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The production of four top quarks has been predicted by the Standard Model

(SM) and has been considered as one of its important tests. The measurements

obtainable from this production, such as its cross section, can be compared

with predictions provided by SM. This comparison can determine whether SM

is adequate to explain this phenomenon. The four-top quark production is also

sensitive to the coupling strength between the top quark and the Higgs boson, also

known as the top Yukawa coupling. By considering Feynman diagrams for this

production, this coupling value affects both its cross section and the kinematics of

the top quarks within the production. These changes caused by top Yukawa coupling

offer potential new information for novel techniques, such as neural networks, to

measure the coupling value. This dissertation describes the combination of four-top

quark production searches in different final states, along with a study of the use of

neural networks for the measurement of top quark Yukawa coupling.
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“Never accept the world as it appears to be,

dare to see it for what it could be.”

– Harold Winston
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Chapter 1

INTRODUCTION
AND BACKGROUND THEORY

What is matter around us made of? This question has been repeatedly

pondered by philosophers and scientists since Ancient Greece and further developed

through subsequent scientific discoveries. Several models of fundamental particles

have been made throughout history, from Democritus’s indivisible atomic model,

Thomson’s plum pudding model, and Rutherford’s atomic model, all the way to the

Standard Model. In this chapter, we will go through the history of fundamental

particles, as well as relevant underlying concepts to this thesis’s work. Note that the

discoveries presented in this chapter are not exhaustive.

1.1 History of fundamental particle studies
The idea of fundamental particles has been formulated since Ancient Greece by a

philosopher named Democritus [6]. Along with several other Greek philosophers,

he proposed an idea of indivisible particles, the atoms, that can be rearranged to

form ever-changing appearances. According to the Atomist doctrine, these particles

traverse through the void and can be collided or combined with tiny hooks or barbs

(similar to chemical bonds in our current understanding of chemical compounds).

Given that there was no adequate scientific apparatus to test this hypothesis from

the Atomist doctrine, it is mainly philosophical and does not have any scientific

evidence at all.

Fast forward to 1805, John Dalton, a British chemist, revived the idea of

atoms, based on the observations of gas behaviours when mixed with water and
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other liquids [7]. In 1897, J. J. Thompson discovered electrons via his study of

cathode rays [8], which shows that the so-called indivisible atoms are not indivisible

after all. Later, in his paper published in 1911, Ernest Rutherford assumed that

“the diameter of the sphere of positive electricity is minute compared with the

diameter of the sphere of influence of the atom” [9]. In modern terms, this refers to

a small positively-charged nucleus compared to the effective diameter of the atom

itself, including the electron orbital cloud. In his Bakerlean lecture in 1920 [10],

Rutherford also suspected “the possible existence of an atom of mass 1 which has

zero nucleus charge”, and in 1932, such particles, or neutrons, were discovered by

James Chadwick by bombarding beryllium with protons and alpha particles [11].

And so the deluge of newly-discovered particles, such as mesons and baryons,

arrived, and some physicists observed a pattern among those newly-discovered

“fundamental” particles. In 1961, as a first attempt to explain such patterns,

Gell-Mann [12] and Ne’eman [13] independently proposed a framework of

strong interactions based on SU(3) symmetry, later named The Eightfold Way

in Gell-Mann’s technical report. Based on this framework, several mesons and

baryons can be arranged in a geometric pattern according to their electrical charge

and a new property called “strangeness” [14]. This early explanation would evolve

into the quark model later on.

On the other hand, in 1936 Anderson and Neddermeyer observed particle

showers occurring inside a cloud chamber apparatus located 4300 meters above

sea level at Pike’s Peak in the Rocky Mountains in North America [15]. The

observed showers significantly have more occurrence than the showers observed

previously in Pasadena near sea level, and particle showers with electron energies

up to 300 MeV are not attributed to protons. Based on the observation by Anderson

and Neddermeyer, Street and Stevenson performed another experiment using a
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cloud chamber with a lead filter on top to remove shower particles [16]. Evidence

presented in the literature shows that there is a new particle with a rest mass of

approximately 130 times the mass of an electron (and with an estimated error of

about 25%). In modern literature, this particle is later known as a muon, and its

mass has been measured by later measurements to be 105 MeV [17].

“Dear radioactive ladies and gentlemen”, Pauli stated in his letter addressed

to Hans Geiger and Lise Meitner in 1930, “... I have hit upon a desperate remedy

to save the ‘exchange theorem’ of statistics and the energy theorem” [18]. In this

letter, he had proposed a particle “that I wish to call neutrons, which have spin 1/2

and obey the exclusion principle1... The mass of the neutron must be of the same

order of magnitude as the electron mass...”

Several modifications were made to Pauli’s new particle model. Carlson and

Oppenheimer modified the idea of Pauli’s neutron into a magnetic neutron, with

their calculations published in 1932 [19]. However, after a lengthy calculation, they

stated that “there is no experimental evidence [in the form of cloud chamber tracks]

for the existence of a particle like the magnetic neutron”.

Later, in the Seventh Solvay Conference in 1933, Pauli reaffirmed his idea

presented at a conference in Pasadena in 1931 that the beta particles must be emitted

at the same time as “a very penetrating radiation of neutral particles, which has not

been observed yet” [18]. Back in that time, neutrons which had been discovered

by Chadwick in 1932 [11] were considered heavy neutrons, and Pauli announced

that “to distinguish them from the heavy neutrons, E. Fermi proposed the name

‘neutrino’” [18].

1Nowadays known as Fermi statistics [18].
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The existence of neutrinos was later confirmed by Cowan et al. in 1956

with an experiment conducted at the Savannah River Plant, now known as the

Savannah River Site in South Carolina [20]. The experiment apparatus made

out of scintillators and a large tank, enclosed in lead and paraffin, are located

underground, providing excellent shielding against reactor neutrons and cosmic

rays. Still, neutrons from a reactor were detected via the beta decay reaction2:

ν− + p+ → β+ + n0 . (1.1)

1.2 Beginnings of the Standard Model
In 1964, Gell-Mann [21] and Zweig [22] independently proposed that mesons and

baryons are not fundamental themselves, but are comprised of smaller particles

called - according to Gell-Mann - quarks (or aces according to Zweig). In the

beginning, three flavours of quarks were acknowledged - up, down, and strange.

Based on the model of three quarks and the Cabibbo mechanism,

flavour-changing neutral current (FCNC) decay can occur, for instance, in the decay

of a particle called long-lived neutral kaon KL into two muons, KL → µ+µ−.

However, the decay has not been observed. The branching ratio of this decay mode

is measured today to be [17]

BR(KL → µ+µ−) = (6.84± 0.11)× 10−19 (1.2)

which is considered nonexistent. Glashow, Iliopoulos, and Maiani, in response to

this phenomenon, proposed a mechanism that requires the fourth quark, charm [23].

With the newly-introduced charm quark, the decay of kaon-long KL → µ+µ− now

has another diagram involving charm quarks in addition to diagrams involving

strange quarks and matrix elements from both diagrams negate each other, resulting

in a virtually nonexistent branching ratio [24].
2As written in Ref. [20]. In modern notation, this corresponds to ν̄e + p+ → e+ + n0
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In 1973, Kobayashi and Maskawa showed that the four-quark model

could not explain CP-violation interactions, and proposed a six-quark model

that gave rise to CP-violating interactions via a component later known as

Cabibbo-Kobayashi-Maskawa (CKM) matrix [25]. In their six-quark model, an

extra pair of quarks is introduced, resulting in the form of three left-handed

doublets and six right-handed singlets. In a different six-quark model proposed by

Harari [26], however, the six-quark setup was in the form of a three-quark triplet, up,

down, and strange, and a three-quark antitriplet, right, top, and bottom. Ultimately

Harari’s model faltered in favour of Kobayashi and Maskawa’s model, but the names

of top and bottom quarks coined by Harari live on.

In 1974, two groups of physicists, one under the lead of Samuel C. C. Ting at

Brookhaven National Laboratory in New York, and another under the lead of Burton

Richter at Stanford Linear Accelerator Center in California (now known as SLAC

National Accelerator Laboratory), discovered an observation of a new particle from

an electron-positron annihilation. Both papers from Brookhaven [27] (naming it a

heavy particle J) and SLAC [28] (naming it ψ [14]) reported that the new particle

has a very narrow mass width, whereas SLAC reported that the “resonance” has a

mass of 3.105 ± 0.003 GeV, with the upper limit of the mass with around 1.3 MeV.

Modern measurements show that this particle, jointly called J/ψ, has a mass of

3096.900 ± 0.006 MeV, with a mass width of 92.6 ± 1.7 keV [17], suggesting that

this particle has a lifetime of 7.1× 10−21 seconds. However, it was well aware right

after the discovery of this particle that its lifetime, due to its very narrow mass width,

is much longer than the typical lifetime in the order of 10−23 seconds [14]. The paper

from Brookhaven also suggested that this particle “may be one of the theoretically

suggested charmed particles” [27], and now it is accepted that the J/ψ particle is a

meson consisting of a charm quark and an anticharm quark (cc̄).



9

Later, in 1977, invariant mass peaks of 9.4 GeV and 10.0 GeV were observed

in dimuon productions generated from 400 GeV proton-nucleus collisions [29],

named Υ. In the literature, the new Υ peaks were attributed to a new bound state

of a new heavy quark (known later as bottom quark) and its antiquark counterpart

(anti-bottom quark). In modern literature, however, these Υ peaks are associated

with Υ(1S) and Υ(2S) particles, with masses of 9.5 and 10.0 GeV respectively [17].

The quest for the top quark in the Standard Model started in 1982. At that time

it was clear that there must be a sixth quark as a counterpart to the newly discovered

bottom quark. The SppS proton-antiproton collider at CERN discovered W and Z

bosons in 1982 at masses of around 80-90 GeV [30]. W and Z bosons are gauge

vector bosons proposed by Weinberg in his model of leptons in 1967 [31], and at

that time the top quark is expected to be lighter than the W boson. Hence, the decay

from W bosons into a pair of top quarks. Results from particle colliders at DESY,

CERN, SLAC, and the Fermilab, however, show that the lower limit of the top quark

mass was increasing, exceeding the mass of W bosons [32]. Finally, in 1995, the top

quark was discovered jointly by CDF [33] and D0 [34] collaboration at the Tevatron

via top-antitop (tt̄) quark production in proton-antiproton collisions.

In 1964, three groups of theoretical physicists, Robert Brout and François

Englert [35], Peter Higgs [36], and Gerald Guralnik, Carl Hagen, and Tom

Kibble [37], proposed that vector bosons may gain masses by breaking symmetries

of a scalar field. The mechanism also predicted that there is a new type of boson,

later called Higgs boson, that arises from the perturbation of scalar fields around

the vacuum state. (Mathematical formulation of the so-called Brout-Englert-Higgs

mechanism will be discussed in Section 1.4.3.) The search for the Higgs

boson became complete almost 50 years later, in 2012 when the ATLAS and
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Table 1.1: Particles in the Standard Model and corresponding fundamental forces of

nature [24]. Gravitational force does not correspond to any particle in the Standard

Model and is best explained by the curvature of the spacetime according to Einstein’s

General Relativity.

Electromagnetic Weak Strong
force force force

Fermions
Quarks ! ! !
Leptons (e, µ, τ) ! !
Neutrinos (νe, νµ, ντ ) !
Bosons
Gluons !
W and Z bosons !
Photons ! !
Higgs boson (none)

CMS Collaboration announced the discovery of the new boson with a mass of

125 GeV [38; 39].

1.3 The Standard Model itself
The Standard Model contains three main types of particles: quarks, leptons, and

bosons. Quarks and leptons are fermions since they obey the Fermi-Dirac statistics

rule forbidding two particles to have the same quantum state at the same position.

Bosons on the other hand obey the Bose-Einstein statistics rule allowing the same

particles to reside in the same energy level. Fermions have half-integer spins (1/2,

3/2, 5/2, etc.) while bosons have integer spins. Figure 1.1 shows the comprehensive

list of particles in the Standard Model.

1.3.1 Quarks

Currently, there are six quarks in the model: up, down, charm, strange, top, and

bottom. Their properties are shown in Table 1.2. Quarks are categorised into three
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u
up

2.2 MeV
+2/3
1/2

e
electron

0.511 MeV
-1
1/2

νe
electron neutrino

< 1.1 eV
0
1/2 νμ

muon neutrino

< 1.1 eV
0
1/2 ντ

tau neutrino

< 1.1 eV
0
1/2

τ
tau

1777 MeV
-1
1/2μ

muon

106 MeV
-1
1/2

c
charm

1.27 GeV
+2/3
1/2 t

top

173 GeV
+2/3
1/2

W±

W boson

80.4 GeV
±1
1

Z
Z boson

91.2 GeV
0
1

g
gluon

0
0
1 H

Higgs

125 GeV
0
1

γ
photon

0
0
1d

down

4.7 MeV
-1/3
1/2 s

strange

96 MeV
-1/3
1/2 b

bottom

4.18 GeV
-1/3
1/2

mass
charge

spin

As reported in Prog. Theor. Exp. Phys. 2022 (2022) 083C01
Quark masses (except top) calculated using MS scheme
Neutrino masses determined from tritium decay at 90% CL

QUARKS BOSONS

LEPTONS

Figure 1.1: Particles in the Standard Model. Mass measurements are shown as

reported in Ref. [17]. Quark masses, except top quark mass, are determined using

MS scheme. Neutrino masses are determined via tritium decay at a 90% confidence

level [17].

generations since each generation of quarks forms a weak isospin pair. Up and down

quarks are first-generation quarks, charm and strange are second-generation quarks

and top and bottom are third-generation quarks.

Quarks experience electromagnetic, weak, and strong interactions. More

precisely, these effects are caused by Electroweak theory and Quantum

Chromodynamics (QCD) via gauge transformations of SU(2)×U(1) and SU(3)

respectively, which will be discussed later in Section 1.4. In addition to the electric

charge of either +2/3 (for up, charm, and top) or -1/3 (for down, strange, and bottom),

quarks possess an extra property called colour, which can have one of three values

commonly referred to as red, green, or blue. Antiquarks are antiparticle partners of
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Table 1.2: Properties of the six quarks in the Standard Model. Mass measurements

are determined using MS scheme, except top quark mass which is extracted from

event kinematics [17].

Quark Mass Charge (e)
up 2.16+0.49

−0.26 MeV +2/3
down 4.67+0.48

−0.17 MeV -1/3
charm 1.27± 0.02 GeV +2/3
strange 93.4+8.6

−3.4 MeV -1/3
top 172.69± 0.30 GeV +2/3

bottom 4.18+0.03
−0.02 GeV -1/3

quarks, possessing the same mass with opposite charges (-2/3 or +1/3) and opposite

colour charges (antired, antigreen, or antiblue).

As dictated by QCD, quarks may not be free3 and must be coupled with other

quarks, through the process called hadronization, to form larger particles called

hadrons. Hadrons must be colour-neutral and can be classified into two types as

follows:

• Mesons comprise a quark and an antiquark, qq̄. Based on their constituents, a

meson may have a neutral, positive, or negative electric charge. For example,

a J/ψ meson consists of a charm quark and an anticharm quark, often denoted

as cc̄. Since a charm quark has a +2/3 electric charge and an anticharm quark

has a −2/3 electric charge, the J/ψ meson is neutral and can be decayed into a

pair of opposite-sign leptons such as µ+µ−. To make a meson colour-neutral,

both the quark and the antiquark in a meson must have complementary colour

charges, e.g. red with antired, green with antigreen, or blue with antiblue.

• Baryons comprise three quarks, qqq. For example, a proton consists of two

up quarks and one down quark, denoted as uud, and thus has a positive charge

3Searches for the free quark since 1977 have been conducted. All searches do not show
evidence of free quarks so far [17].
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(since 2/3+2/3−1/3 = +1). A neutron consists of one up quark and two down

quarks, denoted as udd, and thus has a neutral charge (since 2/3−1/3−1/3 = 0).

To make a baryon colour-neutral, all three quarks in a baryon must have a

different colour charge, e.g. one quark may have a red colour charge, another

quark may have a blue colour charge, and the third quark may have a green

colour charge. An antibaryon made up of three antiquarks q̄q̄q̄ is also possible.

However, particles can also contain four quarks (tetraquark), five quarks

(pentaquark), and beyond, as long as they are colour-neutral. Several discoveries of

tetraquark and pentaquark have been made since the discovery of Zc(3900) by the

BESIII Collaboration [40] and the Belle Collaboration [41]. Both collaborations

speculated that this particle is charmonium-like, meaning that it is a bound state of

a charm quark (c) and an anticharm quark (c̄) [42]. It is later speculated [43] and

shown [44] that this particle is a tetraquark containing cd̄c̄u. Furthermore, in 2015,

the LHCb Collaboration also discovered two new resonances within the decay of

Λ0
b → J/ψK−p, which should contain at least five quarks cc̄uud, and thus are called

pentaquarks [45]. The discovery of such exotic hadrons is also performed by the

CMS Collaboration, such as the observation of three new structures (or resonances)

in the J/ψJ/ψ mass spectrum [46]. The mass measurements for these three newly

observed structures seem to be compatible with the mass spectrum of the tetraquark

containing cc̄cc̄.

Since quarks must couple with each other to form hadrons via hadronization,

and a pair of quark and antiquark can be created out of a vacuum, a single quark

produced from a particle collision forms particle jets containing a large number

of colourless particles4. Therefore, the signature for quarks in particle detectors

is called a particle jet, usually called a jet. Jets can be detected by backtracking

4While there is a QCD-motivated model explaining hadronization, it is not
definitive [24] and thus will not be discussed in this thesis.
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detected particles inside the detector. More information will be discussed in

Section 2.9. In physics analyses, one jet is usually considered as a signature for one

quark (or one gluon). An exception is a top quark, which decays before hadronizing

and cannot be associated with one single jet.

1.3.2 Leptons

There are three types of charged leptons: electrons (e), muons(µ), and tau leptons

(τ), along with neutrinos of corresponding flavour: electron neutrinos (νe), muon

neutrinos (νµ), and tau neutrinos (ντ ). Electrons, muons, and tau leptons have

masses and an electric charge of −1, while neutrinos have a neutral charge and

minuscule mass, and are usually considered massless. Antipartners of leptons have

an electric charge of +1. Antipartners of electrons are also known as positrons,

denoted as e+. Antipartners of neutrinos are written as ν̄e, ν̄µ, and ν̄τ , and still have

a neutral electric charge.

Unlike quarks, leptons do not experience strong interaction induced by QCD

and thus can be moved freely. Massive leptons experience both electromagnetic and

weak interactions, while neutrinos experience only electroweak interactions. This is

due to the construction of the electroweak theory that does not include right-handed

neutrinos.

In addition to the conservation of electric charges, interactions involving

leptons also require the conservation of lepton numbers. Each flavour of lepton

has its lepton number: that is, electrons and electron neutrinos have Le = +1,

muons and muon neutrinos have Lµ = +1, and tau leptons and tau neutrinos have

Lτ = +1. Antipartners of these leptons, including antineutrinos without electric

charges, always have a lepton number of −1 with a corresponding flavour. Table 1.3

lists the electric charge and lepton number for each lepton.
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Table 1.3: Electric charge and lepton numbers Le, Lµ, and Lτ for each lepton. Note

that corresponding antipartners have the lepton number of the corresponding flavour

as -1.

Electric
Lepton charge (e) Le Lµ Lτ

e− -1 +1 0 0
µ− -1 0 +1 0
τ− -1 0 0 +1
νe 0 +1 0 0
νµ 0 0 +1 0
ντ 0 0 0 +1

With this conservation rule, a corresponding flavour of neutrinos must be

included in, for example, a W boson decay into leptons, even though one lepton can

already satisfy the conservation of electric charges. The resulting decay pathways

for both W bosons, following both conservation of electric charges and lepton

numbers, are

W+ → b+ (+ + ν# (1.3)

W− → b+ (− + ν̄# (1.4)

where ν# and ν̄# are the neutrino and the antineutrino with the same lepton flavour

as (.

Experimental results from the Super-Kamiokande experiment and the

Sudbury Neutrino Observatory (SNO) experiment suggest that neutrinos may

have their flavour transformed over long distances, such as from the Sun. This

phenomenon is called neutrino oscillation and confirms that neutrinos have mass

as this phenomenon requires the extension of the Standard Model allowing neutrino

masses and flavour mixing like in quarks [47]. The mass eigenstates of neutrinos

correspond to stationary states of the free particle Hamiltonian (since neutrinos

are still free particles). Based on the current explanation, three neutrino flavours
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corresponding to each lepton flavour (νe, νµ, and ντ ), or weak eigenstates, can be

written as a superposition of mass eigenstates with corresponding time evolution.

As such, neutrino flavours, such as νe, may change, or oscillate while propagating

through space into νµ, ντ , or remain as νe [24].

1.3.3 Bosons

Bosons (in the sense of fundamental particles according to SM, not particles

obeying Bose-Einstein statistics) are considered force carriers analogous to three

of the four fundamental forces5. Photons (γ) represent electromagnetic force, W

(having either positive charge W+ or negative charge W−) and Z bosons represent

weak nuclear force, and gluons (g) represent strong nuclear force. Currently, a

particle representing gravity has not been discovered, and gravity is best explained

by curvatures in four-dimensional spacetime, which is not in the scope of this

thesis. Exceptionally, Higgs bosons do not represent any fundamental force but

are byproducts of the Brout-Englert-Higgs mechanism which gives masses via

interactions with Higgs bosons.

W and Z bosons are usually involved in weak decays. For example, in the beta

decay reaction [14],

n → p+ + e− + ν̄e . (1.5)

Since protons consist of two up quarks and one down quark, and neutrons consist of

two down quarks and one up quark, the interaction above has the decay of the down

quark into an up quark and a W− boson (due to the conservation of electric charge).

The W− boson, in turn, decayed into an electron and an electron antineutrino

(corresponding to the conservation of electric charge and lepton number). Since

5The four fundamental forces in Physics are gravitational force, electromagnetic force,
weak nuclear force, and strong nuclear force.
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W bosons have an electric charge, and Z bosons have a neutral electric charge, they

are often called charged current and neutral current respectively.

Gluons are usually involved in QCD processes as a mediator for an interaction

between two quarks [14]. While quarks may have one out of three colour charges

(red, blue, or green), there are eight variants of gluons. This is because of the

construction of QCD theory, which is based on SU(3) group symmetry, and the

eight gluons come from the generators of the SU(3) group.

Usually, W and Z bosons are collectively called vector bosons. This is

because both bosons can be written as a vector form in the electroweak theory.

More information shall be discussed under the formulation of electroweak theory in

Section 1.4.6. The Higgs boson, on the other hand, is often known as a boson that

gives mass. In reality, the Higgs boson is the byproduct of the Brout-Englert-Higgs

mechanism, which is the mechanism that gives mass to other particles through

spontaneous symmetry breaking (SSB) on local gauge transformations. More

information regarding this mechanism will be discussed in Section 1.4.3.

1.4 Mathematical formulation
of the Standard Model

In this section, unless otherwise noted, two assumptions will be made.

• Natural units are used. That is, c = h̄ = 1, and all quantities are measured

in energy units, preferably, MeV, GeV, or TeV. This assumption reduces the

complexity in calculations involving c and h̄ constants.
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Figure 1.2: The Standard Model shirt, often sold as a souvenir at CERN,

depicts fundamental terms that build up SM, including Field strength tensor, Dirac

Lagrangian, Yukawa Lagrangian, Higgs kinetic term, and Higgs potential term.

• Einstein’s summation convention is used [48]. Under this convention, if an

index is repeated twice, it must be summed over the four dimensions. For

example, pµpµ = p0p0 + p1p1 + p2p2 + p3p3.

The famous Standard Model Lagrangian, often shown on souvenirs at CERN,

is shown in Figure 1.2. The Lagrangian, although heavily abridged, consists of four

components as follows:
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• The field strength tensor term encoded the kinetic term for Electroweak

bosons (photons, W and Z bosons) and gluons. The term is written as

Lfield strength tensor = −1

4
FµνFµν (1.6)

where the field strength tensor Fµν for photons is denoted as

Fµν = ∂µAν − ∂νAµ (1.7)

and Aµ denotes a photon. Fµν is antisymmetric, i.e. Fµν = −F νµ and diagonal

components of this tensor are zero. Nonzero components can be written in the

form of electric field and magnetic field components in Cartesian coordinates

as

Fµν =





0 −E1 −E2 −E3

E1 0 −B3 B2

E2 B3 0 −B1

E3 −B2 B1 0





(1.8)

Usually, field strength tensors are associated with photons, but W bosons and

gluons can have their field strength tensors as well.

• The Dirac Lagrangian term explains the fermions, as well as their interactions

with gauge bosons. It is in the form of

LDirac = iψ̄!!Dψ + h.c. (1.9)

where h.c. refers to its Hermitian conjugate, and !!D = γµDµ. The most

important part of this Dirac Lagrangian is the covariant derivative Dµ, which

contains gauge fields representing photons, W and Z bosons, as well as gluons.

• The Yukawa coupling term explains the interaction between fermions and the

Higgs field. It is written in the form of

LYukawa = ψiyijψjφ+ h.c. (1.10)

where ψ represents fermions and φ represents Higgs boson.
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• The Higgs kinetic term and Higgs potential term explain the interactions

between Higgs bosons and gauge bosons, as well as the existence of the Higgs

bosons themselves. It is written in the form of

LHiggs = |Dµφ|2 − V (φ) (1.11)

where V (φ) represents a Higgs potential. Since the term includes covariant

derivative Dµ, this term contains the interactions between Higgs bosons and

gauge bosons.

In the following sections, formulations of theories that are considered

cornerstones of the SM shall be discussed. The theories are the

Brout-Englert-Higgs mechanism, the Electroweak theory, proposed by

Glashow, Salam, and Weinberg, and Quantum Chromodynamics. Other relevant

concepts will also be discussed.

1.4.1 Symmetries and why we need them

In classical field theory, a field φ may undergo a transformation, which can be

written in an infinitesimal form as

φ(x) → φ′(x) = φ(x) + αδφ(x) . (1.12)

If this transformation retains the equations of motion, derived by the Euler-Lagrange

equation, this transformation can be called a symmetry.

This concept of symmetry is crucial to physics in general since the laws of

physics should be applied in the same way even though the transformation is applied.

For example, laws of classical mechanics should be applied in the same way at any

point of space, which means they have translational symmetry. It should also be the

case when the whole coordinate system is being rotated in the space, which can be

described by rotational symmetry.
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Some fields may exhibit global gauge symmetry with the transformation

φ(x) → φ′(x) = exp(iθ)φ(x), or local gauge symmetry with the transformation

φ(x) → φ′(x) = exp(iα(x))φ(x), where each point in space may be transformed

differently as dictated by α(x). These types of symmetries in a Lagrangian, which

must be invariant under such transformations, lead to different effects which will be

illustrated in subsequent sections.

1.4.2 Spontaneous Symmetry Breaking (SSB)

Spontaneous symmetry breaking (SSB) is a mechanism in which a complex scalar

field, under a certain configuration of potential Lagrangian, breaks symmetry by

reaching the ground state of the Lagrangian.

Consider the following Lagrangian of a complex scalar field φ,

L = ∂µφ
∗∂µφ− λ

4

(
φ∗φ− ν2

)2 . (1.13)

The Lagrangian L has symmetry under global U(1) gauge transformation, where

φ→ φ′ = eiαφ and α is a global constant. The potential term

V (φ,φ∗) =
λ

4

(
φ∗φ− ν2

)2 (1.14)

clearly has the minimum of zero at φ∗φ = ν2. This potential term has the shape of a

famous Mexican hat, as shown in Figure 1.3. If we define

φ = φ1 + iφ2 (1.15)

φ∗ = φ1 − iφ2 (1.16)

φ21 + φ22 = ν2 (1.17)

we now have two scalar fields φ1 and φ2, where we can choose the ground state to

be φ̄ = ν. This state is not invariant under U(1) transformation anymore, because

φ̄→ φ̄′ = eiαφ̄ %= φ̄ . (1.18)
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Figure 1.3: Visualization of the potential term λ
4

(
φ∗φ− ν2

)2, where φ is a complex

scalar field φ. The symmetry point at φ = 0, or the tip of the Mexican hat, does

not have the lowest potential energy. The ground state for the scalar field, or the

ridge of the Mexican hat, gives the lowest potential energy and breaks the symmetry.

Diagram derived from Ref. [49].

This phenomenon is called spontaneous symmetry breaking. Now consider the

perturbation around the ground state, where

φ =
1√
2
(η + iθ) + ν . (1.19)

Then

∂µφ =
1√
2
(∂µη + i∂µθ) (1.20)

∂µφ
∗ =

1√
2
(∂µη − i∂µθ) (1.21)

∂µφ
∗∂µφ =

1

2
∂µη∂

µη +
1

2
∂µθ∂

µθ . (1.22)
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With this perturbation, the potential now becomes

λ

4

(
φ∗φ− ν2

)2
=

λ

4

((
1√
2
η + ν

)2

+
θ2

2
− ν2

)2

(1.23)

=
λ

4

(
η2

2
+
√
2ην +

θ2

2

)2

(1.24)

=
λ

4

(
1

4
η4 + 2ν2η2 +

√
2νη3 +

1

4
θ4 +

1

2
η2θ2 +

√
2νηθ2

)
(1.25)

and the mass term for the field η, λν2

2 η2, arises from the perturbation. Now the

Lagrangian, given in Equation 1.13, becomes

L = ∂µφ
∗∂µφ− λ

4

(
φ∗φ− ν2

)2 (1.26)

=
1

2
∂µη∂

µη +
1

2
∂µθ∂

µθ +
λν2

2
η2 +O

(
η3, η4, θ4, ηθ2, η2θ2

)
(1.27)

where O
(
η3, η4, θ4, ηθ2, η2θ2

)
represents the interaction terms of fields η and θ. The

resulting Lagrangian now contains a massive scalar field η and a massless field θ

(since it does not have mass terms remaining in this Lagrangian). This massless

field is called a Goldstone boson, and it can be perturbed without inertia.

In summary, spontaneous symmetry breaking of a scalar field can give rise to

a massive boson by perturbing the scalar field around the ground state that breaks

the symmetry.

1.4.3 Brout-Englert-Higgs mechanism

The mechanism proposed by Robert Brout, François Englert [35], and Peter

Higgs [36] is simply the spontaneous symmetry breaking (SSB) of local gauge

transformation. Consider the Lagrangian

L = (Dµφ)
∗Dµφ− λ

4
(φ∗φ− ν2)2 − 1

4
FµνF

µν (1.28)

where Dµ is a covariant derivative including a gauge boson Aµ

Dµ = ∂µ + igAµ . (1.29)
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Here we expect to see the mass term of Aµ as m2
AAµAµ. However, the transformation

under U(1) where

φ→ φ′ = eiΛ(x)φ (1.30)

where Λ(x) is a scalar function representing local transformation, gives

Aµ → A′
µ = Aµ − 1

g
∂µΛ(x) . (1.31)

As seen in the Equation 1.28, The potential term for a scalar field φ is in the form of

−λ
4 (φ

∗φ−ν2)2, and the ground state of this scalar field can be chosen, for simplicity,

as φ̄ = ν. If we perturb the field around the ground state into the form of

φ =
1√
2
η(x) +

1√
2
iξ(x) + ν . (1.32)

This perturbation from the ground state is called spontaneous symmetry breaking

(SSB). With this perturbation, we would simply get

∂µφ =
1√
2
(∂µη + i∂µξ) (1.33)

Dµφ = (∂µ + igAµ)

(
1√
2
η(x) +

1√
2
iξ(x) + ν

)
(1.34)

=
1√
2
(∂µη + i∂µξ) +

1√
2
(−ξ + iη) gAµ + igνAµ (1.35)

(Dµφ)
∗ (Dµφ) =

[
1√
2
(∂µη − i∂µξ)−

1√
2
(ξ + iη) gAµ − igνAµ

]

[
1√
2
(∂µη + i∂µξ) +

1√
2
(−ξ + iη) gAµ + igνAµ

]
(1.36)

≈ 1

2
∂µη∂

µη +
1

2
∂µξ∂

µξ +
√
2gνAµ∂µξ + g2ν2AµA

µ + · · · (1.37)

with the perturbation introduced in φ, the mass term for gauge field g2ν2AµAµ arises.

Now if we apply the perturbation to the scalar field potential term we obtain

−λ
4
(φ∗φ− ν2)2 =

λ

4

[(
1√
2
η + ν +

iξ√
2

)(
1√
2
η + ν − iξ√

2

)
− ν2

]2
(1.38)

= −λ
4

[
η2

2
+
√
2ην +

ξ2

2

]2
= −λ

2
ν2η2 + · · · (1.39)

The perturbation applied to φ causes the system to have 5 degrees of freedom,

2 from two scalar fields η and ξ, and 3 from a massive vector field Aµ. Before the
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perturbation, we only had 2 degrees of freedom from the complex scalar field φ and

2 degrees of freedom from the massless vector field Aµ
6. Hence, an excess degree

of freedom must be removed.

If we rearrange terms in (Dµφ)∗(Dµφ) as

1

2
∂µξ∂

µξ +
√
2gνAµ∂µξ + ν2AµA

µ = g2ν2
(
Aµ +

1

gν
√
2
∂µξ

)(
Aµ +

1

gν
√
2
∂µξ

)
.

(1.40)

This corresponds to the gauge transformation pattern

Aµ → A′
µ = Aµ − 1

g
∂µΛ(x) (1.41)

where

Λ(x) = − ξ(x)
ν
√
2

. (1.42)

Then the transformation on the scalar field should be

φ→ φ′ = eiΛ(x)φ = exp
(
− iξ(x)

ν
√
2

)
φ . (1.43)

Given φ = 1√
2
η + ν + 1√

2
iξ and η and ξ are perturbation terms,

φ′ = exp
(
− iξ

ν
√
2

)(
1√
2
η + ν +

1√
2
iξ

)
(1.44)

= exp
(
− iξ

ν
√
2

)(
η√
2
+ ν

)(
1 +

iξ

ν
√
2

)
(1.45)

= exp
(
− iξ

ν
√
2

)(
η√
2
+ ν

)
exp

(
+

iξ

ν
√
2

)
(1.46)

=
η√
2
+ ν ≡ h√

2
. (1.47)

The new field h that has just been defined is the Higgs field, and now the Lagrangian

L from Equation 1.28 becomes

L = (Dµφ)
∗Dµφ− λ

4
(φ∗φ− ν2)2 − 1

4
FµνF

µν (1.48)

=
1

2
∂µh∂

µh− λ

2
ν2h2 + g2ν2AµA

µ − 1

4
FµνF

µν . (1.49)

6The vector field initially has 4 degrees of freedom, but 2 degrees of freedom have been
removed due to Maxwell’s equations and symmetry.
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With this transformation, we have treated ξ(x) as part of the local gauge

transformation, and now only 4 degrees of freedom remain, 3 from a massive vector

field Aµ and 1 from a massive scalar field h.

In summary, the Brout-Englert-Higgs mechanism imposes spontaneous

symmetry breaking upon local gauge transformations to obtain mass terms of gauge

bosons. The remaining scalar boson is then called the Higgs boson and is the

byproduct of this mechanism.

1.4.4 Formulation of W and Z bosons

W and Z bosons, along with photons, arise from a symmetry under SU(2)W ×U(1)Y

transformation. Given the following Lagrangian

L = (Dµφ)†(Dµφ)− V (φ†φ) where φ =
1√
2



φ
+

φ0



 =
1√
2



φ1 + iφ2

φ3 + iφ4



 . (1.50)

To make this Lagrangian invariant under SU(2)W × U(1)Y symmetry, the covariant

derivative must take the form of

Dµ = ∂µ + i
gW
2

T i ·W i
µ + i

gY
2
BµY (1.51)

where W i
µ is a collection of 3 SU(2) gauge fields, and T i is a collection of SU(2)

weak generators, which are Pauli matrices as follows:

T 1 =



0 1

1 0



 , T 2 =



0 −i

i 0



 , T 3 =



1 0

0 −1



 . (1.52)

On the other hand, Bµ is a gauge field for U(1)Y symmetry, and Y is a hypercharge

operator. gW and gY are the couplings for SU(2)W and U(1)Y symmetry respectively.

If the potential term V (φ†φ) permits SSB, such as in the form of

V (φ†φ) = λ
(
φ†φ
)2

− µ2φ†φ . (1.53)
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The vacuum state φ̄ is at φ†φ = µ2/λ ≡ ν2/2 as usual, so we can choose7

φ̄ =
1√
2



0

ν



 . (1.54)

With this choice, we have now broken the symmetry from SU(2)W × U(1)Y into

U(1)Y . Based on this vacuum state choice, we now have

[
i
gW
2

T i ·W i
µ + i

gY
2
Y Bµ

]
φ

=
i√
2

[gW
2

T i ·W i
µ +

gY
2
Y Bµ

]


0

ν



 (1.55)

=
i√
2



gW
2

W 1
µ



0 1

1 0



+
gW
2

W 2
µ



0 −i

i 0





+
gW
2

W 3
µ



1 0

0 −1



+
gY
2
Y Bµ



1 0

0 1











0

ν



 (1.56)

=
i

2
√
2



gWW 3
µ + gY Y Bµ gWW 1

µ − igWW 2
µ

gWW 1
µ + igWW 2

µ gY Y Bµ − gWW 3
µ







0

ν



 (1.57)

=
ν

2
√
2



 gWW 2
µ + igWW 1

µ

igY Y Bµ − igWW 3
µ



 . (1.58)

Here, we can choose Y = 1 for our vacuum state. Based on this calculation, the term

(Dµφ)†(Dµφ) should contain

ν2

8

[
gW (W 2)µ − igW (W 1)µ −igY Bµ + igW (W 3)µ

]


gWW 2
µ + igWW 1

µ

igY Bµ − igWW 3
µ





=
ν2

8

[
g2W (W 2

µ)
2 + gW (W 1

µ)
2 +

(
gY Bµ − gWW 3

µ

)2] .

