non-linear calorimeter
response. A factorized set of corrections is applied to mitigate these effects. For
the 2022 and 2023 datasets, corrections are provided for specific eras to account
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for changing detector conditions (e.g., the EE leak in 2022 and the BPix issue
in 2023). Recommended SFs by the Jets and Missing Transverse Energy POG
(JME) are applied corresponding to each data-taking period.

Jet energy resolution

Simulated jets typically exhibit better energy resolution than observed in data.
To correct for this, the energy of simulated jets is “smeared” to match the
resolution measured in data. The resolution scale factors are provided for each
era separately and are applied after the JEC corrections.

4.2.11 Jet veto in Run-3

For analyses utilizing data from Run-3, the application of jet veto maps has
become mandatory, as stipulated by the Jet Energy Resolution and Corrections
(JERC) group under JME POG in CMS [165]. The primary motivation for this
requirement is that JECs are derived excluding specific zones of the detector
that exhibit anomalous behavior. Consequently, jets fallingwithin these regions
do not possess reliable corrections, requiring their exclusion or the rejection of
the entire event (safest as recommended by the POG) to preserve the integrity
of the analysis phase space.
To apply the event veto, a “minimal selection” is defined to identify the jets that
trigger the veto. A jet is considered for control against the maps if it satisfies
the following criteria:

• Transverse momentum: pT > 15 GeV.
• Identification: tightLepVeto Jet ID (strict criteria excluding jets originat-

ing from isolated leptons).
• Electromagnetic Fraction: The sumof the charged and neutral electromag-

netic energy fractions must be less than 0.9. This selection is motivated
by Type-1 MET corrections.

4.3 Systematic uncertainties

Several sources of systematic uncertainties are considered in this analysis, each
represented as a nuisance parameter (NP) in themaximum likelihood fit. These
uncertainties affect both the normalization and the shape of the distributions
used for signal extraction. The different types of uncertainties are grouped
into experimental and theory-based. Additionally, a statistical uncertainty to
account for the limited size of the simulated samples is employed using the
Barlow-Beeston-lite method.
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4.3.1 Experimental uncertainties

• Luminosity: Annual luminosity uncertainties are determined according
to Luminosity Physics Object Group (LUM POG) recommendations.
These values are set at 1.4% for 2022 and 1.3% for 2023, affecting the
normalization of all simulated processes. These uncertainties are treated
as uncorrelated between the two data-taking years [156].

• Pileup: Shape uncertainty from mismodeling of extra pp interactions.
This uncertainty is considered correlated across all data-taking cam-
paigns.

• Trigger: Shape uncertainty fromdata/MCdifferences in trigger efficiency
which are uncorrelated across campaigns.

• Lepton identification and isolation: The analysis applies SFs provided
by the respective POGs to align simulated lepton identification and
isolation efficiencies with data. These sources are treated as uncorrelated
across the different data-taking campaigns.

• Top-quark pT reweighting: Shape uncertainty from the reweighting pro-
cedure, assessed by comparing results with and without the reweighting
applied as per TOP POG recommendations.

• JES and JER: Uncertainties from JEC and JER are estimated by shifting
energy scales or smearing factors by ±1σ. This uncertainty is treated as
uncorrelated across data-taking campaigns.

• b-jet tagging: Uncertainties are applied using the "shape-based" method
following BTV POG recommendations.

– JEC/JER correlation: Variations in jet energy scale and resolution
are propagated to the b-tag SFs by shifting both simultaneously.

– Flavor purity (hf/lf): SF uncertainties related to heavy-flavor and
light-flavor control sample purity are applied to b-quark and light-
flavor jets, respectively.

– Statistical and c-quark jet uncertainties: Statistical fluctuations in
SF derivation (lfstats1/2, hfstats1/2) and c-quark jet uncertainties
(cferr1/2) are parameterized as separate nuisance parameters.

– Correlation: To prevent artificial fit constraints, all b-tagging un-
certainty sources are treated as uncorrelated across data-taking
campaigns.

• Boosted bb-jet tagging: The µ-tagged method introduces specific intrin-
sic uncertainties related to the definition of the proxy jets. The dominant
contribution arises from the choice of the τ21 threshold used to select
the proxies. By varying this threshold (from 0.2 to 0.4), the sensitivity
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of the scale factors to the kinematic similarity between proxy and signal
jets is estimated. Other intrinsic uncertainties include the modeling of
the QCD background composition and the simulation-to-data reweight-
ing applied to the secondary vertex mass fit variable, though these are
sub-dominant compared to the τ21 variation. Additionally, a shape uncer-
tainty is assigned based on the residual data-to-MC mismodeling in the
mSD distribution. Each uncertainty is treated as uncorrelated between
the data-taking campaigns and between the boosted ggF SR, VBF SR, and
CR.

4.3.2 Theoretical uncertainties

• Inclusive Cross Sections and PDF: These uncertainties apply to the
inclusive signal and background cross sections used for MC normaliza-
tion [166]. They are divided into two categories: those arising from
renormalization and factorization scales (µR/µF ) in the matrix-element
calculations, and those stemming from the PDF set and αS value. These
are incorporated as rate uncertainties in the final fit for all processes
excluding tt̄ and Drell-Yan, which are left as free-floating parameters.
Common systematic sources are fully correlated between processes. De-
tailed values are provided in Tables A.1 and A.2.

• Unconstrained Normalizations: As noted above, certain background
rates are treated as free parameters in the final fit. Additionally, two
distinct normalization factors are assigned for tt̄ to address potential
modeling discrepancies between the resolved and boosted pT regions.
Drell-Yan backgrounds are also split into ggF and VBF normalization
parameters, allowing the fit to independently correct for the discrepancy
seen in the VBF production mode.

