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ABSTRACT

This dissertation presents the measurement of the tttt production cross section in
pp collisions at /s = 13TeV at the ATLAS detector at CERN, with an integrated
luminosity of 140fb~!. Two independent analyses are conducted: one using the
single-lepton and opposite-charge dilepton final states (1LOS), and the other using
the same-charge dilepton and multilepton final states (SSML). The 1LOS analysis
measures the tttt cross section in the context of a Two Higgs Doublet Model, with
tttt cross section enhanced by contributions from ¢tH production, where H is a
Heavy Higgs boson. The SSML analysis measures the ¢ttt cross section and extracts
limits on the Beyond the Standard Model (BSM) Higgs Oblique parameter, H. Both
analyses use signal regions with high particle jet and b-tagged jet multiplicity, as well
as multivariate classifiers to isolate the tftt signal. Statistical analysis is performed
using a profile likelihood method to obtain the cross section and the uncertainty on
it, as well as the signal significance.

The SSML analysis measures 22.577 % (stat) T34 (syst) = 22.575%fb for the ¢ttt
cross section, with an observed signiﬁcance of 6.1 standard deviations above the
background-only hypothesis, and a significance of 4.3 assuming a Standard Model
cross section. This constitutes the first discovery of tttt production. The extracted
H parameter is H = 0.09 with the upper end of the 95% CL region at H =02,
which is also the upper limit of the model’s validity. The 1LOS analysis has not yet
been unblinded, but fits to Asimov data place upper limits at the 95% CL on the
tttt cross section in association with a Heavy Higgs of mass my. The limits range
from 40 — 50fb for my = 400GeV to 10 — 20fb for my = 1000GeV.



18

CHAPTER 1

Introduction

Particle physics seeks to understand the composition of the world, to identify the
properties and interactions of the fundamental and indivisible constituents of mat-
ter called particles. The Standard Model of particle physics represents the current
paradigm through which this field is understood. In the Standard Model, fermions
interact with each other via the exchange of force-carrying gauge bosons, and gain
mass through their interactions with the Higgs boson. This theory had perhaps its
most dramatic triumph in 2012 with the discovery of the Higgs boson by the AT-
LAS and CMS experiments at the CERN Large Hadron Collider (LHC) [1} 2]. The
Higgs boson was the last undiscovered particle predicted by the Standard Model, and
its discovery represented not only the theoretical accuracy of the Standard Model’s
predictions, but also a century of technological development in designing particle
colliders and detectors.

Today, the field of particle physics is no less challenging. While the Standard
Model continues to dominate the understanding of small-scale particle interactions,
the large-scale observations in cosmology demonstrate that the particles of the Stan-
dard Model comprise only about 1/6 of the total matter in the universe [3]. Moreover,
the Standard Model cannot explain certain mysteries such as baryogenesis or the par-
ticular mass of the Higgs boson, discussed more in Chapter 2 The current consensus
is that the Standard Model is incomplete, an effective field theory of a larger the-
ory. It is the objective of particle physicists to rigorously test the predictions of the
Standard Model to discover clues regarding this larger theory as well as search for
particles that exist outside of the Standard Model.

The focus of this thesis is the measurement of the cross section for tttt pro-
duction in pp collisions at /s = 13TeV. Equivalently this is an analysis on four top
quark (or four top) production. This process is predicted to occur in the Standard
Model with a cross section of 11.973%‘3% [4]. For comparison, the production cross
section for the Higgs boson at the same center-of-mass energy is 56 & 4pb, more than
4,000 times larger [5].
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The tttt process is a particularly good process to study in the context of
certain Beyond the Standard Model (BSM) theories. Many BSM models affect Higgs
boson interactions, and, as the most massive Standard Model particle, the top quark
will be sensitive to these effects. The very small Standard Model ¢ttt cross section
means that even small BSM effects will be more apparent.

Evidence for the tttt process was previously measured by ATLAS and CMS
in 2020. These results include the measured cross section, the observed significance
for the measured cross section, and the expected significance assuming a Standard
Model cross section. The ATLAS measurement was 24 4 5(stat) ™) (syst) = 247 7fb
with an observed (expected) significance of 4.7 (2.6) standard deviations above the
background-only hypothesis [6]. The CMS result was 17+4(stat) £3(syst)fb with an
observed (expected) significance of 4.0 (3.2) standard deviations [7]. For both ATLAS
and CMS searches, the measured cross section is larger than the Standard Model
value. Although the discrepancy is not statistically significant, it adds motivation to
conduct ¢ttt cross section measurements using BSM interpretations. This thesis will
cover two such interpretations, a two Higgs doublet model (2HDM, also referred to
as HBSM) and a Higgs Oblique model [8], [9]. Chapter [2] will describe these models
in greater detail.

Searches are conducted in several final state decay channels, grouped into
two sets: one lepton/opposite sign (1LOS) and same-sign/multilepton (SSML). The
1LOS analysis searches for titt production with decays into states with a single
lepton or two oppositely-charged leptons. These channels are used in the HBSM
analysis. The SSML analysis searches for ¢ttt production with decays into states
with two same-charge leptons or more than two leptons. These channels are used in
the Higgs Oblique analysis. Although distinct, both the 1LOS and SSML channels
are useful for the search for tttt production, and the decision to use one particular
set of channels for each analysis is somewhat arbitrary. Indeed, the SSML channels
have been used in a parallel HBSM analysis [10] outside the scope of this thesis.

For data collection, experimental physicists have a formidable array of tools
to work with. The Large Hadron Collider is the world’s largest particle collider,
accelerating protons to within (1 —1x 107%)c. The resulting proton-proton collisions
have an energy of 13TeV and are able to produce every Standard Model particle.
A subset of the collisions are recorded by particle detectors such as the ATLAS
detector, a multi-purpose detector with layered tracking systems, calorimeters, and
muon spectrometers. The LHC and the ATLAS detector are described in more detail
in Chapter [3] The collected data, as well as simulated collision events, are described
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in Chapter [l The data and simulated samples are reconstructed into physics objects
using a number of selections and algorithms, described in Chapter [5] There are also
systematic uncertainties associated with both data and simulated samples, and these
are described in Chapter [6] Some simulated samples are reweighted to better match
data. This process is described in Chapter [7]

The two analyses exploit different advantages and confront different chal-
lenges, discussed in more depth in Chapter [§ The search itself is performed using
machine learning to isolate the ¢ttt signal from background processes, and then profile
likelihood fitting to determine if the signal excess above the background hypothesis is
statistically significant. Chapter [J] describes the statistical reasoning behind profile
likelihood fitting as well as the tool used to implement it, TRExFitter. Lastly, the
results are given in Chapter [10| and conclusions are presented in Chapter |11}
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CHAPTER 2

Theoretical Background

2.1 The Standard Model

2.1.1 Overview

Particle physics seeks to discover and understand elementary particles and their
interactions. By elementary it is meant that the particles cannot be further divided
into smaller components. By the 1970’s, the Standard Model of particle physics was
fully developed. Although it has limitations, this theory provides accurate means of
calculating quantities such as the probability of interaction, or cross section, describes
the ways in which particles can be produced and decay, and provides a mechanism
through which the particles acquire a mass.