(1.59)

7We can also choose to add perturbative Higgs field h, such that φ = [0 ν + h]T /
√
2,

which gives interaction terms between vector bosons and the Higgs field.
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Define the following fields

Aµ =
1√

g2W + g2Y

(
gY W

3
µ + gWBµ

)
(1.60)

Zµ =
1√

g2W + g2Y

(
gWW 3

µ − gY Bµ
)

(1.61)

W+
µ =

1√
2

(
W 1

µ − iW 2
µ

)
(1.62)

W+
µ =

1√
2

(
W 1

µ + iW 2
µ

)
. (1.63)

With this definition, the above terms can be rewritten as
ν2

8

[
g2W (W 2

µ)
2 + gW (W 1

µ)
2 +

(
gY Bµ − gWW 3

µ

)2]

=
ν2

8

[
g2W (W+

µ )2 + g2W (W−
µ )2 + (g2W + g2Y )(Zµ)

2 + 0(Aµ)
2
]

.
(1.64)

These terms now become mass terms for W and Z bosons, with no mass terms for

photons Aµ. If we define a Weinberg mixing angle, sometimes called a weak mixing

angle, θW as tan θW = gY /gW , we will get

Aµ =
1√

g2W + g2Y

(
gY W

3
µ + gWBµ

)
(1.65)

= W 3
µ sin θW +Bµ cos θW (1.66)

Zµ =
1√

g2W + g2Y

(
gWW 3

µ − gY Bµ
)

(1.67)

= W 3
µ cos θW −Bµ sin θW . (1.68)

In summary, W and Z bosons are the byproducts of applying SU(2)W ×U(1)Y

symmetry. After SSB, W and Z bosons regain masses while photons remain

massless.

1.4.5 Yukawa Lagrangian

The Yukawa Lagrangian term, first used by Hideki Yukawa in 1935 [50], was

originally used to describe the interactions between nucleons and pions. As our

understanding of fundamental particles becomes deeper, the term is now used to
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describe interactions between fermions and a Higgs boson. The typical form of the

Yukawa Lagrangian term is [51]

LYukawa = −gψ̄ψφ (1.69)

where ψ represents fermions written in the doublet form, and φ represents a scalar

boson (which is a Higgs boson for the SM case). The coupling g is called Yukawa

coupling and is different for each fermion. In the standard model, the coupling for

fermions can be written as [17]

g =
mf

ν
(1.70)

where mf is the fermion mass and ν is the vacuum expectation value, which is

ν = (
√
2GF )−1/2 ≈ 246 GeV, where GF is Fermi coupling constant [17].

1.4.6 Electroweak theory

The interactions between fermions (quarks and leptons) and W/Z bosons and

photons can be described by the electroweak theory. In this theory, fermions,

such as quarks and leptons, can be separated into left-handed and right-handed

components. Left-handed and right-handed components can be written in the form

of a doublet and a singlet respectively as

ψL ≡ 1

2
(1 + γ5)ψ (1.71)

ψR ≡ 1

2
(1− γ5)ψ (1.72)

where γ5 is a matrix given by

γ5 =



1 0

0 −1



 . (1.73)

Notice that (γ5)2 = I and ψL + ψR = ψ. Given the split of fermions into

the left-handed and right-handed components, we can rewrite Lagrangian terms

involving fermions into left-handed and right-handed components.
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The Electroweak theory, as introduced by Weinberg in 1967 [31], is based

on the Lagrangian containing a fermion field ψ representing electrons and electron

neutrinos8, a scalar doublet Higgs boson field φ, three SU(2) gauge bosons W i
µ, and

one U(1) gauge boson Bµ. The left-handed field ψL can be written as a doublet [52],

ψL =



νe

eL



 (1.74)

containing both left-handed neutrino and electron components, while the

right-handed field ψR is simply a singlet,

ψR = eR (1.75)

containing only right-handed electrons, without right-handed neutrinos. Quarks, on

the other hand, have separate right-handed fields for all quark flavours, which are

uR, dR, and so on, as well as left-handed doublets such as [uL dL]
T .

W i
µ gauge bosons interact only with the left-handed component of the fermion,

while Bµ gauge boson interacts with both left and right-handed components of the

fermion. Both types of gauge bosons have their field strength tensor, defined as

fµν = ∂µBν − ∂νBµ (1.76)

F i
µν = ∂µW

i
ν − ∂νW

i
µ − gW ε

ijkW j
µW

k
ν . (1.77)

Both bosons are also added to the covariant derivative. However, since the

right-handed component is a singlet, but the left-handed component is a doublet,

the covariant derivatives are applied differently to left-handed and right-handed

components as follows:

DµψL =
[
∂µ + i

gW
2
0τ · 0Wµ + i

gY
2
Bµ

]
ψL (1.78)

DµψR =
[
∂µ + i

gY
2
Bµ

]
ψR . (1.79)

8The model proposed by Weinberg in Ref. [31] made clear that it should focus on
“electron-type leptons only”. However, this fermion field can also represent muon-type
and tau-type leptons.
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The base Lagrangian used in Electroweak theory, as introduced in Ref. [31]

contains several components as follows:9

L = −1

4
FµνF

µν − 1

4
fµνf

µν (boson kinetic) (1.80a)

− iψ̄γµDµψ (Dirac) (1.80b)

− 1

2
|Dµφ|2 (Higgs kinetic) (1.80c)

− g
(
ψ̄LφψR + ψ̄Rφ

†ψL

)
(Yukawa) (1.80d)

− µ2φ†φ+ λ
(
φ†φ
)2

(Higgs potential, prone to SSB) (1.80e)

Notice that almost all terms in the Lagrangian contain ψ, which is not yet split into

left-handed and right-handed components. The Yukawa Lagrangian term 1.80d,

however, must be rewritten since φ is a doublet field. The only Lagrangian

component containing ψ is the Dirac term (Equation 1.80b). With the formulations

written in Equations 1.71 and 1.72, we can rewrite the term 1.80b as

−iψ̄γµDµψ = −i
(
ψ̄L + ψ̄R

)
γµDµ (ψL + ψR) (1.81)

= −i
(
ψ̄Lγ

µDµψL + ψ̄Lγ
µDµψR

+ψ̄Rγ
µDµψL + ψ̄Rγ

µDµψR
)

. (1.82)

9The notations used in this section are different from the ones used in Ref. [31]. For
example, Wµ is used here instead of 0Aµ in the literature. Equation 1.80 is also written here
with a shortened form of the boson kinetic term.
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Since γ5γµ = −γµγ5, the first and last term vanish because

ψ̄Lγ
µDµψL = ψ̄

(
1 + γ5

2

)
γµDµ

(
1 + γ5

2

)
ψ (1.83)

=
1

4
ψ̄(1 + γ5)γ

µDµ(1 + γ5)ψ (1.84)

=
1

4
ψ̄ (γµDµ + γ5γ

µDµ + γµDµγ5 + γ5γ
µDµγ5)ψ (1.85)

=
1

4
ψ̄ (γµDµ + γ5γ

µDµ − γ5γ
µDµ − γ5γ5γ

µDµ)ψ (1.86)

=
1

4
ψ̄ (γµDµ + γ5γ

µDµ − γ5γ
µDµ − γµDµ)ψ = 0 (1.87)

ψ̄Rγ
µDµψR = ψ̄

(
1− γ5

2

)
γµDµ

(
1− γ5

2

)
ψ (1.88)

=
1

4
ψ̄(1− γ5)γ

µDµ(1− γ5)ψ (1.89)

=
1

4
ψ̄ (γµDµ − γ5γ

µDµ + γ5γ
µDµ − γµDµ)ψ = 0 . (1.90)

Hence, the term in Equation 1.80b is simply

−iψ̄γµDµψ = −iψ̄Lγ
µDµψR − iψ̄Rγ

µDµψL . (1.91)

Once we have the Lagrangian with fermion components split into left-handed

and right-handed components, we can perform spontaneous symmetry breaking on

φ by setting a vacuum state with perturbation field h [52]

φ̄ =
1√
2



 0

ν + h



 . (1.92)

This is similar to the choice of vacuum we made in Equation 1.54. With this vacuum

choice, the only terms affected are the Higgs kinetic term 1.80c, Yukawa term 1.80d,

and Higgs potential term 1.80e. Since we choose φ to be in a vacuum, the term in

1.80e becomes zero. The Higgs kinetic term 1.80c will be transformed in the same

manner as discussed in Section 1.4.4 and gives out mass terms for W and Z bosons.
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The Yukawa term, on the other hand, can be transformed as [52]

−gψ̄LφψR =
g√
2

[
ν̄e ēL

]


 0

ν + h



 eR (1.93)

=
g√
2
ēL(ν + h)eR (1.94)

−gψ̄Rφ
†ψL =

g√
2
ēR
[
0 ν + h

]


ν̄e

eL



 (1.95)

=
g√
2
ēR(ν + h)eL (1.96)

and we obtain mass terms gνēLeR/
√
2 and gνēReL/

√
2. The mass of the electron

me is gν/
√
2. We also obtain the interaction term between the scalar Higgs field

and both left and right-handed electrons. However, the interaction terms involving

neutrinos and Higgs bosons do not appear as a consequence of the vacuum choice

we made in Equation 1.92.

Since neutrinos do not have a right-handed component, the mass terms do not

appear in SM, and thus they are treated as massless particles. However, neutrino

masses can be added in several extensions to SM [17].

1.4.7 Quantum Chromodynamics primer

In Quantum Chromodynamics (QCD), the strong interactions between quarks with

colour charges are described by the SU(3) component of SU(3) × SU(2) × U(1)

gauge symmetry. The Lagrangian for QCD is given by [17]

L =
∑

q

ψ̄q,a(iγ
µ∂µδab − gsγ

µtCabAC
µ −mqδab)ψq,b −

1

4
FA
µνF

A,µν (1.97)

where q represents quark flavour, a, b ∈ {1, 2, 3} represent colour index, commonly

known as red, green, and blue, and A,C ∈ {1, 2, · · · , 8} represent SU(3) generator

index. To better understand what happens in this Lagrangian, we will simplify

Equation 1.97 by considering only up-quark flavour q = u. With this assumption,



34

we can rewrite the Lagrangian above as

L = ūa(iγ
µ∂µδab − gsγ

µtCabAC
µ −muδab)ub −

1

4
FA
µνF

A,µν (1.98)

= ūa(iγ
µ∂µ −mu)ua − gsūaγ

µtCabAC
µ ub −

1

4
FA
µνF

A,µν . (1.99)

The first term is simply the Dirac Lagrangian describing the kinematics and mass

of an up-type quark of all colour charges. The second term contains the strong

coupling constant gs, SU(3) generator tCab, written in the form of 3 × 3 matrices

(similar to SU(2) generators we have during W and Z boson formation), and AC
µ is

a gluon field. Since there are 8 generators in the SU(3) special unitary group, there

exist exactly 8 gluon fields. This term explains the interactions between two quarks

(up quarks in this case) exchanging colour charges (a and b) and a gluon.

The final term contains field strength tensor for gluon fields, which can be

written as [17]

FA
µν = ∂µAA

ν − ∂νAA
µ − gsfABCAB

µAC
ν (1.100)

where fABC is a structure constants of SU(3) group, defined by its Lie algebra

[
tA, tB

]
= ifABCt

C . (1.101)

With the introduction of colour charges and gluon fields by QCD, the best

explanation of why quarks may not be free is a hypothesis called colour confinement.

This hypothesis states that objects with coloured charges (such as quarks) must be

confined to colour singlet states, which is a combination of complementing colour

states, and objects with non-zero colour charges can propagate. For mesons with

a quark and an antiquark, and baryons with three quarks, the colour wavefunction

would be

ψc(qq̄) =
1√
3
(rr̄ + gḡ + bb̄) (1.102)

ψc(qqq) =
1√
6
(rgb− rbg + gbr − grb+ brg − bgr) . (1.103)
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However, this hypothesis has not been proven analytically [24].

Another problematic aspect of QCD is that its coupling constant αs is large at

low energy scales. This coupling is also dependent, or running, to the energy scale

q2 of the gluon mediator.

To illustrate how problematic this is, let us look at what happens in Quantum

Electrodynamics, or QED, where it has the same design of the coupling constant

α which is also running to the energy scale q2 of the photon mediator. In QED, a

photon exchange between two electrons (with two e−γe− vertices) can have up to

an infinite number of diagrams with an infinite number of loops. These diagrams

form an infinite series which can be summed into one simple diagram of photon

exchange, with a photon mediator q and an effective coupling value α. Fortunately

for QED, at low energy scales of q2 [17],

α(q2 ≈ 0) =
1

137.035 999 084 (21)
. (1.104)

However, the same cannot be said for QCD with a gluon exchange between two

quarks. As with QED, QCD has the effective coupling value αs which depends on

the energy scale q2 of the mediator. However, at low levels of energy scale at |q| ∼

1 GeV, O(αs) ∼ 1, and perturbation theory cannot be used. Even at higher energy

scales such as |q| ∼ 100 GeV, αs ∼ 0.1, and still requires higher-order corrections in

QCD calculations [24].

1.5 Problems with the Standard Model,
and Beyond Standard Model theories

Even though the Standard Model has been successfully predicting numerous

phenomena in particle physics, there are still issues that it cannot perfectly describe
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and need solutions in the form of extensions to the Standard Model. This section

will introduce a few important issues along with some extensions to the model.

One of the problems with SM itself is called the Hierarchy problem. In the

current SM, quantum loops of the Higgs boson propagator contribute to the Higgs

mass, and if SM is valid up to a very high energy scale of 1019 GeV, corrections

from these loops can be very large since they are quadratic to the scale itself. Still,

the measured Higgs mass is considered surprisingly low at merely 125 GeV. The

Hierarchy problem can be solved by fine-tuning new contributions to Higgs mass

corrections so that these corrections are cancelled at higher precision [24].

However, another extension to SM, called Supersymmetry (SUSY), is

hypothesized to be a more natural solution to this problem [24]. This extension

proposes superpartners to particles in SM, which, according to Minimally

Supersymmetric Standard Model (MSSM), are squarks, sleptons, Higgsinos,

gluinos, winos, and binos. Superpartners for fermions, such as quarks and leptons,

are called sfermions and are spin-0 bosons, while superpartners for bosons, such as

Higgs, gluons, and W bosons, are spin-1/2 fermions [53]. With Supersymmetry,

quantum loops that provide corrections to Higgs mass will have corresponding

loops containing superpartner particles with opposite signs, and cancel out those

corrections. However, supersymmetric particles have not been found as of this

writing, and it is speculated that Supersymmetry is broken (or else superpartners

would have been found in the first place) [24].

Several astronomical observations, such as the measurement of galactic

rotational curves [54], suggest that there must be non-luminous and non-absorbing

matter, known as dark matter, that does not interact with other particles but exhibits

the gravitational force towards other matter in the observable universe. In 2004, a

weak gravitational lensing effect was detected based on astronomical observation
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data, providing evidence for the existence of dark matter [55]. Several candidates for

dark matter are hypothesised, such as weakly interacting massive particles (WIMPs)

that have a neutral electrical charge and do not interact with other particles [56].

One other problem with the current design of SM is that it does not

give masses to neutrinos, which are required to explain the neutrino oscillation

phenomenon [47]. One of the possible ways to construct neutrino mass terms is to

introduce sterile neutrinos. With this construction, gauge symmetry is maintained

and several scenarios from this extension with sterile neutrinos are possible, such

as Dirac neutrinos and the See-saw mechanism [17].

Several extensions to SM are collectively called Beyond Standard Model

(BSM) theories, and there are currently searches performed in particle detectors,

such as the CMS detector, involving these BSM theories. There are two

main approaches for searches in the BSM sector: model-dependent and

model-independent searches. Model-dependent searches involve searching for a

new particle based on a particular BSM model, such as the search for top squarks

(or stops) in the CMS detector [57]. On the other hand, model-independent searches

do not focus on a particular new particle but instead look for deviations from SM,

such as the measurement of Yukawa coupling of top quarks and Higgs boson, or

deviations from SM in the form of Effective Field Theory.

1.6 Top quarks
As of the current understanding of SM, the top quark is the largest out of six quarks,

with a mass of 172.69 ± 0.30 GeV [17]. Even after almost 30 years of its discovery

in Tevatron [33; 34], the top quark remains an active research topic in High Energy

Physics. Studies performed involving top quarks inside the CMS Collaboration

include, but are not limited to, the following:
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• Cross section measurements of top-antitop quark production in final states

involving zero, one, and two leptons

• Cross section measurements of single-top quark production

• Top quark mass precision measurements

• Top quark polarization measurements

• Observation of tt̄H production [58]

• Flavour-Changing Neutral Current (FCNC) and CP-violation searches

• Four-top quark production

Top quarks will almost always decay into a W boson and a bottom quark, with

a branching ratio of 99.7% [17]. Since a W boson can either decay into a pair of

quarks or a lepton and a neutrino, the signature for productions involving top quarks

can be categorised by the number of leptons present in each event. The almost

exclusive decay pathway t → Wb is explained by the Cabibbo-Kobayashi-Maskawa

(CKM) matrix [25], written in the form of

VCKM =





Vud Vus Vub

Vcd Vcs Vcb

Vtd Vts Vtb




. (1.105)

Each element in the CKM matrix indicates the probability of a quark decaying from

one flavour to another. For the case of top quarks, the probability of top quarks

decaying into bottom quarks corresponds to |Vtb|2. The most recent global fit of

CKM matrix elements is [17]

|VCKM| ≈





0.974 0.225 0.004

0.225 0.973 0.042

0.009 0.041 0.999




(1.106)
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with |Vtb| = 0.999 118+0.000 031
−0.000 036 [17]. This means that the top quark will almost always

decay into a bottom quark and a W boson.

Another interesting property of the top quark is that it has a very short lifetime,

so short that it decays before hadronization. Normally, quarks will undergo a

process called hadronization, as dictated by QCD. This process causes a pair of

quarks to generate other quarks as they are separated with high velocities, causing

a large group of quarks with energies low enough to form hadrons. [8] As a

consequence, the signatures for quarks and gluons detectable in particle detectors

are a particle jet consisting of hadrons. The timescale of hadronization can be

estimated by the uncertainty principle to be ∆τ ≤ 0.7 fm/c ≈ 2 × 10−24 s [59].

However, the top quark mass width is Γ = 1.42 GeV [17], corresponding to the

decay time of τ = h̄/Γ ≈ 5 × 10−25 s, approximately one order of magnitude less

than the hadronization timescale. Therefore, top quarks do not have enough time to

hadronize into a jet of particles and must decay.

Compared to the mass of the bottom quark, which is the second largest quark,

at 4.18+0.03
−0.02 GeV [17], and even the mass of Higgs boson at 125.25±0.17GeV [17], this

prompts the question as to why the top quark has its enormous mass. A consequence

of its large mass is that the Yukawa coupling value between top quarks and a Higgs

boson is the largest among all fermions in SM. More details regarding the Yukawa

coupling will be discussed in Section 1.7.

1.7 Yukawa couplings, especially the top quark
Yukawa coupling

As discussed in Section 1.4.5, the Yukawa Lagrangian term is used to describe the

interaction between any fermion and a Higgs boson scalar field. From the SM value
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of the Yukawa coupling given in Equation 1.70, along with the top quark mass of

173 GeV, the top quark Yukawa coupling is almost at the order of unity, giving the

largest connection between Higgs bosons and top quarks.

Based on Equation 1.69, the Lagrangian term for the interaction between top

quarks and a Higgs boson can be written as

Ltt̄H = −ytt̄tH (1.107)

which involves the top Yukawa coupling yt. This means that, for every top-higgs

interaction vertex, the matrix element M of that Feynman diagram must be

multiplied by yt, and as the cross-section for that diagram is proportional to |M|2,

its cross-section may be proportional to y2t , assuming that there are no interference

effects. Therefore, particle productions involving both top quarks and Higgs bosons

are susceptible to this coupling value and are good candidates for the measurement

of this coupling.

1.7.1 Yukawa coupling measurements

The measurements of the Yukawa coupling for fermions or vector bosons can

be performed by numerous particle productions. One result from the CMS

Collaboration uses the latest search result for H → µ+µ− particle production,

combined with the previous measurement performed in 2016 [60], to perform a

simultaneous fit for six coupling modifiers, κW , κZ , κt, κτ , κb, and κµ, which modifies

SM Yukawa coupling values for W boson, Z boson, top quark, tau lepton, bottom

quark, and muon respectively [61]. These six coupling modifiers affect directly the

cross section and branching ratio of each production category. The measurement

results are shown in Figure 1.4. As seen from the diagram, the measured values are

in agreement with the predicted values by SM.
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Figure 1.4: Best fit values of six Yukawa couplings based on search results for H →

µ+µ− [61], combined with previous measurements performed in 2016 [60]. All

measured values are consistent with the SM prediction depicted in the dashed line.

Diagram taken from Ref. [61].
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Another example of the measurement of top quark Yukawa coupling is the

measurement based on kinematic distributions of the tt̄ production [62]. It has

been shown in Ref. [62] that corrections from electroweak terms in sub-leading

order corrections introduce diagrams with loops including neutral vector and scalar

bosons (including Higgs bosons). Therefore, a large Yukawa coupling value can

alter the kinematic distributions of the invariant mass of the top quark pair, Mtt̄, and

the difference in rapidity of the two top quarks, ∆ytt̄.

The measurement is performed on the distribution of two proxy variables:

Mbb##, which is an invariant mass of two bottom quarks and two leptons, and

|∆yb#b#|. An electroweak correction rate modifier is introduced to modify the yields

of each bin of the distribution for these two proxy variables. For each region in the

kinematics distribution, the modifiers are observed to have quadratic behaviour to

the top Yukawa coupling value. With these modifiers, the best fit of the Yukawa

coupling value ratio, as shown in Figure 1.5, is derived to be

Yt = 1.16+0.24
−0.35 (1.108)

where Yt = yt/ySM
t , which is the ratio between the measured value of top Yukawa

coupling versus the SM value. If SM is correct, the ratio must be exactly 1. This

measurement of the Yukawa coupling differs from the one presented in Ref. [61]

since this measurement takes into account changes in kinematic distributions, not

only the cross section and branching ratio of the decay.

1.8 Four-top quark production
Four-top quark (tt̄tt̄) production is, as its name suggests, the production

mechanism giving four top quarks, or to be more precise, two pairs of

top-antitop quarks. Figure 1.6 shows leading-order diagrams of this production.

The most recent calculation for the four-top quark production cross section,
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Figure 1.5: Negative log likelihood scan for Yt, based on the electroweak corrections

in kinematic distributions of tt̄ production. The most probable value obtained from

this fit is Yt = 1.16+0.24
−0.35 [62].

at next-to-leading-logarithmic (NLL’) accuracy, is 13.4+1.0
−1.8 fb at 13 TeV

centre-of-mass energy [63]. In this thesis, however, the cross section value

calculated at next-to-leading-order (NLO) with electroweak corrections, which is

12.0+2.2
−2.5 fb at 13 TeV centre-of-mass energy [64], will be used as it is the main cross

section value used in all analyses mentioned in this thesis. However, the difference

in theoretical cross section values assumed for four-top quark production would

only be important when comparing signal strength measurements to other reported

results. The cross section on the other hand is measured and reported in fb, thus

should not be affected by the change in cross section assumption.

As seen from Figure 1.6, the four-top quark production already has tt̄H vertex

involved at the leading order. The cross section of the four top quark production

can be affected by the production induced with Higgs bosons and interaction terms
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Figure 1.6: Leading order Feynman diagrams for four-top quark production. Notice

that the third diagram has tt̄H vertices involved. Diagrams derived from Ref. [1]

and Ref. [65].

between Higgs-induced production versus gluon/Z/photon-induced production. It

is also proportional to the fourth power of the top quark Yukawa coupling where [66]

σ(tt̄tt̄) = σSM(tt̄tt̄)g+Z/γ + κ2tσ
SM(tt̄tt̄)int + κ4tσ

SM(tt̄tt̄)H (1.109)

where σSM(tt̄tt̄)g+Z/γ , σSM(tt̄tt̄)H , and σSM(tt̄tt̄)int are cross sections calculated from

tt̄tt̄ diagrams with gluon/Z/photon-induced production, with Higgs production, and

interaction terms between two types of productions, and κt ≡ yt/ySM
t . For 13 TeV

centre-of-mass energy, the calculation at the leading order cross section yields the

following [66]:

σSM(tt̄tt̄)g+Z/γ = 9.997 fb (1.110)

σSM(tt̄tt̄)H = 1.168 fb (1.111)

σSM(tt̄tt̄)int = −1.547 fb . (1.112)

Several final states can be categorised based on the leptons present in each

event. The common categorisation of these final states is as follows:

• Single-lepton (SL) final state, containing either one electron or one muon
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• Opposite-sign dilepton (OSDL) final state, containing two leptons (two

electrons, two muons, or an electron and a muon), both having opposite

electric charges

• Same-sign dilepton (SSDL) final state, containing two leptons (two electrons,

two muons, or an electron and a muon), both having the same electric charges

• Multilepton (ML) final state, containing at least three leptons (electrons or

muons)

• All-hadronic final state, containing no leptons

The main goal of searching this particle production is twofold. First, it can

serve as a test for a prediction of the cross-section made based on SM [64]. Second,

it can also serve as a test for several Beyond Standard Model (BSM) theories,

which propose changes to the four-top quark production cross section by adding

diagrams with extra interactions [67]. Examples of these BSM theories are top

quark compositeness [68], extra mediator particle X in tt̄+X, which subsequently

decays into another pair of top quarks [69], and scalar gluon pair production [70].

1.8.1 Recent searches of four-top quark production from
the ATLAS and CMS Experiments

Numerous searches for four-top quark production have been performed both in the

ATLAS and CMS Experiments. The summary of search results by the ATLAS and

CMS experiments since 2012 is shown in Tables 1.4, 1.5 and 1.6. As seen from

all four tables, the search result for four-top quark production has improved over

time, largely due to larger integrated luminosity L accumulated, the combination of

several final states together, better reconstruction techniques, and the use of Machine

Learning. These improvements are made to tackle the challenge posed by the search
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Table 1.4: Cross section upper limit for four-top quark production searches by the

CMS and ATLAS Collaborations, using data collected in 2012-2016. All results

reported in this table do not have observed and expected cross section measurements

reported.

Expected Observed√
s L Final state upper limit upper limit

CMS Collaboration
8 TeV 19.6 fb−1 SL 32± 17 fb 32 fb [71]
13 TeV 2.3 fb−1 SSDL 102+57

−35 fb 119 fb [72]
13 TeV 2.6 fb−1 SL+OSDL 118+76

−41 fb 94 fb [73]
13 TeV 2.6 fb−1 SL+OSDL

+ 2.3 fb−1 + SSDL 71+38
−24 fb 69 fb [73]

ATLAS Collaboration
13 TeV 36.1 fb−1 SL 84 fb 60 fb [74]
13 TeV 36.1 fb−1 SSDL+ML 29 fb 69 fb [75]

Table 1.5: Cross section measurement for four-top quark production searches by the

CMS Collaboration, using data collected in 2016-2018. The SSDL+ML analysis in

the last row uses an outdated Run 2 integrated luminosity of 137 fb−1, compared to

the latest calculation of Run 2 integrated luminosity of 138 fb−1 [76; 77; 78].

Observed Cross√
s L Final state significance section (fb)

CMS Collaboration
13 TeV 35.9 fb−1 SSDL+ML 1.6 16.9+13.8

−11.4 [79]
13 TeV 35.8 fb−1 SL+OSDL 0 0+20 [1]
13 TeV 35.8 fb−1 SL+OSDL

+ 35.9 fb−1 + SSDL+ML 1.4 13+11
−9 [1]

13 TeV 137 fb−1 SSDL+ML 2.6 12.6+5.8
−5.2 [65]

for production, which will be further discussed in Section 1.8.2. Tables 1.4 and 1.5

also contain several results from Ref. [1] and Ref. [65].

The first search results for four-top quark production led by the CMS and

ATLAS Collaborations, based on early Run 2 data, only yield cross-section upper

limits. This is due to low statistics given by the limited amount of data collected.

As more data have been collected from the detector, along with more sophisticated
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Table 1.6: Cross section measurement for four-top quark production searches by the

ATLAS Collaboration, using data collected in 2016-2018.

Observed Cross√
s L Final state significance section (σtt̄tt̄SM)

ATLAS Collaboration
13 TeV 36.1 fb−1 SL+OSDL 1.6 1.7+1.9

−1.7 [80]
13 TeV 36.1 fb−1 SL+OSDL

36.1 fb−1 + SSDL+ML 2.8 3.1+1.3
−1.2 [80]

13 TeV 139 fb−1 SSDL+ML 4.3 2.0+0.8
−0.6 [81]

13 TeV 139 fb−1 SL+OSDL 1.9 2.2+1.6
−1.2 [82]

13 TeV 139 fb−1 SL+OSDL
139 fb−1 + SSDL+ML 4.3 2.0+0.8

−0.6 [82]

analysis techniques and a combination of results from different final states, the

search significance for this production greatly improves over time, approaching

closer to 3 standard deviations. In the High Energy Physics community, the search

significance of 3 standard deviations is considered as the evidence, corresponding to

a probability10 of the result being a statistical fluctuation of 1 in 740. If the search

result achieves a search significance of 5 standard deviations, it is considered an

observation, with a probability of the result being a statistical fluctuation of 1 in 3.5

million. More details on search significance can be found in Section 5.2.2.

To measure the effectiveness of the analysis technique employed, an expected

significance is calculated, based on the distribution dictated by Monte-Carlo

samples with an assumption that the distribution contains an amount of signal

events predicted by the SM. This can be done by using Asimov datasets [3], which

is essentially the distribution populated by Monte-Carlo samples. The observed

significance, however, is calculated from the data collected from the detector and

may be vastly different from the expected significance. Further details shall be

discussed in Chapter 5.

10Calculated from an upper-tail p-value [3]. See Section 5.2.2 for more details.
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Since the new search result for four-top quark production, which will be

presented in this thesis, contains 2016 analysis on opposite-sign dilepton (OSDL)

final state and Run 2 analysis on same-sign dilepton (SSDL) and multilepton

(ML) final states, an in-depth review of both analyses will be discussed in

Sections 4.2.1 and 4.2.2 respectively. Section 4.2.1 also discusses the 2016 analysis

on the single-lepton (SL) final state, to which the author of this thesis has made

contributions.

During the preparation of this thesis, two new search results from both the

CMS and ATLAS Collaborations on same-sign dilepton and multilepton have

been announced [83; 84], with the observed search significance of 5.6 and 6.1

standard deviations respectively. These search significance values equate to the

probability where the results are statistical fluke at 1 in 93 million and 1 in 1.9

billion respectively.

1.8.2 Challenges to the search for four top quarks

There are two main challenges to the search for four-top quark production. Due

to a very low cross-section of 12 fb at centre-of-mass energy (√s) of 13 TeV,

calculated at NLO with EW corrections [64], the four-top quark production suffers

from a dominant background by top-antitop quark (tt̄) production, where its cross

section is 834 pb [85], roughly 70 000 times larger than the cross-section of

four-top quark production. Furthermore, given a low cross-section of 12 fb, the

total expected number of four-top quark production events (on average) with an

integrated luminosity of 138 fb−1 (equivalent to data collected by the CMS detector

during 2016-2018) is only 12 × 138 = 1656 events. This low number of events is

not the absolute number of events that will be included for analysis, since collision

events are subject to selection efficiencies, branching ratios, and acceptance for final

states included in the analysis. These factors, especially the selection efficiencies
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which are at a few per cent at best, cause the final number of events that is included

in the analysis to be merely in the order of tens of events only. Therefore, large

statistical uncertainties will affect the search sensitivity.

Large systematic uncertainties may also cause difficulties in the search.

Recent searches performed by the CMS Collaboration [1; 65] reported that the

uncertainty in tt̄ + heavy flavour normalisation has the largest impact on the

cross-section measurement. This uncertainty type is caused by the normalisation of

events containing tt̄ production associated with bottom quarks, or tt̄ + bb̄, which is

measured with uncertainty in Ref. [86]. From the theoretical standpoint, the tt̄+ bb̄

production is difficult to model, since the b jet can be produced at very different

energy scales in association with tt̄ pair production, and can have its accuracy

improved via perturbative QCD calculations [87].

Furthermore, a search in SSDL+ML final state also reported [65] that jet

energy scale (JES) uncertainty has the second largest impact on the cross-section

measurement. This type of uncertainty is caused by the uncertainties during jet

energy corrections in the detector [88].

Figure 1.7 shows the distribution of BDT output from four-top quark

production against several background processes. As seen from the figure,

uncertainties compared to the number of predicted events are high.

On the other hand, recent searches performed by the ATLAS

Collaboration [81; 82] reported that the uncertainty in the four-top quark

production cross section and modelling caused the largest impact on its cross

section measurement itself. This is followed by the modelling of events with tt̄+W

and extra jets in the SSDL+ML final state [81], and the modelling of the tt̄ + bb̄

process and tt̄ with an extra charm quark in the SL+OSDL final state [82].
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Figure 1.7: BDT output distributions of four-top quark production compared with

background processes (tt̄, single-top production, electroweak, tt̄ with Higgs or

Z boson, tt̄ + W , and tt̄ with two vector bosons (WW, WZ, or ZZ), from the

single-lepton final state with muons (upper panel) and electrons (lower panel), and

10 or more jets [1]. BDT bins are arranged to have an equal amount of background

events in each bin. Notice a large amount of postfit uncertainty in the 10-jet, 4+

b-jets category (rightmost section).
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1.8.3 Yukawa coupling measurement based on four-top
quark production

The measured four-top quark cross section can be further used in the top quark

Yukawa coupling (yt) measurement. Based on the search result of the production

performed in same-sign dilepton and multilepton (SSDL&ML) final state over Run

2 data of 138 fb−1, reported in Ref. [65], the value of yt is constrained. Figure 1.8

illustrates the measurement made by the CMS Collaboration. In this measurement,

the observed four-top quark cross section and its upper limit are calculated with

different values of yt and then compared with the predicted values. Based on the

comparison between the cross section upper limit and the predicted cross section

values, the upper limit of yt is, at a 95% confidence level,
∣∣∣∣
yt
ySM
t

∣∣∣∣ < 1.7± 0.3 (1.113)

1.8.4 BSM interpretations based on four-top quark
production

In addition to searches for the four-top quark production, the search results can

also be used for interpretations based on Beyond Standard Model (BSM) theories.

Several interpretations have been made in results from both CMS and ATLAS.

This section, however, will only discuss measurements of Wilson coefficients in

Effective Field Theory (EFT).

The EFT framework was first introduced in 1986 by Buchmüller and Wyler

as “an extension to Standard Model Lagrangian, assuming extra terms in the order

of intermediate-mass scale Λ” [89]. The extension is in the form of extra terms for

SM Lagrangian in a similar fashion to the Taylor series expansion.

Leffective = LSM +
1

Λ

∑

k

C(5)
k O(5)

k ++
1

Λ2

∑

k

C(6)
k O(6)

k + · · · (1.114)
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Figure 1.8: Observed four-top quark cross section and its upper limit, based on

Ref. [65], compared to predicted values with top quark Yukawa coupling varied.

The upper limit is obtained by comparing the observed upper limit (hashed line)

against the predicted cross section (shaded band around the dashed line).

However, the expansion shown in the equation above is valid at low energy up to the

order of Λ [89]. The extension consists of two parts, the operator O(n)
k and its Wilson

coefficients C(n)
k . Based on this framework, if SM is perfect, all Wilson coefficients

will be zero, and the Lagrangian will simply collapse into SM Lagrangian.

Based on the four-top quark cross-section upper limit in single-lepton,

opposite-sign dilepton, same-sign dilepton, and multilepton final states combined,

the CMS Collaboration measured the Wilson coefficients of only four operators as
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follows [1]:

O1
tt = (t̄Rγ

µtR) (t̄RγµtR) (1.115)

O1
QQ =

(
Q̄Lγ

µQL
) (

Q̄LγµQL
)

(1.116)

O1
Qt =

(
Q̄Lγ

µQL
)
(t̄RγµtR) (1.117)

O8
Qt =

(
Q̄Lγ

µTAQL
) (

t̄RγµT
AtR

)
. (1.118)

Since the operators are added directly to SM Lagrangian, the cross-section for

four-top quark production can be altered by Wilson coefficients, and this analysis

uses the altered cross section to constrain the values of each Wilson coefficient.

On the other hand, the ATLAS Collaboration has set an upper limit of

one Wilson coefficient from the search for four-top quark production [80], but

the procedure is different from the CMS Collaboration. In this analysis, event

samples for four-top quark production with a modified Wilson coefficient for

the four-fermion interaction operator, |C4t|/Λ2 = 4π TeV−2, are generated and

considered as an extra signal process. The observed cross-section upper limit

is then calculated with the extra signal process. Based on the combination

of SL+OSDL+SSDL+ML final states, the observed upper limit of the Wilson

coefficient |C4t| is calculated to be |C4t|/Λ2 < 1.9 TeV−2.



Chapter 2

THE COMPACT MUON SOLENOID
DETECTOR

The Compact Muon Solenoid (CMS) detector is a general-purpose particle

detector situated along the Large Hadron Collider, along with three other main

particle detectors: ATLAS [90], ALICE [91], and LHCb [92], as well as other

smaller particle detectors installed along the beamline. Its purpose is to study the

widest range of physics possible, including the discovery of the Higgs boson in

2012 [39] along with ATLAS [38]. Although the purposes of the CMS detector

are mostly identical to ATLAS, the designs used in both detectors are different, and

physics results between CMS and ATLAS Collaborations are sometimes combined

for better precision.