• Matrix-Element Scale Variations: The analysis accounts for µR and µF
scale uncertainties by evaluating the envelope of six scale combinations
(varying each by factors of 0.5 and 2). These variations, derived from
internal generator weights, are applied to the signal and all background
processes as uncorrelated parameters. Because the total rate is already
constrained by inclusive cross-section uncertainties, these variations are
scaled to be "shape-only," preserving the nominal normalization in the
pre-selection phase space. This ensures the fit only accounts for changes
in the kinematic distributions and relative acceptance.

• PDF-Induced Shape Variations: Uncertainties arising from the PDF
set choice are evaluated by reweighting event distributions according
to NNPDF variation sets and taking their envelope. To avoid overlap
with the inclusive cross-section constraints, these variations are treated
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as "shape-only," meaning they are normalized to match the nominal
yields before selection cuts are applied. This procedure accounts for how
PDF uncertainties affect the distribution shapes and relative selection
efficiencies [166]. These effects are treated as uncorrelated across all signal
and background processes.

• Parton Shower Scales (ISR/FSR): Parton shower uncertainties are eval-
uated by scaling αS up and down by a factor of 2 within the "default"
scheme for ISR and FSR independently [167]. While ISR effects are
assumed to be fully correlated across all processes, FSR variations are
treated as independent (uncorrelated) for each specific process. These
variations are scaled to preserve the nominal normalization at the in-
clusive level, focusing the fit on shape-driven migrations and relative
acceptance.

• MC statistics: The statistical uncertainty arising from the finite size
of the simulated samples is accounted for in the likelihood fit using
the Barlow-Beeston lite approach [168]. This method assigns a single
nuisance parameter per bin to account for the total statistical fluctuation
of the sum of all MC processes. To ensure computational efficiency, these
parameters are only activated for bins where the effective number of
unweighted events falls below a specified threshold, allowing the fit to
focus on statistically significant fluctuations while maintaining stability
in the global likelihood.

4.4 Results

The search for non-resonant Higgs boson pair production in the dileptonic
bb̄WW decay channel is performed using the Run-3 proton-proton collision
dataset collected during 2022 and 2023. This dataset corresponds to an inte-
grated luminosity of 62.4 fb−1 at a center-of-mass energy of

√
s = 13.6 TeV.

To quantify the compatibility of the data with the background-only and signal-
plus-background hypotheses, a binned maximum likelihood fit is performed
simultaneously across all signal categories and background control regions.
The global likelihood function L(µ,θ) is constructed as a product of Poisson
probabilities over all bins, penalized by constraint terms for the systematic
uncertainties:

L(µ,θ) =
∏
i

(µsi(θ) + bi(θ))nie−(µsi(θ)+bi(θ))

ni!

∏
j

π(θj)

Here, ni is the observed event yield in bin i, while si(θ) and bi(θ) are the
expected signal and background yields, which depend on the nuisance parame-
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ters θ encompassing all systematic and statistical uncertainties. The parameter
µ = σHH/σ

SM
HH is the signal strength modifier, and π(θj) represent the prior

probability density functions constraining the systematic variations.
Upper limits on the signal strengthµ are established at the 95%CLby employing
the modified frequentist CLs method. This procedure utilizes the profile
likelihood ratio, qµ, as the primary test statistic, with its distributions evaluated
under the asymptotic approximation.
No significant excess of events above the SM background expectation is ob-
served. Consequently, 95% CL upper limits are set on the inclusive HH

production cross-section. The observed (expected) upper limit is determined
to be:

σobs
HH < 35(47)× σSM

HH at 95% CL

as shown in Figures 4.4 and 4.5. The compatibility between the observed
data and the multi-category statistical model was further validated using
a Goodness-of-Fit test based on the saturated model algorithm. The result
indicates that the data are well-described by the model across all categories;
detailed results of this test are provided in Figure A.30.
The individual contributions of each analysis category to the final result are
summarized in Figure 4.5, revealing a clear hierarchy in sensitivity across
the different event topologies. The analysis is primarily driven by the ggF
Boosted and ggF 2b (resolved) categories, which provide the most stringent
constraints on the signal strength. The Boosted category exhibits the highest
individual expected sensitivity (68× σSM), as the collimated decay products at
high-pT allow for a cleaner separation of signal from the dominant background
processes. The resolved ggF 2b category follows closely (80 × σSM), offering
substantial statistical power in the moderate pT regime. While the ggF 1b
category is significantly less sensitive (299× σSM) due to its higher background
contamination, its inclusion in the simultaneous fit is vital. It ensuresmaximum
signal acceptance across the phase space and provides additional data to
constrain background nuisance parameters that are correlated with the more
sensitive regions. The power of the multi-category approach is most evident in
the combined expected limit of 47 × σSM, which represents an improvement
of approximately 30% over the single most sensitive channel. Furthermore,
the combination serves as a statistical stabilizer; for instance, the slight under-
fluctuation observed in the 2b category and the minor over-fluctuation in the
Boosted category are reconciled in the global fit. This leads to an observed
limit of 38× σSM that is more robust and less susceptible to the statistical noise
of any individual topology.
It should be noted that the VBF categories are excluded from the per-channel
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summary figure. This exclusion ensures that the visualization of the highly
sensitive channels is not constrained to a narrow area of the plot. The upper
limit values for these categories are as follows: the VBF resolved category yields
an expected limit of 1295 and an observed limit of 808; the VBF boosted category
yields an expected limit of 2937 and an observed limit of 5779. Both results
are consistent with the background-only hypothesis within the 2σ uncertainty
band.