The Standard Model contains 17 elementary particles and anti-particles: six
quarks, three charged leptons, three neutral leptons (neutrinos), four gauge bosons,
and one scalar boson. These particles interact via three forces: the strong force, the
weak force, and the electromagnetic force. Although the fundamental particles have
a mass, gravity is not currently incorporated into the Standard Model. Given that
the other three forces are much stronger, it is neglected in this discussion.

The quarks interact via all three forces, the charged leptons interact via the
weak and electromagnetic force, and the neutrinos interact only via the weak force.
The bosons are interpreted as “force-carrying” particles, where the strong force is
conveyed via gluon exchange, the electromagnetic through photon exchange, and the
weak through the exchange of W and Z bosons. The last particle, the Higgs boson,
represents the excitation of the Higgs field. The quarks, leptons, and other bosons
interact with the Higgs field, and it is this mechanism that generates particle mass.

2.1.2 Gauge Invariance and Field Theories

The Standard Model is a field theory, meaning that the equations of motion describe
continuous fields rather than discrete particles. There are a few reasons to use
fields rather than particles: to maintain consistency in a relativistic framework, and
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because the uncertainty principle implies that, for an arbitrarily small time scale, an
arbitrary number of particles can be spontaneously created |11]. Particles are then
interpreted as excitations of a field.

The equations of motion must also follow certain requirements. They must
be Lorentz-invariant in order to satisfy the principle that the laws of physics are
the same in every relativistic frame. Maxwell’s equations follow from this invariance
condition:

O"F,, =0 (2.1)

where F,, = 0,4, —0,A, is the electromagnetic field tensor. The Lagrangian
for the free electromagnetic field is written as:

1
ZEM - _ZFMVFMV (22)

The Lagrangian for a field ¥ (x) corresponding to a fermion of mass m is
written as:

Lo = (@) (70, — m)y(x) (2.3)

Within electromagnetic interactions, the charge and current are conserved.
Noether’s Theorem connects all conservation laws with a symmetry in the equations
of motion that describe them. In the case of electromagnetism, the symmetry is in the
invariance of the electromagnetic field under a transformation of the electromagnetic
potential, A,. The potential can vary by some scalar function f such that:

Ao A+<f (2.4)

and the field will remain the same. The particular choice of A is called a
gauge, and the field invariance is therefore a gauge invariance. If f is not dependent
on spatial coordinates &, then the gauge invariance is globally invariant.

The global gauge invariance of the potential can now be written as an invari-
ance of the field under a U(1) transformation:
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U(w) = eP(x) (2.5)

The invariance can be seen in the fermion Lagrangian because

2. (z) = 3#61"11/1(@ = '@ () (2.6)

and so

L' =9 (@)(i7" 9 — m)Y' () = e P(x) (19" 0y — m)e"Y(z) = Lp (2.7)

However, the invariance of the fermion Lagrangian does not hold for a local
transformation, i.e. if o varies as a function of x. In the case of a local transformation,
the differentiation of the field leads to

0 () = 0, = €0, () + 1" P8 . ((F)) (2.8)

where the term in bold will not cancel out. In order to create a Lagrangian
with local gauge invariance, the differentiation term must be redefined to include a
gauge field, A,:

D, =0, —ieA, (2.9)

where the Lagrangian is invariant under the transformation

1
Ay = Ay = A, + =0, (a(@) (2.10)

This essentially couples the fermion Lagrangian to the Lagrangian for the
electromagnetic field. The new gauge field becomes the photon, and the combined
Lagrangian becomes
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orter = D) (70— ieAy) — m)(a) — {Fu P 2.11)

In Equation [2.11] can be seen the kinetic term describing motion of the
fermion; the interaction term, or the coupling of the fermion to a photon; and lastly
the mass term. All terms are operating on the fermion field. This conceptualization
of the electromagnetic interaction is known as Quantum Electrodynamics (QED).

2.1.3 Electroweak Theory

The same principle of creating a Lagrangian with Lorentz invariance and local
gauge invariance is also used in describing the weak force. In fact, the weak
force is combined with the electromagnetic force, and the combined electroweak
force observes SU(2); x U(1l), invariance. The Y refers to hypercharge and the
L refers to left-handedness, both discussed below. The SU(2) generators are
I, 1), I3 = %01, %02, %(73, where o; represent the Pauli matrices. The local gauge
transformation by an amount « is:

=

Y(x) = ' (z) = e () (2.12)

The U(1)y transformation is similar to that for QED, but the generator is
now the ‘hypercharge’ quantity, Y, instead of electric charge, (). The hypercharge
is expressed as Y = 2(Q) — I3), and thus is connected to both the electric force and
weak force generators.

The SU(2), xU (1), local gauge invariance requirement leads to four massless
gauge fields: A', A%, A3 and B, similar to the field 4, that was introduced in the
QED theory above. These fields manifest as the gauge bosons for the electroweak
force: W+, W~, Z, and ~.

1

V2

Z° = cos(0,,)A® — sin(6,,) B°
v = sin(f,,)A* + cos(6,,)B°

W= (A' FiA?)

(2.13)
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The angle 6, is the weak mixing angle. Without the Higgs mechanism, these
particles would remain massless to ensure local gauge invariance, contradicting the
short-range nature of the weak force. However, the gauge fields couple to the Higgs
field, which has a potential with nonzero minima. The Higgs mechanism breaks the
symmetry of the electromagnetic and weak forces, gives mass to the W+ and the
Z bosons, and leaves the photon massless. More details are given below in Section

214

Several terms in the SM Lagrangian dictate how fermions interact via the
weak force. The fermion fields can be written as:

Yn= 51+ 7))t = 5(1 =) (2.14)

where the subscripts R and L denote handedness. Left-handed fermions
travel in a direction anti-parallel to their spin; right-handed fermions travel in a
direction parallel to their spin. Handedness is a relative quantity, as the momentum
of a fermion relative to one observer might be different from the momentum relative to
another observer. Handedness is also called ‘helicity.” This is distinct from chirality,
which is the actual quantity governing weak interactions, but helicity presents a
way to conceptually understand chirality, and the two quantities are approximately
identical at relativistic energies.