The CMS detector has undergone several upgrades since its first technical

proposal was released in 1994 [93]. In this thesis, the design and specifications

of the detector used during the data-taking of Run 2 in CMS, spanning from

2015-2018, shall be discussed.

2.1 The Large Hadron Collider
The Large Hadron Collider (LHC) is a circular particle accelerator with a

circumference of 27 km. It usually accelerates two beams of protons1, each with

1.2×1011 and collide with each other at the centre-of-mass energy of 13 TeV. During

1LHC also accelerates beams of heavy lead ions, which are used for heavy-ion studies
in the ALICE detector [91], the ATLAS detector, and the CMS detector. The LHC also
accelerates ions of other elements such as Xenon [94]. Such studies will not be discussed
here.
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Figure 2.1: The CERN accelerator complex, depicting LINAC, Booster, PS, SPS,

and LHC, along with other experiments at CERN [97].

the Run 2 data-taking campaign, the peak instantaneous luminosity achieved by the

LHC of 2.0 × 10−34 cm−2 s−1 [95], which is twice the initial goal set in 2004 [96].

The main component of the LHC accelerator is the superconducting dipole

magnets, providing a magnetic field of 8 T to steer the proton beams along

the circular path. The magnets operate at an extremely low temperature of

1.9 K to maintain the superconducting properties of Niobium Titanium (Nb-Ti)

cables [95; 96]. However, the LHC will not accelerate particles from scratch,

but rather receive particles from an existing accelerator complex, starting from

Linear Accelerator (LINAC), Booster, Proton Synchroton (PS), and Super Proton

Synchroton (SPS) [96], as shown in Figure 2.1.



56

2.2 The overall design of the CMS detector
The CMS detector is a general-purpose particle detector that is designed to detect

as many types of particles as possible, unlike more specialised detectors, such as

the LHCb detector, that focus on highly-forwarded particles, or particles that travel

near the beamline. As such, the detector consists of several layers of particle

detectors, covering the pseudorapidity area of |η| ≤ 2.4, and a superconducting

magnet, necessary for charged particle momentum measurements.

As documented in the original CMS technical proposal in 1994 [93], the

design goal for CMS is to have “a very good and redundant muon system”, “the

best possible electromagnetic calorimeter” consistent with the muon system, “a

high quality central tracking” for the muon system and electromagnetic calorimeter

, and “a financially affordable detector”. These design ethos are focused on the

muon system, which is different from ATLAS’s design goal where, as stated in its

technical design report in 1994 [98], they are focused on “very good electromagnetic

calorimetry” and “stand-alone, precision, muon-momentum measurements up to

the highest luminosity”. Over time, the design of the CMS detector changed,

with improvements in detector components to accommodate higher luminosities

delivered by the LHC.

Figure 2.2 shows a transverse slice of the CMS detector with several

components. Starting from the collision point at the centre of the detector (or

the leftmost point of the figure), the components are trackers, electromagnetic
calorimeter (ECAL), hadronic calorimeter (HCAL), superconducting
solenoid, and Muon chamber. Different types of particles, which are muons,

electrons, photons, and hadrons (both charged and neutral), leave energy residues

in different layers of the detector, which can be reconstructed into different types of

particles during physics analyses. Neutrinos and many exotic particles do not leave
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Figure 2.2: A transverse slice of the CMS detector as of 2008, showing several

components and energy residues caused by several types of particles passing through

them [99].

traces in the detector2 and result in missing transverse energy for each collision

event [101].

2.3 Superconducting solenoid
The superconducting solenoid provides a magnetic field of 3.8 T (4 T at

ideal conditions) within the cavity with a diameter of 6 m and a length of

12.5 m. To maintain a strong amount of magnetic field, niobium-titanium (NbTi)

superconducting wires are used to conduct 19.14 kA of electrical current. To

2One exception for exotic particles is heavy stable charged particles, which leave a
signature in the form of a particle with high momentum and a large rate of energy loss
through ionization. The CMS Collaboration has performed a search for this type of exotic
particle by using the information from trackers and muon chambers [100].
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maintain low temperatures within the superconducting wires, the vacuum system

and cryogenic plant are also installed to maintain vacuum and temperature in the

solenoid [101].

2.4 Silicon trackers
Silicon trackers are the innermost component of most LHC detectors, which are

designed to track charged particles right after the collision. The CMS tracker has

two main components, which are a pixel detector and a silicon strip tracker [101].

The pixel detector contains four barrel layers and three forward disks per side, with

the innermost barrel layer 2.9 cm away from the interaction point [102; 103]. As

it is closest to the interaction region, they have a small pixel size of 100 × 150

µm2 [101].

Silicon strip trackers are made of microstrip sensors and located further away

from the collision point [101], with ten barrel layers (four inner layers plus six outer

layers) and twelve forward disks (three inner disks plus nine outer disks) on each

side of the detector [104].

2.5 Electromagnetic calorimeter (ECAL)
Electromagnetic calorimeters (ECAL) are the next component outside of the Silicon

Trackers, consisting of 61 200 lead tungstate (PbWO4) crystals arranged in the

barrel part, and 7324 crystals arranged at each endcap [101]. They are designed to

detect high-energy photons and electrons by detecting scintillating light caused by

the particles within the crystal3, using avalanche photodiodes (APDs) and vacuum

phototriodes (VPTs). To help reject neutral pions, a special component named the

3A scintillator, such as PbWO4 crystals, converts high-energy photons and charged
particles into ultraviolet or visible light [106].
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Figure 2.3: CMS Pixel Tracker schematics comparison between the configuration

used since 2009 (labelled “current” in this diagram) and the configuration since 2017

(labelled “upgrade” in this diagram) configurations [103]. The 2017 configuration

of the tracker in this diagram is used in the Run 2 data-taking period.

Figure 2.4: CMS Silicon Strip Tracker Schematics on a longitudinal plane, showing

a quarter of the whole Strip Tracker system [105].
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preshower detector is added before the endcap component of ECAL. ECAL has a

coverage of up to |η| < 3.0 [101].

2.6 Hadronic calorimeter (HCAL)
The hadronic calorimeter (HCAL) immediately follows the ECAL, detecting both

charged and neutral hadrons, with a coverage of |η| < 3. The calorimeter contains a

combination of brass absorber plates and scintillators. Unlike silicon trackers and

ECAL, which are located entirely inside the superconducting solenoid, HCAL also

has an outer component outside of the solenoid to ensure that all hadron showers are

contained within HCAL. Furthermore, an additional set of forward HCAL detectors

is placed 11.2 m from the interaction point, increasing the coverage up to |η| <

5.2 [101].

2.7 Muon chamber
Muon measurements in the CMS detector have been the most important theme since

the earliest designs of the detector, since they can lead to high discovery potential

of an array of physics in the Standard Model, such as Higgs boson decay into two Z

bosons, SUSY models, and so on. The current muon system present in the detector

identifies muons, measures momentum and provides triggers. The muon system

consists of three components, which are drift tubes (DT) located in the barrel region,

cathode strip chambers (CSC) in the endcap region, and resistive plate chambers

(RPC) located in both barrel and endcap regions [101].

To complement the CSC in the endcap region, gas electron multipliers (GEMs)

were first installed in 2017. This upgrade can maintain, under higher luminosity, or

even improve the forward muon triggering and reconstruction at regions of 1.6 <
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|η| < 2.2. They will be gradually implemented within the CMS detector, with the

plan to finalise the integration by the end of Long Shutdown 3 (LS3) in 2026 [107].

2.8 Trigger
The LHC provides proton bunches which are 25 ns apart. This means new collision

will take place within the CMS detector every 25 nanoseconds, resulting in a

maximum collision rate of 40 MHz. The detector cannot store a large amount

of collision data at this rate. Hence, the detector must decide which events are

interesting enough to save for physics analyses. To narrow down the amount

of data, two trigger systems are used in the detector. The Level-1 trigger trims

down the event rate to 100 kHz by utilising custom hardware [108], and the High

Level Trigger (HLT) trims the data rate further to 1000 Hz by performing particle

tracking and reconstruction using a normal computer CPU. Events passing the HLT

requirement will be further sent to the computing farm for further reconstruction

(with more accuracy) and analysis [109].

2.9 Reconstruction of events using Particle Flow
(PF) algorithm

Since physics analyses require information on physics objects in the collision event,

such as leptons, photons, and particle jets coming from quarks or gluons, they

must be reconstructed from raw data from all components of the detector. This

can be done using the Particle Flow algorithm [99], which has been first used

since the era of the Large Electron-Positron (LEP) collider [110]. Comparisons

between simulation and data recorded by the detector at √s = 8 TeV show excellent

agreement of the reconstruction of these physics objects. Subsequent upgrades to
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the detector and the algorithm itself should allow good performance for up to 200

pile-up interactions delivered by the LHC [99].

The reconstruction starts from the raw data from the detector, especially

from silicon trackers. The high-resolution tracker already available in CMS

provides momentum information of charged hadrons, which is essential to jet

reconstruction [99].

Tracks for charged hadrons are reconstructed using an iterative tracking

strategy, where particle tracks are reconstructed in the first iteration with very tight

criteria, and then reconstructed with loosened criteria in subsequent iterations. The

fake rate for charged particles with low hit count in the tracker, low pT and an origin

vertex far from the collision point is in the order of 1% [111].

Energy deposits detected in calorimeters are grouped into clusters. With

clustering, we can detect photons, neutral hadrons, electrons, and charged hadrons

separately, and improve energy measurement of charged hadrons in addition to track

reconstruction.

Charged-particle tracks, clusters in calorimeters, and muon tracks in muon

chambers need to be connected by a link algorithm to reconstruct particles. The

algorithm produces “blocks” of these elements (tracks and clusters) linked based

on the extrapolation of the track position.

The Particle Flow algorithm then takes this information to reconstruct

physics objects, starting from muons, electrons, photons, particle jets, and finally

missing transverse energy. First, tracks corresponding to particle-flow muons are

removed from the block of elements, and then a particle track and ECAL clusters

corresponding to particle-flow electrons are removed. After tracks associated

with electrons and muons are removed, the remaining tracks are identified as



63

particle-flow charged hadrons. If the energy deposit in the calorimeter cluster

is larger than the momentum associated with the charged particle, particle-flow

photons and neutral hadrons are reconstructed based on the excess energy in those

clusters. The remaining calorimeter clusters not associated with any remaining

tracks are treated as particle-flow photons and neutral hadrons. Finally, as collisions

in the CMS detector are head-on, the vector sum of the transverse momentum

of all particles must be zero. Thus, transverse missing energy is defined as the

complement of that vector sum [111].

From these particle-flow candidate particles, jets can be reconstructed using

anti-kT algorithm [112]. This jet clustering algorithm takes into account the

transverse momentum, rapidity, and azimuth angle of each particle, and clusters

them together based on the distance between each particle until no particles are left.

With this jet clustering algorithm, reconstructed particle jets can have a cone shape,

or partly conical if they are close together. The algorithm also requires the distance

parameter (radius parameter as in Ref. [112]) R, which determines how large the jet

cone can become. Usually, the value of R = 0.4 is used, and jets reconstructed with

this distance parameter are referred to as AK4 jets. In some cases, however, R = 0.8

can also be used to reconstruct larger jets to accommodate larger decay, such as top

quark decay at low pT , and are usually called AK8 jets or fat jets.

Jet energies are calibrated by correcting for energy caused by other

proton-proton collisions (also called pileup), the detector response to hadrons, and

the difference between data and MC simulations. Jet pT resolution, on the other

hand, is extracted from data and MC simulations [88].

As many analyses, especially in the top physics sector, rely on the information

on which jet originated from bottom quarks, a procedure named b tagging is crucial

to physics analyses. Many b-tagging algorithms are commonly used in several
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analyses. DeepJet [113], for example, is a b-tagging algorithm based on neural

networks, leveraging low-level features from as many jet constituents as possible.

2.10 Data Quality Monitoring (DQM)
and Data Certification (DC)

As with all scientific apparatus, components in the CMS detector may fail and will

sometimes be unable to detect particles. Failures in these components may cause the

recorded data to be unsuitable for physics analyses. Hence, monitoring the detector

during the data taking (also called online operations) is critical to keeping the

recorded data to be of high quality. Furthermore, certification of the recorded data

after the data taking (also called offline operations) is also crucial to determining

which sets of recorded data are suitable for physics analyses.

For this purpose, the Data Quality Monitoring (DQM) and Data Certification

(DC) workflows within the CMS Collaboration monitor the quality of raw data

during online operations, as well as certify the data during offline operations.

During a typical online operation, a small portion of the data is sent to the online

DQM backend computers, which is then passed onto the DQM GUI4, which is a

web application displaying important histograms derived from that small portion

of the data. Human DQM shifters will inspect the histograms, and notify detector

experts if they detect anomalies within the histograms.

Due to the large amount of data recorded from the detector, DQM shifters

and subsystem experts must certify the data on a run-by-run basis, which means

they must certify a set of data known as a run recorded during stable conditions

as a whole. A run can be as short as 30 minutes or as long as 8 hours or more,

4Graphical User Interface
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Figure 2.5: Cumulative integrated luminosity for proton-proton collisions during

2016-2018, showing the amount of data delivered by LHC, recorded by CMS, and

certified for physics [114].

which is usually made by turning the detector on during the whole night. Figure 2.5

illustrates the amount of data delivered by the LHC, recorded by CMS, and certified

for physics analyses, which shows high efficiency in retaining quality data by the

whole collaboration. However, the Run 3 data-taking campaign, which started

in 2022, and High-Luminosity LHC (HL-LHC) upgrades are challenging to both

workflows in terms of a larger amount of data to monitor and certify [5].

2.10.1 Machine Learning applications for DQM

The current workflow certifying data on a run-by-run basis imposes two problems.

Since one run of the data can be split into smaller portions called lumi sections,
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some detector problems may surface in a small portion of the run, which may not

be detectable if it is certified run-wide. Furthermore, with a large amount of data

that needs to be certified by humans, errors may arise due to human fatigue [5].

To alleviate the issues caused by the current human-based workflow on a

run-by-run basis, machine learning techniques have been explored to assist DQM

shifters and subsystem experts in certifying the data. With these improvements, the

data can be certified with higher granularity, down to a single lumi section, and

the repetitive part of workloads to human shifters and experts can be offloaded to

machines.

Figure 2.6 shows an example implementation using residual networks [4] to

detect anomalies in the silicon pixel tracker. The figure presents a reconstruction

of occupancy plots in pixel barrel layer 1 using residual networks, which is a class

of neural networks, from three lumi sections of run 297100. The first and third

lumi sections show good reconstruction of the occupancy plots, which means the

pixel tracker was operating normally. However, the second lumi section depicted

in the figure shows reconstruction failure, as shown in the mean squared error loss

function in the third column, signifying an anomaly during the lumi section.

Furthermore, there is currently a development effort for a framework that

consolidates detector data for machine learning training, as well as automates

machine learning models and provides reports on the model’s performance after

the training [5].

2.11 Monte Carlo simulation
So far, the complete chain of the data from colliding particles inside the detector

to physics analyses start from the particle accelerator (LHC), particle detector



67

Figure 2.6: Reconstruction of occupancy plots from pixel barrel layer 1 using

residual networks [4], a class of neural networks. Notice the reconstruction failure

in the middle row (run 297100, lumi section 230), which can be classified as an

anomaly in the silicon pixel tracker. The top and bottom row represents lumi sections

229 and 233 with good reconstruction from the model, which can be classified as

normal operations in the tracker [5; 115].
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(CMS), event reconstruction (using Particle Flow algorithm), and physics analyses

(using data analysis framework such as ROOT [116]). However, according

to quantum mechanics, identical particles coming out of a collision cannot be

distinguished [117]. Therefore, we may not be able to understand what kind of

physics interactions happen inside the particle detector due to this limitation.

To design new analysis strategies and estimate performance for certain physics

scenarios, we perform Monte Carlo-based simulations to study the signals of certain

physics processes, such as tt̄tt̄ versus tt̄ production, by using a set of programs

working on different parts of the data chain. They are [118]:

• Event generators, designed to generate hard scattering processes based on

the given production physics. Famous general-purpose event generators

are Python-based MADGRAPH5_aMC@NLO [119], PYTHIA 8 [120], and

HERWIG [121]. However, there are many more programs for specific scenarios

available as extensions to general-purpose event generators [118].

• Detector simulator, designed to simulate the detector response once particles

leave the collision into different parts of detector materials. The gold standard

used in several experiments is GEANT4 [122], which is widely used in different

particle detectors, such as CMS, ATLAS, or even Jiangmen Underground

Neutrino Observatory (JUNO), located just outside of Jiangmen, China [123],

and many more.

The event reconstruction algorithm and data analysis framework are designed

to be the same as in the data chain. Furthermore, fast simulation programs, such as

Delphes [124] and CMS Collaboration’s FASTSIM [125] can perform fast detector

simulation and physics object reconstruction with less accuracy.
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Since event generators are built based on limited modelling principles to

reduce complexity and increase the speed of event generation, they may provide

inaccuracies compared to actual data from the detector. Several comparisons

between different event generators and data are usually made, and small correction

factors must be included to match predictions provided by event generators to data at

sub-percent agreement. For example, b-tagging algorithms have different efficiency

measured between Monte Carlo samples and data. Scale factors for b-tagging

algorithms are calculated to calibrate the efficiency of the simulation to match the

efficiency from data [126].



Chapter 3

INTRODUCTION TO MACHINE LEARNING
AND NEURAL NETWORKS

Machine learning has been widely used in many aspects to identify patterns

among huge amounts of data. It has a very diverse set of applications, ranging

from simple discrimination and value prediction to more complex use cases such as

data generation and anomaly detection. As the work in this thesis has connections

to Machine Learning techniques, especially on the measurement of top Yukawa

coupling based on four-top quark production, we need to understand the basic

concepts first. In this chapter, we will discuss briefly about Machine Learning and

neural networks, which are a very popular class of Machine Learning techniques.

3.1 What is Machine Learning?
In essence, Machine Learning is a technique that tries to find a model that gives a

target value based on its input data, much like a function that accepts inputs and

outputs either a single number, a vector, a matrix, or a tensor. The data can be in

any form, such as numbers in tables, text, and images. Machine Learning models

that give outputs as numbers are a subclass of ML models.

Mathematically speaking, given a collection of data {0xi} and a target value

{yi}, we need to find a model f (0x) that satisfies

f (0xi) = yi . (3.1)

The input data can have more than one variable, or feature, such as kinematic

information of leptons in each collision event. Thus, the input data that is inputted
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into the model is usually written in the form of vectors. The function f (0x) can be in

any form as long as it satisfies Equation 3.1, that is, it can explain the relationship

between input data 0xi and target output yi.

With this definition, we can apply it to solve various types of problems.

An example case is a classification of flower species, first proposed by Fisher in

1936 [127]. The input data, {0xi}, is a collection of four flower features, while

the output data is the flower species, namely Iris setosa, Iris versicolour, and Iris

virginica. The input data can be interpreted as a four-dimensional vector, whereas

the output target can be interpreted as a number or a three-dimensional vector, where

[1 0 0]T represents I. setosa, [0 1 0]T represents I. versicolour, and [0 0 1]T represents

I. virginica. Therefore, the goal of our Machine Learning model is to find a model

that translates a four-dimensional vector encoding sepal and petal length and width

into a three-dimensional vector encoding one of the three species of Iris flowers.

The original paper by Fisher also proposed a model which is very similar to a

linear model, where a vector of four flower features is multiplied by a 1× 4 matrix,

resulting in one discriminator value. The discriminator value is then evaluated

further using statistics. Note that, since the model we are trying to find can be in any

form, the model proposed by Fisher which uses a linear model and outputs a single

discriminator value can be called a Machine Learning model. On the other hand,

we can develop a neural network that accepts a vector of four flower features and

outputs a three-dimensional vector encoding the probability that a flower is one of

the three species, and the neural network can still be considered a Machine Learning

discriminator as well.

Two basic types of Machine Learning problems are usually considered:
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• Classification problems require the model to predict certain classes of entries,

such as the classification of flower species as described above.

• Regression problems require the model to predict the value of a variable, given

the information for each entry. An easy example of this type of problem is

linear regression, where the model is a straight line y = mx+ c, and the input

data is the data points to be fitted with the straight line using linear regression.

3.2 What are Boosted Decision Trees?
Boosted Decision Trees (BDTs) are very simple Machine Learning models based on

the idea of decision trees. Normally, one decision tree can be constructed based on

the training data to classify several classes of data. A decision tree contains decision

nodes based on a feature value that splits the dataset into smaller sets, or a terminal

node that decides which class the remaining dataset belongs, in the same fashion as

a Dichotomous key in Biology.

One decision tree can be considered as a weak classifier since it relies on

a series of linear cuts based on the input features. To increase the classification

power, an ensemble of decision trees can be combined into Boosted decision trees.

For boosted decision trees, the first tree is trained on a training dataset, and then

subsequent trees are trained based on the training data that is misclassified by prior

trees (the second tree trains on the data misclassified by the first tree, the third tree

trains on the data misclassified by the first two trees, and so on) [128].

With its simplicity, BDTs are used in several physics analyses involving the

classification of collision events from signal and background processes, such as the

discovery of the Higgs boson in CMS detector [39] and several searches for four top

quark production, which will be introduced in Chapter 4.
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3.3 What are neural networks?
Neural networks are a class of Machine Learning that is inspired by the inner

workings of human brains. They have been developed and successfully applied

to several types of problems, ranging from classification and regression to data

generation, anomaly detection, and beyond. There are now several classes of

neural networks being developed, such as shallow neural networks, deep neural

networks, convolutional neural networks [129], graph neural networks [130],

residual networks [4], and recurrent neural networks [131], and so on. Furthermore,

new classes of neural networks are under active development, and numerous

scientists are trying to understand how and why neural networks can explain the

results with such a good performance.

Neural networks have the flexibility for a myriad of applications, such

as the estimation of BDT output distribution in a data-driven approach using

neural autoregressive flows [132], which will be discussed in Section 4.5.1,

or autoencoders based on residual networks used in Data Quality Monitoring

workflows, as discussed in Section 2.10.1 [5]. It can also be constructed to

distinguish between collision events originating from SM versus non-SM cases,

which will be discussed further in Chapter 6.

In this thesis, we shall discuss the most basic type of neural network, which

sometimes can be called feed-forward neural network in some old literature.

Complex networks, such as convolutional neural networks, graph neural networks,

residual networks, and recurrent neural networks are beyond the scope of this thesis.

3.3.1 Perceptrons

The most fundamental principle of neural networks is a neuron. In Biology, a

neuron contains two unique structures, dendrites and axons. Dendrites receive
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electrical signals from other neurons, and axons send electrical signals towards

other neurons [133]. If an input towards a neuron is strong enough, the neuron

will emit its signal towards other neurons. The neuron will emit a full output signal

if and only if an input passes its threshold. This relationship can also be called

“all-or-nothing” [134].

In 1958, Rosenblatt proposed a mathematical model that mimics the neurons

called a perceptron. In essence, it is a function that accepts inputs x1, x2, . . . , xn and

emits output in a piecewise fashion as follows:

f(x1, x2, . . . , xn) =






1 if ∑iwixi + b > 0

0 otherwise.
(3.2)

This model employs the idea of a neuron accepting multiple input channels and the

“all or nothing” relationship of the neuron as described earlier. It also contains two

types of parameters: weights wi and bias b. These two sets of parameters dictate

how a perceptron gives its output given a set of inputs. One can connect these

perceptrons and form layers upon layers of perceptrons connecting, resulting in a

larger network of perceptrons.

3.3.2 Neurons

Due to the piecewise nature of perceptrons, it is possible that tuning a parameter

of one perceptron, be it a weight or a bias, can result in a drastic change of the

perceptron output from 1 to 0 and vice versa. To avoid this, the perceptron model

can be changed into something more differentiable. Hence, we arrive at a revised

version of the perceptron model as

f(x1, x2, . . . , xn) = F

(
∑

i

wixi + b

)
(3.3)

where F (x) is called an activation function. Activation functions can be in any form,

such as sigmoid, hyperbolic tangent (tanh), Rectified Learning Unit (ReLU), and its
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variations as follows:

sigmoid(x) =
1

1 + exp(−x)
(3.4)

tanhx =
exp(x)− exp(−x)

exp(x) + exp(−x)
(3.5)

ReLU(x) =






x if x ≥ 0

0 otherwise
(3.6)

SELU(x) =






λx if x ≥ 0

λα(ex − 1) otherwise
(3.7)

LeakyReLU(x) =






x if x ≥ 0

αx otherwise.
(3.8)

Figure 3.1 shows the shape of sigmoid (Equation 3.4) and tanh (Equation 3.5),

while Figure 3.2 shows the shape of ReLU (Equation 3.6), scaled exponential

linear units (SELU, Equation 3.7), and leaky rectified linear units (LeakyReLU,

Equation 3.8).

The designs of scaled exponential linear units (SELU, Equation 3.7) [135]

and leaky rectified linear units (LeakyReLU, Equation 3.8) can fix the vanishing

gradient problem.

A perceptron model, as stated in Equation 3.2, can be rewritten as an activation

function as follows:

F (x) =






1 if x > 0

0 otherwise.
(3.9)

However, due to the piecewise nature of a perceptron function, it is not usually used

as an activation function. In a modern sense, our “revised perceptron model” in

Equation 3.3 is usually called a neuron. Like a perceptron model, neurons can be

connected in the form of layers upon layers, forming a neural network.



76

Figure 3.1: Sigmoid (Equation 3.4) and tanh (Equation 3.5) activation functions for

−5 < x < 5.

3.3.3 Constructing neural networks from neurons

As explained in a previous section, we can construct several neurons in the form of

layers upon layers. Since each neuron accepts a set of inputs and gives an output,

we can combine a set of neurons, each containing its own set of weights and biases,

into a layer of neurons as follows:

fi(x1, x2, . . . , xn) = F (wi1x1 + wi2x2 + · · ·+ winxn + bi)

= F




∑

j

wijxj + bi





where i denotes the ith neuron in the layer. Since one neuron can output one

number, an output from a set of m neurons can be arranged as an m-dimensional

vector. Furthermore, given n inputs to the neuron layer, the input of neurons can be

interpreted as a vector of n dimensions. Hence, the weights of all neurons in the layer
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Figure 3.2: Rectified learning unit (ReLU, Equation 3.6), scaled exponential

linear units (SELU, Equation 3.7), and leaky rectified linear units (LeakyReLU,

Equation 3.8) activation functions for −1 < x < 1, with λ = 1, α = 0.3 for SELU,

and α = 0.1 for LeakyReLU. Since λ = 1 for SELU, all three functions have the

same output in the x > 0 region.

can be interpreted as a matrix of m × n dimensions, and the biases of all neurons

can be interpreted as a vector of m dimensions as well. With this matrix-based

interpretation, we can interpret it as follows:

f (0x) = F
(
W0x+0b

)
. (3.10)

With this construction of neuron layers, we can stack together several neuron

layers into one neural network by passing the output of one neuron layer as the input

of the next neuron layer. By stacking several neuron layers, the output from each
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layer will be in the form of vectors of the same dimension as the number of neurons

in that layer. The result of the neural network constructed this way will be a vector

with its dimension equal to the number of neurons in the final neuron layer.

Based on this construction, neural networks can either output a scalar (with

one neuron in the final layer) or a vector (with two or more neurons in the final

layer). Each neuron accepts one feature and passes on to the next layer, and a final

neuron layer that gives outputs is called an output layer, which may have one or

more neurons depending on its design. All intermediate layers between an input

layer and an output layer are called a hidden layer.

Since a layer of neurons can have more than one neuron at a time, an activation

function that normalises its outputs can also be used, such as the softmax activation

function,

softmax(xi) =
exp(xi)∑
j exp(xj)

(3.11)

where xi represents the value in ith neuron per layer. This activation function

guarantees that the sum of all outputs in the network will sum to one. It can be

used to convert the output into the probability for an entry to be assigned to one

class.

3.3.4 Another interpretation of neural networks via linear
models

A linear model is a model based on simple matrix manipulation. Given an input in

the form of n-dimensional vector 0x, a linear model takes the form of [136]

0y = W0x+0b

where W is an m × n matrix and 0b is a vector of m dimensions. The output of this

linear model, 0y, is a vector of m dimensions. An easy example is one-dimensional
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regression, where both 0x and 0y have one dimension. The equation above can be

simply reduced into y = mx+ c.

We can string together several linear models as follows,

0y1 = W10x+0b1

0y2 = W20y1 +0b2

...

0yn = Wn0yn−1 +0bn

where 0yi represents the output of ith linear model. With this construction, the output

of a linear model is passed on as an input of the next linear model. We can rewrite

0y2, 0y3, . . . , 0yn as

0y2 = W2

(
W10x+0b1

)
+0b2

0y3 = W3

(
W2

(
W10x+0b1

)
+0b2

)
+0b3

...

0yn = Wn

(
Wn−1

(
Wn−2

(
. . .W2

(
W10x+0b1

)
+0b2

)
+ · · ·+0bn−2

)
+0bn−1

)
+0bn

By introducing two new matrices, W ′ and 0b′, we can rewrite 0yn as

0yn = W ′0x+0b′

where

W ′ = WnWn−1 . . .W2W1

0b′ = WnWn−1 . . .W2
0b1 +WnWn−1 . . .W3

0b2 + · · ·+Wn
0bn−1 +0bn

=
n∑

i=1

WnWn−1 . . .Wi+1
0bi

This means we can collapse a string of linear models into one linear model, and

a string of linear models preserves linearity. This also means combining several
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linear models becomes useless since we can always rewrite a combination of linear

models into one.

To break this linearity, we can introduce a nonlinear function to be applied

to an output of every linear model, thereby breaking the linearity between linear

models, and our model cannot be collapsed into a single linear model [136]. This

means the input of the next linear model is the output of that nonlinear function

applied to the output of the previous linear model, not the output of the previous

linear model directly.

The introduction of a nonlinear function to an output of a linear model is

analogous to Equation 3.10. This construction of linear models with a nonlinear

function added is therefore analogous to a neural network, which has been

introduced earlier in this chapter.

3.4 How do neural networks learn?
Neural networks “learn” by adjusting their parameters, which are weights and

biases, to better predict outputs that match the goal value. The procedure where

the network adjusts itself to provide better predictions is called network training.

3.4.1 Training and validating dataset

As stated in Section 3.1, neural networks are designed to find a target value based on

its input data. This means it must be trained with the given dataset in the first place.

The network can be trained on the entire dataset given for the problem, but this

risks overtraining, where the network tends to “memorise” the target answer given

the input information, and not try to grasp the essential information appearing in

the dataset. This causes the network to be unable to predict accurately when new

input is given.
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An analogy to overtraining in neural networks is fitting data points with a

function containing too many parameters. Such functions would be able to perfectly

fit all the data points available but may fail at predicting the value of new data points.

To avoid overtraining, the dataset is usually split into training and testing

datasets. The training dataset is used to train the network and adjust weights

and biases in the network, while the testing dataset is solely used to evaluate the

performance of the network during the training. One may also split the dataset

further into the third dataset called the validating dataset, which can be used to

validate the network’s performance after the training. During the training, several

metrics can also be monitored using the training and testing datasets. If the metrics

from the testing dataset show poorer performance than the same metrics from the

training dataset, this means the network is overtrained.

3.4.2 Overtraining versus overfitting

Overtraining and overfitting are two different terms referring to the design and

training of neural networks. According to Tetko, Livingstone, and Luik [137],

overfitting refers to “exceeding some optimal ANN size”, while overtraining refers

to “the time of ANN training that may finally result in the worse predictive ability

of a network”, similar to the definition discussed in Section 3.4.1.

In 1995, Tetko, Livingstone, and Luik showed with several dataset

examples [137] that overfitting does not have “any influence on ANN predictive

ability”. This is shown via the indifference of the network performance when the

number of neurons in a hidden layer increases.

The fact that overfitting does not affect the predicting power of neural networks

is later affirmed by the work of Hornik, Stinchcombe, and White [138], which

claimed that neural networks can approximate “any measurable function to any
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desired degree of accuracy”, and thus neural networks are universal approximators

which can be used to model any function [136]. Therefore, suspicion of overfitting,

where the size of neural networks may be too large, is not a concern anymore. Sadly,

overtraining remains a problem in network training that needs to be dealt with,

which can be fixed in several ways, such as introducing dropouts and regularizers,

and avoiding vanishing gradients during the training.

3.4.3 One epoch of network training

During network training, the data in both training and testing datasets are used

repeatedly. An epoch of the network training means one loop of network training

using an entire set of training and testing datasets, and the procedure is as follows:

1. Break down the entire dataset into smaller batches of entries. Entries that go

into each batch are usually randomised in every epoch to make sure that the

data is drawn randomly from the dataset.

2. For each batch:

a) Calculate the output of all entries in the batch.

b) Calculate the loss mean based on the output of the network (predicted

value) against the target value corresponding to entries in the batch (truth

value). See Section 3.4.4 for more details on loss functions. Also,

calculate all necessary metrics based on predicted values against truth

values.

c) Calculate the gradient of the loss function value (obtained in the previous

step) against every weight and bias value in the network. This procedure

is called backpropagation. See Section 3.4.6.

d) Update the value of weights and biases with optimizers, based on the

gradient values obtained via backpropagation. See Section 3.4.7.
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3. After all batches of data are used, calculate all necessary metrics again, this

time using data from the testing dataset.

By separating the data into smaller batches during the training, the network gets

updated more frequently instead of being updated once when the whole dataset is

trained at once. If the batch size is large enough, the adjustments derived from the

batch can be a stochastic1 approximation for the whole dataset. This effect will be

later demonstrated later.

3.4.4 Loss function

An output from the loss function can be used as a metric to determine how

predictions of entries correspond to their true values. They are designed to be

differentiable and give lower output as the prediction and truth values get closer.

There are several types of loss functions, which can be used depending on

the task used to solve with neural networks. Here are some examples of loss

functions commonly used in neural networks. In these loss functions, p represents

the predicted value and q represents the truth value.

3.4.4.1 Mean squared error (MSE)

MSE(p, q) = (p− q)2 (3.12)

This loss function will output zero if both p and q are equal. This can be used in

both classification problems (which usually have outputs in the range of 0 to 1)

and regression problems (which may have arbitrary output values). However, the

gradient of this loss function becomes smaller when p approaches q, leading to a

vanishing gradient problem.
1According to the Oxford English Dictionary, “stochastic” means “Randomly

determined; that follows some random probability distribution or pattern, so that its
behaviour may be analysed statistically but not predicted precisely” [139].
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3.4.4.2 Mean absolute error (MAE)

MAE(p, q) = |p− q| (3.13)

This loss function has a constant gradient, except at p−q = 0, which has no gradient,

unlike the mean squared error loss function. As this loss function is differentiable

at all other points of p, this is not a problem until p is exactly equal to q. One

disadvantage of this loss function is that it has a constant gradient, which may cause

the descent to the optimal point with the least loss to be slower than MSE.

3.4.4.3 Binary cross-entropy

binary cross-entropy(p, q) = −q log(p)− (1− q) log(1− p) (3.14)

This loss function can only be used in classification problems since the function

would not otherwise work when p and q have a value beyond the range of 0 to 1.

Also, since it uses logarithms, many neural network libraries will have a cutoff for

values of p and 1− p to a certain value to ensure numerical stability.

3.4.4.4 Categorical cross-entropy

categorical cross-entropy(pi, qi) = −
∑

i

qi log(pi) (3.15)

This loss function is designed for classification problems with multiclass output

(more than one class of entries). It can also be reduced to a binary cross-entropy

loss function when there are only two classes of entries.

3.4.5 Regularizers

So far in our setup of neural networks, there are no restrictions as to how large

weights and biases in all neurons can be. This may result in networks having large

weights or biases, making the network susceptible to small changes in output, which

may be caused by statistical fluctuations of the input variables. Ultimately, it causes

the network to overtrain.
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To avoid the complexity caused by large weights and biases, extra terms to the

loss function can be added, called regularizers. Commonly used regularizers are

called L1 and L2 regularizers, defined as:

L1 regularizer = (1
∑

i

|wi| (3.16)

L2 regularizer = (2
∑

i

w2
i . (3.17)

As seen from both formulations, this extra term to the loss function will penalize

the network when the sum of weights (or biases) gets too large. Parameters (1 and

(2 can be adjusted. By adding regularizers, additional constraints are added for

model fitting, therefore avoiding model overfitting. L1 and L2 regularizers utilise

the Lp-norm of a vector, which can be written as [140]

|0x|p =
(
∑

i

|xi|p
)1/p

. (3.18)

3.4.6 Backpropagation

As described in Section 3.3.3, each layer of the neural network receives input and

gives output towards the next layer. Each layer has weights and biases that are used

to calculate the output, and during the training, they must be adjusted so that the

loss of the network decreases over each training epoch. To do this, the derivative of

loss per each weight or bias element must be calculated.

Suppose that the network has n layers. The total derivative of the loss function

L per weight elements wi and bias elements bi is

δL =
∑

i

∂L

∂wi
δwi +

∑

i

∂L

∂bi
δbi . (3.19)

This can be written as a dot product between a gradient of L per all parameters and

a vector containing all infinitesimal amounts of wi and bi

δL = ∇L · δ0θi (3.20)
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where θi collectively represents both weights and biases (or parameters) of the

network.

To calculate the derivative of loss function L per weight element wi belonging

to layer i, the chain rule must be applied. This can be roughly written as

∂L

∂wi
=

∂L(0yn)

∂wi
(3.21)

=
∂L(0yn)

∂0yn

∂0yn
∂0yn−1

∂0yn−1

∂0yn−2
· · · ∂0yi+1

∂0yi

∂0yi
∂Wi

(3.22)

where 0yn is an output of the nth layer. The derivative per bias element bi can also

be calculated in the same way.

Modern software libraries such as TensorFlow [141], which the Keras neural

network library [142] uses as a backend, can automatically perform gradient

calculations for all outputs in each hidden layer of the network. Once the loss is

calculated per each entry, the network will have the information for the derivative

of loss per all weights and biases in the network, which sometimes are called the

gradient of the loss function.