0 20 40 60 80 100 120 140 160 180 200 220 240

Theory
σ HH) / →(pp σ95% CL limit on 

Observed: 76
Expected: 64
2022

Observed: 49
Expected: 76
2023

Observed: 35
Expected: 47
Combined

Observed          Median expected

                        68% expected    

                        95% expected    

Private work (CMS data/simulation)  (13.6 TeV)-162.4 fb

Figure 4.4 | Observed and expected 95% CL upper limits on the non-resonant Higgs
boson pair production cross-section normalized to the SM prediction (σ/σSM). The
limits are presented for the 2022 and 2023 datasets individually, as well as for their
combination. The solid black line with a marker indicates the observed limit, while
the dashed black line represents the median expected limit. The red line indicates
the SM prediction value of 1. The green and yellow bands correspond to the 68%
and 95% confidence intervals, respectively. The combination of different data-taking
periods is essential for a healthier and more robust result, as the increased integrated
luminosity significantly enhances the statistical sensitivity and helpsmitigate the impact
of independent year-to-year fluctuations.

4.4.1 Impact of systematic uncertainties

To assess the influence of systematic uncertainties on the final result, a study
of the nuisance parameter impacts is performed. Figure 4.6 shows the "pulls
and impacts" summary for the 20 nuisance parameters with the largest effect
on the signal strength modifier µ.
The "pull" (black markers) indicates the deviation of the post-fit value of the
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Figure 4.5 | Observed and expected 95% CL upper limits on the non-resonant HH
production cross-section, displayed for the individual analysis categories (ggF 1b, ggF
2b, and ggF Boosted) and their statistical combination. The solid black linewith amarker
indicates the observed limit, the dashed line represents the median expected limit, and
the green (yellow) bands denote the 68% (95%) confidence intervals. This comparison
highlights the complementary nature of the different event topologies; while the ggF 2b
and Boosted categories provide the primary sensitivity, the simultaneous fit across all
categories—including the 1b region—maximizes the use of the available signal phase
space. The combined limit of 47 (expected) represents a significant improvement over
any single category, demonstrating that a multi-category approach is vital for achieving
the most stringent constraints on theHH cross-section.
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nuisance parameter (θpost) from its pre-fit value (θpre), normalized by the pre-fit
uncertainty (∆θ). The "impact" (colored bars) represents the shift in the signal
strength observed when the specific nuisance parameter is fixed to its best-fit
value plus or minus its post-fit uncertainty, while profiling all other parameters.
As shown in Figure 4.6, the pulls for all major nuisance parameters are well
within one standard deviation of their prior uncertainties, indicating that the
background model and systematic uncertainties are well-constrained by the
data without exhibiting significant tensions. While the analysis sensitivity is
primarily limited by the statistical uncertainty of the data due to the small signal
cross-section, the systematic budget is dominated by theoretical modeling and
high-level object reconstruction.
Among the systematic sources, the highest impacts arise from theoretical uncer-
tainties—specifically QCD scale variations and parton shower modeling—as
well as jet energy scale corrections. Pileup, free-floating background normal-
ization rates and object-related uncertainties, particularly those associated
with trigger SFs and b-tagging efficiencies, represent the leading experimental
contributors. Significant future reductions in the total uncertainty will rely
on a combination of increased data-taking, improved jet energy scale correc-
tions, and advancements in theoretical calculations to constrain modeling
discrepancies.

4.4.2 Constraints on the Higgs boson self-coupling
(κλ)

The result is further interpreted in the context of the trilinear Higgs boson
self-coupling, κλ (= λHHH/λ

SM
HHH ). Upper limits on the HH production

cross-section are computed as a function of κλ, assuming all other couplings
(including κ2V ) remain at their SM values.
Changing κλ modifies not only the total rate but also the HH kinematics,
because it changes the interference pattern between the box and triangle
diagrams in gluon-gluon fusion. Near the destructive-interference region, the
mHH spectrum is shifted toward lower values and the Higgs bosons tend to
be less boosted, while larger positive or negative values of κλ populate harder
kinematic configurations and increase the available phase space.
Figure 4.7 shows the 95% CL upper limits on the cross-section relative to the
SM prediction. The sensitivity varies with κλ due to the interference effects
between the box and triangle diagrams in the gluon-gluon fusion loop, which
alter both the total cross-section and the kinematic distributions of the Higgs
bosons. The resulting limit curve is therefore non-monotonic: it is weakest
where the signal is most suppressed and kinematically least distinctive, and
it tightens again when the cross-section and event hardness increase away
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Figure 4.6 | The impacts of the 20 most significant nuisance parameters on the
signal strength parameter (colored bars) and their post-fit pulls relative to the pre-fit
uncertainties (black points).



4.4.3. Constraints on the VVHH coupling (κ
2V

) 123

from that region. The corresponding negative log-likelihood scan is shown in
Figure A.31. Values of κλ outside the interval [−13.3, 19.0] are excluded at 95%
CL, compared to an expected exclusion interval of [−20.0, 23.7].