The weak force isospin current interacts only with left-handed fermions (or
right-handed anti-fermions). This means that left-handed fermions form doublets
with the other fermion of the same generation. For example, left-handed up-quarks
and down-quarks form a doublet (see Table [2.1)). There are three generations, and
so three doublets for quarks and three doublets for leptons. Right-handed fermions
do not interact via the weak force, and form singlets. As neutrinos only interact via
the weak force, there are therefore no right-handed neutrinos.

2.1.4 The Higgs Mechanism and Yukawa Coupling

Without the Higgs field, the Standard Model presents a picture of massless gauge
bosons and fermions. This Lagrangian satisfies local gauge invariance, but requires
that all particles remain massless or else violate that invariance. The Higgs mecha-
nism combines local gauge invariance with spontaneous symmetry breaking. In this
process, some gauge bosons acquire mass and others remain massless. The concept of
spontaneous symmetry breaking and the Higgs mechanism was introduced by Brout,
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’ Isospin Doublets ‘
Generation 1 2 3

ur, tL
Quarks ( dL) (bL>
Leptons <V€L> (V” L) (VTL)

€r, ML TL

Table 2.1: List of isospin doublets, organized by generation

Englert, Guralnik, Hagen, Higgs, and Kibble via several papers in 1964 [12], [13],
[14).

The principle of spontaneous symmetry breaking is to consider a potential
V' that varies as a function of the scalar field ¢ such that:

# = —1(Fu) + Do~ V(6) (2.15)

and

ww:—ﬁw+§w@2 (2.16)

This potential has two nonzero minima. These are the “vacuum expectation
values” or vev [11]. The field ¢(x) can be chosen to exist near one vev or another, but
once the choice is made, the Lagrangian is no longer symmetric for the transformation
¢ — —¢. Because it is the lowest energy configuration for ¢, this potential generates
spontaneously broken symmetry.

When this case is generalized to a continuous rotational symmetry in N
dimensions for N scalar fields, the result is the generation of a set of N — 1 massless
fields, called “Goldstone bosons.” In fact, Goldstone’s theorem states that a massless
particle is created for each spontaneously broken continuous symmetry.

The masses arise when the local gauge symmetry and spontaneous symmetry
breaking are considered together. Local gauge symmetry demands the use of a
covariant derivative. For SU(2) x U(1) local symmetry, this derivative is:
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1
D, =0, —igAjI" — ZEQIBM (2.17)

The SU(2) gauge bosons are A§ with a coupling constant of g, and the U(1)
gauge boson is B* with a coupling constant of ¢’. The Higgs field is a complex doublet
scalar field with SU(2) x U(1) symmetry, invariant under the transformation

¢ N ¢/ _ ei-feiY¢ (218)

Here, the generators are the isospin and hypercharge discussed in Section
2.1.3. Consider a potential such that the field ¢ has a vev of:

=5 (1) (219)

When this field interacts with the gauge bosons in the covariant derivative,
the Lagrangian becomes

&L =¢D"D,¢ (2.20)

or, focusing on the gauge boson terms A = £ — 0, terms:

1 1 1 0
_ afya A oY) bu b - Inpp
AL = 5 (0 v) (gALI* + 2gB Y(gA™M I + 2gB ) (v) (2.21)
which becomes
102 ,
AL =Sl (A)° + 97 (AL)° + (=g AL + ¢'B,)’] (2.22)

In order to get the form A = —m?|¢?|, the masses and fields must be:



28

The weak mixing angle can be defined as:

9

Vo +g”

J (2.24)

Vo +g*

cos by =

sin 9W =

The real gauge bosons and their masses are now identified.

The fermions have left- and right-handed components with different gauge
quantum numbers, and, without interaction with the Higgs boson, cannot have mass
terms that preserve gauge invariance. For fermions, the interaction with the scalar
Higgs field is a type of Yukawa interaction, and can be described by the Lagrangian
of a fermion field (such as that of an electron, where the left-handed doublet is the
electron and its neutrino) coupling to the scalar Higgs field ¢. This is written as a
function of the left-handed doublet, L;, the Higgs field, the right-handed electron
er, and the Hermitian conjugate:

gYukawa = _ge<EL¢€R + éR(bTLL) (225)

Here, g. is the strength of the interaction. When the symmetry of the Higgs
field is broken, the electron gains a mass proportional to the interaction strength and
the vacuum expectation value of the Higgs potential, v.



29

Dy ukawa = —9.V(€rer + €rer) — ge(€rer + éger)H

— () - gu(ee)H (2:26)

The first term describes the mass of the fermion, where m; = g.v, and the
second term is the interaction with the Higgs particle H. The Yukawa interaction
provides a mechanism for fermions to acquire mass, but does not predict the values
of the masses.

2.1.5 QCD and the Strong Force

The strong force is described by the field theory of quantum chromodynamics (QCD),
so named because the relevant conserved quantity is ‘color’ charge with three pos-
sible colors: red, blue, and green. The strong force interacts only between colored
quarks and gluons, the massless gluon being the force-carrying boson. The gluon has
a nonzero color charge, which causes phenomena such as asymptotic freedom and
hadronization.

QCD arises from SU(3). local gauge invariance, wherein the equations of
motion remain unchanged under a transformation:

() = e EDy(z) (2.27)

Just as the transformation in SU(2) space affects the isospin of weakly in-
teracting particles, the transformation in SU(3) space affects the color charge. The
generators T, are related to the 3 x 3 Gell-Mann matrices: T, = %)\a, which are
analogous to the 2 x 2 Pauli matrices of SU(2). Eight gauge bosons, or gluons, arise
from the generators. As with the other field theories, the QCD Lagrangian contains
terms for the kinetic energy and mass of the fermion field, as well as for the free
gluon field:

- 1

Zoop = (@) (In"(Dy — mo)y(x) — 7 GG (2.28)

4 -

The strong force binds quarks and gluons together in a particular way such
that, at small distances, the partons experience virtually no force. This phenomenon
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is called “asymptotic freedom.” For all forces, the coupling strength changes as a
function of energy (or, equivalently, interaction distance)—this is called the “run-
ning” of the coupling. For the electromagnetic force, for example, the coupling tends
towards infinity at high energies. The charge at short distances is sufficient to po-
larize the vacuum. Any electron-positron pairs tend to align themselves with the
field in the vicinity of the point charge, and their intervention effectively screens the
point charge, causing its coupling value to drop to a smaller, constant value except
at very short distances. For the strong force, a different phenomenon occurs. The
coupling tends towards zero, and the vacuum screening is performed by gluons as
well as quarks. What results is asymptotic freedom.