3.4.7 Optimization with optimizers

After the gradient has been calculated, all weights and biases in the network should

be adjusted to decrease the network loss. This can be done via optimizers. However,

not all optimizers have the same adjustment mechanism. This section discusses a

few optimizers that are most commonly used.

Note that the implementation for optimizers presented here may differ between

each documentation or neural network library. The examples shown here are derived

from the Keras neural network library [142].
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3.4.7.1 Gradient descent and Stochastic gradient descent (SGD) optimizer

Gradient descent [143] is the simplest optimizer to understand and implement. The

analogy for this optimizer is a ball rolling down a hill. Let U(x) be the height of the

hill at point x where the ball is located. The ball rolls down a hill in the direction of

the gradient of the height U , which can be written as

F = −∇U . (3.23)

Gradient descent optimizer employs the very same idea. After the gradient of the

loss is calculated in each batch, each parameter θ (including weights and biases) is

adjusted as

θ → θ′ = θ − η∇θL (3.24)

where η is the learning rate of the optimizer, and ∇θL is the gradient of loss per

the parameter θ. This parameter controls the amount of change in the network’s

parameters. If the learning rate is too large, the network may skip over the minimum

within the parameter space. If the learning rate is too small, converging to the

minimum would require a lot of iterations.

One problem with gradient descent is that it requires the network to calculate

loss and gradients from all training samples. If the network is trained with a large

dataset, the training will be slowed down since the parameter update is done only

once per epoch. Another problem is that it may result in parameters providing local

minima of the loss instead of global minima. To solve the latter problem, it has been

shown that a high learning rate η can allow gradient descent optimizers to escape

local minima into global minima [144].

To speed up the process, stochastic gradient descent (SGD) is used [143] As its

name suggests, instead of calculating the gradient from all inputs, SGD calculates

only gradients from a randomised sample of training events from the dataset, called
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mini-batches, and update the network parameters based on the calculated gradient.

If the mini-batch size is large enough, it can be used as a good approximation for

the gradient from the dataset.

3.4.7.2 Momentum SGD

Momentum SGD [145; 146] is an extension of SGD, adding a concept of

momentum. Instead of adjusting the parameter θ directly with gradients, an extra

term called momentumm is introduced. The updating mechanism is now as follows:

mk → mk+1 = βmk − η∇θL (3.25)

θk → θk+1 = θk +mk (3.26)

This type of optimizer introduces another adjustable parameter β that controls the

momentum of the network parameter’s progression. If β = 0, this optimizer reduces

to a simple SGD.

3.4.7.3 RMSprop

RMSprop [147] is another class of optimizers extending SGD, where the learning

rate can be automatically adjusted based on the size of the gradient. Instead of using

a fixed learning rate, this optimizer has its updating mechanism as follows:

vk → vk+1 = ρvk + (1− ρ) [∇θL]
2 (3.27)

θk → θk+1 = θk −
α√

vk + ε
∇θL (3.28)

where α and ρ are adjustable parameters for this optimizer. As seen from the

equations above, the learning rate α is divided by the square root of velocity vk. This

means if the gradient ∇θL becomes smaller, the learning rate for θ can be increased.

The cutoff value ε is introduced in the denominator for numerical stability, which

can be set at a very small value such as 1× 10−7.
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3.4.7.4 Adam

Adam2 [148] is yet another class of optimizers extending SGD, this time employing

both the ideas of momentum from Momentum SGD optimizers and adjustable

learning rates from RMSprop. With both ideas extending SGD, the updating

mechanism is now as follows:

mk → mk+1 = β1mk + (1− β1)∇θL (3.29)

vk → vk+1 = β2vk + (1− β2) [∇θL]
2 (3.30)

θk → θk+1 = θk −
α mk√
vk + ε

(3.31)

where α, β1, and β2 are adjustable parameters. The idea from Momentum SGD is

present in the form of mk, and the idea of an adjustable learning rate from RMSprop

is present in vk and an extra denominator. As with RMSprop, ε is added to ensure

numerical stability during the calculation.

3.4.8 Vanishing gradient problem

During the training of neural networks, gradients of the loss per each network

parameter must be calculated by the use of the chain rule, as explained in

Section 3.4.6. However, if one term of the gradient (such as ∂0yn/∂0yn−1) gets closer

to zero, the whole gradient per the parameter vanishes to zero. This can be caused

by an activation function containing regions with near-zero gradients, such as tanh,

sigmoid, or softmax.

To avoid this problem, we can do the following:

• Use activation functions that do not have regions with near-zero gradients,

such as SELU and LeakyReLU.

2Adam is not an acronym. It is introduced with this name in Ref. [148].
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• Add batch normalisation to inputs. Batch normalisation is an extra hidden

layer that will learn the mean and variance of the input data, and normalise

the input accordingly so that the output has zero mean and standard deviation

close to 1. This removes the possibility that a large region of the input causes

the gradient to be near zero.

3.4.9 Dropout layers

Dropout layers are hidden layers that temporarily turn off each input node at random

during training with a predetermined probability. The probability of turning off (or

dropping out) input nodes is called the dropout rate.

Dropout layers can be used to avoid overfitting by reducing the connections

available in the network at random. With dropout, we effectively create weaker

networks with fewer connections, so, during the training of the network with this

type of layer, it is equivalent to training a large number of weaker networks together.

During network testing and usage, however, dropout is deactivated, allowing all

input nodes to be activated, equivalent to combining several weak networks [149].

3.5 How do we measure the performance of
neural networks?

After the training of neural networks, it is important to measure their performance

in predicting the class or the regression value of the input data. Several metrics can

be used to evaluate its performance, such as accuracy and area under the receiver

operating characteristic (ROC) curve.
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3.5.1 True positives, true negatives,
false positives, and false negatives

In binary classification problems, a model can predict outputs which may or may

not be correct when compared to the true values of the input data. Four quantities

can be used to describe the number of entries based on the output’s prediction and

truth values. The summary of descriptions is shown in Table 3.1.

• True positive (TP) represents the number of entries with positive prediction

and positive truth value. For example, a pregnant female patient is diagnosed

as pregnant.

• True negative (TN) represents the number of entries with negative prediction

and negative truth value. For example, a male patient is diagnosed as not

pregnant.

• False positive (FP) represents the number of entries with positive prediction

and negative truth value. In other words, it represents the number of false

predictions stating that the input entry represents the positive class. For

example, a male patient who cannot get pregnant biologically is diagnosed

as pregnant.

• False negative (FN) represents the number of entries with negative prediction

and positive truth value. In other words, it represents the number of false

predictions stating that the input entry represents the negative class. For

example, a pregnant female patient is diagnosed as not pregnant.
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Table 3.1: True positives, true negatives, false positives, and false negatives.

Truth value
Positive Negative

Prediction Positive TP FP
Negative FN TN

3.5.2 Accuracy

This is the simplest metric to calculate the performance of a neural network designed

for classification tasks. Accuracy is defined by:

accuracy =
TP + TN

TP + TN + FP + FN (3.32)

In other words, accuracy measures the accuracy of the model to predict the output

class correctly.

This metric, however, has its shortcomings due to the definition of the output

classification. Since the predicted class must be binary, but the output directly from

the model can be of any value, usually ranging from 0 to 1, a cutoff must be decided.

Usually, the cutoff for this metric is 0.5, which means all entries with output larger

than 0.5 will be classified into class 1 (or positive class), while entries with output

smaller than 0.5 will be classified into class 0 (or negative class). If the cutoff value

changes from 0.5 to another value, such as 0.75, the value of accuracy changes.

Another shortcoming of this metric is that the denominator is the number of

entries included. However, if the dataset used to determine the accuracy does not

have an equal number of entries in positive and negative classes, the value may be

influenced by the class with a larger number of entries.
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3.5.3 Receiver operating characteristic (ROC) curve and
area under ROC curve (AUC)

The receiver operating characteristic curve, commonly known as the ROC curve, is

a curve used to determine how well the model accepts signal (or positive) entries

as signal entries compared to how well the model accepts background (or negative)

entries as signal entries. To calculate the curve, signal acceptance and background

acceptance are calculated at different values of cutoff as follows:

signal acceptance =
TP

TP + FN (3.33)

background acceptance =
FP

FP + TN (3.34)

Note that, if the cutoff value is low enough to allow all entries to be predicted as the

signal, both FN and TN will be zero since no events are predicted as background,

giving both signal acceptance and background acceptance to be exactly one. On

the other hand, if the cutoff value is high enough to deny all entries to be predicted

as background, both TP and FP will be zero instead, leading to both signal and

background acceptance being exactly zero.

This type of metric can be used to calculate the performance of the model,

independent of the class imbalance of the dataset used and the cutoff values

used to determine the classification, since both signal acceptance and background

acceptance are calculated using only signal and background entries respectively,

and several cutoff values are used to determine different values of both acceptance

metrics.

The ideal shape of this type of curve should show that the model has a perfect

signal acceptance without any background acceptance. This means that the model

can perfectly classify entries without confusion. On the other hand, the worst

possible shape of this curve is the curve determined by random guesses. By random
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Figure 3.3: Examples of receiver operating characteristic (ROC) curve. The green

curve represents the ideal curve with perfect signal acceptance at zero background

acceptance. The orange curve represents the typical shape of the curve for a model,

and the red curve represents the curve obtained by random guessing.

guessing classes of entries, the probability of an input entry being classified as

signal or background is equal, rendering an equal amount of signal and background

acceptance at every value of cutoff. Example ROC curves are shown in Figure 3.3.

The area under the ROC curve, commonly abbreviated to AUC, can be used to

determine the performance of the model based on the ROC curve. If the ROC curve

has an ideal shape, the AUC is 1. On the other hand, if the ROC curve resembles

random guesses, the AUC will become 0.5. Since ROC curves can be determined

independent of class imbalance and cutoff values, AUC is immune to both properties

as well.



Chapter 4

SEARCH FOR FOUR TOP QUARK
PRODUCTION IN RUN 2 DATA OF CMS IN

INDIVIDUAL FINAL STATES

Numerous searches for four-top quark production have been conducted by

ATLAS and CMS experiments since 2012, especially searches by CMS experiment

which are performed with data collected from the Run 2 period, spanning from

2016-2018. The results cover four final states, which are the single-lepton

(SL), the opposite-sign dilepton (OSDL), the same-sign dilepton and multilepton

(SSDL&ML), and for the first time in CMS Collaboration, the all-hadronic final

state. It contains both existing search results from the OSDL analysis in 2016 and

the SSDL&ML from Run 2, as well as brand new analyses performed on SL and

all-hadronic final states using the Run 2 dataset and OSDL final state using the

2017-2018 dataset. More information will be discussed in Section 4.1.

Details regarding analysis from each final state shall be explained in this

chapter, while the combination between all final states shall be discussed in

Chapter 5. As stated in Section 1.8.1, two new search results from ATLAS and CMS

in same-sign dilepton and multilepton final state have achieved the observational

level with the observed significance of more than 5 standard deviations. However,

this thesis will focus on the search results based on single-lepton, opposite-sign

dilepton, and all-hadronic final states. Therefore, these two new results will not be

discussed in this chapter.
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Table 4.1: Summary of analyses involved in the latest search for four-top quark

production.

Analysis Ref. Analysis strategy
2016 SL+OSDL [1] BDT

Run 2 SSDL&ML [65] BDT
Run 2 SL Section 4.3 BDT

2017+2018 OSDL Section 4.4 HT
Run 2 all-hadronic Section 4.5 BDT with extABCD [150] and

ABCDnn [151] background
estimation methods

4.1 Overview of final states and analysis strategy
The latest search for four-top quark production [2] involves four final states spanning

data collected over three years in the Run 2 campaign, equivalent to an integrated

luminosity of 138 fb−1. Table 4.1 summarises the analyses involved in this latest

search.

This search for four-top quark production can be broken down into three main

parts:

• Run 2 SL analysis (Section 4.3) - This analysis implements a Boosted

Decision Tree (BDT) to discriminate between four-top quark production and

tt̄ production. The discriminator is then used to construct event distributions,

separated into 60 categories based on year, lepton flavour, jet multiplicity, and

b-tagged jet multiplicity, for maximum search significance.

• 2017 + 2018 OSDL analysis (Section 4.4) - This analysis constructs a

distribution of events based on the sum of jet transverse momentum HT

as a discriminating variable, separated by jet multiplicity, b-tagged jet

multiplicity, lepton flavour, and data-taking year, for maximum search
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significance. It has several improvements in Monte Carlo simulation and

b-tagging algorithms compared to OSDL analysis performed on 2016 data.

• Run 2 all-hadronic analysis (Section 4.5) - For the first time in CMS

Collaboration, this analysis performs a search on the final state with no

leptons. It employs BDT discriminators to discriminate between tt̄tt̄ against

simulated tt̄ and QCD multijet background events. To alleviate poor

Monte-Carlo simulation quality of QCD multijet and tt̄ production, two

methods inspired by the ABCD method are used to estimate the background

yield and shape distribution. The search is then performed on 12 event

categories based on the number of resolved tops, the number of boosted tops,

and the sum of jet transverse momentum HT .

In addition to the new analyses described above, two existing analysis results

are also included:

• 2016 OSDL analysis (Section 4.2.1), part of the search for four-top quark

production performed on 2016 data using SL and OSDL final states [1]. This

analysis employs two BDTs to detect a set of three jets hadronically decayed

from a top quark and to discriminate between tt̄tt̄ and tt̄ production. The

second BDT is then used to populate the distribution of events separated

by the number of jets, the number of b-tagged jets, and the lepton flavour

combination.

• Run 2 SSDL&ML analysis (Section 4.2.2), which has the highest search

significance for particle production [65]. This analysis employs a BDT

discriminator to separate between tt̄tt̄ events from all other SM backgrounds,

and separate events into 17 signal regions, with a special control region to

constrain tt̄Z normalisation.
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The techniques used in these analyses mentioned above are vastly different

from searches performed by the ATLAS Collaboration. In CMS analyses, events are

categorised with a large number of event categories based on the number of physics

objects, such as the number of jets or the number of b-tagged jets, as signal and

background processes have different characteristics that result in different numbers

of jets and b-tagged jets. ATLAS analyses, on the other hand, employ a small

number of event categories, aiming to separate between main backgrounds as much

as possible [74; 75; 80; 81; 82]. Nonetheless, these two different techniques tend to

deliver relatively similar performance, which provides additional confidence when

both techniques provide the same conclusion.

For each final state, analysis techniques, background processes, and

systematic uncertainty treatments are performed differently, which will be discussed

in subsequent sections. Search results from all final states can also be combined to

obtain more search sensitivity. The details of the combination of Run 2 SL analysis,

2017+2018 OSDL analysis, Run 2 all-hadronic analysis, 2016 OSDL analysis, and

Run 2 SSDL&ML analysis will be discussed in Chapter 5.

4.2 Existing search results from CMS
Experiment

This section will discuss two existing search results for four-top quark production

from CMS Experiment before the results presented in this thesis. They are 2016
single-lepton and opposite-sign dilepton analyses [1] (Section 4.2.1) and Run 2
same-sign dilepton and multilepton (SSDL&ML) analysis [65] (Section 4.2.2).
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4.2.1 2016 single-lepton and opposite-sign dilepton

CMS Collaboration has performed the search of four-top quark production using

2016 data on single-lepton and opposite-sign dilepton final states [1]. In this section,

analyses in both final states will be discussed, but only the result from opposite-sign

dilepton analysis will be used in the combination. The 2016 single-lepton analysis

result in this section is superseded by Run 2 single-lepton analysis, which will be

discussed in Section 4.3.

4.2.1.1 Main background estimation

The main background process for both final states is tt̄ with additional jets, which

is simulated at the NLO level generator. However, the cross section is normalised

to the predicted value at the NNLO level [85]. Furthermore, the predictions at the

NNLO level suggest that the distribution of transverse momentum pT of top quarks

from data may differ from the predictions provided at the NLO level. To solve this

discrepancy, a scale factor derived from Ref. [152; 153] is applied to tt̄ events.

Due to the low statistics of events with a high number of jets, dedicated

samples with a generator-level requirement of a high number of jets are generated to

provide better statistics in the region. The use of dedicated samples with the same

generator-level requirement is also used in the newer Run 2 single-lepton analysis

(see Section 4.3).

However, the modelling of tt̄ with additional jets background does not match

the data in regions with high jet multiplicity. To solve this, several scale factors are

calculated from fits to the data from the single-lepton final state in regions with 8

and 9 AK4 jets with 2 and 3 b-tagged jets. These scale factors are later propagated to

signal-rich regions in the single-lepton final state and to the opposite-sign dilepton
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final state (where the difference in jet multiplicity between each final state is taken

into account).

4.2.1.2 Baseline selection

Baseline requirements for events to be included in both single-lepton and

opposite-sign dilepton final states are as follows:

• Trigger requirements

– Single-lepton events require single-lepton triggers, requiring at least one

isolated muon with pT > 24 GeV and |η| < 2.4, or one isolated electron

with pT > 32 GeV and |η| < 2.1 [1].

– Opposite-sign dilepton events require single-lepton and dilepton

triggers. Dilepton triggers used require either two muons with pT

greater than 17 and 8 GeV, two electrons with pT greater than 23 and

12 GeV, or a muon and an electron with pT greater than 23 and 8 GeV

(regardless of lepton flavour) [1]. Even though this final state looks for

two opposite-sign leptons in an event, including single-lepton triggers

can increase the acceptance for this final state by roughly 20% [154].

However, the requirements for this analysis are designed in coordination

between single-lepton and opposite-sign dilepton final states to prevent

double counting.

• For single-lepton events, exactly one isolated muon with pT > 26 GeV or one

isolated electron with pT > 35 GeV within the range of |η| < 2.1. For dilepton

events, 2 leptons with opposite electric charge, each with pT > 25 and 20 GeV

respectively, both within |η| < 2.4.
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• The invariant mass of both leptons in dilepton events must be mOSDL > 20 GeV

and |mOSDL − mZ | > 15 GeV. This requirement is added to remove events

containing two opposite-sign leptons from Z boson decays.

• Requiring different numbers of jets per different lepton final states.

– 7 or more jets for single-muon events, and 8 or more jets for

single-electron events, each with pT > 30 GeV and |η| < 2.5.

– 4 or more jets for dilepton events, with |η| < 2.4 and different pT

requirements based on b tagging (see below).

• Among the selected jets in an event, 2 or more jets must be classified as

b-tagged using the Combined Secondary Vertex version 2 (CSVv2) algorithm

with a medium working point [155]. The medium working point of this

algorithm offers the b-tagging efficiency of 68% with a mistagging rate of

1%. For dilepton events, jets that are classified as b-tagged jets may have

pT > 25 GeV, while jets that are not classified as b-tagged jets must have

pT > 30 GeV. The threshold for pT of b-tagged jets in dilepton events is

lowered to increase acceptance for events with more b-tagged jets.

• Sum of jet transverse momentum HT > 500 GeV. This requirement is imposed

to suppress tt̄ background while retaining the acceptance of signal events.

• Missing transverse energy pmiss
T > 50 GeV for single-lepton events only. This

requirement suppresses a small residual QCD background.

4.2.1.3 Analysis technique used

The analysis is performed using two sets of Boosted Decision Trees (BDTs) [156]

trained with the AdaBoost algorithm [157], implemented in the TMVA

package [158]. The first set of BDT is designed to determine how likely a

combination of three jets (trijet) originated from a hadronic top quark decay. The
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BDT is trained with simulation data from tt̄ production with additional jets (tt̄+jets)

to discriminate between a trijet combination decayed hadronically from a top quark

versus any other trijet combination. It is then used to calculate the most likely trijet

combination consistent with a top quark from all possible combinations of three

jets. The discriminant from the most probable combination of three jets is used as

an input to the second BDT.

The second set of BDT classifies events into signal and background. Two

BDTs are trained to output discriminants for single-lepton and dilepton events

separately. Both BDTs use input variables based on hadronic activity in each event,

such as the number of jets, the scalar sum of pT , etc. Event topology variables,

such as event sphericity1 [73] and hadronic centrality2, are also used as inputs to

these BDTs. The output from the corresponding BDT classifier is then used to

populate histogram templates shown in Figures 4.1 and 4.2 for single-lepton and

opposite-sign dilepton final states respectively.

4.2.1.4 Systematic uncertainties

In this analysis, systematic uncertainties are included as follows:

• Theoretical uncertainties

– Heavy-flavour reweighting uncertainty (See Section 5.4.1.1)

– Normalisation uncertainties from rare processes of tt̄ production with

one or two Z, W, or Higgs bosons, and three-top production (See

Section 5.4.1.2)

1Given a matrix Sij =
∑

k pk,ipk,j/
∑

k p
2
k, where i and j are Cartesian coordinates x,

y, and z, and k is an index running over all objects included in a calculation. Sphericity is
calculated as 3(λ2 + λ3)/2 where λ2 and λ3 are the two smallest eigenvalues of Sij .

2HT divided by the sum of all jet energies. If all jets are located on a transverse plane,
or η = 0 for all jets, this quantity will be 1. If all jets are located along the beamline, or
η = ∞, this quantity will be 0.
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Figure 4.1: BDT output distributions from 2016 single-lepton analysis, separated

by the number of jets and the number of b-tagged jets [1].
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Figure 4.2: BDT output distributions from three flavour combinations (from top to

bottom, µµ, eµ, and ee) in 2016 opposite-sign dilepton analysis, separated by the

number of jets and the number of b-tagged jets [1].
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– Parton shower scales uncertainty, also known as initial and final state

radiation uncertainty (See Section 5.4.1.3)

– Parton distribution function (PDF) uncertainty (See Section 5.4.1.4)

– Uncertainties from renormalisation and factorisation scale
variations µR and µF (See Section 5.4.1.5)

– Matrix element to parton shower matching (ME-PS matching)
uncertainty estimated by varying a parameter that controls ME-PS

matching by ±1 standard deviation of the reported value in Ref. [159].

– Underlying event (UE) uncertainty, evaluated by varying parameters

related to CUETP8M2T4 tuning function [159] used in generating MC

simulations of the tt̄ process.

– Jet multiplicity correction uncertainty due to a scale factor introduced

to solve the imperfect modelling of MC simulations at high jet

multiplicity regions.

– Top quark pT reweighting uncertainty due to corrections made to solve

discrepancy in top quark pT distribution, as stated in Section 4.2.1.1

• Experimental uncertainties

– Luminosity uncertainty of 2.5% for 2016 data (See Section 5.4.2.1)

– Pileup (See Section 5.4.2.3)

• Reconstruction uncertainties

– Jet energy corrections (JEC), also known as Jet energy scale (JES),

and jet energy resolution (JER) uncertainties (See Sections 5.4.3.1

and 5.4.3.2)

– b-tagging uncertainties from Combined Secondary Vertex version 2

(CSVv2) b tagger (See Section 5.4.3.3)
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– Lepton reconstruction and identification, known as the lepton scale

factor in more recent analyses (See Section 5.4.3.4)

4.2.1.5 Results and shortcomings of this analysis

Analysis results from both single-lepton and opposite-sign dilepton final states

indicate that the best fit value of signal strength3 are 1.6+4.6
−1.6 for single-lepton final

state and 0.0+2.7 for opposite-sign dilepton final state. These results translate to

15+42
−15 fb and 0+25 fb of the measured cross section respectively. The reason why

there is no negative uncertainty reported in the opposite-sign dilepton result is

that the fit imposes a constraint where the signal strength must be positive. This

assumption may cause difficulty when comparing with other results where it is not

imposed, which is the signal strength may be allowed to have a negative value. Cross

section, on the other hand, must always be positive since it represents the probability

of a process to occur in the particle detector. By combining results from both final

states, the best fit values of signal strength and cross section are 0.0+2.2 and 0+20 fb

respectively.

The expected search significance4 obtained from single-lepton and

opposite-sign final state are 0.21 and 0.36 respectively. However, the observed

search significance becomes 0.36 and 0.0 for SL and OSDL final state respectively.

Due to the positivity constraint imposed on this analysis, a recalculation

of signal strength and cross section best fit values have been performed to be

compatible with other analyses during the combination, where both quantities are

allowed to have negative values, along with updates to the four-top quark production

cross section from 9.2 fb to 12 fb and luminosity uncertainties schemes (see

3Signal strength µ indicates how many signal events are observed compared to SM
prediction. If SM is correct, µ = 1.

4See Section 5.2.2 for the definition of search significance, and Section 5.2.3 for the
difference between expected and observed search significance
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Section 5.4.2.1). The recalculated best fit values for signal strength µ and cross

section for opposite-sign dilepton final state are −0.2+1.7
−1.5 (stat.) ± 1.5 (syst.) and

−2+20
−18 (stat.) ± 18 (syst.) fb respectively [2]. The expected and observed search

significance, after scaling the four-top quark production cross section, are 0.45 and

0.0 respectively.

Another important point of this analysis is that the four-top quark production

cross section assumed is merely 9.2 fb [160; 119], which is calculated at NLO with

QCD processes only, or in other words, without electroweak corrections (later added

in Ref. [64]). This decision was made for the results to be directly comparable with

search results from ATLAS [1]. However, to make the analysis compatible with

newer results from other final states in the combination stage, the cross section of

four-top quark production has to be modified at the analysis level from 9.2 fb to

12 fb [64]. As seen from the recalculated result, the measured value is consistent

with the previous result, since the best fit value of the previous result is within the

uncertainty of the recalculated result.

4.2.2 Run 2 same-sign dilepton and multilepton

This analysis [65] is performed on Run 2 data in the same-sign dilepton final state

and multilepton final state. More precisely, this analysis requires events with two

leptons with the same electric charge and events with at least three leptons. Since

the branching ratio of a W boson (which can be decayed from a top quark along

with a bottom quark) into a lepton and a neutrino is approximately 1/3 compared

to 2/3 for a pair of quarks [17], this signature of four-top quark production has a

branching ratio of only 12% [65]. However, since the background processes in this

final state, mainly tt̄W , tt̄Z, tt̄H, and tt̄ with nonprompt leptons, have relatively low

yields compared to other final states, this final state offers the cleanest search results

of four-top quark production.
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CMS Collaboration performed the search on same-sign dilepton and

multilepton final state using data recorded in 2016, with an integrated luminosity of

35.9 fb−1 [79]. With this analysis, CMS obtained an observed search significance

of 1.6, corresponding to a probability of 1 in 18 where the results obtained

are statistical fluctuation. Since this analysis uses the entire Run 2 dataset,

corresponding to an integrated luminosity of 137 fb−1, the search significance is

expected to increase due to the increased number of events and fewer statistical

uncertainties.

4.2.2.1 Main background estimation

In the SSDL&ML final state, the main backgrounds are top-antitop quark (tt̄)

production associated with W, Z, and Higgs boson (tt̄W , tt̄Z, and tt̄H), as well as

tt̄ with nonprompt leptons. Nonprompt leptons refer to leptons produced in hadron

decays or conversions of photons in jets, as well as hadrons misidentified as leptons.

This type of lepton is defined to distinguish from prompt leptons defined as leptons

produced from W and Z boson decays. Distinguishing between nonprompt and

prompt leptons is important since events with prompt leptons can later be classified

into a dedicated control region to constrain the normalisations of tt̄W and tt̄Z

processes [65].

Background estimation for these processes is different as follows:

• tt̄W , tt̄Z, and tt̄H samples are generated with Monte Carlo generators at

NLO with additional jet flavour correction. tt̄W and tt̄Z samples also require

initial state radiation and final state radiation (ISR/FSR) corrections, while

tt̄H samples do not have this correction since they already have additional

jets from the decay of H → WW , and thus have more expected number of

light jets compared to tt̄W and tt̄Z.
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• Events with nonprompt leptons are estimated using the “tight-to-loose”

ratio method, previously used in a CMS search for new physics in this

final state [72], which is shown to give consistent nonprompt lepton

background prediction compared to another estimation method used in

ATLAS search [161]. In this method, the ratio of leptons passing both

loose and tight requirements against leptons passing loose requirement is

measured for lepton flavour, transverse momentum pT and pseudorapidity |η|.

Backgrounds of this type are estimated based on this ratio.

• Events containing charge-misidentified leptons are estimated using charge

misidentification probability measured in simulation. The probability for

charge-misidentified electrons is approximately 10−5 to 10−3, while the

same probability for muons is lower by an order of magnitude [65].

Hence, backgrounds from charge-misidentified muons are negligible, while

backgrounds from charge-misidentified electrons are estimated by applying a

correction factor from the sample with Z → e+e− events to a control region

of opposite-sign dilepton events defined for each same-sign dilepton signal

region [65].

4.2.2.2 Baseline selection

In this analysis, the baseline selection criteria are as follows:

• Requiring dilepton + HT trigger for 2016 data, or three dilepton triggers for

2017 and 2018 data.

• 2 leptons with the same electric charge, or 3 or more leptons. The lepton with

the highest pT must have pT > 25 GeV, and the lepton with lower pT must have

pT > 20 GeV.
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• For events with two same-sign leptons, the invariant mass of both leptons must

be mSSDL > 20 GeV. For three or more leptons, the invariant mass of a pair of

leptons with opposite charges must be mOSDL > 12 GeV, and |mOSDL −mZ | >

15 GeV. These requirements are added to reject events containing Z boson

decays. If an event has the invariant mass in the Z boson mass window, it

will be included in a special control region which will be used to constrain

the normalisation of tt̄Z process.

• 2 or more jets with pT > 40 GeV.

• 2 or more b-tagged jets with pT > 25GeV using the DeepCSV algorithm [162],

with a working point offering 55-70% efficiency for b jets with pT between

20-400 GeV. With this working point, the misidentification rate is 1-2% for

light flavour and gluon jets, and 10-15% for charm jets [65].

• Sum of jet transverse momentum HT > 300 GeV.

• Missing transverse energy pmiss
T > 50 GeV.

4.2.2.3 Analysis technique used

The analysis is performed in two ways, using cut-based analysis and BDT analysis.

Events passing the baseline selection described above are categorised into different

signal and control regions. For cut-based analysis, the categories are based on the

number of leptons, number of b-tagged jets, and number of jets, resulting in 14

signal regions and two control regions CRW and CRZ designed to contain mostly

tt̄W and tt̄Z background respectively. For BDT analysis, a BDT classifier is trained

to discriminate between tt̄tt̄ and all other SM backgrounds. It is then used to separate

events into 17 signal regions in addition to a special control region CRZ. Event

yields from these regions determined by the BDT classifier are shown in Figure 4.3.
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Figure 4.3: Event yield distribution of signal regions determined by BDT classifier

from Run 2 SSDL&ML analysis [65].

As shown in Ref. [65], the results from BDT analysis give better expected

search results based on SM expectations and are thus chosen as the main result.

4.2.2.4 Systematic uncertainties

In this analysis, systematic uncertainties are included as follows:

• Theoretical uncertainties

– tt̄+ bb̄ normalisation uncertainty (See Section 5.4.1.1)

– Normalisation uncertainties from tt̄H, tt̄W , tt̄Z, and other minor

backgrounds (See Section 5.4.1.2)

– Initial and final state radiation (ISR and FSR) (See Section 5.4.1.3)

– Parton distribution function (PDF) (See Section 5.4.1.4)
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– Renormalisation (µR) and factorisation scale (µF ) uncertainties (See

Section 5.4.1.5)

• Experimental uncertainties

– Luminosity uncertainties - In this analysis, the integrated luminosity

across three years of data taking is reported as 137 fb−1, which is

outdated compared to the latest integrated luminosity calculation of

138 fb−1. (See Section 5.4.2.1)

– Prefire (See Section 5.4.2.2)

– Pileup (See Section 5.4.2.3)

– Trigger efficiency uncertainty, assigned as 2%

– Uncertainty from charge misidentification background, assigned as

20%

– Uncertainty from nonprompt lepton background, assigned as 30%

and 60% for nonprompt electrons with pT > 50 GeV

• Reconstruction uncertainties

– Jet energy scale (JES) and jet energy resolution (JER) (See

Sections 5.4.3.1 and 5.4.3.2)

– b-tagging uncertainty using DeepCSV [162] b-tagging algorithm (See

Section 5.4.3.3)

– Lepton scale factor (See Section 5.4.3.4)

4.2.2.5 Results from the same-sign dilepton and multilepton final state

The observed search significance of this final state is 2.6 standard deviations,

equivalent to a probability of 1 in 215 that the result is a statistical fluctuation. The

observed best fit of signal strength µ is 1.0+0.5
−0.4. These results are improvements over
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Ref. [79] and are considered the search result with the highest search significance

before the latest combination. In addition to the measurement of signal strength

and search significance, the results from this analysis are used to measure top quark

Yukawa coupling, which has already been discussed in Section 1.8.3.

4.3 Run 2 single-lepton
This analysis, performed on data collected over the Run 2 phase in 2016-2018,

is performed on the single-lepton (SL) final state. This analysis supersedes the

2016 SL analysis performed back in Ref. [1] with updated analysis techniques (see

Section 4.2.1 for the previous 2016 SL analysis). As explained in Section 4.2.1,

the superseded analysis has the expected and observed significance of 0.21 and

0.36 respectively, which are measly low amounts since, based on these values,

the probability of the search results being a statistical fluke is 0.4168 and 0.3594

respectively. A full detail of this analysis is available in Ref. [163].

4.3.1 Main background estimation

As with the opposite-sign dilepton final state, the main background for this final state

is tt̄ with additional jets, which is simulated at the NLO level generator. To simplify

the uncertainty scheme on this background process, tt̄ events are further separated

into smaller categories based on the number of b-jets at the generator level, using

the Ghost-Hadron Clustering algorithm [164]. Two main categories that are used

in this analysis are

• ttbb, containing

– tt̄+ b, containing one additional b-jet with one b hadron

– tt̄+ 2b, containing one additional b-jet with at least two b hadrons
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– tt̄+bb̄, containing at least two additional b-jets, regardless of the number

of b hadrons in each b-jet

• ttnobb, containing

– tt̄+ cc̄, containing at least one additional c-jet, regardless of the number

of c hadrons in each c-jet

– tt̄ + LF, containing no additional b-jets or c-jets

The reason for the splitting into ttbb and ttnobb is because the tt̄ + bb̄

process itself is hard to model since there are both b jets produced from top

quark decays and b jets not from the decay, but created in association with the

tt̄ pair. These two types of b jets have different energy scales, which can lead

to sensitivity to the renormalisation and factorisation scale parameters µR and

µF [87; 165]. Furthermore, the uncertainty for tt̄ + bb̄ cross section measured by

CMS Collaboration is 30% [87], and it has been determined from previous analyses

as the uncertainty with the most impact [1; 65]. By splitting into ttbb and ttnobb, we

can directly apply tt̄+bb̄ uncertainties to the ttbb background instead of constructing

the uncertainty inside the tt̄ background.

Figure 4.4 shows the ratio of background and signal events per category in Run

2 SL analysis, split by the number of resolved top quarks, the number of b-tagged

jets, and the number of jets. (See Section 4.3.3 for more information on resolved

top tagger.) According to the plot, ttbb and ttnobb are dominant backgrounds across

all jet multiplicity categories.

In the measurement of the tt̄ production with additional b jets performed

previously by the CMS Collaboration [166], it is shown that the tt̄ + bb̄ event yield

is underestimated in simulation. Therefore, a scale factor is applied to tt̄+ bb̄ events

based on the measured value reported in Ref. [166]. This background process also
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Figure 4.4: Distribution ratio of background and signal events in Run 2 SL analyses

per category, split by the number of resolved top quarks, the number of b-tagged

jets, and the number of jets. Notice the dominance of tt̄ background events, which

are further split into ttbb (tt̄+ ≥ 1b in the plot) and ttnobb (tt̄+0b in the plot). Figure

derived from auxiliary materials of [2].

suffers from low statistics in the region with high jet multiplicity and the high sum

of transverse momentum HT . As with the 2016 OSDL analysis (Section 4.2.1),

a dedicated tt̄ sample with nine or more jets, reconstructed with anti-kt algorithm

using R = 0.4 (also called AK4 jets), with pT > 30 GeV and HT > 500 GeV filter

at the generator level is generated and used to reduce statistical uncertainties at the

region.
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4.3.2 Baseline selection

The baseline selection criteria for this analysis are as follows:

• Trigger requirements

– 2016: requiring the same set of triggers as used in the 2016 single-lepton

analysis, which requires at least one isolated muon with pT > 24 GeV and

|η| < 2.4, or one isolated electron with pT > 32 GeV and |η| < 2.1 [1].

– 2017 and 2018: requiring either

∗ isolated electron with pT > 35 GeV

∗ isolated muon with pT > 50 GeV

∗ very loosely isolated electron or muon with pT > 15 GeV and

missing transverse energy of ""E T > 450 GeV

This set of triggers offers efficiencies close to 1 for events with lepton pT >

50 GeV. For events with lower lepton pT , a scale factor of 0.98 is introduced

to account for the efficiency difference between MC and data [163].

• Lepton requirements

– 2016: 1 tight, isolated electron with pT > 35 GeV and |η| < 2.1, or 1

tight, isolated muon with pT > 26 GeV and |η| < 2.1

– 2017+2018: 1 tight, isolated electron or muon with pT > 20 GeV and

|η| < 2.1

– no additional loose leptons to preserve orthogonality with other final

states

• 4 or more jets, classified with anti-kt algorithm [112] with a distance

parameter of 0.4 (AK4), with pT > 30 GeV.
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• Among the jets in an event, there must be 2 or more b-tagged jets with

pT > 25 GeV using the DeepCSV algorithm [162] at a medium working point,

which provides average b-tagging efficiency of 60% and mistagging rate of

1% [163].