4.4.3 Constraints on the VVHH coupling (κ2V )

Constraints are also placed on the interaction strength between two vector
bosons and two Higgs bosons, κ2V (= c2V /c

SM
2V ). This coupling is directly

accessible via the VBF production mode. Similar to the κλ interpretation,
limits are derived by scanning κ2V while fixing other couplings to their SM
predictions.
Figure 4.8 displays the cross-section limits, and Figure A.31 presents the
likelihood scan. The data exclude values of κ2V outside the interval [−2.9, 5.0]

at 95% CL, with an expected exclusion range of [−2.9, 5.0]. This constraint
demonstrates the sensitivity of the analysis to the VBF production topology,
which is explicitly targeted by the categorization strategy.
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Figure 4.7 | Observed and expected 95% CL upper limits on the inclusive HH
production cross-section as a function of κ

λ
. The red curve represents the theoretical

prediction for the cross-section.
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Figure 4.8 | Observed and expected 95% CL upper limits on the inclusive HH
production cross-section as a function of κ

2V
. The red curve represents the theoretical

prediction for the cross-section.

4.4.4 Two-dimensional coupling constraint

While single-parameter scans provide insight into the sensitivity to individual
couplings, the physical cross-sections depend on the simultaneous values of
multiple coupling modifiers due to interference effects between diagrams. To
capture these correlations, two-dimensional likelihood scan is performed.
The interplay between the ggF and VBF production modes is explored by
scanning the interaction strengths κλ and κ2V simultaneously. While κλ affects
both production modes (appearing in the trilinear coupling vertex), κ2V is
specific to the VBF process. Figure 4.9 shows the 95% CL exclusion contours
in the (κλ, κ2V ) plane. The expected and observed exclusion regions highlight
the analysis sensitivity to deviations from the SM prediction (κλ = 1, κ2V = 1).
The shape of the contours reflects the complementary constraints provided by
the categorization strategy: the "Boosted" and "Resolved" categories primarily
constrain the GGF-driven κλ direction, while the dedicated "VBF" categories
provide the necessary sensitivity to constrain the κ2V axis.
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4.4.5 Software tools

The full analysis chain is developed using the Bamboo [169] analysis frame-
work to construct a comprehensive workflow that handles event selection,
object definition, categorization, and histogram production, which are archived
at https://github.com/Oguz-Guzel/HHtoWWbb_Run3. This included imple-
menting the complex categorization logic illustrated in Figure 4.2 and ensuring
the correct application of all object corrections and systematic uncertainties
described in Section 4.2 and Section 4.3.
For the multivariate analysis strategy described in Chapter 3, the deep learning
models used for signal discrimination are developed using the PyTorch library
to develop the three different architectures explained in the same chapter. This
work included the optimization of hyperparameters and the integration of the
trained models into the Bamboo analysis pipeline for inference.
Finally, HH Inference Tools [170] is used to perform the simultaneous binned
maximum likelihood fit across all analysis categories. This involved setting
up the datacards, handling the correlations of systematic uncertainties, and
computing the 95% CL upper limits on the inclusive HH production cross-
section and coupling modifier scans.

4.5 Comparison with Run-2 and Advanced
Run-3 Analysis Regimes

The baseline results obtained in this thesis can be contextualized by comparing
them to the full Run-2 analysis of the same final state performed by CMS, which
utilized a dataset of 138 fb−1 collected at

√
s = 13 TeV [171].

The Run-2 legacy analysis reported an observed (expected) upper limit of 27 (19)
times the SM prediction. The baseline limit observed (expected) established
in this thesis is 35 (47 × SM). While this standalone thesis result is less
stringent, the difference is largely driven by the available integrated luminosity;
the Run-3 dataset used here (62.4 fb−1) represents approximately 45% of
the integrated luminosity available in Run-2. Assuming the sensitivity is
statistically dominated, a naive scaling with the square root of the luminosity
ratio yields: √

62.4

138
× 35 ≈ 23.5 . (4.2)

This benchmark demonstrates that the standalone analysis provides a solid
foundation for the bb̄WW channel in the new 13.6 TeV energy regime.

https://github.com/Oguz-Guzel/HHtoWWbb_Run3
https://github.com/Oguz-Guzel/HHtoWWbb_Run3
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However, the ultimate sensitivity of this early Run-3 dataset extends signif-
icantly further when leveraging advanced statistical and machine learning
methodologies. In a recent collaborative study using this exact same 62.4 fb−1

dataset—to which I actively contributed—the observed (expected) upper limit
was significantly improved to 12.7 (18.6) times the SM prediction [161].
This substantial gain in sensitivity is driven by two main methodological
advancements over the baseline framework of this thesis:

• Two-Stage Machine Learning Architecture: Rather than relying on a
single classifier, the advanced study implements a sophisticated, two-
staged machine learning model optimized for signal extraction alongside
an ML-based multi-classification network.

• Multi-Category Simultaneous Fit: Instead of isolating a single signal-
dominated region, the advanced framework performs a simultaneous
profile likelihood fit across multiple orthogonal categories. Yields from
gluon-gluon fusion (HH ggF), vector boson fusion (HH VBF), tt̄, single
top (t/t̄), Drell-Yan (DY), and single Higgs production categories all enter
the fit concurrently. This allows the background-dominated control
regions to constrain systematic nuisances directly, reducing the impact of
background uncertainties on the signal extraction.