If the distance between two partons is increased, they begin to experience
a binding force. This force does not decrease with distance and, at some point,
the energy in the color field between the two partons is sufficient to spontaneously
create two new partons. This process is called “hadronization.” The pairs and trios
of bound quarks and gluons are known as hadrons: baryons contain three valence
quarks, and mesons contain a quark and anti-quark pair. Unlike partons, hadrons
can exist as free particles because they have net zero color charge.

Because the strong force is so strong for large distances (and, equivalently, low
energies), predictions for low-energy QCD interactions cannot be solved analytically.
Instead, the strong force is modeled phenomenologically using models such as the
Lund string model|15] or lattice QCD [16]. Bound partons are modeled by empirical
parton distribution functions (PDF’s), discussed more in Chapter [4]

2.2 Top Quark Physics

With a mass of 172.69 4+ 0.30GeV, the top quark is the most massive of the quarks
and also of the SM particles [5]. It is an up-type quark with a fractional electric
charge of —I—%. With a lifetime on the order of 1072° seconds, the top quark decays
before it hadronizes.

The top quark decays via the electroweak force, with a branching ratio of
nearly 100%, into a W™ boson and b-quark. From there, the b-quark decays into a
collimated shower of particles (a jet), and the W boson can decay to either a pair
of hadrons or a pair of leptons, as seen in Figure [2.1]

The most common mode of production for top quarks in pp collisions is the
production of a tf pair via the strong force. Including up to NNLO QCD contri-
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Figure 2.1: Branching ratios for top quark decay.

butions, the production cross section is calculated to be 831.81195%321pb for a pp

collision at energy /s = 13TeV , . At this high energy, 90% of production occurs
via gluon-gluon fusion, with the remaining production coming from quark collisions.
A recent measurement of the ¢t cross section by ATLAS agrees within uncertainties,
with a measurement of o7 = 830 + 0.4 (stat.) £36 (syst.) £14 (lumi.)pb [18]. Gen-
erally, measurements from colliders have agreed with the theory predictions for the
tt cross section, as shown in Figure

Single top quarks can be created via the weak force, involving the interactions
of a W boson and a b-quark as seen in Figure 2.3] At 13TeV, the production cross
section for single top quarks is lower than for ¢¢: the cross section for the t-channel is
215pb, approximately 10pb for the s-channel, and 72pb for the Wt channel[20H22].

The focus of this analysis is on the production of ¢#tf, which has an even
smaller cross section. In the SM, the ¢ttt process occurs through QCD interactions,
as seen in Figure[2.4] or alternatively in association with the production of an off-shell
electroweak Z or H boson.

The current SM estimate of the cross section is calculated by incorporating
QCD interactions and EW interactions up to the next-to-leading order (NLO). Gen-
erally the EW interactions, with a smaller coupling constant, have a smaller impact
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Figure 2.2: Comparison of measurements of the tf cross section to theoretical pre-
dictions, as a function of center-of-mass energy 1/s|19].
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Figure 2.3: Feynman diagrams associated with single top quark production|23].

on the cross section than the QCD interactions. For SM ¢ttt including both QCD and
EW NLO corrections, the cross section is calculated at /s =13TeV to be 11. 97+§§Z)fb
4]

The tttt process has several possible final states depending on the decay of
the four W bosons, with the different final state branching ratios shown in Figure
2.5 The Higgs Oblique analysis uses the same-sign dilepton and multilepton decay
channels (SSML) and the 2HDM analysis uses the single lepton and opposite-sign
dilepton channels (1LOS). The two sets of decay channels, SSML and 1LOS, have
different characteristics and challenges to overcome. The SSML channels have a much
smaller branching fraction, and therefore lower ¢ttt yield, but also have much lower
levels of background contamination. The main background for the SSML channels
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Figure 2.4: Feynman diagrams for ¢ttt production with QCD and EW interac-
tions|24].

comes from ¢t production with an associated Higgs, Z, or W. The 1LOS channels
constitute a majority of the ¢ttt decays, but have a large irreducible background of
tt + jets events.

ATLAS made the first measurement of evidence of ¢ttt production in 2020,
with a cross section measurement of o,z; = 247 fb [24]. The significance of the mea-
surement was observed to be 4.3 standard deviations above the background predic-
tion. The expected significance of the measurement refers to the sensitivity assuming
a signal strength equal to the Standard Model prediction. The expected significance
for the 2020 ATLAS measurement was 2.4 standard deviations above the background
prediction. This measurement was obtained using the SSML channels. Later, the
cross section in the 1LOS channel was measured and combined with the SSML result
to give an observed (expected) significance of 4.7 (2.6) standard deviations [6].

Recently, a re-optimization of the SSML analysis produced the first discovery
measurement of o,z = 22.570%fb with an observed (expected) significance of 6.1
(4.3) standard deviations [25]. The re-optimized version of this analysis is described
throughout this thesis, with an additional focus on the Beyond the Standard Model
(BSM) interpretations described below.

2.3 Beyond the Standard Model

The combination of electroweak theory and QCD into the Standard Model of particle
physics has been highly successful, as the Standard Model predicts the behavior of
small-scale particle interactions with extreme accuracy. Measurements of the electron
and positron magnetic moments agree with the SM to more than ten decimal places
[26]. However, there are phenomena that the Standard Model does not explain,
and so new Beyond the Standard Model (BSM) theories are sought to address these
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Figure 2.5: Branching ratios for tttt decay.

1ssues.

Hierarchy Problem: The Standard Model cannot explain why the mass of
the Higgs boson is roughly 125GeV. There are correction terms to the mass that are
much larger (on the scale of a unification energy) that must very precisely cancel in
order to give the measured value of the Higgs mass.

Another way to envision this is to consider the interaction of the Higgs parti-
cle with virtual particles spontaneously created in the vacuum[27]. The interactions
affect the Higgs mass in a way proportional to the energy scale A of the vacuum.
The leading contributions to the mass correction include terms dependent on self-
interactions of strength A, interactions with gauge bosons of strength ¢ and ¢’, and
top quark Yukawa interactions of strength y; [28]:

A2 1
om?, = WW + 1(992 +3¢"%) — 97 (2.29)

However, if the energy scale becomes very large, as it must to unify gravity
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with the other forces, then the contributions to the Higgs mass become enormous.
In order for my to be its relatively small measured value of 125GeV, there must
be other correction terms from new physics that cancel out the large value of dm?%.
Without new physics, the cancellation can only be accomplished by balancing out
contributions in a very precise way, and the amount of precision required is considered
unnatural. The problematic relation of the small Higgs mass to the much larger
unification energy scale is known as the ‘hierarchy problem.’