• Sum of jet transverse momentum HT > 500 GeV

• Missing transverse energy pmiss
T > 60 GeV

• Transverse mass of lepton + neutrino MT > 60 GeV

• ∆R between the lepton and the closest jet > 0.4, where ∆R =
√

∆φ2 +∆η2

4.3.3 Resolved top tagger

Since this final state contains three top quarks each decaying hadronically into three

jets with low pT , the CMS-specific method of top-tagging with AK8 jets5 is not

sufficient to detect them [163]. Instead, to detect jets with low pT originating

from a top quark hadronic decay, a neural network-based top quark tagger named

DeepResolved [167; 168] is used. For each event, all possible combinations of three

jets are made, and the tagger excludes combinations that do not originate from a

top quark or overlap with other combinations. The remaining combinations are

considered top quark candidates.

4.3.4 Analysis technique used

This analysis employs BDT discriminators to discriminate between tt̄tt̄ events as

signal and tt̄ as background. Since tt̄ is the dominant background in this final

state, training the discriminator against two classes of events is sufficient for this

analysis. Several sets of input parameters, such as the kinematics of jets and
5AK8 jets refer to jets classified with anti-kt algorithm [112], but with a distance

parameter of 0.8 instead of 0.4 used in standard AK4 jets. See Section 2.9 for more
information.
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leptons, b-tagging discriminators, pair of b-tagged jets, the kinematics of top quarks

tagged with DeepResolved top tagger and event shapes are considered as inputs.

Ultimately, the BDT used in this analysis contains 40 input variables and is trained

with events containing at least 6 jets, as it provides the best performance in terms

of expected significance and cross section limit.

After the BDT discriminator is trained, the events are separated into 60

categories based on the lepton flavour (electron or muon), number of jets (6, 7, 8, 9,

and 10+), number of b-tagged jets (2, 3, and 4+), and number of resolved top-tagged

jets (0 and 1+). This categorisation scheme has been optimised to achieve the

best expected search significance considering the statistics of MC samples. Within

each jet multiplicity, b-jet multiplicity, and resolved top category, the distributions

are populated in variable-sized bins (with the minimum size requirement for each

b-tagged jet category) to have the statistical uncertainty from the total background

be less than 30%. The binning scheme is optimised simultaneously in the electron

and muon categories so that both categories will have the same binning scheme.

The adjustment of the binning scheme is done to optimise the search significance

to be as high as possible. However, the distributions of BDT output differ between

simulation and data, and several scale factors are calculated, separated by year and

b-jet multiplicity, to correct the shape discrepancy.

4.3.5 Systematic uncertainties

In this analysis, several uncertainties are applied in the list below. Detailed

discussions on the origin of each type of uncertainty will be discussed in Section 5.3.

• Theoretical uncertainties

– tt̄+ bb̄ normalisation (See Section 5.4.1.1.)
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– Theoretical normalisation uncertainties for Electroweak, single-top,

ttbb, ttnobb, and tt̄H backgrounds (See Section 5.4.1.2.)

– Initial and final state radiations (ISR and FSR) uncertainties,
calculated for tt̄tt̄, ttbb, ttnobb, electroweak, single-top, tt̄H, and QCD

backgrounds. Due to low statistics in 2016, this type of uncertainty for

QCD is not applied in 2016 data. (See Section 5.4.1.3.)

– Parton distribution function (PDF) uncertainty (See Section 5.4.1.4.)

– Uncertainties from renormalisation and factorisation scale
variations µR and µF (See Section 5.4.1.5.)

– Matrix element to parton shower matching (ME-PS matching)
uncertainty, commonly known as hdamp

• Experimental uncertainties

– Luminosity uncertainty applied differently across years. Also

contains uncertainties correlated between 2017+2018 and Run 2. (See

Section 5.4.2.1.)

– Prefire uncertainty (See Section 5.4.2.2.)

– Pileup uncertainty (See Section 5.4.2.3.)

– BDT shape correction uncertainty, as discussed in Section 4.3.4

• Reconstruction uncertainties

– Jet energy scale (JES) and jet energy resolution (JER) uncertainties.
For this final state, JES uncertainties are broken down into five sources.

(See Sections 5.4.3.1 and 5.4.3.2.)

– b-tagging uncertainties from the DeepCSV algorithm [162], including

both statistical and non-statistical parts in b tagging, c tagging, and

light-flavoured tagging. (See Section 5.4.3.3.)
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– Lepton scale factors uncertainty, both electrons and muons (See

Section 5.4.3.4.)

– DeepResolved top tagger uncertainties [167; 168], including

∗ closure uncertainty, calculated from deviations from unity in the

scale factor provided by the tagger

∗ control sample (CS) purity, calculated from the dependence of the

tagging/mistagging rate on the purity of real/fake top quarks of the

control sample

∗ statistical uncertainty in the scale factors

Due to a fine splitting of the binning of the BDT discriminator and some

uncertainties, such as jet energy scale, causing some events to migrate from one jet

multiplicity category to another category, some uncertainties gain high fluctuations

within each jet category. To alleviate this, this analysis uses the LOWESS algorithm

(LOcally WEighted Scatterplot Smoothing) [169; 170] to smooth the uncertainties

as used in the search for heavy Higgs bosons decaying into a pair of top quarks

performed by CMS Collaboration [171]. The resulting systematic uncertainty is

symmetrized around nominal value and then used in this analysis.

4.3.6 Results from the single-lepton final state

Based on the BDT distribution, partly shown in Figure 4.5, the expected and

observed significance is 1.2 and 1.4 respectively. The measured signal strength

and cross section from this final state are 1.2+0.7
−0.6 (stat.) ±0.6 (syst.) and 15± 8 (stat.)

+10
−7 (syst.) fb respectively. These results are a significant improvement from the

previous analysis presented in Section 4.2.1 [1], where the expected and observed

significance was 0.21 and 0.36 respectively. Improvements come mainly from the

categorisation and binning scheme to maximise the expected search significance,
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Figure 4.5: BDT output distributions of three jet multiplicity categories, defined by

number of resolved top quarks (NRT), number of b-tagged jets (Nb), and number of

jets (Nj). Figure derived from [2].

Table 4.2: Measured signal strength and cross section for single-lepton final state,

broken by data-taking year.

Signal strength (σSM
tt̄tt̄ ) Cross section (fb)

Year (stat.) (syst.) (stat.) (syst.)
2016 -2.8 +1.1

−0.8
+1.2
−0.9 -31 +13

−8
+13
−11

2017 0.5 +1.1
−1.0

+1.0
−0.9 6 +14

−12
+14
−11

2018 3.0 ±1.0 +1.0
−0.9 36 ±12 +18

−12

Combined 1.2 +0.7
−0.6 ±0.6 15 ±8 +10

−7

since more constraints are introduced from a larger number of histogram bins

included in the fit template.

4.4 2017+2018 opposite-sign dilepton
This analysis is performed on the opposite-sign dilepton final state using data

collected during 2017-2018, which amounts to an integrated luminosity of
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101.5 fb−1. The main goal of this analysis is to employ an HT -based strategy on the

sum of jet transverse momentum HT . This is different to the 2016 OSDL analysis

(presented in Section 4.2.1), which is a multivariate analysis (MVA) utilising

BDT discriminators (see Section 4.2.1). This analysis has improved Monte Carlo

simulation and better b-tagging algorithms compared to the 2016 OSDL. A full

detail of this analysis is available in Ref. [172].

4.4.1 Main background estimation

The main background for this final state is tt̄ production, and similar to Run 2 SL

analysis explained in Section 4.3, they are split into tt̄ + bb̄ and tt̄ + not bb̄. The

same splitting scheme as in the Run 2 SL analysis is applied here as well. (See

Section 4.3.1 for more details.)

4.4.2 Baseline selection

The baseline requirements for this analysis are as follows:

• Requiring dilepton triggers as follows, with a priority cascade rule where

events passing eµ triggers are chosen first, followed by events passing µµ

triggers but not eµ triggers, and finally events passing ee triggers but not both

eµ and µµ triggers [172]

– 2017 data

∗ eµ channel: HLT_Mu23_TrkIsoVVL_Ele12_CaloIdL_TrackIdL_IsoVL_DZ

and HLT_Mu12_TrkIsoVVL_Ele23_CaloIdL_TrackIdL_IsoVL_DZ

for data eras B, C, D, E, and F

∗ µµ channel: HLT_Mu17_TrkIsoVVL_Mu8_TrkIsoVVL_DZ for data

era B, and HLT_Mu17_TrkIsoVVL_Mu8_TrkIsoVVL_DZ_Mass3p8

for data eras C, D, E, and F
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∗ ee channel: HLT_Ele23_Ele12_CaloIdL_TrackIdL_IsoVL for

data eras B, C, D, E, and F

– 2018 data with data eras A, B, C, and D

∗ eµ channel: HLT_Mu23_TrkIsoVVL_Ele12_CaloIdL_TrackIdL_IsoVL_DZ

and HLT_Mu12_TrkIsoVVL_Ele23_CaloIdL_TrackIdL_IsoVL_DZ

∗ µµ channel: HLT_Mu17_TrkIsoVVL_Mu8_TrkIsoVVL_DZ_Mass3p8

∗ ee channel: HLT_Ele23_Ele12_CaloIdL_TrackIdL_IsoVL

• Two isolated leptons (electrons or muons) with opposite charges, where

leading lepton must have pT > 25 GeV, and sub-leading lepton must have

pT > 15 GeV. Muons must be within |η| < 2.4, while electrons must be within

|η| < 2.5.

• For events with two electrons or two muons, the invariant mass m## of

both leptons must satisfy m## ≥ 20 GeV and |m## − mZ | > 15 GeV. These

requirements are put in place to remove low-mass resonances and events with

two leptons decaying from Z bosons [172].

• 4 or more jets, classified with anti-kt algorithm [112] with a distance

parameter of 0.4 (AK4), with pT > 30 GeV and |η| < 2.5.

• Among the jets in an event, there must be 2 or more b-tagged jets, tagged

using the DeepJet algorithm [113] at a medium working point, offering a

misidentification rate of 1% [151].

• Sum of jet transverse momentum HT > 500 GeV to suppress tt̄ backgrounds.

4.4.3 Analysis technique used

This analysis uses only distributions of the sum of scalar jet transverse momentum

(HT ) to determine the best fit of signal strength and search significance. Events
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are categorised based on the number of jets (4, 5, 6, 7, and 8 or more) and the

number of b-tagged jets (2, 3, and 4 or more), resulting in 15 jet categories in

total. Distributions of HT are then generated based on 15 jet multiplicity categories,

further separated by year (2017 and 2018) and each of the three lepton flavour

combinations (ee, eµ, and µµ), resulting in 5× 3× 2× 3 = 90 sets of histograms.

The binning scheme for HT distribution is designed so that statistical

uncertainties based on unweighted tt̄ events (including both ttbb and ttnobb) in

each histogram bin becomes below 30% in all bins, and the width of each bin is

close to the HT resolution determined from tt̄tt̄ simulation. The binning scheme is

applied to all 90 histogram templates used to calculate the best fit of signal strength

value [172]. In practice, having more histogram bins mean more constraints to

the parameter of interest, which in this case is signal strength or four top quark

production cross section.

4.4.4 Systematic uncertainties

Several systematic uncertainties are applied in this analysis as follows:

• Theoretical uncertainties

– tt̄+ bb̄ normalisation (See Section 5.4.1.1)

– Normalisation uncertainties (See Section 5.4.1.2.)

– Initial and final state radiation (See Section 5.4.1.3.)

– Parton distribution function (PDF) (See Section 5.4.1.4.)

– Renormalisation and factorisation scale variations µR and µF (See

Section 5.4.1.5.)

– Matrix element to parton shower matching (ME-PS matching),
commonly known as hdamp
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• Experimental uncertainties

– Luminosity uncertainty (See Section 5.4.2.1.)

– Prefire (See Section 5.4.2.2.)

– Pileup (See Section 5.4.2.3.)

• Reconstruction uncertainties

– Jet energy scale (JES) and jet energy resolution (JER) (See

Sections 5.4.3.1 and 5.4.3.2.)

– b-tagging uncertainties from DeepJet [113] algorithm (See

Section 5.4.3.3.)

– Lepton scale factor (See Section 5.4.3.4.)

4.4.5 Results from the opposite-sign dilepton final state

Figure 4.6 shows the distribution of events per jet multiplicity and b-tagged jet

multiplicity. As shown in the figure, both ttbb (shown as tt̄+ ≥ 1b in the plots)

and ttnobb (shown as tt̄ + 0b in the plots) become dominant backgrounds in all jet

multiplicity categories.

Based on a fit of HT distribution over 90 histogram templates across 2 years,

3 lepton flavour combinations, 5 jet multiplicities, and 3 b-jet multiplicities, the

expected and observed search significance for this analysis is 0.6 and 1.9 standard

deviations. The measured signal strength and cross section from this final state are

2.8 ± 1.0 (stat.) +1.9
−1.2 (syst.) and 33 ± 12 (stat.) +15

−14 (syst.) fb respectively. Table 4.4

shows the measured values broken down per year.

Compared to the results in the 2016 OSDL analysis, which gives the expected

and observed significance of only 0.36 and 0.0 standard deviations (or 0.45 and 0.0

with four-top quark production cross section scaled, see Section 4.2.1.5), this result
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Figure 4.6: Jet multiplicity distributions for events with 2, 3, and 4 b-tagged jets in

2017+2018 OSDL analyses. Figures derived from Ref. [2].

Table 4.3: Expected signal strength for opposite-sign dilepton final state, broken by

data-taking year.

Signal strength (σSM
tt̄tt̄ )

Year
2017 1+2.6

−2.3

2018 1+2.2
−2.0

2017+2018 1+1.8
−1.6

is once again a substantial improvement, due to a larger dataset and a more sensitive

histogram template binning. The improvements seen in this analysis has the same

characteristic as in the Run 2 single-lepton analysis introduced in Section 4.3.
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Table 4.4: Observed signal strength and cross section for opposite-sign dilepton final

state, broken by data-taking year.

Signal strength (σSM
tt̄tt̄ ) Cross section (fb)

Year (stat.) (syst.) (stat.) (syst.)
2017 3.6 +1.7

−1.5
+2.6
−1.6 44 +20

−19
+20
−18

2018 2.2 +1.4
−1.3

+2.3
−1.5 27 +17

−16
+20
−18

2017+2018 2.8 ±1.0 +1.9
−1.2 33 ±12 +15

−14

4.5 Run 2 all-hadronic
For the first time in CMS Collaboration, the search for four-top quark production

is performed in the all-hadronic final state, where all four W bosons from four

top quarks decay hadronically. This leaves the final product of collision events in

this final state to have a large number of jets and no significant missing transverse

energy. Furthermore, this final state is dominated by QCD process backgrounds

which are notoriously difficult to simulate with Monte Carlo methods due to

their high uncertainty. It also has a signal-to-background ratio of approximately

10−5, assuming that the cross section of the signal process is equal to the SM

prediction [2].

This analysis is performed on the full Run 2 dataset, spanning from 2016-2018

with an integrated luminosity of 138 fb−1. The main feature of this analysis is,

that instead of relying on Monte Carlo simulations for its dominant background, it

utilises a data-driven approach to estimate both the yield and shape of BDT output

distribution, which will be further discussed in Section 4.5.1. A full detail of this

analysis is available in Ref. [151].

4.5.1 Main background estimation

For this final state, the dominant background is QCD multijet and tt̄ processes.

Monte Carlo simulations for both dominant backgrounds, however, are problematic
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A B

C D

v1

v2

Figure 4.7: Example control and signal regions of two uncorrelated variables v1 and

v2 for ABCD method. The control regions A, B, and C are used to estimate event

yields in signal region D.

due to large uncertainties even at the NLO level generators and limited

statistics [151]. To avoid the inaccuracies from Monte Carlo simulations, these

dominant backgrounds are estimated using data-driven methods instead. However,

Monte Carlo simulations of tt̄ production are still used to train a neural network

predicting BDT discriminant distributions, which will be explained later in

Section 4.5.4.

In this analysis, two data-driven estimation techniques are used to estimate

the event yields of a jet category, as well as the output distribution of the BDT

discriminator. Both techniques are inspired by the standard ABCD method, where

the number of events from three control regions is used to estimate the number of

events in the signal region [151].
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The idea of the ABCD method is simple. Given a phase space distribution

of two uncorrelated variables v1 and v2 shown in Figure 4.7. To estimate the event

yield in the signal region D, we can use the event yields in adjacent regions A, B,

and C. By assuming that the rate of change of event yields from one region of a

variable v1 or v2 remains the same, we can construct an equation

A

B
=

C

D
(4.1)

which we can solve for D as

D =
BC

A
(4.2)

To predict the event yield of each analysis category, this analysis employs an

extended ABCD (extABCD) method [150]. Instead of relying only on three control

regions to predict the signal region, this analysis uses two additional regions6, X

and Y, for a more precise prediction, depicted in Figure 4.8. With the additional

two control regions, the estimation of D now becomes [151]

D =

(
BC

A

)(
CX

AY

)
(4.3)

This new estimation technique has been proven by toy examples and the distribution

of tt̄ events associated with two additional jets to be more accurate than the vanilla

ABCD method, as shown in Ref. [150].

The distribution of BDT output is predicted by the second data-driven

estimation method, ABCDnn [173] based on the idea of neural autoregressive

flows [132], in the signal region based on the same type of distributions as

inputs. In this analysis, a deep neural network7 is trained to transform BDT output

distributions from simulated tt̄ events to match data-driven BDT output distributions

in each control region.
6The original paper for the extABCD method [150] also offers a variation where eight

control regions are used to estimate the number of events in the signal region.
7Not to be confused with a BDT discriminator, used to classify between tt̄tt̄ events and

tt̄ and QCD events. This will be discussed in Section 4.5.4.
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Figure 4.8: Example control and signal regions of two uncorrelated variables v1 and

v2 for extended ABCD method. In this method, two additional control regions X and

Y can be added to the estimation of the signal region D.

The idea of normalizing flow, which is the basis for neural autoregressive

flows, is that it is an invertible function that transforms the distribution of random

variables [132]. As such, the neural network does this only by generating an

invertible function which translates, stretches, or squeezes the phase space under

different conditions defined by control variables. After the training, the neural

network is then used to transform tt̄ distribution into data-driven prediction in the

signal region [151].

In this analysis, the data-driven backgrounds from tt̄ and QCD multijet

processes are estimated using both extABCD and ABCDnn methods. Background

estimation in the signal region with 9 or more jets and 3 or more b-tagged jets

is performed first by the ABCDnn method to estimate the BDT discriminator

distribution shape. Then, the normalisation of the BDT distribution is calculated
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Figure 4.9: Signal region (SR), validation region (VR), signal control region

(SCR), and validation control region (VCR) used in an estimation of data-driven

backgrounds based on extABCD and ABCDnn methods [2].

by the extABCD method. The estimation for the signal region uses the information

from five control regions as illustrated in Figure 4.9.

To prove that this method works, validation checks have also been performed

in a validation region with exactly 8 jets and 3 or more b-tagged jets, using a different

set of five control regions as shown in Figure 4.9 [151].

Since this analysis employs data-driven estimation methods to estimate its

dominant backgrounds, several checks in validation regions have been performed

to ensure that the predictions are valid in that region where we do not expect

to see signal events. With these techniques, unique systematic uncertainties

are also introduced, which are calculated from statistical uncertainties from the
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estimated yields from the extABCD method, from the tt̄ events used to simulate

data-driven background shape distributions, from trigger efficiency corrections, and

uncertainties from disagreements in data compared to prediction.

4.5.2 Baseline selection

The baseline requirements for this analysis are as follows:

• Using triggers requiring 6 or more jets, with additional b-jet and HT

requirements as follows:

– 2016: 2 or more b-tagged jets andHT > 400GeV or one or more b-tagged

jets and HT > 450 GeV

– 2017 and 2018: 2 or more b-tagged jets and HT > 380 GeV or one or

more b-tagged jets and HT > 430 GeV.

• Zero leptons, required to preserve orthogonality with other final states

• 9 or more jets, with at least 3 of them being b-tagged jets, tagged using the

DeepJet algorithm [113] at a medium working point. This requirement is

used to reduce tt̄ backgrounds [151] which mostly have fewer b-tagged jets.

However, events with a lower number of jets are also used as control regions

to estimate data-driven backgrounds, as explained in Section 4.5.1.

• Sum of jet transverse momentum HT > 700 GeV to reduce QCD-induced

multijet backgrounds [151].

4.5.3 Boosted and resolved top tagging

This analysis also applies boosted and resolved top tagging and uses the number

of tagged top quarks for further classification of events, which will be discussed in

Section 4.5.4. Resolved top tagging is performed at lower jet energies, where decay
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products can be separated by standard jet reconstruction. Boosted top tagging, on

the other hand, is performed at higher jet energies, where the top quark is boosted

with high energy so that the decay products become closer together, thus requiring

them to be reconstructed as a fat jet or a jet with a larger acceptance cone size.

To detect boosted top quarks, this analysis uses reconstructed large-radius

jets via anti-kT algorithm with the distance parameter R = 0.8 (also known as

AK8 jets) and tags them using the DeepAK8 algorithm [174] using a medium

working point, offering a mistagging rate of 1% [151]. On the other hand, resolved

top quarks (from moderately boosted top quarks with resolvable decay products)

are detected using a dedicated BDT, based on a top tagger used in CMS search

for supersymmetric partners of top quarks [175]. The top-tagging BDT classifies

resolved top candidates, each comprising one b-tagged jet based on the DeepJet b

tagger and two light jets probably decayed from a W boson [151].

With both boosted and resolved top taggers in place, systematic uncertainties

from both top taggers are also applied exclusively in this final state, which will be

discussed in detail in Section 4.5.5.

4.5.4 Analysis technique used

Contrary to analyses in signatures with leptons, events in this final state are classified

into different categories based on the number of resolved tops NRT, number of

boosted tops NBT, and HT , as shown in Table 4.5.

A BDT discriminator8 is trained per each category to discriminate between

tt̄tt̄ signal events against tt̄ and QCD multijet background events. The

training incorporating both dominant backgrounds has been shown to have better

8Not to be confused with a deep neural network used to predict the distribution
of data-driven backgrounds, based on the ABCDnn method [173], as explained in
Section 4.5.1.
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Table 4.5: 12 event categories used in Run 2 all-hadronic analysis, separated by

the number of resolved tops NRT, the number of boosted tops NBT, and HT . In

this analysis, the preselection requirement of HT > 700 GeV is applied before

categorisation.

NRT NBT HT

1 0 700-800
1 0 800-900
1 0 900-1000
1 0 1000-1100
1 0 1100-1200
1 0 1200-1300
1 0 1300-1500
1 0 > 1500
1 ≥ 1 700-1400
1 ≥ 1 > 1400
2 ≥ 0 700-1100
2 ≥ 0 > 1100

performance than training against tt̄ background alone [151]. After the training,

the BDT output distributions of data-driven backgrounds are predicted using the

ABCDnn method, as explained in Section 4.5.1.

Figure 4.10 shows the distribution of BDT outputs in two of the most sensitive

categories: NRT = 1, NBT ≥ 1, HT > 1400 GeV, and NRT ≥ 2, HT > 1100 GeV.

As seen from both figures, the excess of tt̄tt̄ signal is visible in the histogram bin

representing a high BDT output value.

4.5.5 Systematic uncertainties

As with all other analyses, this analysis also employs several systematic

uncertainties present in other analyses, along with some uncertainties unique to this

analysis as follows [151]:
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Figure 4.10: BDT output distributions from two of the most sensitive categories:

NRT = 1, NBT ≥ 1, HT > 1400 GeV, and NRT ≥ 2, HT > 1100 GeV [2].

• Uncertainties caused by data-driven estimation, unique to this analysis,

which are

– Statistical uncertainties of estimated yields for QCD multijet and tt̄ in

each category propagated via the extABCD method [150].

– Statistical uncertainty of tt̄ events used to transform into data-driven

BDT output distribution using the ABCDnn method [173].

– Statistical uncertainties from the trigger efficiency corrections,

dependent on the number of b-tagged jets Nb and number of jets Nj

– Data-prediction disagreement uncertainties, both in normalisation and

shape form, derived from the validation region containing 8 jets.

By design, these uncertainties will be constrained during the fitting of

corresponding nuisance parameters.

• Theoretical uncertainties
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– Theoretical normalisation uncertainties for tt̄W + tt̄Z + tt̄H

backgrounds. This uncertainty is entirely enveloped by tt̄H. (See

Section 5.4.1.2.)

– Initial and final state radiation uncertainties (See Section 5.4.1.3.)

– Parton distribution function (PDF) uncertainty (See Section 5.4.1.4.)

– Uncertainties from renormalisation and factorisation scale
variations µR and µF (See Section 5.4.1.5.)

• Experimental uncertainties

– Luminosity uncertainty (See Section 5.4.2.1.)

– Prefire uncertainty (See Section 5.4.2.2.)

– Pileup uncertainty (See Section 5.4.2.3.)

– Trigger efficiency uncertainty, assigned as 0-5% [151]

• Reconstruction uncertainties

– Jet energy scale (JES) and jet energy resolution (JER) uncertainties
(See Sections 5.4.3.1 and 5.4.3.2.)

– b-tagging uncertainty, using DeepJet [113] (See Section 5.4.3.3.)

– Lepton scale factors uncertainty (See Section 5.4.3.4.)

– DeepAK8 uncertainties [174], calculated from correction factors to

match simulation to data. This type of uncertainty has separate nuisance

parameters for the boosted top and boosted W bosons.

– Resolved top tagger uncertainties, derived from the dedicated resolved

top tagger explained in Section 4.5.3
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4.5.6 Results from the all-hadronic final state

Based on a fit of BDT distributions, the expected and observed search significance

for this analysis is 0.4 and 2.5 standard deviations. The measured signal strength and

cross section from this final state are 5.8± 1.4 (stat.) ±2.0 (syst.) and 70± 17 (stat.)
+25
−23 (syst.) fb respectively. A significant increase in observed search significance

compared to expected significance is caused by a large excess of signal events found

in this final state, as shown in Figure 4.10. This large excess causes a high value of

signal strength best fit and pushes the observed significance higher than the expected

value.

Several cross-checks have already been performed in this final state, especially

in the predicted data-driven background. Validation of the data-driven background

estimation method is performed by estimating the background in the validation

region with 8 jets and 3 or more b-tagged jets and comparing it with data in

the region, with the method explained in Section 4.5.1. Estimated backgrounds

from two of the most sensitive categories in the validation region are shown in

Figure 4.11.

4.6 Summary of results from individual final
states

Tables 4.6 and 4.7 show the best fit values of signal strength and cross section, as

well as the expected and observed significance of each analysis. As seen from both

tables, none of the analyses performed in the individual final states achieved the

expected level with the search significance of 3 standard deviations, even though

many of the analyses have upgraded their techniques compared to their previous

iterations.



138

Figure 4.11: BDT output distributions from two of the most sensitive categories:

NRT = 1, NBT ≥ 1, HT > 1400 GeV, and NRT ≥ 2, HT > 1100 GeV in validation

region [2].

Table 4.6: Measured signal strength and cross section from individual analyses,

including Run 2 SL (Section 4.3), 2017+2018 OSDL (Section 4.4), and Run 2

all-hadronic analysis (Section 4.5), as well as 2016 OSDL analysis (Section 4.2.1)

and Run 2 SSDL&ML analysis (Section 4.2.2). The uncertainty values reported

are statistical uncertainties and systematic uncertainties respectively, except for the

original values of 2016 OSDL where only the total uncertainty is reported.

Analysis Signal strength (µ) Cross section (fb)
(stat.) (syst.) (stat.) (syst.)

Run 2 SL 1.2 +0.7
−0.6 ±0.6 15 ±8 +10

−7

2017+2018 OSDL 2.8 ±1.0 +1.9
−1.2 33 ±12 +15

−14

Run 2 All-hadronic 5.8 ±1.4 ±2.0 70 ±17 +25
−23

Run 2 SSDL&ML [65] 1.0 ±0.4 +0.3
−0.2 13 +5

−4 ±3
2016 OSDL [1] 0.0 +2.7 (combined) 0 +25 (combined)
recalculated [2] -0.2 +1.7

−1.5 ±1.5 -2 +20
−18 ±18

To attain the level of evidence with a search significance of 3 standard

deviations or more, several analyses can be combined to reach more statistical

sensitivity, provided that they are dominated by statistical uncertainties, by using

the entire dataset. Details on the combination shall be discussed in Chapter 5.
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Table 4.7: Expected and observed significance from individual analyses.

Analysis Significance (s.d.)
Expected Observed

Run 2 SL 1.2 1.4
2017+2018 OSDL 0.6 1.8
Run 2 All-hadronic 0.4 2.5

Run 2 SSDL&ML [65] 2.7 2.6
2016 OSDL [1] 0.4 0.0

Figure 4.12: Expected and observed significance from individual analyses, derived

from Table 4.7.



Chapter 5

COMBINATION OF SEARCH RESULTS FOR
FOUR TOP QUARK PRODUCTION

As seen in Chapter 4, every analysis has several differences, such as the

choice of the main background, analysis techniques, baseline selection criteria,

and systematic uncertainties applied. Still, none of the results has reached the

point of evidence or attained a search significance of 3 standard deviations. Even

Run 2 same-sign dilepton and multilepton (SSDL&ML) analysis [65] obtained the

expected and observed search significance of only 2.7 and 2.6 respectively. By

combining search results from different final states together, we may be able to

achieve better results in the form of better search significance, hopefully reaching

the evidence level. Several benefits like this due to the combination will be

discussed in Section 5.1.

In this chapter, we shall also discuss the basic ideas of the statistical tools used

in interpreting the results, as well as systematic correlations applied in combining

the results of several final states in each analysis as detailed in Chapter 4.

5.1 Why do we combine final states?
There are several ways to increase the search significance. The easiest way is

to obtain more data from particle detectors, which works when the systematic

uncertainties of the analysis are small compared to statistical uncertainties.
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For a comparison, in the Run 2 campaign spanning three years of data taking

(2016-2018), data collected by CMS detector amounts to an integrated luminosity1

of 138 fb−1. The High-Luminosity LHC (HL-LHC) upgrade project, established in

2010, has a target of obtaining 250 fb−1 per year, amounting to 3000 fb−1 through 12

years of operation [176]. CMS Collaboration has projected, based on the four-top

quark production search result in the same-sign dilepton final state on 2016 data

(with 35.9 fb−1 of data) [79], that we may be able to achieve evidence level with

300 fb−1 of data [177]. Even with this projection and HL-LHC upgrade in place,

there is no guarantee at all that we will be able to achieve evidence level by waiting

for two years’ worth of data from the HL-LHC since not all the data delivered

by HL-LHC can always be recorded by CMS detector or has enough quality for

physics analyses. The projection, however, assumed that the techniques used in

reconstructing physics objects (such as b tagging) and in analysis (such as signal

and background discrimination) do not improve over larger integrated luminosities.

Therefore, improvements beyond this projection are still possible.

Another way to increase search significance is to combine the data from

several final states together. This increases the statistics of the search, since by

combining two or more final states, the number of events included in the analysis

increases, provided that there is orthogonality in each analysis. With this approach,

we do not have to wait for more data from the particle detectors to increase

the search significance. This approach has also been used several times for the

search of four-top quark production within CMS, such as the combination between

2015 SL+OSDL and 2015 SSDL analyses [72; 73], and the combination of 2016

SL+OSDL and 2016 SSDL&ML analyses [79; 1]. Another famous example is

the combination of search results for the Higgs boson from the CMS and ATLAS

Collaborations, leading to the discovery of the Higgs boson itself [39; 38].

1This amount of integrated luminosity is based on the latest calculation from the Run 2
campaign [76; 77; 78].
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In addition to increased search significance, combining data from several final

states together allows us to cross-check between individual results from each final

state. In the combination, we expect to measure one final value of signal strength µ,

which should apply to all final states at the same time. This can suppress the outliers

among all final states, and give us a more stable result compared to results reported

in individual final states. However, checks for compatibility among all final states

are also required, which will be discussed further in Section 5.6.5.

Another benefit of combination is that it can better constrain systematic

uncertainties. Some types of uncertainties can be applied in multiple final states and

should bend the distribution in the same direction across all of the final states with

them applied. By assigning correlations to systematic uncertainties, we can better

constrain the changes applied to the distribution, since we have more constraints

due to the same types of uncertainties being applied to more histogram bins.

However, the combination of data from different final states together should

be handled carefully, since there are several reasons why the combination can go

wrong. First, all the final states used in the combination must be orthogonal to

prevent double counting issues where one event can be counted in two or more

final states at the same time. Furthermore, several checks should be performed

such as negative log-likelihood scans and compatibility checks to make sure that all

nuisance parameters have an expected behaviour in the combination and the final

measurements from the combination are compatible to each final state.

5.2 Profile likelihood fit
The profile likelihood fit [3] is a statistical formulation used as a gold standard

in CMS analyses to interpret and measure signal strength and cross section of

individual particle productions. This formulation is used in a statistical program
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named HiggsCombine [178], which is used within the CMS Collaboration. Note

that the formulation presented in this section is abridged from the original work,

and a complete mathematical formulation is available in Ref. [3].

The starting idea is simple: given a set of the expectation value of events in

each histogram bin E[ni], and corresponding background events bi and signal events

si for each bin, the signal strength µ must satisfy

E[ni] = bi + µsi (5.1)

as best as possible. si and bi can be written as an integral of the probability density

functions (PDFs) fs and fb as [3]

si = stot

∫

bin i
dxfs(x; θs) (5.2)

bi = btot

∫

bin i
dxfb(x; θb) (5.3)

where θs and θb are nuisance parameters that can adjust the shape of PDFs, and stot

and btot denote the total number of signal and background events respectively. From

here, θs, θb, stot, and btot can adjust the shape and normalisation of both signal and

background distributions, but in many analyses, we are mainly interested in finding

the most probable amount of stot, which can be dependent to θs, θb, and btot. Hence,

the latter three parameters can be collectively labelled as θ = (θs, θb, btot). stot, on the

other hand, can be set to a nominal value predicted by SM, which is usually done

by normalising the signal distribution to SM predicted cross section.

In addition to histogram bins containing background and signal events, we can

also add information from a histogram constructed from a control region where no

signal events are expected. The expectation valueE[mi] of each bin in that histogram

would equal to

E[mi] = ui(θ) (5.4)
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where ui is a calculable amount of expected events in each bin of the control region,

subject to parameters θ.

As seen from the formulation above, the distributions of si bi, and ui should

match the distributions ni from regions with signal and mi from control regions

as much as possible. si, bi, and ui are subject to nuisance parameters θ, and the

expectation values of ni and mi are also subject to µ in addition to θ. Based on

Bayesian statistics, the likelihood function of µ and θ is the product of Poisson

probabilities [3]

L(µ, θ) =
∏

i

(bi + µsi)ni

ni!
e−(bi+µsi)

∏

i

umi

i

mi!
e−ui . (5.5)

Since L depends on µ and θ, we can find the optimal value of L per both µ and θ,

which we can call µ̂ and θ̂. Furthermore, for each value of µ, an optimal set of θ can

be calculated for that µ value, which we can call ˆ̂θ. With the values of L from these

two sets of parameters, we can consider the profile likelihood ratio λ(µ) and a test

statistics tµ as [3]

λ(µ) =
L(µ, ˆ̂θ)

L(µ̂, θ̂)
(5.6)

tµ = −2 lnλ(µ) . (5.7)

The quantity tµ, introduced in Equation 5.7, is also called Negative Log Likelihood

(NLL). Since the denominator of λ(µ) is the largest likelihood value derived from

the most probable values of µ and θ, λ(µ) will always be less than or equal to 1,

leading to ln(µ) ≤ 0 and tµ being positive. If µ = µ̂, λ(µ) = 1 and tµ = 0, which

means the NLL value will be exactly zero at the most optimal point µ = µ̂.

To measure signal strength, search significance, and upper limits of the signal

strength, we must construct the probability density functions for test statistics, such

as tµ and others that are derived based on tµ, under specific conditions to obtain

the p-value specific to each measurement. These p-values can then be used to rule
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out conditions where they fall under the determined threshold, such as confidence

level. The construction of these probability density functions may be performed

using Monte Carlo simulations, which will not be discussed in this thesis.

Based on a result by Wald [179], given that the number of events included in

the histogram is large enough, the test statistic tµ can be approximated as [3]

tµ = −2 lnλ(µ) = (µ− µ̂)2

σ2
+O

(
1/
√
N
)

(5.8)

where N is the data sample size, which means the term O
(
1/
√
N
)

can be negligible

if the sample size, or the number of events in the histogram, is large enough.

As shown in Ref. [3], the actual distributions of test statistics, such as tµ and

all other test statistics derived from tµ that are used to calculate signal strength

measurement, search significance, and upper limits of signal strength, may not

follow the distribution derived from Wald’s approximation when the sample size

in the histogram is not large enough. In this case, the calculation of all quantities

can also be calculated from Monte Carlo simulations, without the use of Wald’s

approximation.

5.2.1 Signal strength measurement

To measure the signal strength µ, we can calculate the p-value of tµ as [3]

pµ = 2(1− Φ(
√

tµ)) (5.9)

where Φ represents the cumulative distribution function of a Gaussian distribution,

with zero mean and variance of exactly 1. Since tµ, introduced in Equation 5.7,

is always positive, Φ(√tµ) is equivalent to calculating a right-tailed p-value of the

Gaussian distribution. From here, we can set the confidence interval of µ at the

confidence level (CL) of 1 − α, by setting pµ = α, to cover the desired range of µ,
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such as one standard deviation range. We can solve Equation 5.9 and obtain

tµ =
[
Φ−1(1− α/2)

]2 . (5.10)

This means the NLL value (tµ) of 1 will give the µ value at the confidence

interval of 1 standard deviation, since for 1 standard deviation, α = 0.3173, then

tµ =
[
Φ−1(0.8413)

]2
= 1. This is usually used in reporting the best fit value

of µ. If we want the confidence interval of 95% instead, α will be 0.05, hence

tµ =
[
Φ−1(0.975)

]2
= 3.84. Based on this conclusion, we can numerically calculate

the NLL value for each value of µ and obtain its best fit interval based on the

scanning of NLL values over the range of µ.