Remarkably, by deploying these sophisticated techniques, the expected limit
of 18.6 × SM surpasses not only the naive luminosity scaling prediction of
25.6 but also exceeds the sensitivity of the legacy Run-2 analysis (19 × SM),
despite utilizing less than half the integrated luminosity. This comparison
underscores a critical thesis conclusion: advanced multi-classification and
global fitting strategies can effectively compensate for luminosity limitations in
early data-taking phases.
Additionally, the work in this thesis was done during the same timeline of
the Run 3 publication in which I personally also participated. A central part
of my contribution was the development of a transformer-based ML model
as an alternative of the main DNN approach which was very similar to the
transformer-based model explained in Section 3.3.2. A second major task
was the derivation of scale factors for the boosted H → bb̄ tagging algorithm
(ParticleNet). I worked on extracting the SFs using the µ-tagged method
described in Section 4.2.7. My work involved computing the multi-dimensional
reweighting maps to correct the simulation kinematics and extracting the final
scale factors in bins of jet pT for both b and c flavors, as shown in Figure A.28.
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4.6 HH production in future searches

The search for Higgs boson pair production is entering a critical phase, and
the HH prospects studies form one of the central outcomes of this section.
I worked extensively on these projection studies, which connect the Run-3
analysis to the expected HL-LHC sensitivity and quantify the physics reach
of the bb̄WW channel. While the standalone results presented in this thesis
are statistically limited, the success of the multi-category ML framework lays a
clear foundation for precision measurements in the coming years. The Run-3
data-taking campaign has already delivered an integrated luminosity exceeding
300 fb−1, providing a statistical power surpassing that of the entire Run-2 era.
Beyond the simple accumulation of data, several strategic pathways exist to
further enhance the sensitivity of the bb̄WW channel.
First, the analysis sensitivity will benefit significantly from improved object re-
construction and calibration. As shown in the previous chapter, the uncertainty
associated with the jet energy scale is currently among the leading systematic
limitations. As the understanding of the 13.6 TeV detector conditions matures,
the significant uncertainties related to jet energy resolution and tt̄ modeling
are expected to decrease.
Second, the evolution of multivariate analysis techniques promises substantial
gains. Moving beyond the standard BDT architectures and two-stage models
discussed here, future iterations can exploit lower-level features, such as
constituent-level information via Particle Transformers, to extract maximal
kinematic information from the event topology. Such advanced architectures
could also improve the resolution of the reconstructed Higgs boson masses,
which is a key discriminator in non-resonant searches.
Finally, the bb̄WW channel will play an indispensable role in the global com-
bination of HH searches. While the bb̄γγ and bb̄bb̄ channels currently drive
the sensitivity to the SM signal, the bb̄WW decay mode offers unique com-
plementarity. Its distinct background composition and dependence on the
W boson branching ratios make it particularly robust against QCD multĳet
backgrounds that dominate purely hadronic channels. Moreover, this channel
is highly sensitive to the VBF production mode, making it a crucial component
for constraining the V V HH coupling. As the LHC progresses toward the
High-Luminosity era, where dataset sizes are expected to reach 3000 fb−1,
the techniques developed during Run-3 will be useful in the transition from
exclusion limits to the first observation of Higgs boson pair production.
To quantify this ultimate physics reach and inform the choice of future colliders
at CERN, I contributed extensively to the comprehensive HL-LHC projection
studies for the European Strategy for Particle Physics [172]. This collaborative



4.6. HH production in future searches 129

work combines statistical models across available HH final states to extrapolate
sensitivities assuming 3 ab−1 of integrated luminosity. These studies demon-
strate that the HL-LHC can achieve an observation of StandardModel di-Higgs
production with a significance exceeding 7σ (Figure 4.10), and measure the
Higgs boson trilinear self-coupling with a precision better than 30%. Further-
more, they provide foundational phenomenological constraints on generic
Beyond the Standard Model scalar potentials, highlighting the power of future
measurements in establishing the shape of the electroweak vacuum.
My specific contributions centered on compiling and validating the statistical
datacards along with executing the combinations for the HL-LHC scenarios
for all channels, and optimizing the systematic uncertainty treatments for
the bb̄WW channel. The challenges addressed in the current Run-3 bb̄WW

inference—such as controlling background shapes in the machine learning
score tails—directly informed the systematic uncertainty floors built for these
projections.
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Figure 4.10 | Projected combined statistical significance for SM Higgs boson pair
production in the ATLAS+CMS combination at the HL-LHC, shown separately for
each analysis channel and for the full combination, assuming 3 ab

−1 per experiment at√
s = 14 TeV. The light anddark bars correspond to the S2 and S3 systematic uncertainty

scenarios, respectively, while the dashed horizontal line indicates the 5σ observation
threshold [172]. Scenario S2 assumes reduced systematic uncertainties with halved
theory uncertainties where feasible, negligible Monte Carlo statistical limitations, and
object-dependent scaling of experimental uncertainties. Scenario S3 evaluates further
analysis-specific improvements beyond S2, motivated by reconstruction or performance
gains that have already been demonstrated. Both scenarios are based on the best
currently available knowledge and should be considered conservative projections.