Dark matter: Astronomical observations of galaxies reveal that their rota-
tional velocity is much higher than would be expected from the amount of visible
matter present[29]. Imaging using gravitational lensing provides further evidence of
clusters of invisible matter[3]. In order to explain these phenomena, there must be
additional gravity provided by as-yet unseen matter, called ‘dark’ matter. Neutri-
nos are a possible dark matter candidate within the Standard Model, but their small
mass is inconsistent with the behavior of observed dark matter. There is currently no
experimental proof regarding the nature of dark matter. Many BSM theories, such as
supersymmetry and extended Higgs models, propose additional particles that could
be candidates for dark matter[8, |30].

Baryogenesis: Astronomical data, such as surveys of cosmic rays, indicate
that the observable universe is composed of mostly matter rather than anti-matter.
Indeed, if there was anti-matter present, it would quickly annihilate with the sur-
rounding matter[31]. The Standard Model does not offer an explanation for why
there is such an imbalance. There are CP-violating weak interactions that favor the
production of particles over their anti-particles, but the strength of the CP viola-
tion does not produce a sufficient imbalance. BSM theories offer more CP-violating
interactions that can account for the discrepancy.

There are many BSM theories that have been developed to address these
issues. The work presented here involves two such BSM interpretations: a two Higgs
doublet model (2HDM), and a BSM addition to the self-energy, or oblique, correction
to the Higgs propagator.

2.3.1 2HDM

For the 2HDM interpretation, the BSM extension is applied by adding a second
Higgs doublet to the existing SM scalar doublet [8]. In the SM case, the spontaneous
symmetry breaking of the Higgs potential leads to one massive, scalar particle. For
the 2HD case, eight fields are created, which leads to five particles: the SM Higgs,
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one other neutral scalar H, two charged scalars H*, and one pseudoscalar particle

A.

This simple extension to the Standard Model is popular for several reasons.
The existence of a second neutral scalar particle in the 2HDM aligns with many
supersymmetric models, which require two Higgs doublets. Supersymmetry directly
addresses the hierarchy problem by assigning supersymmetric ‘partners’ to fermions
and bosons [30]. The 2HDM model can also directly address the baryogenesis issue
by providing new channels for CP violation to occur.

The SM Higgs potential for a single scalar field ¢ is written as

V = mi266 + N$6)? (2:30)

For two scalar fields, the potential becomes:

V = mi 2 g1 + Mmooy — m122(q51gb2 + Goth1) + %(¢1¢1)2 + %(%%)2

8 (2.31)
+ X301 010202 + Na1dadas + ?5[@1(?2)2 + (6an)?)

One defining parameter of the 2HDM is the ratio of the vacuum expectation
values for the two Higgs doublets. This is defined such that, for vacuum expectation
values:

(2.32)

the parameter [ is:

tan f = — (2.33)
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Also relevant is the parameter «, which is the rotation that diagonalizes the
mass squared matrix:

U1

2 v 2 2

Mg + A\v;  —miy + Aga50102
2 2 v 2
—m12 + )\345’01U2 mmé + /\2’02

(2.34)

where A\3y45 = A3 + Ay + A5. The values of o and [ determine the interaction
strength of the Higgs field with other particles, in essence giving them their particular
mass. Constraining 3 by using the measured ¢ttt cross section is a goal of the 2HDM
tttt analysis.

There are several versions of 2HDM models. This ¢ttt search is based on the
Type II model, where the ) = % right-handed quarks couple to one Higgs doublet
and the ) = —% right-handed quarks couple to the other.

The model adds Higgs particles that can couple to top quarks, providing ad-
ditional production modes for t#tt as shown in Figure[2.6] This enhances the tttt cross
section by an amount determined by the parameter 5. The cross sections for different
Higgs masses are obtained from the LHC Higgs Cross Section Working Group, and
are shown in Figure [2.7[32]. The cross sections are given for the combination of ttt¢
production in association with H and in association with A.

2.3.2 Higgs Oblique Models

BSM models generally assume the existence of particles and interactions that have
not yet been experimentally detected. An Effective Field Theory (EFT) treats the
Standard Model as a low-energy approximation of a higher-order theory, where BSM
physics can be detected in the context of corrections to SM propagators.

Some interpretations, such as the 2HDM model discussed above, present a
means of direct detection. The Higgs Oblique BSM interpretation, in contrast, seeks
to establish the presence of BSM particles through their impact on the interactions of
SM particles [9]. In particular, an “oblique” parameter affects interactions indirectly
through self-energy corrections to electroweak propagators. This can be visualized
in the Feynman diagram shown in Figure 2.8

The propagator for the Higgs boson in the SM is given as:
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g

Figure 2.6: tftt production in association with a CP-even Heavy Higgs, H, or
pseudoscalar Heavy Higgs, A.

1
Ay(p?) = —— 2.35
h(p ) pz o mi ( )

where my, is the SM Higgs boson mass. The strength of the BSM self-
energy term is parameterized by the Higgs Oblique parameter, H, and affects the
propagator:

L P ——_ (2.36)

AT
which alters the cross section of every interaction involving the Higgs. How-
ever, many common processes are not ideal probes of H because there are cancel-
lations in pp — h — V'V processes that make the H impact on couplings to gauge
bosons disappear. The top quark has the largest mass of any SM particle, and there-
fore the strongest coupling to the Higgs, so any nonzero H value will have a greater
impact on the cross sections of interactions with top quarks. This impact will also be
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Figure 2.7: Cross sections of ¢ttt production associated with Heavy Higgs H or
pseudoscalar Heavy Higgs A. Different lines correspond to different values of the
parameter tan 5.
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Figure 2.8: Higgs propagator affected by a virtual BSM particle. The addition to
the self-interaction energy is expressed as AC(p?), where p is the momentum.

more apparent for processes with small SM cross sections. Therefore, the ¢ttt process
associated with Higgs production is a particularly good probe of the H value.

When the Higgs Oblique parameter is applied to the tttt production cross
section, it is predicted at /s = 14TeV collision energy to alter the cross section in a
quadratic fashion ﬂgﬂ:

A~ A~ 2
O — O0sMm H H
= ——— =~ 0. — A5 — 2.
5O—tttt Tont 0.03 <004> + 0 5<OO4> ( 37)

This function assumes small H values. In fact, above H = 0.2, the theory
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no longer satisfies unitarity, and thus values above 0.2 are forbidden. Equation [2.3
does not include interactions with other electroweak particles, specifically the Z and
photon. Figure [2.9[shows that calculations made using MadGraph5_aMC@QNLO can
reproduce Equation assuming a center-of-mass energy of y/s = 14TeV. In order
to better replicate LHC conditions, the impact is also shown for /s = 13TeV, and
including interactions with Z and ~.