To prove that this assumption is valid, we can use Equation 5.8, based on the

approximation by Wald [179], and report the signal strength value as [3]

µ = µ̂± σΦ−1(1− α/2) (5.11)

= µ̂± σ
√

tµ (5.12)

which means tµ = 1 will correspond to the confidence interval of √tµ = 1 standard

deviation.

5.2.2 Search significance

The search significance Z is defined as [3]

Z = Φ−1(1− p) (5.13)

where p represents the upper-tail p-value, and Φ−1 is the inverse of the cumulative

distribution function of a Gaussian distribution. Based on this definition, the

search significance of 3 standard deviations (evidence) and 5 standard deviations

(observation) are equivalent to the p-values of

p(3σ) = 1− Φ(Z = 3) = 0.001 35 = 1 in 740 (5.14)

p(5σ) = 1− Φ(Z = 5) = 2.867× 10−7 = 1 in 3.5 million. (5.15)
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The search significance can be calculated based on a special case of test

statistics tµ [3].

q0 =






−2 lnλ(0) if µ̂ ≥ 0

0 otherwise.
(5.16)

These test statistics can be used to reject the hypothesis where no signal is present

in the data (µ = 0). Based on Wald’s approximation in Equation 5.8, we obtain [3]

q0 =






µ̂2/σ2 if µ̂ ≥ 0

0 otherwise.
(5.17)

The cumulative distribution of this test statistics, with the hypothesis where

no signal is present, is [3]

F (q0|0) = Φ(
√
q0) . (5.18)

The p-value for the hypothesis is [3]

p0 = 1− F (q0|0) (5.19)

which leads to the significance of [3]

Z0 = Φ−1(1− p0) =
√
q0 = µ/σ (5.20)

Since the final result only contains µ and σ, which can be obtained from the best

fit of signal strength value along with its confidence interval, we can make a quick

approximation of the search significance based on the best fit of signal strength and

vice versa.

5.2.3 Asimov dataset

In some calculations of expected quantities, such as search significance, we can

calculate it using a large set of randomised distributions based on simulated samples

called random toys. However, generating random toys to calculate the quantity can
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be time-consuming, especially with a very large combination of the search. An

alternative is to use Asimov datasets [3], which is simply a dataset generated by

copying distributions from simulated background samples and adding a distribution

from the simulated signal sample (usually with µ = 1 to mimic the number of signal

events predicted in SM).

The name of the Asimov dataset is inspired by Isaac Asimov’s short science

fiction Franchise, first published in 1955 [180; 3]. In the story, the protagonist

Norman Muller is chosen from 200 million Americans by a computer to represent

the whole population of Americans in a presidential election. Below is an excerpt

from the story:

“All right,” said Handley, “let’s get that straight to begin with. Multivac

weighs all sorts of known factors, billions of them. One factor isn’t

known, though, and won’t be known for a long time. That’s the reaction

pattern of the human mind. All Americans are subjected to molding

pressure of what other Americans do and say, to the things that are done

to him and the things he does to others. Any American can be brought to

Multivac to have the bent of his mind surveyed. From that the bent of all

other minds in the country can be estimated. Some Americans are better

for the purpose than others at some given time, depending upon the

happenings of that year. Multivac picked you as most representative
this year. Not the smartest, or the strongest, or the luckiest, but
just the most representative. Now we don’t question Multivac, do
we?” [180]

Asimov datasets can be used to calculate expected search significance, upper

limits of signal strength, and best fit value of signal strength. As the Asimov dataset
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is formulated with the fixed µ value, the best fit value of signal strength will always

be at the fixed value. The search significance, however, can be impacted by its

variance, which is affected by nuisance parameters present in the analysis. The

calculation of signal strength best fit and search significance, often called expected

signal strength best fit and expected search significance can be a good indication of

how powerful the search is. Based on Equation 5.20, if the expected signal strength

best fit can be measured with less uncertainty, the expected search significance

increases.

On the other hand, the observed signal strength best fit and observed search

significance are calculated based on data, which is compared directly against

simulation and can be vastly different from results obtained with the Asimov dataset,

since the data used to fit the signal strength may be completely different than

Asimov dataset. For example, the search for four-top quark production performed by

ATLAS Collaboration [82] on single-lepton (SL), opposite-sign dilepton (OSDL),

same-sign dilepton (SSDL), and multilepton (ML) final states, using Run 2 data,

has obtained the expected significance of 2.6 but the observed search significance

is 4.3.

5.3 Systematic uncertainties
In every physics experiment, there are two types of systematic uncertainties:

statistical uncertainties and systematic uncertainties. Statistical uncertainties are

random fluctuations limited by the amount of data collected during experiments.

This type of uncertainty can be reduced by taking more data and reducing the

fluctuations. On the other hand, systematic uncertainties arise from several

components within the analysis, such as from theory and simulation, experiment,

and reconstruction. Understanding the source of these uncertainties, such as in the
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reconstruction step, will help us in reducing them. In this section, several types of

systematic uncertainties applied in the combination shall be discussed.

5.3.1 Types of systematic uncertainties, mathematically
speaking

Two main types of systematic uncertainties are often used in statistical inferences

in the CMS Collaboration.

• Log-normal uncertainties adjust the number of events with the same factor

in all histogram bins applied. It is usually defined in the form of (1 + σ)θ,

where σ is the size of uncertainty at 1 standard deviation and θ is the nuisance

parameter associated with this type of uncertainty. The reason why this

formulation of uncertainty is used is to keep the number of events in a

histogram bin positive, even if θ becomes highly negative.

• Shape uncertainties adjust the number of events with different factors for

each histogram bin. This type of uncertainty must be accompanied by two

histogram templates denoting the +1σ and −1σ variant of the uncertainty.

The fractional change f(θ) of each histogram bin can be interpolated with the

nuisance parameter value θ for −1 ≤ θ ≤ 1 as [178]

f(θ) =
1

2

(
(δ+ − δ−)θ +

1

8
(δ+ + δ−)(3θ6 − 10θ4 + 15θ2)

)
(5.21)

where δ+ and δ− are the fractional changes of each histogram bin for +1 and

-1 sigma respectively, and for |θ| > 1,

f(θ) =






θδ+ ; θ > 1

θδ− ; θ < −1 .
(5.22)

The formulations above are designed so that f(θ) is continuous in its value

and derivatives at θ = ±1.
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5.3.2 Correlating systematic uncertainties

Usually, systematic uncertainties can change the event yield for each process

with nuisance parameters θ. One nuisance parameter represents the effect of one

systematic uncertainty. Correlating two or more uncertainties (or correlating two

or more nuisance parameters) means forcing these nuisance parameters to have

the same up/down effect. By correlating uncertainties together, we are making

assumptions that the same type of uncertainties should have the same effect across

different processes and final states.

One limitation of the tool used in this work for statistical inferences is that

we cannot assume partial correlations to the nuisance parameters. The usual

procedure is to break down the nuisance parameter into two or more smaller

nuisance parameters, which correspond to the correlated and uncorrelated parts.

Correlations to the first part are still treated as full correlations.

In this combination, the correlations applied are full correlations between

different nuisance parameters. For this type of correlation, several nuisance

parameters from different analyses are replaced with one nuisance parameter. With

this modification, one nuisance parameter will cause the same effect across different

analyses with the same set of nuisance parameters as intended.

5.4 Systematic uncertainties considered in
combination

As stated in Section 4.1, the combination of searches for four-top quark production

includes

• Run 2 single-lepton (Section 4.3)
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• 2016 opposite-sign dilepton (Section 4.2.1)

• 2017+2018 opposite-sign dilepton (Section 4.4)

• Run 2 same-sign dilepton (Section 4.2.2)

• Run 2 all-hadronic (Section 4.5)

In this combination, several types of uncertainties from different analyses

must be correlated properly, some correlated between processes, some correlated

between years, and some correlated between both processes and years. In this

subsection, each type of systematic uncertainty will be explained, along with the

correlation scheme applied in this combination. Tables 5.1 and 5.2 give a summary

of uncertainty correlations applied. This section will discuss details on theoretical,

experimental, and reconstruction uncertainties that are common across different

analyses in Sections 5.4.1, 5.4.2, and 5.4.3.

5.4.1 Theoretical uncertainties

5.4.1.1 tt̄+ bb̄ normalisation

tt̄ + bb̄ normalisation is correlated across years in the OSDL, SL, and SSDL&ML

final states. This uncertainty does not apply to the all-hadronic final state.

The tt̄ + bb̄ normalisation uncertainty is the uncertainty obtained from

the measurement of tt̄ + bb̄ fraction in tt̄ production, performed by CMS

experiment [166]. Since this type of uncertainty is reported by previous analyses [1;

65] to be the most impactful in four-top quark cross section measurement, this

uncertainty is included in 2017+2018 OSDL and Run 2 SL analyses, and the

correlation of this type of uncertainty is strongly considered. The correlation is

applied across years and in OSDL, SL, and SSDL&ML final states.
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Table 5.1: Summary table on nuisance parameter correlation assumptions, for

theoretical uncertainties.

Uncertainty 20
16

SL

20
16

O
SD

L

20
17

SL

20
17

O
SD

L

20
18

SL

20
18

O
SD

L

SS
D

L&
M

L

al
l-h

ad
ro

ni
c

tt̄+ bb̄ normalisation, Section 5.4.1.1
! ! ! ! ! ! !

Monte Carlo cross section, Section 5.4.1.2
Electroweak ! ! ! ! ! !
Single-top ! ! ! !
tt̄ ! ! !
tt̄H ! ! ! ! ! ! !
tt̄+ V ! !
tt̄ + ultra rare ! !
ISR and FSR, Section 5.4.1.3
tt̄+ bb̄ ! ! ! ! !
tt̄ + light jets ! ! ! ! !
tt̄H ! ! ! ! !
tt̄tt̄ ! ! ! ! ! ! !
PDF, Section 5.4.1.4

! ! ! ! ! ! ! !

Table 5.2: Summary table on nuisance parameter correlation assumptions, for

experimental uncertainties.

Uncertainty 20
16

SL

20
16

O
SD

L

20
17

SL

20
17

O
SD

L

20
18

SL

20
18

O
SD

L

SS
D

L&
M

L

al
l-h

ad
ro

ni
c

Luminosity, Section 5.4.2.1
2016 ! ! ! !
2017 ! ! ! !
2018 ! ! ! !
2017+2018 ! ! ! ! ! !
2016+2017+2018 ! ! ! ! ! ! ! !
Prefire, Section 5.4.2.2
2016 ! ! !
2017 ! ! ! !
Pileup, Section 5.4.2.3

! ! ! ! ! ! ! !
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Table 5.3: Summary table on nuisance parameter correlation assumptions, for

reconstruction uncertainties.

Uncertainty 20
16

SL

20
16

O
SD

L

20
17

SL

20
17

O
SD

L

20
18

SL

20
18

O
SD

L

SS
D

L&
M

L

al
l-h

ad
ro

ni
c

Jet energy scale (JES), Section 5.4.3.1
Absolute ! ! ! ! !
BB/EC1 ! ! ! ! !
EC2 ! ! ! ! !
FlavorQCD ! ! ! ! !
HF ! ! ! ! !
RelativeBal ! ! ! ! !
Absolute ’17 ! !
BB/EC1 ’17 ! !
EC2 ’17 ! !
HF ’17 ! !
RelativeSample ’17 ! !
Absolute ’18 ! !
BB/EC1 ’18 ! !
EC2 ’18 ! !
HF ’18 ! !
RelativeSample ’18 ! !
Jet energy resolution (JER), Section 5.4.3.2
2016 ! ! ! !
2017 ! ! ! !
2018 ! ! ! !
b tagging (DeepJet), Section 5.4.3.3
purity ! ! !
charm-flavoured ! ! !
heavy flavour ! ! !
light flavour ! ! !
HF stat. 2017 ! !
LF stat. 2017 ! !
HF stat. 2018 ! !
LF stat. 2018 ! !
Lepton scale factor, Section 5.4.3.4
2016 e ! !
2017 e ! !
2018 e ! !
2016 µ ! !
2017 µ ! !
2018 µ ! !
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However, the Run 2 all-hadronic analysis derives most of its backgrounds from

a data-driven approach (see Section 4.5), this type of uncertainty is not applied in

the all-hadronic final state and thus not included in the correlation.

5.4.1.2 Monte Carlo cross section

Monte Carlo cross section uncertainties are correlated across years and in different

analyses. Since it is applied separately for each background process, it is not

correlated between processes.

Monte Carlo cross section uncertainties are obtained based on theoretical

calculations, as opposed to tt̄bb̄ normalisation uncertainty explained in

Section 5.4.1.1. In this combination, four correlations of this type of uncertainty

are applied across different analyses as follows:

• Electroweak: Run 2 OSDL + Run 2 SL

• Single-top production: 2016 OSDL + Run 2 SL

• tt̄: Run 2 OSDL

• tt̄H: Run 2 SL + 2017+2018 ODSL + Run 2 SSDL&ML + Run 2 all-hadronic

5.4.1.3 Initial and final state radiation (ISR/FSR)

This type of uncertainty is correlated across years (where applicable), separated

between tt̄ + bb̄, tt̄ + light jets, tt̄ + H, and tt̄tt̄. They are applied in Run 2 SL,

2017+2018 OSDL, and Run 2 all-hadronic as detailed below.

The initial and final state radiations (ISR and FSR) refer to the radiations of

partons giving extra particles, such as gluons, before or after the hard process. This

can result in higher jet multiplicity and less energy from final state particles detected

in an event.
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5.4.1.4 Parton Distribution Function (PDF)

All nuisance parameters for this type of uncertainty are correlated together across

years, processes, and final states.

A parton distribution function, or PDF, is a set of distribution functions

determining the density of partons, or quarks and gluons, for momentum fraction x

and the virtuality scale Q2 for each parton. This is used to calculate the cross section

for a process theoretically [181], and they are determined via several analyses

from experimental data [17]. This type of uncertainty is calculated from different

variations of the PDF set provided by the PDF4LHC working group [182; 151].

5.4.1.5 Renormalisation and factorisation scale variations µR and µF

Due to different treatment schemes of this uncertainty type in each analysis,

nuisance parameters belonging to this type of uncertainty are incompatible across

different analyses. Thus, correlations cannot be performed on this type of

uncertainty.

The renormalisation (µR) and factorisation (µF ) scale parameters, sometimes

also called matrix element scale variations, are used in QCD calculations of heavy

quark (top and bottom quarks, and sometimes charm is also included) productions.

The renormalisation parameter µR affects directly the strong coupling αs, which

directly affects the interactions of gluons. On the other hand, the factorisation

parameter µF affects the distribution functions for quarks and gluons [183]. They

can be used to calculate the generator weights of each simulated event. To determine

the uncertainty caused by these two scale variations, each factor can be scaled up

by a factor of 2 or down by a factor of 0.5. Six recommended combinations can be

done as follows:
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• Fixed µR, vary µF by 2 or 0.5

• Fixed µF , vary µR by 2 or 0.5

• Simultaneously vary µR and µF by 2 or 0.5

In the Run 2 SL analysis, this type of uncertainty is calculated from the

maximum variation out of the six variations described above for each histogram

bin. This results in one nuisance parameter per process, which is a combination of

all six variations of µR and µF [163].

In the 2017+2018 OSDL analysis, however, this type of uncertainty is

calculated separately for each up/down variation as described above. This results in

three nuisance parameters per process, where each one represents variations in µR

(fixed µF ), µF (fixed µR), and both of them simultaneously [172].

Given the different treatment schemes of this uncertainty type, correlating

nuisance parameters for this uncertainty type is unfeasible. Therefore, this type

of uncertainty is not correlated.

5.4.2 Experimental uncertainties

5.4.2.1 Luminosity uncertainty

Luminosity uncertainties are correlated across all processes and applied differently

across years as detailed below. This uncertainty applies to all final states.

The integrated luminosity recorded by the CMS detector is measured by year

in 2016 [76], 2017 [77], and 2018 [78]. In addition to uncertainties measured per

year, correlated uncertainties must also be taken into account in combination with

data from 2016-2018. Luminosity uncertainties for 2016-2018, both uncorrelated



158

Table 5.4: Luminosity uncertainty correlation scheme for Run 2 combination, as

recommended by Luminosity Physics Object Group.

Analysis year
Uncertainty 2016 2017 2018

Uncorrelated 2016 1.0
Uncorrelated 2017 2.0
Uncorrelated 2018 1.5

Correlated 2017+2018 0.6 0.2
Correlated Run 2 0.6 0.9 2.0

Table 5.5: Integrated luminosity from the latest measurements performed in

Ref. [76; 77; 78], compared to integrated luminosity values used in 2016 OSDL

and Run 2 SSDL&ML analyses.

Integrated luminosity (fb−1)
2016 2017 2018 2016-2018

Latest measured luminosity 36.31 41.53 59.74 137.58
2016 OSDL 35.83

Run 2 SSDL&ML 35.922 41.53 59.71

and correlated, are shown in Table 5.4. The new luminosity uncertainty scheme is

applied to new analyses, namely Run 2 SL and 2017+2018 OSDL.

In addition to the new uncertainty scheme applied to new analyses, integrated

luminosity and luminosity uncertainties must also be updated in 2016 OSDL and

Run 2 SSDL&ML, shown in Table 5.5. Since the Run 2 SSDL&ML analysis

does not separate the histogram template into years, a new luminosity uncertainty

scheme must be applied according to Table 5.6, where five new nuisance parameters

representing uncorrelated and correlated parts are introduced.

5.4.2.2 Level-1 trigger prefiring

This type of uncertainty is correlated across different processes, separated by year.
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Table 5.6: New luminosity uncertainty scheme applied to Run 2 SSDL&ML

analysis, based on integrated luminosity value in Table 5.5.

Uncertainty Size
Uncorrelated 2016 1% × 36.31÷ 137.58 = 0.26%
Uncorrelated 2017 2% × 41.53÷ 137.58 = 0.60%
Uncorrelated 2018 1.5% × 59.74÷ 137.58 = 0.65%

Correlated 2017+2018 (0.6% × 41.53 + 0.2% × 59.74)÷ 137.58 = 0.27%
Correlated Run 2 (0.6% × 36.31 + 0.9% × 41.53 + 2% × 59.74)

÷137.58 = 0.60%

During the collection of data from the CMS detector in 2016-2017, a fault

in the electromagnetic calorimeter in the region of |η| > 2.5 caused an energy

deposit to be incorrectly assigned to a bunch crossing that happened earlier than

the bunch crossing of interest [108]. This issue affects data collected in 2016 and

2017, so analyses using data from both years are affected by this type of systematic

uncertainty, which are 2016+2017 SL, 2017 OSDL, 2016+2017 all-hadronic, and

2016+2017 SSDL&ML. Unfortunately, the 2016 OSDL analysis does not have this

uncertainty included [1], so prefiring uncertainty is not correlated in that analysis.

5.4.2.3 Pileup

All nuisance parameters for this type of uncertainty are correlated together across

years, processes, and final states.

To increase the number of particle collisions to be as high as possible, the

LHC has been designed to deliver a very high amount of instantaneous luminosity

in the order of 1034 cm−2 s−1 [96] and has achieved such a high luminosity with

O(1010) protons in each proton bunch during Run 2 [76; 77; 78]. However, one

side effect of this high luminosity is that more than one proton-proton collision may

occur in one collision event. This effect is called pileup, which is mainly caused by

colliding two bunches of protons together, each with a very large number of protons
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Figure 5.1: Distributions of the mean number of interactions per crossing for

proton-proton collisions during Run 2 data-taking period between 2015-2018 [184].

to increase the possibility of the collision. Figure 5.1 shows the distribution of the

mean number of interactions per bunch crossing during Run 2.

According to the recommendation by the Top Physics Analysis Group in

CMS, this uncertainty should be correlated across years, processes, and final states.

Analyses affected by this type of uncertainty are Run 2 SL, 2016 OSDL, 2017+2018

OSDL, Run 2 SSDL&ML, and Run 2 all-hadronic.
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5.4.3 Reconstruction uncertainties

5.4.3.1 Jet Energy Scale (JES)

This type of uncertainty is correlated across SL and OSDL analyses, except 2016

OSDL, and separated by sources detailed below.

Jet Energy Scale uncertainty is an uncertainty calculated from the calibrations

made to jet energies [88]. This type of uncertainty may be called Jet Energy

Corrections (JEC) in some literature. Since this correction may alter the jet

energy, there may be more jets being included or excluded from the preselection

criteria, thus causing collision events to be assigned into different jet multiplicity

categories when JES uncertainty is applied. This effect is sometimes called event

migration. Since events may migrate to different jet multiplicity categories when

JES uncertainty is applied, evaluating the effect of this type of uncertainty requires

the simulation of this effect at the reconstruction level.

This type of uncertainty is applied differently in several analyses. In Run 2

SL and 2017+2018 OSDL analyses, the following sources of JES uncertainties are

applied:

• Flat absolute scale pT dependence uncertainties extracted from the lepton

momentum scale for muons in Z → µµ+jet and single-pion response in

HCAL [88]. This uncertainty has both uncorrelated parts per year and a

correlated part across three years.

• BB/EC1 uncertainties obtained from detector regions |η| < 2.5. BB refers to

regions of |η| < 1.3, and EC1 refers to regions of 1.3 < |η| < 2.5 [88]. This

uncertainty has both uncorrelated parts per year and a correlated part across

three years.
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• EC2 uncertainties obtained from EC2 region, defined as 2.5 < |η| < 3.0 [88].

This uncertainty has both uncorrelated parts per year and a correlated part

across three years.

• HF uncertainties obtained from HF region, defined as |η| > 3.0 [88]. This

uncertainty has both uncorrelated parts per year and a correlated part across

three years.

• Uncertainties due to differences between log-linear fits of MPF and pT balance

methods.

• Flavour response differences uncertainties calculated from differences in

simulations from PYTHIA 6.4 [185] and HERWIG++ [121] MC generators. This

type of uncertainty only has correlated part across three years.

However, in the 2016 OSDL analysis, this type of uncertainty is applied

differently, where separate sources of uncertainties are combined into a shorter list

of uncertainties as follows [88]:

• Pileup offset uncertainties

• Relative η correction uncertainties

• Flat absolute scale pT dependence uncertainties

• Scale uncertainties independent of pT , with statistical uncertainty included

• Jet energy corrections time dependence uncertainty between different epochs

of data-taking

Furthermore, in Run 2 SSDL&ML and Run 2 all-hadronic analyses, this type

of uncertainty is combined as one nuisance parameter per year, which could not be

correlated to nuisance parameters of the same type in other final states.
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Table 5.7: b-tagging algorithms used in each analysis. Numbers in parenthesis

denote corresponding section numbers in Chapter 4.

Analysis CSV DeepCSV DeepJet
[155] [162] [113]

Run 2 SL (4.3) !
2016 OSDL (4.2.1) !

2017+2018 OSDL (4.4) !
Run 2 SSDL&ML (4.2.2) !
Run 2 all-hadronic (4.5) !

5.4.3.2 Jet Energy Resolution (JER)

This type of uncertainty is correlated across different processes but in different

years. They are applied in all final states throughout Run 2.

The calibration of jet energy resolution is performed at the same time as the

jet energy scale, and can also give systematic uncertainties to the analysis. This type

of uncertainty is applied to all final states differently across three years of Run 2 and

should be correlated per year across different processes.

5.4.3.3 b tagging

This type of uncertainty is correlated between analyses using DeepJet b

tagger [113], namely 2017+2018 OSDL and Run 2 all-hadronic. The correlation

is applied differently based on the source as described below.

Every b-tagging algorithm, such as Combined Secondary Vertices

(CSV) [155], DeepCSV [162], and DeepJet [113], has its uncertainties in

classifying jet flavours. Table 5.7 show the list of b-tagging algorithms used in Run

2 SL (Section 4.3), 2016 OSDL (Section 4.2.1), 2017+2018 OSDL (Section 4.4),

Run 2 SSDL&ML (Section 4.2.2), and Run 2 all-hadronic (Section 4.5).
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As seen from the table, the DeepCSV b-tagging algorithm is used in both

Run 2 SL and Run 2 SSDL&ML analyses, and the DeepJet b-tagging algorithm is

used in both 2017+2018 OSDL and Run 2 all-hadronic analyses. However, due to a

different treatment of this type of systematic uncertainty between Run 2 SL and Run

2 SSDL&ML analyses, nuisance parameters of DeepCSV from both analyses are

incompatible and thus could not be correlated. DeepJet nuisance parameters from

the other two analyses can still be correlated with the following components:

• Purity uncertainties, correlated across years with the same type of uncertainty

• Charm-flavoured uncertainties, correlated across years with the same type of

uncertainty

• Heavy-flavoured and light-flavoured statistical uncertainties, correlated

separately by year within the same type of uncertainty

5.4.3.4 Lepton scale factors

This type of uncertainty is correlated across different processes, separated by year

and lepton flavour.

This type of uncertainty takes into account lepton reconstruction, including

identification and isolation, and trigger efficiencies. They are different for muons

and electrons and thus are separated for both lepton flavours.

5.5 Applying theoretical uncertainties for signal
strength and cross section measurement

As seen in Section 5.3.2, several theoretical uncertainties are applied to background

and signal processes. Since the histogram templates have the distribution of the
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signal process fixed at 12 fb [64] but we want to measure the cross section of

the signal process, we should not add theoretical uncertainties that will change

the normalisation of the signal process (as known as rate-changing uncertainties).

With this conclusion, theoretical uncertainty treatments for signal strength and cross

section measurements are different as follows:

• Signal strength: all theoretical uncertainties applied, including rate-changing

uncertainties for the signal process

• Cross section: all theoretical uncertainties except rate-changing

uncertainties for signal process applied

As a result of this difference, the reported value of signal strength and cross

section may differ due to the different uncertainty treatment schemes, especially in

the final combination.

5.6 Combination results
After applying the correlations to nuisance parameters as detailed in Section 5.4, the

best fit values of signal strength and cross section are calculated, both in expected

(calculated from Asimov datasets, see Section 5.2.3) and observed values. To make

sure that the results are stable and nuisance parameters have expected behaviours,

additional statistical analyses are performed, which will be discussed in this section.

5.6.1 Expected signal strength, cross section, and search
significance

In this section, the expected signal strength and search significance will be presented

for reduced sets of the combination first, leading up to the final combination with
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Table 5.8: Expected signal strength and search significance for individual analysis

and the combination. Results from 2016 OSDL [1] have been recalculated to allow

negative signal strength values and adjust the four-top quark production cross section

up to 12 fb from 9.2 fb (See Section 4.2.1.5).

Analysis Signal strength (µ) Significance (s.d.)
Run 2 SL 1 +0.9

−0.8 1.2
2017+2018 OSDL 1 +1.8

−1.6 0.6
Run 2 all-hadronic 1 +2.5

−2.4 0.4
Combination of above 1 ±0.7 1.5
Run 2 SSDL&ML [65] 1 ±0.4 2.7

2016 OSDL [1; 2] 1 +2.6
−2.2 0.4

Full combination 1 +0.4
−0.3 3.2

all analyses included. As these quantities are calculated using the Asimov dataset

(constructed based on the expected number of events with µ = 1), signal strength and

cross section values will centre around 1 and 12 fb respectively, since the Asimov

dataset is based on SM prediction. Table 5.8 shows the expected signal strength and

search significance from each analysis, as well as the combination of new results

and full combination.

As seen from Table 5.8, combining the results between three years of data

taking greatly, and combining all search results available from new analyses

increases the expected search significance up to 1.5. This indicates that by

improving analysis techniques and including orthogonal final states together, we can

gain higher search significance than what we have achieved in previous analyses

which are limited by old analysis methods and a small amount of data. As the

Run 2 SSDL&ML analysis [65] has the expected significance of 2.7, this analysis

boosts the combined significance (calculated from all final states) up to 3.2 standard

deviations. However, the result from Run 2 SSDL&ML analysis alone does not

reach the evidence level while the combination with other final states can. This

affirms the rationale for performing the combination.
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Table 5.9: Observed signal strength and search significance for individual analysis

and the combination. Results from 2016 OSDL [1] have been recalculated to allow

negative signal strength values and adjust four-top quark production cross section

up to 12 fb from 9.2 fb (See Section 4.2.1.5).

Analysis Signal strength (µ) Significance (s.d.)
Run 2 SL 1.2± 0.9 1.4

2017+2018 OSDL 2.7+2.2
−1.5 1.8

Run 2 all-hadronic 5.8+2.5
−2.4 2.5

Combination of above 2.5± 0.7 3.9
Run 2 SSDL&ML [65] 1.0+0.5

−0.4 2.6
2016 OSDL [1; 2] −0.2+2.2

−2.1 0.0
Full combination 1.4± 0.4 4.0

Although this result does not reflect the actual search results performed on

data (which will be discussed in Section 5.6.2), the expected search significance

achieved by the full combination is already very impressive. This is because it

already broke the evidence level of 3 standard deviations, with the probability of 1

in 1455 that the results are statistical fluke, which is predominantly contributed by

Run 2 SSDL&ML analysis with an expected search significance of 2.7.

5.6.2 Observed signal strength, cross section, and search
significance

Unlike the expected results reported in Section 5.6.1, observed signal strength and

search significance values are obtained from the fit to actual data, thus it can be

different from the expected results obtained from the Asimov dataset. Tables 5.9

and 5.10 show observed search significance, signal strength, and cross section from

each analysis, as well as the combination of new results and full combination.

Since the observed search significance from the all-hadronic channel is very

high compared to the expected search significance of 0.4, the analysis boosts the

observed search significance of new results up to 3.9, and the significance of the full



168

Table 5.10: Observed signal strength and cross section from individual analyses

and combinations, with uncertainties broken down into statistical and systematic

uncertainties. The uncertainty values reported are statistical uncertainties and

systematic uncertainties respectively. The values for the 2016 OSDL analysis in

this table have been recalculated to allow negative signal strength values and adjust

four-top quark production cross section up to 12 fb from 9.2 fb (See Section 4.2.1.5).

Analysis Signal strength (µ) Cross section (fb)
(stat.) (syst.) (stat.) (syst.)

Run 2 SL 1.2 +0.7
−0.6 ±0.6 15 ±8 +10

−7

2017+2018 OSDL 2.8 ±1.0 +1.9
−1.2 33 ±12 +15

−14

Run 2 All-hadronic 5.8 ±1.4 ±2.0 70 ±17 +25
−23

Combination of above 2.5 ±0.5 ±0.5 36 ±7 +10
−8

Run 2 SSDL&ML [65] 1.0 ±0.4 +0.3
−0.2 13 +5

−4 ±3
2016 OSDL [1; 2] -0.2 +1.7

−1.5 ±1.5 -2 +20
−18 ±18

Full combination 1.4 ±0.3 ±0.2 17 ±4 ±3

Figure 5.2: Observed signal strength measurement from individual analyses and

the combination, with uncertainties broken down into statistical and systematic

uncertainties [2].
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Figure 5.3: Observed cross section measurement from individual analyses and

the combination, with uncertainties broken down into statistical and systematic

uncertainties [2].

combination up to 4.0. This level of observed significance equates to the probability

of 1 in 35 855 that the results are a statistical fluke.

Furthermore, the observed cross section measurement obtained from the

full combination in Table 5.10 is 17 ± 4 (stat.) ± 3 (syst.) fb. This

result is consistent, within uncertainties, to SM predictions of four-top quark

production cross section, which is 12.0+2.2
−2.5 fb with NLO precision and Electroweak

corrections [64] at the time of analysis preparation, and more recently 13.4+1.0
−1.8 fb

with next-to-leading-logarithmic (NLL’) accuracy [63].

Since the observed significance reported in Table 5.9 is calculated based on

Wald’s approximation in Equation 5.8 [179], one can argue that these results should

be based on a high number of events included. To prove that these results, assuming

asymptotic approximation, are still valid, the observed significance for Run 2
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Table 5.11: Observed significance calculated from asymptotic limit method and

generated toys, from 2017+2018 OSDL, Run 2 SL, and Run 2 all-hadronic analyses.

Asymptotic limit Generated toys
2017+2018 OSDL 1.8 1.77 ± 0.05

Run 2 SL 1.4 1.39 ± 0.04
Run 2 all-hadronic 2.5 2.38 ± 0.02

single-lepton, 2017+2018 opposite-sign dilepton, and Run 2 all-hadronic analyses

are also calculated by generating toy distributions using Monte Carlo. Unlike

Asimov datasets, briefly discussed in Section 5.2.3, toy distributions are generated

with random values around the nominal values for all nuisance parameters [178].

As shown in Table 5.11, the observed significance results reported in

Table 5.9, obtained using asymptotic limits, agree with the results obtained using

generated toys. Since the observed significance from these analyses is consistent,

the observed significance for the full combination, obtained using asymptotic limits,

should be valid as well.

5.6.3 Negative log-likelihood scans

As explained in Section 5.2.1, the value of negative log-likelihood, or NLL, can be

used to measure the signal strength value to cover a certain confidence level, such as

68% or one standard deviation. Since the quantity can be calculated per each value

of signal strength µ, we can repeatedly calculate NLL per each value of µ and plot

them as NLL scans. The scan can be performed to inspect the behaviour of NLL

values in the fit and see if the measurement of signal strength is as expected.

The NLL scan plot can reveal the best fit value (with the lowest value of NLL)

and the uncertainty within the desired confidence level. As shown in Section 5.2.1,

the NLL value of 1 covers 68% CL, while the value of 3.84 covers 95% CL.

Figure 5.4 shows NLL scans derived after nuisance parameter fitting (post-fit) for
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(a) single-lepton (b) opposite-sign dilepton

(c) all-hadronic

Figure 5.4: Post-fit NLL scans for single-lepton, opposite-sign dilepton, and

all-hadronic final state, separated per year and combined [2] Analysis from

SSDL&ML final state cannot be separated per year, and thus no NLL scan can be

performed per each year of data taking for that final state. Refer to Figure 5.5 for

NLL scan from SSDL&ML final state.

single-lepton, opposite-sign dilepton, and all-hadronic final state, separated per year

and combined across three years (denoted in the plots as Run 2).

As seen from both Figures 5.4 and 5.5, NLL values have a smooth curve with

the minimum point at the observed signal strength value. These NLL scan plots

suggest that the observed signal strength measurement behaves as expected.
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Figure 5.5: Post-fit NLL scans for all final states and the combination of all final

states [2].

5.6.4 Nuisance parameter pulls and impacts

During the modelling of nuisance parameters before the actual fit, some nuisance

parameters may have higher or lower deviations from the estimated value after the

fit. This may be caused by design where nuisance parameters are designed to be

constrained based on data fit or may be caused by an incorrect modelling of the

uncertainty as well. The deviation of each nuisance parameter is called a pull and

is calculated separately with background-only assumption or signal+background

assumption.

Each nuisance parameter can also affect the measured value of signal strength

differently. The impact of each nuisance parameter towards the measured signal
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strength is calculated by setting the nuisance parameter to +1σ or −1σ variation

from the post-fit value and measuring the signal strength as usual, with all other

nuisance parameters floating [178; 186]. In other words, the impacts for each

nuisance parameter are calculated with the following procedure [178]:

1. Perform the initial fit for signal strength and all nuisance parameters

simultaneously. The result from this step is the central value of signal strength

and the best fit values of all nuisance parameters, with one standard deviation.

2. Set the value of the nuisance parameter we want to measure the impacts to+1σ

or−1σ value and perform the second fit allowing all other nuisance parameters

to float freely.

3. Calculate the impacts from the shift of signal strength over its central value,

or ∆µ/µ.

Nuisance parameters with higher impacts can be considered as the most

important uncertainties to the analysis and should be carefully considered in

subsequent analyses. For example, previous analyses [1; 65] reported that tt̄ + bb̄

normalisation uncertainty has the most impact on signal strength, and is included

first when new analyses are being prepared.

The HiggsCombine package [178], along with CombineHarvester

package [187] provided by CMS Collaboration already has tools to automate

impacts calculation and ranking for all nuisance parameters in physics analyses,

including this combination. The plot generated from these packages will show

the impacts from each nuisance parameter, ranked from the ones with the highest

impacts first, along with the nuisance parameter pulls calculated after the fit to

data.
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Figure 5.6 shows the nuisance parameter impacts plot for the full combination,

with the ranking of nuisance parameters with the highest impacts on the signal

strength. The rightmost coloured part of the plot shows the impact of nuisance

parameters on the signal strength, where the red and blue bars represent the

change induced when the parameter is shifted away +1σ and −1σ from its central

value respectively. The middle part with error bars shows pulls of each nuisance

parameter, which can denote how well the nuisance parameter is modelled before

the fit. If the parameter is well-designed, the error bar of the pull should have its

range as -1 to 1 around the central value, since this means the estimated uncertainty

imposed by the nuisance parameter is correct.

As seen from the figure, the tt̄H normalisation uncertainty (denoted as

ttH_norm_correlated) has the highest impact on the signal strength, followed by

tt̄+bb̄ normalisation uncertainty (denoted as ttbb_correlated). Several nuisance

parameters representing data-prediction disagreement uncertainties from Run 2

all-hadronic analysis also have considerable impacts on the analysis, and have a

tighter constraint as seen by short error bars. This behaviour, however, is expected,

as these uncertainties are designed to be automatically constrained during the data

fit.

From the impacts ranking shown in this figure, it is clear that, in addition

to tt̄ + bb̄ background, tt̄H background should also be considered as another main

background for subsequent analyses of four-top quark production.