Chapter

5 Conclusion

This thesis has presented a complete chain for the search for non-resonant
Higgs boson pair production in the bb̄`ν`ν final state with early Run 3 CMS
data. Starting from the theoretical motivation for Higgs self-interactions in
Chapter 1, the work then connected these physics targets to the detector and
reconstruction performance of CMS in Chapter 2, with a particular focus on
tracking precision and its role in robust object reconstruction. A central pillar
of this thesis is the machine-learning study in Chapter 3, where multiple
architectures (Transformer, DNN, and BDT) were developed and compared
not only in classification power but also in training stability, robustness, and
computational cost. ThisMLworkwas directly integrated into the full statistical
strategy in Chapter 4, from event categorization to profile-likelihood inference.
Beyond the final limits themselves, a central outcome of this work is method-
ological: the analysis demonstrates how sensitivity in a low-signal, high-
background channel can be improved through careful feature design, rigorous
model comparison, and stable multivariate training coupled to a robust treat-
ment of systematic uncertainties in a simultaneous fit. In particular, the ML
comparison established a practical analysis strategy that balances discrimina-
tion and speed, enabling efficient iteration, cross-validation, and systematic
robustness checks that are essential for reliable final templates. In parallel,
detector-performance contributions—notably the strip hit-resolution study
based on the pair method—supported the broader CMS tracker performance
program and strengthened the detector-level understanding that underpins
precision physics analyses.
Placed in a wider perspective, this thesis reflects the multidisciplinary nature
of collider physics: progress depends equally on physics interpretation, ad-
vanced analysis tools, and sustained detector operations. The work reported
here contributed to all three aspects, with a particularly strong emphasis on
machine-learning-driven analysis development, alongside operational CMS
responsibilities and statistical interpretation for Higgs pair searches.
Looking forward, the outlook is strong. With the growing Run 3 dataset and
the transition to HL-LHC conditions, the bb̄WW channel is expected to gain



132 Chapter 5. Conclusion

substantially in sensitivity through larger data samples, improved calibrations,
and next-generation ML strategies. In combination with other HH final states,
these advances will be essential for moving from exclusion-level measurements
toward precise constraints on the Higgs potential, and ultimately toward a
direct characterization of the Higgs self-coupling.
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A.1 ML input features
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Figure A.2 | ML input feature distributions of the leading lepton.
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Figure A.4 | ML input feature distributions of the subleading lepton.
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Figure A.6 | ML input feature distributions of the 1
st leading jet.
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Figure A.8 | ML input feature distributions of the 2
nd leading jet.
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Figure A.10 | ML input feature distributions of the 3
rd leading jet.
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Figure A.12 | ML input feature distributions of the 4
th leading jet.
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Figure A.14 | ML input feature distributions of the leading AK8 jet.

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

810

E
ve

nt
s 

/ 2
5.

00 Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 500 1000 1500 2000 2500

met_E

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(a) E
miss
T

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 2
0.

00 Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 200 400 600 800 1000 1200 1400 1600 1800 2000

HT

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(b) Scalar sum of the pT of all jets



142 Appendix A. Additional Material

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

810
E

ve
nt

s 
/ 0

.1
0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 1 2 3 4 5 6 7 8 9 10

dR_l1_l2

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(c) ∆R between the two leptons

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

810

E
ve

nt
s 

/ 0
.1

0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 1 2 3 4 5 6 7 8 9 10

dR_j1_j2

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(d) ∆R between the two leading jets

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

810

E
ve

nt
s 

/ 0
.1

0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 1 2 3 4 5 6 7 8 9 10

dR_dilepton_dijet

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(e) ∆R between the dilepton and dĳet
systems

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 0
.1

0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 1 2 3 4 5 6 7 8 9 10

dR_dilepton_dibjet

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(f) ∆R between the dilepton and dibjet
systems

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 0
.0

5

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 0.5 1 1.5 2 2.5 3

abs_dphi_met_dilepton

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(g) ∆φ between the Emiss
T and the dilep-

ton system

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 0
.0

5

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 0.5 1 1.5 2 2.5 3

abs_dphi_met_dibjet

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(h) ∆φ between the Emiss
T and the dibjet

system



A.1. ML input features 143

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710
E

ve
nt

s 
/ 0

.1
0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 1 2 3 4 5 6 7 8 9 10

min_dR_l1_ak4jets

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(i) Minimum ∆R between the leading
lepton and all AK4 jets

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

810

E
ve

nt
s 

/ 0
.1

0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 1 2 3 4 5 6 7 8 9 10

min_dR_l2_ak4jets

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(j) Minimum ∆R between the sublead-
ing lepton and all AK4 jets

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 0
.1

0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 1 2 3 4 5 6 7 8 9 10

min_dR_lead_bjet_leptons

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(k) Minimum ∆R between the leading
b-tagged jet and both leptons

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 0
.1

0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 1 2 3 4 5 6 7 8 9 10

min_dR_sublead_bjet_leptons

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(l) Minimum ∆R between the sublead-
ing b-tagged jet and both leptons

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 0
.0

5

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 0.5 1 1.5 2 2.5 3

min_abs_dphi_ak4jets

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(m) Minimum ∆φ between all AK4 jets
and the Emiss

T

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 1
0.

00 Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 100 200 300 400 500 600 700 800 900 1000

di_bjet_mass

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(n) Mass of the two leading b-tagged jet
system



144 Appendix A. Additional Material

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

810

E
ve

nt
s 

/ 6
.0

0
Data DY VV ST tt Others

 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 100 200 300 400 500 600

di_lepton_mass

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(o) Mass of the dilepton system

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

810

E
ve

nt
s 

/ 2
5.

00 Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

0 500 1000 1500 2000 2500

di_lepton_dijet_met_mass

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C
(p) Mass of the dilepton + dĳet + Emiss

T
system

(q) Binary VBF tagging variable (r) Binary boosted topology tagging
variable

5−10

4−10

3−10

2−10

1−10

1

10

210

310

410

510

610

710

E
ve

nt
s 

/ 1
.0

0

Data DY VV ST tt Others
 bbWW (DL)→ GGFHH
 bbWW (DL)→ VBFHH

Uncertainty

 (13.6 TeV)-162.41 fbPrivate work (CMS data/simulation)

2021.6 2021.8 2022 2022.2 2022.4 2022.6 2022.8 2023 2023.2 2023.4

run_year

0.6

0.8

1

1.2

1.4

D
at

a 
/ M

C

(s) Run year of the event (2022 or 2023)

Figure A.16 | Various other ML input features.
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A.2 ML performance plots

A.2.1 Feature importances and attention weights

Figure A.17 | The full list of input features for the DNN classifier ranked by permuta-
tion importance.
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Figure A.18 | Mean attention scores assigned by the Transformer model to all input
features.
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Figure A.19 | The full list of input features for the BDT model ranked by feature
importance based on the number of times each feature is used to split the data across
all trees in the ensemble.
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A.2.2 ROC plots

(a) Transformer model. (b) DNNmodel.