01249 « Obligue 14 no QED
Obligue 13 w QED
— 14 TeV fit
0104 — 13 Tevfit
Theory Curve
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Figure 2.9: Impact of the H parameter on the tttt cross section. The cross section
is calculated for 15 H values, using MadGraph5_aMC@NLO, and compared to the
“Theory curve” given in Equation [2.37, Two cases are considered: one at /s =
14TeV without Z/v interactions, and one at /s = 13TeV with Z/v interactions.
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CHAPTER 3

Experimental Apparatus

3.1 Introduction

The general trend of particle physics experiments has been towards observation of
particle interactions at higher energy, and thus smaller distance scales. This realm is
the least understood in part because it is so difficult to achieve. Many modern high-
energy investigations rely upon specialized particle colliders; the largest of these, the
Large Hadron Collider (LHC), is the most energetic machine in the world.

The LHC became operational in 2008, 79 years after the invention of the
first circular accelerator. The first circular accelerator, a cyclotron developed by
Ernest Lawrence, accelerated protons to 80keV, and was small enough to fit in one
hand. In contrast, the LHC is designed to accelerate protons to a maximum 7TeV,
and its 27km circumference lies 100m below the ground at the border of France and
Switzerland[33]. The LHC was constructed by the European Organization for Nu-
clear Research, historically abbreviated as CERN. Originally a collaboration between
the countries of Western Europe, CERN now hosts tens of thousands of scientists
from more than 70 countries.

The operation of the LHC comprises many parts. Proton beams must be pro-
duced, accelerated, and then focused at specific collision sites, known as Interaction
Points (IP’s). These IP’s are dictated by the placement of particle detectors, which
record aspects of the collision such as particle tracks and energy depositions. The
LHC has four main detectors. The Compact Muon Solenoid (CMS) and A Toroidal
LHC ApparatuS (ATLAS) are the two general purpose detectors. ALICE and LHCb
are designed for more specific studies. In addition to these main experiments, there
are three smaller detectors: TOTEM, LHCf, and MoEDAL. This section will de-
scribe both the LHC itself and its experiments, with further details provided for the
ATLAS detector, which was the detector used for this research.
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3.2 LHC

The LHC produces proton-proton (pp) collisions at energies in the TeV range. For
the first data-taking period (Run I), pp collisions occurred at center-of-mass energies
of \/s = TTeV and /s = 8TeV. For Run II, the energy was increased to /s =
13TeV. Regardless of final energy, the protons must undergo a series of sequential
accelerations, which make use of the facilities of previous CERN experiments.

First, protons must be produced. This is accomplished by using an electric
field to strip electrons from a hydrogen sample. These protons undergo a series
of accelerations. A linear accelerator (the Linac2) accelerates protons to 50MeV.
There are three additional circular accelerators: the Proton Synchrotron Booster,
Proton Synchrotron, and Super Proton Synchrotron, which further accelerate the
protons to energies of 1.5GeV, 25GeV, and 450GeV respectively [34]. Lastly, these
pre-accelerated protons are injected into the LHC itself, reaching a final individual
beam energy of 6.5TeV. To achieve this high energy, the LHC makes use of a 400MHz
Radio Frequency (RF) for acceleration and an array of 1232 superconducting dipole
magnets at 8T to produce the circular path of the beam. Additionally, magnets with
higher-order fields (quadrupole, sextupole, and octopole) direct and focus the beam
at the aforementioned IP’s where the detector experiments are located.

3.3 Experiments

The diversity of experiments at the LHC reflects the diversity of questions that still
exist in the field of particle physics. The following are the specialized detectors at
the LHC, constructed for a few specific purposes:

ALICE, located at IP 2, records the interactions of lead nuclei collisions
(Pb — Pb) and collisions of other heavy nuclei. The aim of these ion collisions is to
create quark-gluon plasma and observe its properties, in particular the behavior of
free partons prior to color confinement [36].

LHCD, located at IP 8, exploits the large energy and luminosity of the
LHC as a means of manufacturing b-quarks. Experiments at LHCDb seek to compare
properties of b-hadrons with predictions from the Standard Model as well as to
address possible causes of the matter-antimatter imbalance in the universe [37].

TOTEM is located in the region forward of the CMS detector, and provides
information regarding the small-angle collisions of the proton beams: cross-sections
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Figure 3.1: Layout of the LHC complex, showing the various accelerators, the LHC
itself, and the positions of the different experiments.

of hard scattering as well as elastic scattering and diffractive processes .

MoEDAL shares the LHCb interaction point. Its detectors are sensitive
to highly ionizing particles. The experiment was designed to search for magnetic

monopoles .

The two general-purpose detectors, CMS and ATLAS, consist of a series of
different particle detectors layered in a cylindrical design. The inner layers of the
detector measure the momentum of charged particles using a solenoidal magnetic
field. The middle layers consist of calorimeters that measure energy deposits of all
particles except neutrinos and muons. The outer layers of the detector measure the
momentum of muons using toroidal magnetic fields. The details of this layout are
discussed in the next section, in the context of the ATLAS detector.

CMS, the Compact Muon Solenoid detector, is located at IP 5 in the LHC
[40]. Tt shares many similarities to ATLAS in both its design and physics goals,
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though the magnet configuration is different: CMS has a single internal solenoid
with a 4T field, where ATLAS has a 2T internal solenoid, and additional 0.5-1T
toroid magnets placed just inside the muon spectrometers.

3.4 The ATLAS Detector

3.4.1 The Geometry of the Detector

To properly describe the geometry of the detector and particle interactions, stan-
dardized coordinates are used. The coordinate system is nearly the same as the
cylindrical system, with r as a radial component and ¢ as the angular component.
Instead of using 6 as the angular coordinate along the beam axis, pseudorapidity 7
is used. This is a coordinate specialized for use in high-energy collisions. The differ-
ence between two 7 values is approximately invariant under a Lorentz boost along
the beam axis, and is defined as
0
n=—In (tan 5) (3.1)

where 6 is the polar angle with respect to the beam axis. In terms of mo-
mentum p and longitudinal momentum py, the pseudorapidity is

n:%m(“ﬂﬂ%) (32)

’151 —PL

The rapidity y is the true Lorentz-invariant quantity, defined as

1 E+pr
Y 2n<E—pL) (3.3)

At very high energies such that |p] ~ E, then n = y and the pseudorapidity
becomes approximately Lorentz invariant. When a particle’s trajectory is nearly
parallel to the beam axis, # approaches zero and 7 approaches infinity.