5.6.5 Channel compatibility tests

The channel compatibility tests can be performed to determine how the signal

strength measurement for the full combination is compatible with each channel of

the combination. This is done by performing two fits to the combination. The first fit
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Figure 5.6: Nuisance parameter impacts plot for the final combination, listing

nuisance parameters with the most impact.

is done where one value of signal strength applies to all channels in the combination

(which is a typical signal strength measurement), and the second fit is done where

each channel is assigned a separate signal strength and is allowed to be fitted in

any value. The comparisons between the log-likelihood of these two fits are then

taken as a Chi-square-like test value, and can then be used to determine the p-value

determining the compatibility [178].

In this analysis, the test is performed to find mutual compatibility and

compatibility with SM of the full combination, where it is split into each final state:

SL, OSDL, SSDL&ML, and all-hadronic. Mutual compatibility is determined

based on the observed cross section value, while compatibility with SM is
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Table 5.12: Test results for the compatibility of each final state, with their

corresponding p-values [2].

Test Chi-square test statistic DoF p-value
Mutual compatibility 6.99 3 0.07

Compatibility with SM 8.30 4 0.08

determined based on the fixed signal strength µ = 1. To convert the Chi-square-like

test value obtained from the test into the corresponding p-value, the degree of

freedom (DoF) for the mutual compatibility test must be 4 − 1 = 3. For the test

for compatibility with SM, the DoF is simply 4.

Table 5.12 shows the compatibility test results for mutual compatibility and

compatibility with SM. As seen from the table, p-values from both tests are greater

than 0.05, which indicates that the measured signal strength in the full combination

and the SM signal strength (which is µ = 1) are compatible with all channels.

5.7 Comparison to recent results from CMS and
ATLAS experiments

As shown in Section 5.6, the measured cross section of four-top quark production,

obtained from Run 2 data across single-lepton, opposite-sign dilepton, same-sign

dilepton and multilepton, and all-hadronic final states, is

σtt̄tt̄ = 17± 4 (stat.) ± 3 (syst.) fb (5.23)

with the observed significance of 4.0, equating to the probability of 1 in 35 855

that the results are a statistical fluke. This measurement is in line with the SM

prediction of the four-top quark cross section at NLO with EW corrections at

12.0+2.2
−2.5 fb [64]. This measurement is also in line with a more recent SM prediction

at next-to-leading-logarithmic accuracy at 13.4+1.0
−1.8 fb [63].
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During the preparation of this thesis, more recent search results from

CMS [83] and ATLAS [84] Collaboration have been released. These results are

performed on the same-sign dilepton and multilepton final states over the full Run

2 dataset. The measured cross section from CMS Collaboration is

σnew CMS
tt̄tt̄ = 17.7+3.7

−3.5 (stat.) +2.3
−1.9 (syst.) fb (5.24)

with the expected and observed search significance of 4.9 and 5.6 standard

deviations respectively [83]. Therefore, this result has achieved the 5 standard

deviation requirement to be regarded as an observation of the production. As stated

in Section 1.8.1, the observed significance indicates that the probability that this

result can be a statistical fluke is 1 in 93 million. The measured cross section is also

consistent with SM predictions and the measurement presented in this thesis.

On the other hand, the measured cross section from the ATLAS Collaboration

is

σnew ATLAS
tt̄tt̄ = 22.5+4.7

−4.3 (stat.) +4.6
−3.4 (syst.) fb (5.25)

with the expected and observed search significance of 4.7 and 6.1 standard

deviations respectively [84], also achieving the 5 standard deviation requirement

to be regarded as an observation. Although the observed significance from this

analysis indicates that the probability thaat this result can be a statistical fluke

is 1 in 1.9 billion, the expected significances from both the ATLAS and CMS

Collaborations indicate that the analysis techniques employed by both results are

comparable to each other. Again, the measured cross section is also consistent with

SM predictions (within two standard deviations), the new measurement presented

above by CMS, and the measurement presented in this thesis.

Even though the results from same-sign dilepton and multilepton final states

would have better observed search significance from all other final states in the

four-top quark production, the remaining final states still have their importance, as



178

the four-top quark production cross section should have the same value across all

final states. Multilepton final state is good for discovery searches since leptons are

easy to detect in the detectors. However, this final state has backgrounds that are

hard to model, which will make precision measurements in the future more difficult.

On the other hand, other final states can provide more events in the long run due to a

higher branching ratio. Therefore, the information from other final states would be

beneficial to precision measurements since it can provide more statistics and contain

backgrounds that are easier to model.

As a comparison, another search of tt̄H production in the H → bb̄ decay

channel with leptonic tt̄ decays is performed by CMS Collaboration [188]. In

this study, a comparison between the signal strength measurement from the

single-lepton and dilepton final states shows that the single-lepton final state can

provide better systematic and statistical uncertainties, resulting in the more precise

measurement of tt̄H production signal strength, as shown in Figure 5.7.
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Figure 5.7: Measurement of signal strength for tt̄H process from single-lepton and

dilepton final states. Single-lepton final state offers the measurement with less

statistical uncertainty [188].



Chapter 6

TOP YUKAWA COUPLING MEASUREMENT

As introduced in Chapter 1, the measurement of the top Yukawa coupling

value yt can be considered as a test of the Standard Model. In this chapter, a

preliminary study of the measurement for yt in four-top quark production will

be discussed. The study will mainly focus on the direct measurement based on

neural networks, with comparisons to the indirect measurement performed via cross

section measurement. Projections to higher integrated luminosity values are also

discussed in this chapter.

6.1 Overview of the study
In this study, the measurement of top Yukawa coupling yt will be measured directly

based on the new approach following the ideas presented in Ref. [189], which will be

discussed in Section 6.2. The measurement will be performed using Monte-Carlo

generated events in the opposite-sign dilepton final state, generated using the 2017

configuration only. Only two main backgrounds, tt̄ and tt̄H processes, will be used

to train neural networks in addition to the tt̄tt̄ signal process.

The measurement is done in two stages. The first stage aims to isolate tt̄tt̄ from

two important background processes, which are tt̄ and tt̄H. Monte-Carlo events

from the three processes are used to train the first neural network, which will be

called NN-c, that is designed to classify events into tt̄tt̄, tt̄, and tt̄H. The training

procedure along with necessary validation checks will be discussed in Section 6.5.

In the second stage, the second neural network, which will be called NN-yt, is

designed and trained to give different output distributions for the tt̄tt̄ process based
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on different values of yt. Once NN-yt is trained, it is then used to calculate the output

distribution of tt̄tt̄ events along with all background processes with the requirement

on the output from NN-c. The training of NN-yt will be discussed in Section 6.6,

while the direct measurement based on the output distribution of this network will

be discussed in Section 6.7.

This study also offers the projection of the measurement based on an

increasing amount of luminosity, from 49.81 fb−1, which is the amount of data

collected in 2017, to 138 fb−1, which is the amount of data collected in the whole

Run 2, all the way towards 3000 fb−1, which is the amount of data expected to

achieve using High-Luminosity LHC upgrade [176]. A comparison between the

direct measurement of yt using neural networks and the indirect measurement of yt

using the measurement of tt̄tt̄ cross section will also be discussed in Section 6.8.

6.2 Machine Learning techniques used
This study will incorporate ideas presented in Ref. [189], which shows “several

inference techniques to constrain theory parameters” by utilising extra information

at the generator level. This technique has been used in the measurement of Wilson

coefficients for several EFT operators1 conducted by the CMS Collaboration [190].

In that measurement, several neural networks are trained to simply separate between

events in SM and EFT scenarios.

This measurement performed by CMS Collaboration [190] focuses on five

Wilson coefficients. Event weights corresponding to the values of each Wilson

coefficient can be calculated at the generator level, which is then used to train neural

networks to classify between SM and EFT events. The result of the training is a

set of neural networks with output distributions that change shape with different

1See Section 1.8.4 for the definition of EFT operators and Wilson coefficients.
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Wilson coefficient values, which is then used to fit the most probable values of

Wilson coefficients.

Since the method outlined in Ref. [189] can be applied to any “theory

parameters”, this method, or more specifically, the method used in Ref. [190],

should also apply to the measurement for yt as well. This is because event weights

with different yt values can be calculated at the generator level in the same way,

which provides additional generator-level information for neural network training.

Furthermore, the output distribution from the trained neural network will allow us to

measure yt using distribution shape information in addition to normalisation effects.

Therefore, this study will follow the neural network training procedure discussed

in Ref. [190], which is to simply discriminate between events in SM (with SM

value of yt) versus events in non-SM scenarios. Further details shall be discussed

in Section 6.6.

6.3 Simulated event samples
Event samples used in this analysis are Monte-Carlo events generated with the tt̄tt̄

process as a signal process, and the tt̄ and tt̄H background processes, using the

detector configuration used in 2017. More specifically, these Monte-Carlo samples

generated from CMS Monte-Carlo central production are used:

• /TTTo2L2Nu_HT500Njet7_TuneCP5_13TeV-powheg-pythia8/

RunIISummer20UL17NanoAODv9-106X_mc2017_realistic_v9-v2/

NANOAODSIM, a tt̄ sample which decays dileptonically at the generator level,

with the generator-level filter of HT ≥ 500 GeV and requiring 7 or more jets.

This sample has a cross section value of 1.456 pb, calculated from the tt̄

cross section of 831.76 pb times the branching ratio W → (ν of (3 × 0.108)2
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(since there are two W bosons) and the generator-level filter efficiency of

0.016 679.

• /ttHTobb_M125_TuneCP5_13TeV-powheg-pythia8/

RunIISummer20UL17NanoAODv9-106X_mc2017_realistic_v9-v2/

NANOAODSIM, a tt̄H sample where the Higgs boson H decays into bb̄. This

sample has the cross section value of 0.295 pb, calculated from the tt̄H cross

section of 0.5071 pb times the branching ratio H → bb̄ of 0.5824.

• /TTTT_TuneCP5_13TeV-amcatnlo-pythia8/

RunIISummer20UL17NanoAODv9-106X_mc2017_realistic_v9-v2/

NANOAODSIM, a tt̄tt̄ sample with SM value of yt. This sample is used for the

training of NN-c, which will be further discussed in Section 6.5.

For this study, the updated SM tt̄tt̄ cross section value of 13.4 fb is

used, calculated at next-to-leading-order with electroweak corrections and NLL’

accuracy [63]. The reason for the change in tt̄tt̄ cross section value compared to

the studies presented in Chapters 4 and 5 is that the calculation results have been

announced during the study, and to better serve as a preliminary study for future yt

measurements based on tt̄tt̄ process.

In addition to the samples above, another set of Monte-Carlo event samples

based on tt̄tt̄ process were generated, with the yt/ySM
t value of 2.32 (configured

within the generator as yt = 400) instead of the SM value of yt/ySM
t = 1 (configured

within the generator as yt = 172.5). Generator-level event weights for each value of

yt/ySM
t are also calculated for this sample. This set of privately generated samples

is used to train the second network referred to in Section 6.6. Two different sets of

generated samples are made and have been verified to have identical behaviour.
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6.4 Event reconstruction
and preselection criteria

Event preselection criteria for this analysis are as follows:

• Requiring exactly two oppositely-charged leptons with the following object

requirements

– Electrons: pT > 34 GeV, |η| < 2.4, passing loose electron ID requirement

with an average efficiency of approximately 90%

– Muons: pT > 28 GeV, |η| < 2.4, passing tight muon ID and very tight

muon isolation

• At least 4 jets with pT > 30 GeV, |η| < 2.4, ∆R < 0.4. Among all jets, at least

two jets must have passed the tight working point of the DeepJet b-tagging

algorithm [113].

• Any number of fat jets with pT > 200 GeV, |η| < 2.4, ∆R < 0.8. The

information on fat jets will be used in neural network training.

The preselection criteria shown above are different from the ones used in the search

for four-top quark production in opposite-sign dilepton final state as described in

Section 4.6, which has more relaxed requirements in terms of leptons.

6.5 NN-c training
As in Section 5.6, the tt̄+ bb̄ and tt̄H processes have the most impact on the signal

strength measurement in the opposite-sign dilepton channel. This signifies that in

addition to the tt̄ process, the tt̄H process should also be considered as an important
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background process. To remove the tt̄H background from the signal region as much

as possible, NN-c is designed to classify events into three classes: tt̄tt̄, tt̄, and tt̄H.

For NN-c, 26 variables are chosen as inputs based on the kinematic differences

between tt̄tt̄ signal and tt̄ background. The list is loosely adapted from the BDT

input variables list used in the tt̄tt̄ search in the opposite-sign dilepton final state

using 2016 data [1]. The variables are as follows:

• Dilepton flavour (ee, eµ, or µµ). NN-c is trained against all three dilepton

flavours, and these three variables determine if an event has two electrons,

two muons, or an electron and a muon.

• pT from each lepton (2 variables)

• ∆R between each lepton, defined as ∆R =
√

(∆η)2 + (δφ)2

• ∆φ between each lepton

• pT of the first four jets with highest pT (4 variables)

• b-tagging discriminator value from DeepJet [113] algorithm from the first

four jets with highest pT (4 variables)

• Number of jets

• Number of b-jets

• HTb (sum of b-tagged jet pT )

• HT (sum of jet pT )

• Ratio of HT from the first four jets with the highest pT to HT from all jets in

an event

• H (sum of jet energies, which is pT cosh(η))
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• Hadronic centrality (ratio between HT from all jets and H from all jets)

• ∆R between two b-tagged jets (with DeepJet) with the highest pT

• ∆φ between two b-tagged jets (with DeepJet) with the highest pT

• Missing transverse energy (MET)

• Sphericity, as defined in Ref. [73]

Normalised distributions of these input variables are shown in Figure 6.1.

The structure of NN-c is as follows:

• One input layer for 26 input variables

• Batch normalisation layer, handling automatic normalisation of the input

variables

• Three dense layers containing 50 neurons with ReLU activation function, each

layer followed by one Dropout layer

• One output layer with three output nodes, using softmax activation function

to guarantee that outputs from all nodes have the sum of 1

The structure above allows us to input the data as is to the network without the need

to normalise the data since the first batch normalisation layer will automatically

handle it. Dropout layers also reduce the risk of the network being overtrained.

The output layer is designed to have three nodes representing the tt̄tt̄ signal, the tt̄

background, and the tt̄H background. As such, each event will be trained with the

target output in the form of a three-dimensional vector: tt̄tt̄, tt̄, and tt̄H events have

the target of [1 0 0]T , [0 1 0]T , and [0 0 1]T respectively.
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Figure 6.1: Distributions for input variables of classification model from tt̄tt̄, tt̄, and

tt̄H samples, normalised.
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The model is trained using categorical cross-entropy loss function and Adam

optimizer [148], and is trained with 20 000 events from each class (tt̄tt̄ signal,

tt̄ background, and tt̄H background), while the rest of events are used as testing

dataset. This amount of events in the training dataset is chosen to ensure a balance

between the three classes during the training. The model is trained for 100 epochs

with a batch size of 100 events and no early stopping requirement.

Figure 6.2 shows the loss evolution of NN-c with the chosen dropout

probability and learning rate, trained over 100 epochs with a batch size of 100. The

scattering behaviour of the testing loss is expected, as the testing loss is calculated as

a whole dataset and the testing dataset is not used to adjust the network parameters.

As the testing loss is generally not greater than the training loss, this is a sign that

our NN-c is not overtrained. Even though the NN-c output distribution may look

undertrained, as a portion of the training and testing events still do not have a correct

predicted value, it is more important to have NN-c behave in the same way in both

training and testing datasets (and thus avoid overtraining) rather than having NN-c

perform perfectly in the training dataset and perform poorly in the testing dataset

(which is overtraining).

Several dropout probability rates and learning rates are considered in this

analysis, and the final values chosen for the classification model are 0.1 for dropout

probability and 0.001 for learning rate. The dropout probability of 0.01 is shown to

have comparable losses between the training and the testing datasets, and different

values of learning rate were verified to not affect the training. This has been verified

by training NN-c with the same structure while varying different values of learning

rate and dropout probabilities. Upon inspection, it is shown via the evolution of the

area under the ROC curve that different learning rates do not differ much within the

same dropout probability.
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Figure 6.2: Loss evolution during the training of NN-c, indicating that there is no

overtraining since the testing loss is generally not greater than the training loss, as

explained in Section 3.4.1.

Figure 6.3: Output distribution of NN-c from training and testing datasets, separated

by three output nodes and three processes. The distributions from training and

testing datasets are comparable.
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Figure 6.4: ROC curve of NN-c from training and testing datasets, separated by three

output nodes. The x-axis represents signal acceptance, while the y-axis represents

background acceptance.

Table 6.1: Area under ROC curve (AUC) calculated from training and testing

datasets and three output nodes of the NN-c.

Output node Training AUC Testing AUC
tt̄tt̄ 0.888 0.890
tt̄ 0.899 0.902
tt̄H 0.887 0.891

Figures 6.3 and 6.4 show the output distribution and ROC curve of the tt̄tt̄,

tt̄H, and tt̄ output nodes. As this neural network is trained to classify tt̄tt̄, tt̄, and tt̄H

processes simultaneously, the ROC curves are calculated per each output node by

comparing the output distribution of events with the corresponding process versus

events not from the corresponding process.

The output distributions between the training and testing datasets shown in

Figure 6.3 are almost identical across the processes and output nodes. The ROC

curves shown in Figure 6.4 along with the area under the ROC curve calculated

from training and testing datasets, shown in Table 6.1, show that the performance

of NN-c is identical between training and testing datasets.
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Based on the ROC curves shown in Figure 6.4, along with the area under the

ROC curve shown in Table 6.1, the performance of NN-c is good enough to ensure

high signal acceptance at low background acceptance. The AUC across all three

nodes are approximately 0.9, which shows that the network is good enough for the

classification task although the value is not as close as the perfect network with AUC

= 1.

6.6 NN-yt training
To follow the procedure explained in Ref. [190], the second neural network must be

trained to distinguish between SM case and non-SM case in tt̄tt̄.

In our study, however, we are utilising a set of privately-generated tt̄tt̄ sample,

using yt/ySM
t = 2.32 at the generator level (with the generator configuration of

yt = 400) with event weights for yt/ySM
t = 0, 0.29, 0.58, . . . , 3.48 (with the generator

configuration of yt = 0, 50, 100, . . . , 600), as well as the SM value (with the generator

configuration of yt = 172.5). The decision to use yt/ySM
t = 2.32 at the generator level

is to allow more diagrams that contain Higgs bosons (which in turn is sensitive to yt)

in the sample. With this sample, the event weight for the case of yt/ySM
t = 2.32 will

always be 1, while event weights for the SM case may vary based on the contents

of the hard process. With this setup, we ended up having one set of samples which

should be split into SM and non-SM events.

6.6.1 tt̄tt̄ sample splitting

For NN-yt that is designed to distinguish between SM (yt/ySM
t = 1) and non-SM

(yt/ySM
t %= 1), the tt̄tt̄ sample must be split into SM and non-SM classes. Three

possible splitting schemes for SM and non-SM classes utilising event weights at

yt/ySM
t = 2.32 and yt/ySM

t = 1 (SM value) were explored:
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• Probability comparison: Calculate the probability of each event per each yt

value, p(yt) = w(yt)/
∑

w(yt), where w(yt) is an event weight for each yt and
∑

w(yt) is the sum of w(yt) from all events in the sample. Then, assign the

non-SM class to events with p(yt/ySM
t = 2.32) > p(yt = SM), and assign the

SM class to events with p(yt/ySM
t = 2.32) ≤ p(yt = SM).

• Weighted randomisation: Using the same probability definition as in the

probability comparison method, assign the non-SM class to events randomly,

with the probability of p(yt/ySM
t = 2.32)/

(
p(yt/ySM

t = 2.32) + p(yt = SM)
)
.

• Direct weight comparison: Instead of calculating the probability of each

event per each yt value, compare the weights in the event directly and assign

the non-SM class to events with w(yt/ySM
t = 1.74) > w(yt = SM), and assign

the SM class to events with w(yt/ySM
t = 1.74) ≤ w(yt = SM). The value

yt/ySM
t = 1.74 is chosen as a comparison point to maintain the balance between

the two classes.

A large number of variables are considered to be chosen as input variables,

which contain several aspects of the objects inside each event, such as the kinematics

of physics objects, invariant masses of physics object combinations, and shape

variables for each event. Since there are some diagrams containing Higgs boson

decay into tt̄ in the tt̄tt̄ process, two out of four top quarks produced from the hard

process may have different kinematics from tt̄tt̄ events without Higgs boson decay.

This fact largely motivates the use of proxy variables constructed from physics

objects available after the preselection.

To test which of the three splitting schemes is the most suitable for this study,

the variables are used to populate normalised histograms with 100 bins between

non-SM and SM classes per each splitting scheme. For each variable and splitting

scheme, a similarity index is calculated, which is the overlapping area of the non-SM
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Table 6.2: Similarity index (Equation 6.1) for 10 variables with the least similarity

index, calculated with different splitting schemes, sorted by the values from

probability comparison splitting method. Note that the similarity index from

the weighted randomisation method may fluctuate since the distributions are

randomised.

Probability Weighted Direct weight
Variable comparison randomisation comparison
m_bblljj 0.798 0.884 0.735
fatjetptrat 0.827 0.917 0.830
FTAJet1_pt 0.829 0.911 0.808
fatjetpt 0.830 0.923 0.828
H_nom 0.830 0.892 0.769
HT_nom 0.834 0.910 0.808
FTAJet2_pt 0.837 0.912 0.822
FTAJet3_pt 0.848 0.914 0.825
m_bb4j 0.850 0.908 0.758
HTb 0.863 0.931 0.860

and SM distributions. To be more precise, the similarity index is

similiarity index =

∑
i min(hi,non-SM, hi,SM)∑
i max(hi,non-SM, hi,SM)

(6.1)

where hi represents the count in normalised histogram bin i. This means that if

there are more differences between normalised distributions of a variable between

SM and non-SM classes, the similarity index decreases.

Tables 6.2, 6.3, and 6.4 show the similarity index for 10 variables that show

the best discrimination (which means having the largest difference in distributions

between non-SM and SM cases), sorted with different splitting methods. Based on

the similarity index shown in the tables, the probability comparison method and

direct weight comparison method show several variables having a lower similarity

index than the weighted randomisation method.

Figure 6.5 shows the distributions of select variables with different splitting

schemes, which shows that the distributions obtained from the probability
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Table 6.3: Similarity index (Equation 6.1)for 10 variables with the least similarity

index, calculated and sorted from the weighted randomisation method. Note that

the similarity index from the weighted randomisation method may fluctuate since

the distributions are randomised.

Variable Similarity
m_bblljj 0.884
H_nom 0.892
aplanarity_mbblljj 0.901
sphericity 0.902
shapeD_mbblljj 0.907
m_bb4j 0.908
shapeC 0.908
shapeD 0.909
shapeC_mbblljj 0.909
aplanarity 0.910

Table 6.4: Similarity index (Equation 6.1) for 10 variables with the least similarity

index, calculated and sorted from the direct weight comparison method.

Variable Similarity
m_bblljj 0.735
m_bb4j 0.758
H_nom 0.769
shapeD_mbblljj 0.801
mass_j14 0.803
mass_j12 0.806
aplanarity_mbblljj 0.807
dRjet13 0.808
FTAJet1_pt 0.808
HT_nom 0.808
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Figure 6.5: Distributions of example variables with different splitting methods. Note

that the distributions from the weighted randomisation method (middle column) may

fluctuate since the distributions are randomised.
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comparison method are smoother than the direct weight comparison method. For

these reasons, the probability comparison method is used to separate the tt̄tt̄ signal

samples into SM and non-SM classes.

6.6.2 Input variables to NN-yt
Based on the similarity index, 23 input variables are chosen for the training of the

Yukawa coupling network as follows:

• FTAJet1_pt, FTAJet2_pt, FTAJet3_pt, and FTAJet4_pt pT of the first

four jets with highest pT (4 variables)

• FTALepton1_pt pT of the first lepton with highest pT

• HTb HTb (sum of b-tagged jet pT )

• H_nom H (sum of jet energies, which is pT cosh(η))

• MET_pt Missing transverse energy (""E T )

• aplanarity Aplanarity2 of all jets in an event

• aplanarity_mbblljj Aplanarity of 2 b-jets, 2 leptons, and at most 2 light

jets

• deltaR_bl1 ∆R of a pair between a b-jet and a lepton with least ∆R

• fatjetpt pT of the first fat jet, if there is at least one fat jet

• fatjetptrat Ratio between pT from the first fat jet versus HT from all

normal jets. (The ratio is zero if there are no fat jets in an event.)

• m_bb4j Invariant mass of 2 b-jets and at most 4 light jets
2Given a matrix Sij =

∑
k pk,ipk,j/

∑
k p

2
k, where i and j are Cartesian coordinates x, y,

and z, and k is an index running over all objects included in a calculation. Aplanarity is
calculated as 3λ3/2 where λ3 is the smallest eigenvalue of Sij .
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Figure 6.6: Correlation matrix for NN-yt input variables for SM class.

• m_bblljj Invariant mass of 2 b-jets, 2 leptons, and at most 2 light jets

• m_blbl Invariant mass of 2 b-jets, matched with each lepton with least ∆R,

and 2 leptons

• mass_j12, mass_j13, mass_j14, mass_j23 Invariant mass of the following

two-jet combinations: 1st + 2nd, 1st + 3rd, 1st + 4th, and 2nd + 3rd (4

variables)

• n_fatjets Number of fat jets

• sphericity Sphericity [73] of all jets in an event

• sphericity_mbblljj Sphericity of 2 b-jets, 2 leptons, and at most 2 light

jets

Figure 6.6 and 6.7 shows the correlation matrix for the 23 input variables

for SM and non-SM samples. The list of input variables described earlier has
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Figure 6.7: Correlation matrix for NN-yt input variables for non-SM class.

highly-correlating variables removed, since to first order a set of highly-correlating

variables can be replaced by one variable from the set.

The structure of NN-yt is as follows:

• One input layer for 23 input variables

• A dense layer with 50 neurons, 40 neurons, and 30 neurons. Each dense

layer uses the LeakyReLU activation function (Equation 3.8) and L1+L2

regularizer with (1 = 10−6 and (2 = 10−8 applied to both weights and biases

of each layer. Each dense layer is followed by a dropout layer with a dropout

probability of 0.2.

• An output layer with no activation function. The output for this network

will be in the form of a logit, which is an inverse of the sigmoid function

(Equation 3.4).
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Figure 6.8: Evolution of area under ROC curve over 100 epochs of training,

calculated with 20 training trials, each with a different random seed for the training

dataset.

The model is compiled using binary cross-entropy loss. Using the output in the form

of a logit directly avoids the unnecessary calculation of log(exp(x)) when the output

is used to calculate binary cross-entropy loss and also provides numerical stability.

It is optimised using Adam optimiser with a learning rate of 10−4 and trained for

100 epochs with a batch size of 100.
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Figure 6.9: Output distribution (left) and ROC curve (right) of NN-yt, calculated

from training and testing datasets, normalised.

To ensure that the performance of the network is stable across training and

testing datasets, the network is trained over 20 training trials, each with a different

random seed for the training dataset. Figure 6.8 shows the evolution of the area

under the ROC curve, with error bands representing one standard deviation of the

value. Based on the AUC value and their errors, it can be seen that the performance

of NN-yt trained using this configuration is stable over the training and testing

dataset.

Figure 6.9 shows the normalised output distribution and ROC curve of NN-yt,

calculated from the training and testing datasets. The output distributions are

normalised since the number of events in the training dataset and testing dataset

are not the same, and normalising the distributions better visualises the distribution

behaviour. As with Figure 6.8, both plots show comparable performance between

training and testing datasets, while the performance gained from the network is

barely better than random guesses, since the area under the ROC curve from the
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Figure 6.10: Output distribution of NN-yt, calculated on tt̄tt̄ dataset with yt/ySM
t =

1.16, 1.74, 2.32 (shown in the plot as yt = 200, 300, 400, which are the value used in

generator configurations) and SM value, normalised.

training and testing dataset are 0.592 and 0.579 respectively, a little larger than the

area under the random guess curve of 0.5 as depicted in the dashed line in Figure 6.9.

However, the change of yt values should also affect the normalisation of the

histograms, since yt can affect the cross section of four-top quark production as

well3. To visualise this, Figure 6.10 shows the normalised distribution of NN-yt

calculated from the entire tt̄tt̄ dataset with yt/ySM
t = 1.16, 1.74, 2.32 and SM value.

These values of yt are chosen since the upper limit of yt/ySM
t , as measured by

3See Section 1.8.3 for the measurement of yt based on the cross section of four-top
quark production, performed after the search in same-sign dilepton and multilepton final
states [65].
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Ref. [65], is yt/ySM
t < 1.7, the value of yt/ySM

t = 1.74 is chosen along with yt/ySM
t =

1.16 and 2.32 to better visualise the changes in the shape of the distribution. As

shown in the figure, the shape of the distribution changes slightly with the different

values of yt, which can be useful for the direct measurement of yt later.

6.7 Direct measurement of yt
from tt̄tt̄ using NN-yt

Based on the output distribution from NN-yt, the direct measurement of yt can be

performed. In this study, yt is measured using the distribution of tt̄, tt̄H, and tt̄tt̄

processes, and will be normalised based on the 2017 integrated luminosity value at

49.81 fb−1.

As both tt̄ and tt̄H processes are the most important backgrounds to the search

for the tt̄tt̄ process, we can expect to see these two main backgrounds in the event

distributions used to measure yt. Furthermore, as the tt̄+ bb̄ and tt̄H normalisation

uncertainties have the most effect on the search for tt̄tt̄ as described in Section 5.6,

these uncertainties can be expected to have impacts on the yt measurement using

the output distribution of NN-yt.

However, including only two dominant backgrounds and the most important

uncertainties associated with only three processes in this study makes it less realistic,

as the opposite-sign dilepton final state can have other minor backgrounds and other

uncertainties associated with it (as shown in Section 4.4) as well. Furthermore,

full analyses such as the one in the opposite-sign dilepton final state also include

additional uncertainties that are not present in this work. Therefore, the results

presented in this section may not be comparable with full analyses, and can only
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be compared to other results derived from the same assumption but with different

methods.

6.7.1 Output distribution construction

The output distribution that will be used for direct yt measurement will require

events having at least 4 jets, 2 b-tagged jets, and two leptons with opposite charges.

Events will also be required to have the output for tt̄H and tt̄ nodes to be lower than

0.01 and 0.005 respectively. This requirement is designed to remove the vast amount

of tt̄ and tt̄H events since both processes have a much higher cross section and may

cause higher distribution normalisation than tt̄tt̄ distribution. Since the outputs of

NN-c have a softmax activation function, as described in Section 6.5, the outputs of

all three nodes should have the sum of 1, and events passing the above requirement

on these two outputs are very likely to belong to the tt̄tt̄ process. The binning of the

distribution is chosen to emphasise the shape difference between each distribution

at different values of yt/ySM
t .

Figure 6.11 shows the distribution of tt̄, tt̄H, and tt̄tt̄ processes, normalised to

2017 integrated luminosity of 49.81 fb−1, which already shows that the harsh cut

on classification model output has already eliminated most of the tt̄H events. tt̄tt̄

event yields for yt/ySM
t = 2.32 can also be seen to be higher than both backgrounds

combined in some histogram bins as well. This is due to very strict preselection

criteria based on the outputs from NN-c, and the output of NN-yt favouring events

more sensitive to changes in yt.

Figures 6.12 and 6.13 show the effect of the binning towards the shape

difference for the distribution. As with Figure 6.10, three values of yt/ySM
t =

1.16, 1.74, 2.32 along with the SM value are chosen for these plots. In Figure 6.12,

the tt̄tt̄ yield in each bin for each yt/ySM
t value is divided by the yield from
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Figure 6.11: Output distributions of NN-yt calculated from tt̄, tt̄H, and tt̄tt̄

processes, normalised to 2017 integrated luminosity of 49.81 fb−1.

the SM distribution. This demonstrates that each histogram bin has a different

normalisation effect when the yt value is varied. On the other hand, in Figure 6.13,

the whole tt̄tt̄ distribution for each yt/ySM
t value is normalised to 100 events. This

shows the different normalisation effect compared to Figure 6.12 and demonstrates

that the shape of the distribution itself changes regardless of the normalisation of

the distribution, which changes with different values of yt.

The measurement of yt based on these distributions is performed based on

the assumption that since many of the numerous tree-level diagrams (shown in

Ref. [66]) of four-top quark production have two tt̄H vertices, the event yield

per each histogram bin can be fitted into the fourth-order polynomial of yt (since
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Figure 6.12: Output distributions of NN-yt calculated from tt̄tt̄ process, where each

bin in the histogram is normalised based on the event yield of SM yt value. Note

that the normalisation method applied in this figure is different from Figure 6.13.

the amplitude of that tree-level diagram should be proportional to y4t for two

tt̄H vertices, as shown in Equation 1.109). The tt̄tt̄ yield from each bin in the

histogram varies with yt, and for each histogram bin, they are fitted with fourth-order

polynomials to yt value.

Figure 6.14 shows the distribution of the expected tt̄tt̄ event yields in

each histogram bin, fitted with fourth-order polynomials in yt (as illustrated in

Equation 1.109). As seen from the figure, tt̄tt̄ event yields in all histogram bins

can be fitted with an excellent agreement to the y4t dependence, as indicated with R2

value4 of 1.000.

4Let yi and fi be the actual data point and the fitted values respectively. The coefficient
of determination, or R2, is calculated as R2 = 1 −

(∑
i(yi − fi)2

)
/
(∑

i(yi − ȳ)2
)
, where ȳ is

the mean of all data points yi. R2 = 1 indicates that the model fits the data points perfectly.
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Figure 6.13: Output distributions of NN-yt calculated from tt̄tt̄ process, where

each distribution from different yt value is normalised to 100 events. Note that the

normalisation method applied in this figure is different from Figure 6.12.

Since the tt̄tt̄ yields can be parameterised using fourth-order polynomials of

yt, we can treat yt as a separate parameter that can be measured in the same fashion

as signal strength µ, which will be discussed later.

6.7.2 Systematic uncertainties included
in the measurement

The systematic uncertainties included in this study are as follows:

• Luminosity uncertainty, calculated as 2.3% for 2017 data. (See

Section 5.4.2.1)
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Figure 6.14: Fourth-order polynomial fitting to yt for tt̄tt̄ yield per each histogram

bin. The x-axis represents the ratio between yt and SM yt value, or yt/ySM
t . Notice

that the fitting shows excellent agreement with R2 = 1.000.



208

• Jet energy scale and jet energy resolution uncertainties, applied and correlated

across the tt̄, tt̄H, and tt̄tt̄ processes. (See Section 5.4.3.1)

• Renormalisation (µR) and factorisation (µF) scale uncertainties, applied and

uncorrelated across all processes. (See Section 5.4.1.5) This uncertainty is

split into three variations as follows:

– Varying µR, fixed µF

– Varying µF, fixed µR

– Varying both µR and µF

• Initial and final state radiation (ISR and FSR) uncertainties, applied and

uncorrelated across the tt̄, tt̄H, and tt̄tt̄ processes. (See Section 5.4.1.3)

• tt̄ + bb̄ normalisation uncertainty, set as 35% on the tt̄ process. (See

Section 5.4.1.1)

• Normalisation uncertainties on tt̄ (12%) and tt̄H (20%) processes. (See

Section 5.4.1.2)

• Normalisation uncertainty on tt̄tt̄, calculated based on the theoretical cross

section (13.4+1.0
−1.8 fb [63]) at 14%. This uncertainty is not included during the

tt̄tt̄ cross section measurement, which will be discussed in Section 6.8.

Figures 6.15 and 6.16 show the uncertainty templates for renormalisation and

factorisation scale, and ISR uncertainties applied on all three processes respectively.

Upon inspection, uncertainty templates for JES, JER, and FSR uncertainties

are found to have high fluctuations. To fix this fluctuation, the LOWESS

smoothing algorithm [169; 170], used in the search for four-top quark production in

single-lepton final state in Run 2 (See Section 4.3), is applied on these uncertainty

templates, and the uncertainty effects per bin are symmetrised and restricted to
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Figure 6.15: Renormalisation and factorisation uncertainty templates for tt̄tt̄ (upper

row), tt̄ (middle row), and tt̄H (lower row).

Figure 6.16: ISR uncertainty templates for tt̄tt̄ (left), tt̄ (middle), and tt̄H (right).
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±50% of the nominal value as the most conservative estimate of the amount of

uncertainty and to prevent the nuisance parameter pushing the event yield to be

negative when the nuisance parameter has the value of less than -1. Figures 6.17,

6.18, and 6.19 show the uncertainty templates for JES, JER, and FSR uncertainties

before and after applying the LOWESS algorithm respectively.

Furthermore, all uncertainty templates for tt̄tt̄ are applied using the nominal

SM value of yt. However, yt may affect some uncertainty templates such as JES and

JER. This is because these uncertainty templates are generated from distributions

with different configurations, and events with higher amounts of weights at higher

yt values can alter the distributions both in nominal and up/down variations. Thus,

the behaviour of these uncertainties may change with yt values different from SM.

Nonetheless, the dependence of uncertainty templates from tt̄tt̄ upon yt is not

considered in this analysis and should be confirmed and quantified in a future study.

6.7.3 Direct measurement using the Asimov dataset

The direct measurement performed in this study is done using the Asimov dataset,

which is constructed by using tt̄tt̄ signal strength µ = 1 and yt value at SM. All

measurements in this chapter will be using this Asimov dataset configuration as if

it is the actual data, in the same fashion as measuring expected signal strength and

upper limits as described in Section 5.2.3.