(c) BDT model.

Figure A.21 | ROC curve distributions of the models.
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A.2.3 Loss plots

(a) Loss plot of the transformer model. (b) Loss plot of the DNN model.

(c) Loss plot of the BDT model.

Figure A.23 | ROC curve distributions of the models.
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A.3 Event yields
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Figure A.24 | Event yields for various SR categories.
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A.4 Dilepton trigger scalefactors

Figure A.25 | Di-lepton trigger scalefactors in di-electron channel.

Figure A.26 | Di-lepton trigger scalefactors in di-muon channel.
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Figure A.27 | Di-lepton trigger scalefactors in mixed (electron-muon) channel.
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A.5 Boosted bb-jet tagging scalefactors

(a) bb SF, 300 < p
T
< 350

GeV
(b) bb SF, 350 < p

T
< 425

GeV (c) bb SF, p
T
> 425 GeV

(d) cc SF, 300 < p
T
< 350

GeV
(e) cc SF, 350 < p

T
< 425

GeV (f) cc SF, p
T
> 425 GeV

Figure A.28 | SFs for the ParticleNet Hbb discriminant derived using the µ-tagged
method for bb-jets (top row) and cc-jets (bottom row). The SFs are measured in three
different ranges of jet p

T
: 300–350 GeV (left), 350–425 GeV (middle), and > 425

GeV (right). The measurements include robustness checks where the soft-drop mass
requirement is varied to estimate systematic uncertainties.
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(a) 300 ≤ p
T
< 350 GeV (b) 350 ≤ p

T
< 425 GeV (c) p

T
≥ 425 GeV

Figure A.29 | Boosted b-jet tagging scale factors derived using the µ-tagged method
across the Run-3 data-taking eras. The plots show the nominal scale factor alongside
variations derived by shifting the proxy jet soft-drop mass (m

SD
) threshold from 40 to

100 GeV, evaluated in three separate jet p
T
bins.
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A.6 Inclusive cross-section uncertainties

Table A.1 | Inclusive cross-section uncertainties σ(µ
R
/µ

F
) due to the renormalisation

and factorization scales on the background processes. Uncertainties of processes
separated by the horizontal lines are treated as correlated.

QCDscale_tt̄
single-t (t-channel) +1.1% / −0.8% [173]
single-t (s-channel) +0.5% / −0.4% [173]
single-t (tW-channel) +2.3% / −2.2% [173]
tt̄W +26.1% / −16.2% [174]
tt̄Z +8.6% / −9.5% [174]
tt̄tt̄ +8.2% / −17.5% [175]
QCDscale_V
W + jets +1.2%/−1.3% [176]
QCDscale_VV
WW +2.5% / −2.2% [177]
WZ +4.1% / −3.2% [177]
ZZ +2.9% / −2.7% [177]
QCDscale_ggH
HggF +4.6%/−6.7% [178]
QCDscale_qqH
HV BF +0.5%/−0.3% [178]
QCDscale_VH
WH +0.4%/−0.7% [178]
ZH +3.7%/−3.2% [178]
QCDscale_ttH
tt̄H +6.0% / −9.3% [178]
tHq +6.5%/−14.8% [178]
tHW +5.0%/−6.8% [178]
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Table A.2 | Inclusive cross-section uncertainties σ(PDF + α
S

) due to the PDF+α
S
on

the background processes for different initial states. Uncertainties of processes separated
by the horizontal lines are treated as correlated, motivated by the same dominant initial
state.

gq initiated
single-t (tW-channel) ±2.7% [173]
gg initiated
tt̄Z ±3.5% [179]
tt̄tt̄ ±6.7% [175]
qq initiated
single-t (t-channel) +1.5% / −0.9% [173]
W + jets ±0.7% [180]
tt̄W ±2.1% [174]
tt̄Z ±2.3% [174]
single-H processes
HggF ±3.2% [178]
HV BF ±2.1% [178]
WH ±1.8% [178]
ZH ±1.6% [178]
tt̄H ±3.5% [178]
tHq ±3.7% [178]
tHW ±6.3% [178]



A.6.1. Goodness-of-Fit tests 157

A.6.1 Goodness-of-Fit tests

3− 2− 1− 0 1 2 3

toysσ) / 
toys

µNormalized test statistic (t - 

 = 7.1σ
 = 26.3µ

N = 1000

 1.7 %±p = 84.7 
ggF 1b

 = 7.7σ
 = 32.8µ

N = 1000

 1.4 %±p = 40.4 
ggF 2b

 = 8.9σ
 = 28.3µ

N = 1000

 1.6 %±p = 45.6 
ggF Boosted

 = 3.3σ
 = 5.9µ

N = 1000

 1.5 %±p = 68.3 
VBF resolved

 = 4.9σ
 = 11.7µ

N = 1000

 1.6 %±p = 41.1 
VBF boosted

 = 16.0σ
 = 110.4µ

N = 1000

 1.5 %±p = 34.3 
Combined

Toys (saturated)