To further describe particle properties, variables often make use of the “trans-
verse” component. For example, transverse momentum, pr, represents the particle
momentum in directions normal to the beam axis (i.e. a combination of radial and
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angular coordinates). This is useful for calculations because the initial transverse
momentum of any collision is very close to zero, and hard scatter physics will ap-
pear in the transverse plane. In contrast, longitudinal momentum of the partons will
always depend on parton distribution functions.

3.4.2 ATLAS Inner Detector (ID)

The ID consists of three main components: the Silicon Pixel Tracker, the SemiCon-
ductor Tracker (SCT), and the Transition Radiation Tracker (TRT) [41]. Detectors
in this region are designed to operate with high temporal and spatial resolution while
also withstanding the extreme radiation from their location closest to the IP.

The Silicon Pixel Tracker is the innermost detector, with the innermost layer
located at a radius of 5cm from the IP. The Pixel Tracker consists of three layers of
silicon detectors which yield three points of trajectory for charged particles as they
curve in the presence of the inner magnetic field. Each barrel pixel is 50pum in R-¢
(corresponding to the arc length) x 400um in z, and each endcap pixel is 50um in
R-¢ x 400pm in R, providing a resolution of 10um x 115um for the region |n| <2.5.
The endcap detector contains 13 million pixels, and the barrel contains 67 million
pixels, collectively covering an area of 1.7m?.

The SCT is located radially outside of the Pixel Tracker, at a distance of
30-56cm from the IP. Its objective is to provide similar tracking information at a
larger radius where individual pixels become intractable. The SCT is constructed
of 4088 silicon-strip detectors forming four barrel layers and two endcap layers, also
covering up to |n| <2.5. There are 2112 barrel sensors with 80um pitch, and 1976
endcap sensors with a rotational pitch of 40 mrad.

The TRT uses proportional drift tubes to provide R-¢ tracking information
at a radius of 56.3-106.6cm from the IP. The tubes are arranged in three layers in the
barrel, parallel to the beam axis and forming 32 separate sections. In the endcap, they
are oriented radially. The tubes provide a R-¢ precision of 130um. There are 351,000
channels covering the region up to || =2.0. The TRT is a “transition radiation”
detector designed to generate photons from particles as they pass through different
materials. As light particles will radiate more, the TRT provides differentiation
between electrons and hadrons.

Also contained within the ID region is the Beam Conditions Monitor (BCM),
which is used not for data-taking but for quality control of the beam. Sixteen pCVD
diamond sensors are located in the forward and backward regions of the detector,
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1.84m along the beam axis from the IP and 5cm away in the radial direction. The
rapid, Ins rise time of the pCVD sensors ensures the BCM has capability to dis-
criminate a signal bunch-crossing (occurring every 25ns) from background collisions.
This information is used for both triggering and for the beam abort signal.

The detectors in the ID rely on an external magnetic field to bend particle
trajectories according to their charge and transverse momentum. This magnetic field
is produced by the Central Solenoid. A 2T field is produced by a superconducting
NbTi coil of wire, cooled to 4.5K and wrapped 1173 times around the ID in such
a way that the magnetic field runs parallel to the beam axis. Due to its proximity
to the IP, particles may still interact with and be influenced by the material in the
solenoid. To alleviate that issue, the solenoid is designed to be as thin as possible,
supported by a structure made of specialized, high strength aluminum.

3.4.3 ATLAS Calorimeters

The role of the calorimeters in the ATLAS detector is to initiate hadronic and elec-
tromagnetic showers and to measure their energy and position. There are two types
of calorimeters: one designed to accommodate electromagnetic (EM) showers, and
the other dedicated to hadronic showers. Given the shorter range of electromagnetic
showers, the EM calorimeters are located closer to the IP. The hadronic particles
typically pass through all or much of the material of the EM calorimeters and enact
their own larger showers within the material of the hadronic calorimeters. These two
types of calorimeter are located in both the barrel and endcap regions of ATLAS.

Showers originating from electrons and photons proceed via the electromag-
netic interaction. These showers are generally more compact and less complex than
showers initiated by hadrons. At high energies, the primary interactions are photons
interacting with material to produce an electron/positron pair (“pair production”)
and leptons emitting photons via bremsstrahlung. Materials have a “critical energy,”
E., at which the rates of energy loss from lepton bremsstrahlung and ionization are
equal[5]. Showers build until reaching E,, and shower depth is dependent on both E,
and the “radiation length” X of the material. The radiation length is the distance
a particle can travel before losing 1/e of its energy. The shower depth is expressed
as:

In(Ey/E.)

X=X
*In(2)

(3.4)
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This results in EM showers that are compact in longitudinal and transverse
size.

Showers originating from hadrons tend to be much broader in transverse and
longitudinal size and involve more complex QCD and nuclear interactions. These
showers are initiated by a collision between a particle and an atomic nucleus, which
is subsequently broken apart and/or excited. The “nuclear interaction length” is
a material property defined by the distance a particle can travel before undergoing
an inelastic nuclear collision. The interaction length increases as a material’s atomic
number increases, and decreases with material density. Hadronic showers also contain
varying fractions of electromagnetic showers, primarily originating from the decay of
neutral pions into photon pairs.

The calorimeter system is designed to cover the largest solid angle possible,
increasing the accuracy of missing Er estimates. There are six calorimeters: the
Forward Calorimeters (both EM and hadronic), the Endcap Calorimeters (EM and
hadronic), the EM Barrel Calorimeter (EMB), and the Hadronic Tile Calorimeter,
which is also located in the barrel region. Though the absorber material is different
between EM and hadronic calorimeters, all four non-barrel calorimeters make use of
Liquid Argon as a detection material, exploiting its radiation tolerance and linear,
time-stable response.

While tracking detectors experience reduced resolution as the particle mo-
mentum increases, calorimeters experience the opposite. In the barrel and endcap
calorimeters, electrons and pions have fractional energy resolution of approximately
1-3% for beams 200-10GeV respectively. In the forward calorimeters, electrons have
a resolution of about 5-10% for beams 200-10GeV, and pions have a resolution of
about 10-25%.

Electromagnetic Barrel Calorimeter: The EM barrel calorimeter covers
the |n| < 1.475 region, arranged in an accordion geometry as seen in Figure , with
the LAr detectors interspersed with lead absorber plating. The barrel calorimeter
consists of two half-barrels that meet at the z=0 point with a gap of 4mm. The EM
barrel calorimeter is designed to accommodate at least 22 radiation lengths: 22-30
for |n| = 0-0.8, and 24-33 for |n| = 0.8-1.3.