As tt̄tt̄ samples are generated with event weights sampled in the range of

yt/ySM
t ∈ [0, 3.48], we do not know the exact behaviour of the distribution in yt values

beyond this range. Therefore, the results presented in this chapter will focus only on

the range of yt/ySM
t ∈ [0, 3.5]. This range of yt/ySM

t values considered in this study is

reasonable because the upper limit of yt/ySM
t as determined from Ref. [65] is already

yt/ySM
t < 1.7, and the range used in this study already covers twice the upper limit.
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Figure 6.17: JES uncertainty templates for tt̄tt̄ (upper row), tt̄ (middle row),

and tt̄H (lower row), before (left) and after (right) applying LOWESS smoothing

algorithm [169; 170].
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Figure 6.18: JER uncertainty templates for tt̄tt̄ (upper row), tt̄ (middle row),

and tt̄H (lower row), before (left) and after (right) applying LOWESS smoothing

algorithm [169; 170].
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Figure 6.19: FSR uncertainty templates for tt̄tt̄ (upper row), tt̄ (middle row),

and tt̄H (lower row), before (left) and after (right) applying LOWESS smoothing

algorithm [169; 170].
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The measurement for yt is performed by fitting yt/ySM
t along with all other

nuisance parameters in a similar way as measuring signal strength µ of the four-top

quark production search. As the fitting is performed using the Asimov dataset, the

best fit value of yt/ySM
t is supposed to be at yt/ySM

t = 1. However, the error ranges

may be modified due to several nuisance parameters introduced in the fit, as with

measuring expected signal strength by using the Asimov dataset with µ = 1. Since

tt̄H yields should also be scaled with y2t , adjusting the value of top Yukawa coupling

during the fit will cause tt̄H event yields to change as well as all other nuisance

parameters affecting tt̄H event yields. In this study, the yt/ySM
t parameter will be

treated as one parameter affecting both tt̄tt̄ and tt̄H event yields simultaneously,

since there is only one top Yukawa coupling in SM affecting tt̄H vertices in both

processes.

To confirm the results, the measurement is also done by performing negative

log-likelihood (NLL) scans over yt/ySM
t . For each value of yt/ySM

t , all nuisance

parameters representing uncertainties are fitted, and a NLL value is calculated.

Since this measurement is performed using the Asimov dataset with yt/ySM
t = 1,

the NLL value should be at the minimum at the SM point.

Figure 6.20 shows the NLL scan over yt/ySM
t based on the distribution shown

in Figure 6.9. Due to the strict preselection criteria, the distribution contains mostly

tt̄tt̄ and tt̄ events with a sparse amount of tt̄H events included. Based on the direct

measurement, the upper limit at 68% confidence level is

yt
ySM
t

= 1+2.00
−1.00 (6.2)

6.7.3.1 Adding tt̄H-enriched regions to the direct measurement

Since the input distribution virtually has no tt̄H event yields, the yt measurement is

not constrained heavily by the tt̄H process even if we assume that the yt parameter
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Figure 6.20: Negative log-likelihood scans over yt/ySM
t , showing the range of yt/ySM

t

values under 68% confidence level.

affects both yields of tt̄H and tt̄tt̄. If tt̄H events are included in the fit, the

contribution to the constraint by the tt̄H process will eclipse the contribution by

the tt̄tt̄ process.

To prove this, another template containing events mostly from the tt̄H process

(which will be called the tt̄H-enriched region) is constructed and added to the direct

measurement. Events passing into this template are required to have the output

for the tt̄H node to be greater than 0.95. This new template is orthogonal to the

main template used in the direct measurement since no events can have the tt̄H

node output greater than 0.95 and less than 0.01 at the same time. The binning of
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Figure 6.21: Output distributions of NN-yt calculated from tt̄, tt̄H, and tt̄tt̄ processes

in tt̄H-enriched region, normalised to 2017 integrated luminosity of 49.81 fb−1.

this template is the same as in the main template, and all systematic uncertainty

treatments are performed in the same way as in the main template. Figure 6.21

shows the template in tt̄H-enriched region.

Based on the combination of the main template and tt̄H-enriched template,

the best fit value of yt/ySM
t is measured to be

yt/y
SM
t = 1+0.229 050

−0.205 425 (6.3)

and the measurement from the tt̄H-enriched template only gives

yt/y
SM
t = 1+0.229 279

−0.206 077 (6.4)
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By comparing the uncertainty ranges from the two measurements, we can see

that the main template containing tt̄tt̄ events contributes to less than 1% of the

uncertainty range of yt/ySM
t measurement in Asimov dataset5.

6.7.3.2 Two-dimensional fit of signal strength µ and yt/ySM
t

One interesting measurement to perform on this output distribution is to do a

simultaneous fit between the signal strength µ versus yt/ySM
t , where both µ and

yt/ySM
t are set to float simultaneously. This simultaneous fit is different from

determining the value of yt/ySM
t from the cross section measurement, as the latter

performs the cross section measurement first and then compare it with the predicted

cross section value with yt/ySM
t variations.

As we have seen so far, the cross section of tt̄tt̄ can be altered by signal

strength µ and yt/ySM
t . µ alters the normalisation of tt̄tt̄ distribution as a whole,

while yt/ySM
t alters both normalisation and shape of tt̄tt̄ distribution. Furthermore,

the cross section predicted in Equation 1.109 does not go all the way to zero, and

thus the normalisation rate based on yt/ySM
t has the minimum value larger than zero.

Performing this 2D scan will allow us to see the probable region in which these two

parameters can have their value.

Figure 6.22 shows a two-dimensional scan between µ and yt/ySM
t , with phase

space areas representing probable values of both parameters at 68% confidence level

and 95% confidence level. The regions depicted in the figure are expected values

since this scan is performed over the Asimov dataset (with µ = 1 and yt/ySM
t = 1).

If µ = 1, the probable regions of yt/ySM
t should match the measured value

of yt/ySM
t shown in Equation 6.2. On the other hand, if yt/ySM

t = 1, the probable

regions of µ represent the normal signal strength measurement of tt̄tt̄. As seen from
5(0.206 077− 0.205 425)÷ (0.206 077) = 0.0032, and (0.229 279− 0.229 050)÷ (0.229 050) =

0.0010.
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Figure 6.22: Two-dimensional NLL scan of µtt̄tt̄ versus yt/ySM
t , based on NN-yt

output distribution used for the direct measurement.

the diagram, the probable values of µ largely vary from µ ∈ [0, 5], which is the region

focused in the scan. This however does not mean µ should be within the region, and

it is still possible that µ may have a probable value outside of the region in the

scan. This also shows that the tt̄tt̄ distribution used for the direct measurement is

not suitable for cross section measurement, as the probable value for µ is so large it

will give a very large uncertainty.

Based on the 68% CL region, it is clear that µ and yt/ySM
t both cannot have

high values at the same time. Also, higher values of yt/ySM
t can constrain the value
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of µ more. This is due to the cross section of tt̄tt̄ is proportional to (yt/ySM
t )4 (as

seen in Equation 1.109), and linearly proportional to µ only. However, if µ = 0, the

whole tt̄tt̄ distribution collapses to zero, and yt/ySM
t can only be constrained by tt̄H

distribution.

6.7.3.3 Two-dimensional fit of yt/ySM
t for tt̄H and tt̄tt̄

One idea that is worth considering is what would happen if the values of yt differ

from tt̄H and tt̄tt̄ processes, and if there is any correlation between the two values.

This is because up until now we have assumed that tt̄H interactions in tt̄tt̄ and tt̄H

should be affected by a single parameter yt. By splitting yt into two parameters

affecting tt̄tt̄ and tt̄H, we can check if the coupling values have different strengths

in two different processes, and in turn, conclude if the top Yukawa coupling strength

in both processes are equal. To test this hypothesis, a two-dimensional scan of two

independent yt parameters is performed, where one yt parameter affects tt̄tt̄ event

yield and another affects tt̄H event yield.

Figure 6.23 shows the two-dimensional scan between the two yt parameters,

using the same set of NN-yt output distribution. As seen from the 68% confidence

level region, yt/ySM
t value affected on tt̄tt̄ is more constrained, whereas yt/ySM

t value

affected on tt̄H can be of any value within the range of yt/ySM
t ∈ [0, 3.5]. This is

because the fitting distribution shown in Figure 6.9 does not have many tt̄H events,

and the yield is covered by high statistical uncertainties.

The figure also provides a line where both parameters have equal values, which

shows that the coupling has the same effect on both processes. The points along the

line correspond to a hypothesis where top quark Yukawa coupling strengths are

equal across tt̄tt̄ and tt̄H. Based on this figure, the result can be collapsed into the

yt measurement shown in Equation 6.2, which is yt/ySM
t = 1+2.00

−1.00.
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Figure 6.23: Two-dimensional NLL scan of two yt parameters affecting tt̄tt̄ yield

(x-axis) and tt̄H yield (y-axis), based on NN-yt output distribution used for the direct

measurement. The red line represents points where both parameters have the same

value according to SM.
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6.8 Indirect measurement of yt
via cross-section measurement

The indirect measurement of yt can also be done using the cross section

measurement value, which has been performed before in the search for four-top

quark production in same-sign dilepton and multilepton final state using Run 2 data.

The cross section of tt̄tt̄ for each yt value can be calculated based on Equation 1.109.

However, the formula presented is calculated at leading order, and yt/ySM
t = 1, the

cross section from this formula is 9.618 fb. To match the prediction with the cross

section value at 13.4 fb (as reported in Ref. [63]), the formula in Equation 1.109 is

scaled up to 13.4 fb.

As with the direct measurement of yt described in Section 6.7, all events

entering the analysis must have at least 4 jets, 2 b-tagged jets, and two leptons

with opposite charges. Since the indirect measurement requires the cross section

measurement, a different binning scheme and requirements based on NN-c are

required. Events used in this indirect measurement are required to have the tt̄tt̄

node output of NN-c to be greater than the 90th percentile value from the tt̄ dataset.

This requirement allows adequate statistics for the analysis while removing the

significant amount of the tt̄ background. Unlike the direct yt measurement, the

indirect measurement does not have to reduce the number of events from tt̄ and tt̄H

processes in the distribution.

Events passing all requirements are separated into 11 categories based on the

number of jet and b-tagged jet multiplicities, as shown in Table 6.5. Due to low

statistics as imposed by a low integrated luminosity of 49.81 fb−1 (representing the

amount of data gathered in 2017), each jet category contains only three bins, and

the binning is determined so that tt̄ event yields are equal in all three bins, resulting



222

Table 6.5: Jet and b-tagged jet multiplicities used in the indirect measurement of yt

via cross section measurement.

b-tagged jets
jets 2 3 ≥ 4
≤ 5 Nj ≤ 5
6 Nj = 6
7 Nj = 7, Nb = 2 Nj = 7, Nb = 3 Nj = 7, Nb ≥ 4
8 Nj = 8, Nb = 2 Nj = 8, Nb = 3 Nj = 8, Nb ≥ 4
9 Nj ≥ 9, Nb = 2 Nj ≥ 9, Nb = 3 Nj ≥ 9, Nb ≥ 4

Figure 6.24: NN-yt output distribution used in the indirect measurement of yt via

cross section measurement.

in the template containing 33 bins in total. Figure 6.24 shows the distribution of

events across all jet multiplicity categories.

All systematic uncertainties used in the direct measurement, as detailed

in Section 6.7.2, are also applied, except tt̄tt̄ normalisation uncertainty.

Upon inspection, uncertainty templates for JES, JER, and FSR (for the tt̄H

process) uncertainties are found to have high fluctuations. As with the direct

measurement, these uncertainty templates are treated with the LOWESS smoothing

algorithm [169; 170] and are symmetrised and restricted to ±50% of the nominal

value. Figures 6.25-6.31 show the uncertainty templates that have been treated with

the LOWESS smoothing algorithm, and the remaining uncertainty templates are

shown in Figures 6.32-6.36.
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Figure 6.25: JES uncertainty template for tt̄tt̄ process, before (top) and after

(bottom) applying LOWESS smoothing algorithm [169; 170].

Figure 6.26: JES uncertainty template for tt̄ process, before (top) and after (bottom)

applying LOWESS smoothing algorithm [169; 170].
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Figure 6.27: JES uncertainty template for tt̄H process, before (top) and after

(bottom) applying LOWESS smoothing algorithm [169; 170].

Figure 6.28: JER uncertainty template for tt̄tt̄ process, before (top) and after

(bottom) applying LOWESS smoothing algorithm [169; 170].
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Figure 6.29: JER uncertainty template for tt̄ process, before (top) and after (bottom)

applying LOWESS smoothing algorithm [169; 170].

Figure 6.30: JER uncertainty template for tt̄H process, before (top) and after

(bottom) applying LOWESS smoothing algorithm [169; 170].
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Figure 6.31: FSR uncertainty template for tt̄H process, before (top) and after

(bottom) applying LOWESS smoothing algorithm [169; 170].

Figure 6.32: FSR uncertainty templates for tt̄tt̄ (top) and tt̄ (bottom) processes.
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Figure 6.33: ISR uncertainty templates for tt̄tt̄ (top), tt̄ (middle), and tt̄H (bottom)

processes.

As with the direct measurement of yt, the cross section measurement is

performed using the Asimov dataset, where the signal strength is fixed at 1, and

the value of yt is fixed at SM value. With NN-yt output distributions configured,

the expected signal strength measurement based on the Asimov dataset with

normalisation at 2017 integrated luminosity is

µ = 1+3.42
−2.56 (6.5)

Although this is the cross section measurement, we can easily convert the

signal strength measured in this study to the cross section by multiplying with

the SM cross section of 13.4 fb. This is because we have already removed the

tt̄tt̄ normalisation uncertainty which can change the normalisation rate of the tt̄tt̄
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Figure 6.34: Renormalisation and factorisation uncertainty templates (varying µR)

for tt̄tt̄ (top), tt̄ (middle), and tt̄H (bottom) processes.

distribution. The above signal strength measurement is equivalent to the expected

cross section of

σtt̄tt̄ = 13.4+45.8
−34.3 fb. (6.6)

The expected signal strength shown above is worse than the expected cross section

results from the full 2017 opposite-sign dilepton search, shown in Table 4.3, which

has the expected signal strength value of 1+2.6
−2.3. The expected signal strength value

measured in that analysis is derived by fitting distributions with more binning

categories since it separates events by 15 jet categories and each of the three

lepton flavour combinations. On the other hand, this study only employs 11 jet

categories, uses only 2017 data, and does not separate events into three lepton

flavour combinations. The full 2017 analysis also includes all minor backgrounds,
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Figure 6.35: Renormalisation and factorisation uncertainty templates (varying µF )

for tt̄tt̄ (top), tt̄ (middle), and tt̄H (bottom) processes.

all uncertainties, and all necessary corrections implemented, and to make this

comparison fairer, this analysis has to have all of them implemented as well.

Implementing more backgrounds (even if they are minor) and more uncertainties

will increase the uncertainty range of the expected signal strength and cross section.

This means the direct measurement can still be improved in many ways to make the

expected signal strength value comparable to the fully-fledged analysis.

However, the cross section measurement obtained from this study should not

be compared with the observed cross section from the 2017+2018 opposite-sign

dilepton search, since this measurement is performed only on the Asimov dataset,

and a comparison with any observed values (derived from data) is unfair.
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Figure 6.36: Renormalisation and factorisation uncertainty templates (correlating

µF and µR) for tt̄tt̄ (top), tt̄ (middle), and tt̄H (bottom) processes.

Based on this cross section measurement, a comparison with the theoretical

cross section predicted in Equation 1.109 (from Ref. [66], scaled to the latest

prediction from SM in Ref. [63]) is shown in Figure 6.37, which gives the

measurement of yt/ySM
t as

yt
ySM
t

∈ [0, 2.44] (6.7)

within the range of 68% confidence level. This indirect measurement gives

a narrower range of uncertainty than the direct measurement, which gives the

measured value of yt/ySM
t as yt/ySM

t = 1+2.00
−1.00.

Despite the narrower range of uncertainty provided by the indirect

measurement, the direct measurement still has its advantages. Since the direct
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Figure 6.37: tt̄tt̄ cross section comparison between theoretical predictions with

varying yt versus expected cross section measured with NN-yt output distribution.

Predicted cross section at SM is derived from Ref. [63].
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measurement adjusts the value of yt/ySM
t directly during the fit on Asimov data,

it can always provide the central value which gives the highest likelihood of the fit

(which is yt/ySM
t = 1 since we are fitting the data with Asimov data configured

with yt/ySM
t = 1). On the other hand, the indirect measurement calculates the

value of yt/ySM
t by comparing the possible range of tt̄tt̄ cross section value to

the predicted value based on yt/ySM
t . As seen in Figure 6.37, the predicted cross

section is approximately stable in the region of yt/ySM
t ∈ [0, 1]. This suggests that

if the measured cross section matches the predicted cross section value at SM (as

seen from the expected measurement), it will be difficult to determine the central

value of yt/ySM
t unless the measured uncertainty becomes very narrow. It may also

be possible for the indirect measurement method to have two separate ranges of

possible yt/ySM
t value, provided that the uncertainty of the cross section is narrow

enough.

Furthermore, by inspecting the predicted cross section shown in Figure 6.37,

the predicted cross section does not go under approximately 10 fb, but the

uncertainty range of the cross section indicates that the cross section may become

negative. Based on the prediction, if the cross section becomes negative, the yt/ySM
t

value should not be in the probable range of yt/ySM
t ∈ [0, 3.5] altogether, which can

be considered as unrealistic.

Another advantage of the direct measurement is that, as shown in Figure 6.12,

the normalisation effect caused by the change in yt can be different for each

histogram bin in the NN-yt output distribution. On the other hand, the tt̄tt̄

event distribution used in the indirect measurement will experience the same

normalisation effect caused by the change in yt across the board. This means NN-yt

can leverage kinematic information to improve the measurement, as the network

requires such information as inputs.
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However, the direct measurement also has its disadvantages. Since the NN-yt

network must use generator-level information for each yt value, this method requires

a dedicated sample of tt̄tt̄ events generated with event weights per each yt as a

minimum. This method will allow probing of the coupling value only in the

simulated range of yt values present in the sample, as there is no information on the

behaviour from generated events at yt values beyond the simulated range. As the

dedicated sample has the generator-level information based on the known behaviour

of top Yukawa coupling in SM only, this method cannot be used to probe other

BSM scenarios involving top Yukawa coupling, such as CP-violation of the coupling

value or scenarios with other Higgs-like particles.

On the other hand, the indirect measurement based on the measured cross

section would only require the measured cross section and the predicted cross

section based on any kind of model, such as SM with different yt value or yt setup

with CP-violation enabled. This method does not require a dedicated sample based

on a particular non-SM model and can be used to extract any constant very quickly,

not limited to yt, provided that there are predictions based on the value of the

constant.

6.9 Projections of the measurement
to higher integrated luminosity

To illustrate how larger amounts of data, which will be available after LHC

luminosity upgrades, both direct measurement in Section 6.7 and indirect

measurement in Section 6.8 of yt can be extended to integrated luminosity values

higher than the 2017 integrated luminosity at 49.81 fb−1. For example, we may

extend to Run 2 integrated luminosity of 138 fb−1 (available since 2018), or Run 3
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Figure 6.38: Negative log-likelihood scans over yt/ySM
t , projected with different

integrated luminosity values.

integrated luminosity of 300 fb−1, or integrated luminosity of 3000 fb−1 once the

High Luminosity LHC (HL-LHC) upgrades are in place.

Figures 6.38, 6.39, 6.40, and 6.41 show the same results as in Figures 6.20,

6.22, 6.23, and 6.37 respectively, but with projections of different integrated

luminosity values for Run 2 (138 fb−1), Run 3 (300 fb−1), and HL-LHC (3000 fb−1).
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(a) Run 2 (138 fb−1) (b) Run 3 (300 fb−1) (c) HL-LHC (3000 fb−1)

Figure 6.39: Two-dimensional NLL scan of µtt̄tt̄ versus yt/ySM
t , based on NN-yt

output distribution used for the direct meaasurement, with projections to higher

integrated luminosity values.

(a) Run 2 (138 fb−1) (b) Run 3 (300 fb−1) (c) HL-LHC (3000 fb−1)

Figure 6.40: Two-dimensional NLL scan of two yt parameters affecting tt̄tt̄ yield

(x-axis) and tt̄H yield (y-axis), based on NN-yt output distribution used for the

direct measurement, with projections to higher integrated luminosity values. Red

line represents points where both parameters have the same value according to SM.
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(a) Run 2 (138 fb−1) (b) Run 3 (300 fb−1) (c) HL-LHC (3000 fb−1)

Figure 6.41: tt̄tt̄ cross section comparison between theoretical predictions with

varying yt versus expected cross section measured with NN-yt output distribution,

with projections to higher integrated luminosity values. Predicted cross section at

SM is derived from Ref. [63].

As expected, higher amounts of integrated luminosity give higher event yields,

which leads to better constraint in both yt and cross section, as seen in all three

projected figures.

The projections of the two-dimensional NLL scan between µ and yt/ySM
t ,

shown in Figure 6.39, show higher constraint of both signal strength µ and yt/ySM
t .

At 3000 fb−1, it is clear that values of µ approximately larger than 3.3 are not possible

within 68% CL region, with no possible value of yt/ySM
t included. This is because,

according to Equation 1.109, the cross section for tt̄tt̄ does not go all the way to zero

as shown in Figure 6.37. This means if µ becomes too large, no value of yt/ySM
t can

reduce the tt̄tt̄ yield to match the data within a 68% confidence level.

The projections of indirect measurement, shown in Figure 6.41, show that

the upper limit becomes closer to yt/ySM
t = 1 with higher integrated luminosity.

However, the cross section measurement uncertainty is not small enough to

determine the best value of yt/ySM
t directly, even at 3000 fb−1. The indirect
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Table 6.6: Comparisons between the direct and indirect measurements of yt/ySM
t ,

projected to different integrated luminosity values. Negative values show the change

in the yt/ySM
t range compared to the 2017 integrated luminosity.

yt/ySM
t

Direct Indirect
2017 (49.81 fb−1) 1+2.00

−1 [0, 2.44]
Run 2 (138 fb−1) 1+1.65

−1 (-0.35) [0, 2.25] (-0.19)
Run 3 (300 fb−1) 1+1.46

−1 (-0.54) [0, 2.14] (-0.30)
HL-LHC (3000 fb−1) 1+1.09

−1 (-0.91) [0, 1.90] (-0.54)

measurement performed up to that integrated luminosity will still contain the range

of yt/ySM
t ∈ [0, 1].

Table 6.6 shows the measured values of yt/ySM
t via both direct and indirect

measurements, projected with Run 2, Run 3, and HL-LHC integrated luminosity

values. Figure 6.41 shows that, even at HL-LHC integrated luminosity of 3000 fb−1,

the measured cross section and its error still covers the predicted cross section value

from yt/ySM
t = 0 up to yt/ySM

t = 1.88. As such, the indirect measurement may not

be able to provide the best fit value of yt/ySM
t .

However, by comparing the range of measured values in each level of

integrated luminosity, the direct measurement shows a faster improvement to the

measurement of yt/ySM
t over the indirect measurement at the same integrated

luminosity. At the HL-LHC level, the uncertainty range of yt/ySM
t obtained from the

direct measurement is reduced by 0.91 compared to the 2017 integrated luminosity.

At the same time, the indirect measurement can only reduce the uncertainty range

by 0.54. This shows that the direct measurement, which takes into account shape

dependence of the tt̄tt̄ distribution for different values of yt/ySM
t in addition to the

normalisation, has the potential to give better measurements in the long run.
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Nonetheless, the measured values from direct measurement do not provide

a better uncertainty range than the indirect measurement via tt̄tt̄ cross section.

This may be caused by multiple reasons. Firstly, the template fit for the direct

measurement of yt/ySM
t contains only 8 histogram bins compared to the templates

used in the indirect measurement with 33 histogram bins. Secondly, the event

yields for the direct measurement are very low (in the order of O(10−1) per bin)

compared to event yields in some histogram bins from the indirect measurement

(in the order of up to O(102)). This is due to more strict event criteria for the direct

measurement template compared to the indirect measurement. The low event yields

in the direct measurement cause high statistical uncertainty to the template on top

of the systematic uncertainties already applied in both measurements. Lastly, the

indirect measurement contains background-rich regions which help in constraining

background-related uncertainties, while the templates in the direct measurement

only contain signal-rich regions (which are made from the output of NN-c alone).

However, adding tt̄H regions to the direct measurement can be considered an unfair

advantage, since this study aims to inspect the effect of constraining yt/ySM
t values

using the tt̄tt̄ process. Adding tt̄H-rich regions to the direct measurement would

cause the result to be dominated by the effects imposed by yt/ySM
t scaling upon tt̄H

distributions.

6.10 Comparison of yt measurements
to existing measurements
from other studies

As introduced in Sections 1.7.1 and 1.8.3, several studies have also measured yt via

several other processes, such as tt̄ and tt̄tt̄. However, the only comparable expected
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measurement is available in Ref. [62], where the expected measurement of yt/ySM
t

is measured using the tt̄ process, based on the Asimov dataset with yt/ySM
t = 1.

As the analysis in Ref. [62] is a full analysis including all backgrounds and

systematic uncertainties, the comparison cannot be done fairly since the results in

this work do not include all backgrounds and all systematic uncertainties. Note also

that the results obtained in this study are not definitive, since the network structure

and training can be tweaked. This means there is still room for improvement in the

design, training, and implementation of neural networks for the measurement of top

Yukawa coupling, which shall be discussed further in Section 7.2.

Table 6.7: Comparison of expected yt/ySM
t measurements between the direct

measurements via tt̄tt̄ in this work and the measurement presented in Ref. [62].

Analysis yt/ySM
t

tt̄tt̄, 49.81 fb−1 (this work) 1+2.00
−1

tt̄tt̄, 138 fb−1 (this work) 1+1.65
−1

tt̄, 137 fb−1 (Ref. [62]) 1+0.30
−0.57

As seen from the comparison in Table 6.7, the uncertainty range from the

measurement in Ref. [62] is better than the results from this work, even with a

projection to the same integrated luminosity. This is because there are several

differences between the searches in tt̄tt̄ and tt̄. Firstly, due to a much higher cross

section of tt̄ compared to tt̄tt̄, the tt̄-based measurement can be done with more tt̄

events compared to tt̄tt̄ events at the same amount of integrated luminosity. The

templates that are used to fit yt/ySM
t in that analysis are designed so that each bin

in the template contains roughly O(10 000) events, which provides low statistical

uncertainty compared to the templates in this analysis, which only has bins with

events in the order of O(10−1). Even with a high number of events required per bin,

the template used in tt̄ analysis contains 17 bins per year of data taking, resulting

in 51 bins across 2016-2018 data. With lower statistical uncertainties and a higher
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number of bins in the fitting template, the constraint of yt/ySM
t in the tt̄ analysis has

better performance than the work in this thesis.

For these reasons, the comparison between results from this thesis versus the

measurement in Ref. [62] is not completely fair, since the direct measurement can

be vastly improved by including all three years of data taking and constructing

more histogram bins to better constrain the values. Since the measurement done

in this thesis is performed in opposite-sign dilepton channel, the distribution can

also be separated further by the combination of lepton flavours, provided that there

are enough statistics for the distribution.



Chapter 7

SUMMARY AND FUTURE STUDIES

As seen in both Chapters 5 and 6, the search for four-top quark production can

be performed by combining the information from all final states together, and the

process can be used, with the use of neural networks, to measure top quark Yukawa

coupling value. The results presented in this thesis, as with all the advancements in

science, can still be improved with future iterations. In this chapter, future studies

for both four-top quark production and top Yukawa coupling measurement will be

discussed.

7.1 Possible future studies
on four-top quark production

As seen in Section 5.7, the cross section measurement performed on single-lepton,

opposite-sign dilepton, and all-hadronic final state (reported in this thesis in

Section 5.6) is

σtt̄tt̄ = 17± 4 (stat.) ± 3 (syst.) fb (7.1)

which is comparable to the recent SM prediction at NLO with ELectroweak

corrections and NLL’ accuracy at 13.4+1.0
−1.8 fb [63] and more recent measurements

performed by CMS Collaboration [83], which is

σnew CMS
tt̄tt̄ = 17.7+3.7

−3.5 (stat.) +2.3
−1.9 (syst.) fb (7.2)

and measurements performed by ATLAS Collaborations [84], which is

σnew ATLAS
tt̄tt̄ = 22.5+4.7

−4.3 (stat.) +4.6
−3.4 (syst.) fb . (7.3)
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Table 7.1: Measured cross section, expected and observed search significance from

individual analyses presented in this thesis, compared to new results reported by

CMS [83] and ATLAS [84]. The reported uncertainty values for the cross section

are statistical uncertainties and systematic uncertainties respectively.

Analysis Cross section (fb) Exp. sig. Obs. sig.
(stat.) (syst.) (s.d.) (s.d.)

This thesis [2]
Run 2 SL 15 ±8 +10

−7 1.2 1.4
2017+2018 OSDL 33 ±12 +15

−14 0.6 1.8
Run 2 All-hadronic 70 ±17 +25

−23 0.4 2.5
Run 2 SSDL&ML [65] 13 +5

−4 ±3 2.7 2.6
2016 OSDL [2] -2 +20

−18 ±18 0.4 0.0
Combination 17 ±4 ± 3 3.2 4.0
New CMS [83] 17.7 +3.7

−3.5
+2.3
−1.9 4.9 5.6

New ATLAS [84] 22.5 +4.7
−4.3

+4.6
−.34 4.7 6.1

Table 7.1 shows the comparison between the results presented in this thesis and both

recent measurements. As both recent results have exceeded the observation status

with the observed significance of more than 5 standard deviations, the cross section

measurement of this production would now become the next topic to be focused on.

Due to an extremely low cross section, the measurement of this production

will be benefited from higher amounts of data from an ongoing Run 3 data campaign

(with an integrated luminosity of 300 fb−1) and High-Luminosity LHC (HL-LHC)

upgrade (offering an integrated luminosity of 3000 fb−1). Including all final states

for the measurement will also benefit the precision of the measurement further,

as well as improvements in terms of physics object reconstruction and analysis

techniques incorporating more complex machine learning techniques. For example,

the 2017+2018 opposite-sign dilepton analysis which relies on the distribution

of HT can be improved by replacing HT distributions with output distributions

from better Machine Learning-based classifiers, such as NN-c, which is a neural

network capable of classifying events into tt̄tt̄, tt̄, and tt̄H, introduced in Section 6.5.
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Furthermore, the analysis on opposite-sign dilepton final state should be redone for

all of Run 2 data from 2016-2018 with the same treatment across three years of data

taking. Better background estimation methods based on a data-driven approach, as

shown in the all-hadronic analysis in Section 4.5, may also be improved.

Studies on four-top quark production involving Effective Field Theory can

also benefit from these upgrades as well. The CMS Collaboration has performed a

projection study [177] where the results from tt̄tt̄ search in the same-sign dilepton

and multilepton over 2016 data (with an integrated luminosity of 35.9 fb−1) [79]

is projected into higher integrated luminosity values from 300 fb−1 to 3 ab−1

(3000 fb−1). It also explores scenarios where statistical uncertainties are scaled

based on the increasing integrated luminosity by the factor of 1/
√

L/Lref and

systematic uncertainties are adjusted to lower values expected to be achievable

with HL-LHC upgrades, as detailed in Ref. [191]. The study shows that, in

addition to the higher search significance attainable (as shown in Table 7.2), the

fractional uncertainty of the measured cross section can be reduced with increasing

integrated luminosity by upgrades to the LHC, resulting in better sensitivity. With

the reduced fractional uncertainty, Wilson coefficients for several EFT operators

can be constrained with narrower ranges.

7.2 Possible future studies
for top Yukawa coupling measurement

As seen in Section 6.7, the expected measurement of top Yukawa coupling

using neural networks does not have better performance compared to the indirect

measurement via cross section, assuming a very low integrated luminosity of 49.81

fb−1 from 2017, presented in Section 6.8. Nonetheless, it has been shown that we
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Table 7.2: Expected significance from the SSDL&ML analysis performed using

2016 data [79] and its projection to 300 fb−1 and 3000 fb−1, as shown in Ref. [177].

“stat. only” refers to the scenario with only statistical uncertainties included. “Run

2” refers to the scenario where only statistical uncertainties are scaled by the factor

of 1/
√

L/Lref. “YR18” refers to the scenario where several systematic uncertainties

are scaled down according to Ref. [177] and [191].

Integrated luminosity stat. only Run 2 YR18
35.9 fb−1 (reference) [79] 1.0

300 fb−1 4.09 2.71 2.85
3000 fb−1 12.9 3.22 4.26

can construct the event distribution which has different effects on top quark Yukawa

coupling, which is the same effect as seen in Ref. [190].

The advantage of this measurement using neural networks is that it allows us to

pinpoint the central value of top Yukawa coupling directly, as this method adjusts the

top Yukawa coupling value directly to alter the neural network output distributions.

On the other hand, the indirect measurement may suffer from the behaviour of the

predicted tt̄tt̄ cross section in the regions with the top Yukawa coupling being close

to the SM value. This causes the indirect measurement to be unable to pinpoint

the central value of the measurement if the measured cross section value is close

to the predicted SM value, and may only be able to provide the possible range

of the coupling. Additionally, the projections presented in Section 6.9 show that

the measurements improve faster than the indirect measurement given the higher

integrated luminosity provided by the LHC.

There are many possibilities for improvement:

• The event selection can be matched with the four-top quark production search

in opposite-sign dilepton final state, as outlined in Section 4.4.2, which has
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lower lepton pT requirements. Lowering pT requirements will include more

events in the analysis, which improves statistics.

• The opposite-sign dilepton analysis detailed in Section 4.4.2 also employs Z

mass veto (vetoing events with two same-flavoured leptons having invariant

mass close to the Z boson). As this study does not include tt̄Z background for

now, the Z mass veto is not yet necessary. However, to make the analysis more

realistic, tt̄Z background will have to be included, and imposing a Z mass veto

can ensure that less tt̄Z background will pollute the output distribution used

in the fitting.

• More backgrounds should be included in the analysis. This study contains

only tt̄ and tt̄H backgrounds as they are the most important backgrounds

determined from the four-top quark searches. However, to make the study

more realistic, other background processes can also be added, such as tt̄

production with vector bosons, or electroweak processes, even though the

contribution from these minor backgrounds may be small compared to the

tt̄ process as the dominant background, as shown in Figure 4.6. As the

study gets more realistic, the measured values of yt/ySM
t using data (unlike

Asimov datasets used in this thesis) can be compared to the results from other

measurements based on other processes properly.

• Include more systematic uncertainties to make the analysis more realistic.

More systematic uncertainties included would allow the results to be

compared with other complete analysis in a fair way, as other completed

analyses, such as the top Yukawa coupling measurement using tt̄

production [62], contains a larger set of systematic uncertainties.

• Include the data from 2016 and 2018 in the measurement. As this study is

performed only on 2017 data and projected to Run 2 integrated luminosity,
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including the data from 2016 and 2018 will improve the statistics to the

measurement and enlarge the training dataset for NN-yt. The inclusion can

be done by aggregating all events from three years into a single distribution,

which improves statistics, or separating events from three years into three

distributions, which increases the number of constraints to the fit.

• The performance of NN-yt may also be improved by adjusting the structure

of the network itself and the training procedure. This includes adding more

diversity to the dataset (such as tt̄tt̄ samples generated at different yt/ySM
t

values) and hyperparameter tuning on NN-yt. As the output distributions from

NN-yt do not have much difference with yt/ySM
t variations, improving NN-yt

in discriminating SM and non-SM events may be able to make the output

distribution to give more difference with varying yt/ySM
t .

• NN-yt may also benefit from higher-level input variables that can be obtained

from the detector. This includes the information on boosted and resolved tops.

Since tt̄tt̄ events containing Higgs boson are more likely to contain two top

quarks that are decayed from a Higgs boson, they are more likely to be boosted

than the other two top quarks since the Higgs boson must carry enough energy

to create two top quarks. Including the information on boosted and resolved

tops may help NN-yt to discriminate between tt̄tt̄ events with and without

Higgs boson decays.

• To fairly compare the performance between the direct measurement based

on neural networks versus the indirect measurement based on cross section

comparison, a complete analysis, including all background processes and all

systematic uncertainties, must be performed.
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As this study is a proof-of-concept on incorporating neural networks for the

measurement of top quark Yukawa coupling, there is ample room for improvements

to the study before being deployed in actual measurements.

7.3 Summary and final remarks
The search for four-top quark production in the single-lepton, opposite-sign

dilepton, and all-hadronic final states, as well as the combination of results

from these final states, is presented in this thesis. The combination, including

the previously reported results from same-sign dilepton and multilepton final

state, shows that the measured cross section of this process is consistent with

predictions provided by the Standard Model. The combination also provides

evidence of four-top quark production, with the search significance larger than 3

standard deviations, and the final states included in the combination can provide

measurements with more precision in the future. Furthermore, newer results from

a more sophisticated search in the same-sign dilepton and multilepton final state,

provided by both CMS and ATLAS Collaborations [83; 84], are also in agreement

with the results from the combination presented in this thesis.

On the other hand, the study on the applications of neural networks for the

measurement of top quark Yukawa coupling value has shown, as a proof-of-concept,

that we can train a neural network to give outputs that are sensitive to changes in

the coupling value itself. The output distribution can have different effects when

different values of the coupling are applied, and we can leverage the difference for

the measurement of the coupling by using four-top quark production.

With the imminent deluge of new data provided from the CMS detector now

in the Run 3 data-taking campaign and the HL-LHC upgrade, these studies have

the potential to be improved immensely. Both the measurement of the four-top
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quark cross section and top quark Yukawa coupling using neural networks can reach

better precision and can be further improved with better analysis techniques beyond

the increase in luminosity. For the cross section measurement, this can be done

by improving object reconstruction and analysis techniques, as demonstrated by

the search in the same-sign dilepton and multilepton final state performed by CMS

Collaboration [65; 83]. For the coupling measurement, this can be done by more

advanced neural network techniques, as outlined in Ref. [189].

The studies presented in this thesis are not the end of the road for the

study of four-top quark production. Rather, it marks a new beginning for precise

measurements where the production can serve, more than ever, as a test to the

Standard Model, and it offers a lot of opportunities to look for physics beyond the

Standard Model.
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