Data                

Private work (CMS data/simulation)  (13.6 TeV)-162.4 fb

Figure A.30 | Goodness-of-Fit test results for individual topologies and the combined
fit. The distributions represent the saturated test statistic calculated from N = 1000
pseudo-experiments (toys) for each category: ggF (1b, 2b, and Boosted) and VBF
(resolved and boosted). The observed test statistic in data is indicated by the dashed
blue line, with the shaded area representing the fraction of toys used to calculate the
p-value. The normalized test statistic on the x-axis is defined as (t− 〈ttoys〉)/σtoys. The
global combined p-value of 34.3 ± 1.5% confirms that the simultaneous maximum
likelihood fit provides a statistically sound description of the data across all analysis
channels.
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A.7 Likelihood scans
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(a) Likelihood scan vs κ
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(b) Likelihood scan vs κ
λ
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(c) Likelihood scan vs κ
2V

Figure A.31 | Observed (blue) and expected (orange) negative log-likelihood scans
as a function of signal strength modifier (left), κ

λ
(middle) and κ

2V
(right). The dashed

lines indicate the contribution from statistical uncertainties only, highlighting that the
measurement is statistically limited.
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BTV b-tagging & Vertexing 110, 111,

115
CERN The European Organization

for Nuclear Research 43
CKM Cabibbo-Kobayashi-Maskawa

(matrix) 20
CL Confidence level 36
CMS CompactMuon Solenoid 19, 26,

35, 43, 93, 94, 105, 114
CNN Convolutional neural network

61, 63, 71
CP Charge-Parity 20, 32
CPU Central processing unit 71
CR Control region 101, 103
CV Cross-Validation 65
DAQ Data acquisition system 53
DL Di-leptonic vi, 59, 72, 78, 82, 83,

94

DNN Deep neural network 37, 39, 40,
59, 61, 63, 70, 80

DQM Data quality monitoring 53, 54
DY Drell-Yan 94, 96, 100, 112, 113
ECAL Electromagnetic calorimeter

50, 99, 107–109
EE ECAL endcap 107, 114
EFT Effective field theory 30, 32–35
eV electron volt 4
EWSB Electroweak symmetry break-

ing mechanism 16, 20
FPGA Field Programmable Gate Ar-

ray 72, 82
FSR Final state radiation 21, 117
GAN Generative adversarial network

71
GeV Giga electron volt 4
ggF Gluon-gluon fusion 26, 37, 72,

96, 124
GNN Graph neural network 61, 71
GPU Graphics processing unit 71
HCAL Hadronic calorimeter 51
HEFT Higgs rffective field theory v,

33, 34
HEP High-energy physics 59, 60
HF HCAL Forward detector 51
HH Double Higgs boson 3, 4, 26, 27,

33–38, 40
HHH Triple Higgs boson 26
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HL-LHC High-Luminosity LHC 40
HLT High-level trigger 53, 94
ID Identification 112
ISR Initial state radiation 117
JEC Jet energy corrections 113–115
JER Jet energy resolution 113, 115
JERC Jet Energy Resolution andCor-

rections POG 114
JES Jet energy scale 110, 113, 115
JME Jets and Missing Transverse En-

ergy POG 114
L1 Level-1 (trigger) 53
LBN Lorentz Boost Network 39
LEP Large Electron-Positron Col-

lider 45
LHC Large Hadron Collider 21, 44,

107
LO Leading order 7, 22, 24, 28, 29, 34,

113
LUM Luminosity Physics Object

Group 115
mb milibarn 108
MC Monte Carlo 22, 60, 105, 107–110,

112, 113, 115–117
MeV Mega electron volt 4
MG5_aMC@NLO MG5_aMC@NLO

framework 24
ML Machine learning 24, 59
MLP Multi-layer perceptrons 61, 72,

79
MSE Mean Squared Error 69
NLO Next-to leading order 7, 24, 26,

29, 68, 113
NNLO Next-to-next-to leading order

7, 26
NP Nuisance parameter 114

PAG Physics Analysis Group 109
PD Primary dataset 96
PDF Parton distribution function 21,

27, 29, 116, 117
PF Particle flow 54
PMNS Pontecorvo-Maki-Nakagawa-

Sakata (matrix) 20
PNet Particle Net 99, 100
POG Physics object groups 98, 110–

112, 114, 115
pp Proton-proton 3, 26, 115
PUPPI Pileup Per Particle Identifica-

tion 111
QCD QuantumChromodynamics 15,

26, 36, 94, 99, 109, 113, 116, 121
QED Quantum Electrodynamics 13,

14
QFT Quantum Field Theory 3, 5
ReLU Rectified Linear Unit 64, 79
RNN Recurrent Neural Network 61,

63
ROC Receiver operating characteris-

tic 66, 73, 90
SF Scalefactors 107, 109, 112, 113, 115
SGD Stochastic Gradient Descent 62
SI Internation System of Units 4
SM Standard Model 1, 3, 5, 7–11, 13–

16, 18–20, 26, 27, 29, 30, 32–40,
60, 121, 123

SMEFT Standard Model effective
field theory v, 33

SPS Super Proton Synchrotron 44,
46

SR Signal region 101, 103, 150
T tesla 45
TnP Tag-and-Probe 112
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TOP Top quark Physics Object
Group 115

UE Underlying event 22
UV Ultra-violet 7, 32
VAE Variational Autoencoder 71, 78
VBF Vector boson fusion 27, 37–39,

72, 116, 118, 123, 124

VEV Vacuum expectation value 16,
18, 26, 27

WP Working point 54, 97

XGBoost Extreme Gradient Boost-
ing 80
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