Hadronic Tile Calorimeter: The tile calorimeter covers the |n| < 1.0
region with its central barrel, and two extended barrels on each end cover the region
0.8 < |n| < 1.7. The absorbing material is steel and the detectors are scintillator
tiles. There are three layers extending radially outward for each barrel. For the
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central barrel, these layers are 1.5, 4.1, and 1.8 interaction lengths thick. For the
extended barrel, the layers are 1.5, 2.6, and 3.3 interaction lengths thick.

EM Endcap (EMEC): The endcap calorimeters are placed at a smaller
rapidity than the forward calorimeters. The EMEC covers the 1.374 < |n| < 3.2
region. The lead-LAr detectors are arranged in the same accordion-structure of lead
and LAr that comprises the barrel calorimeter.

Hadronic Endcap (HEC): The HEC covers the pseudorapidity region of
1.5 < |n| < 3.2, and consists of 8.5mm gaps of LAr layered with copper absorber. At
each endcap there are two independent wheels consisting of 32 modules.

Forward Calorimeters: The tendency of increased resolution for increased
particle momentum allows for the placement of calorimeters in the far forward region
of 3.1 < n < 4.9, where tracking detectors would be of little use. The forward
calorimeters begin at a distance of 5m along the beam axis from the IP, and form
three layers: FCall, FCal2, and FCal3. FCall uses a copper absorber, which acts as
both an efficient conductor of heat and an absorber of EM showers. FCal2 and FCal3
use high-7Z tungsten as their absorber to instigate hadronic showers. Lastly, a brass
plug is used to absorb any remaining radiation, which reduces radiation damage to
machinery in the forward region, prevents formation of radioactive material, and
reduces background in the endcap muon detectors.

Layered between the absorbers are hexagonal arrays for the LAr calorimeter
readout. The calorimeters are electrode tubes consisting of a grounded, cylindrical
exterior, a gap filled with LAr (the dimension varies between FCals, but is 0.27mm
for FCall), and a positively charged interior rod. The small gap spacing ensures that
the positive Argon ions can quickly neutralize on the electrode’s exterior, giving the
calorimeter a drift time of 61ns in FCall.

The University of Arizona played a leading role in the design and construction
of the forward calorimeters, having first developed the proof of concept and prototype
in 1993 [42].
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Figure 3.2: One of the modules of the barrel EM calorimeter, displaying the accor-
dion geometry found in the EM barrel and endcap calorimeters . The different
dimensions and layers of the calorimeter are also labeled.

3.4.4 Muon Spectrometers

The muon detectors are located on the outermost part of the ATLAS detector, where
muons can be detected with low contamination from other particles. The system is
designed to track the deflection of muons as they move through the toroidal magnetic
field. There is a layer of muon detectors between the hadronic calorimeters and the
toroid magnets, a layer within the toroid magnets, and a layer outside of the toroid
magnets. In terms of rapidity, there are three different sections: the barrel covering
In| < 1.4 measuring muons deflected by the barrel toroids, a transition region 1.4
< |n| < 1.6 where muons may be deflected by either the barrel or endcap magnet,
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and the endcap covering 1.6 < |n| < 2.7 measuring muons deflected by the endcap
toroids. The muon spectrometer layout is shown in Figure |3.3

Thin-gap chambers (T&C)
1 § | Cathode strip chambers (CSC)

Barrel toroid

" Resistive-plate
chambers (RPC)

End-cap toroid
Monitored drift tubes (MDT)

Figure 3.3: Layout of the muon spectrometer system on the ATLAS detector, show-
ing the various types of muon detectors [43].

There are four types of muon detector: Monitored Drift Tubes (MDT’s),
Cathode Strip Chambers (CSC’s), Resistive Plate Chambers (RPC’s), and Thin
Gap Chambers (TGC’s). MDT’s and CSC’s are used for muon tracking, RPC’s are
used for trigger purposes, and TGC’s are used for both tracking and trigger.

The MDT’s are tubes of Argon (93%) and CO, (7%) gas with a 50pm anode
wire in the center held at a 3080V. When a muon passes through, it ionizes the gas,
and the electrons are drawn to the anode, generating a signal. The use of many
independent tubes offers both structural stability and robustness against individual
failure. The MDT’s are organized in rectangular chambers in the barrel, and trape-
zoidal chambers in the endcap, achieving resolution of 80um per tube and 35um per
chamber. However, due to the high maximum drift time of 700ns, the MDT’s cannot
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tolerate high signal rate. In most of the endcap region they cover up to |n| < 2.7,
but in the innermost Small Wheel, they only cover up to |n| < 2.

The CSC’s have a much faster drift time of 40ns, and are employed in the
inner (Small) wheel of the endcap, covering regions 2 < |n| < 2.7. They are composed
of many anode wires, held at 1900V, contained within a rectangular gap between two
cathodes comprised of parallel strips. The gap is filled with a similar gas mixture
of 80% Argon and 20% CO,. The distance between each anode is 2.5mm, and the
distance between an anode and a cathode plate is also 2.5mm. There are large and
small CSC chambers, with 250 wires in the small chamber and 402 wires in the large
chamber. In addition to the faster response time, the CSC’s have a better ability to
resolve multiple tracks, a necessary feature in the forward region. The CSC resolution
is 60um in the bending (¢) plane and 5mm in the non-bending plane.

The RPC’s are used for the barrel region of the trigger system. Their design
is comprised of parallel resistive plates with an electric field of 4.9kV/mm between
them. The ionization of the gas within the gap generates an electron avalanche,
which induces a signal in strips located outside of the resistive plates. The RPC’s
are arranged in rectangular chambers in the barrel, covering the rapidity region |n| <
1.05. They have a spatial resolution of 23-35mm in 7 and ¢.

The TGC’s have a similar design to the CSC’s, with a series of anode wires
within a gas chamber. The spacing is smaller—1.8mm between anodes, and 1.4mm
between an anode and an inner graphite layer—and the gas is a mixture of 55% CO,
and 45% n-pentane rather than COy/Argon. The TGC’s usually receive a signal
from an ionizing muon within 25ns, and four layers of detectors allow the TGC’s
to handle the high signal rate in the region 1.05 < |n| < 2.4. The TGC’s have an
azimuthal resolution of 2-3mrad.

The toroid magnets are a part of the muon spectrometer system, bending the
paths of muons between the layers of muon detectors. There are two endcap toroids
with a field of about 1T and one barrel toroid with 0.5T, each constructed of eight
coils arranged in a radially symmetric fashion. The barrel toroid offers 1.5-5.5T x m
of bending power in the barrel region ( || < 1.4), and the endcap toroids have a
bending power of 1-7.5T x m in the region 1.6 < |n| < 2.7. There is less bending
power in the transition region between 1.4 < |n| < 1.6.
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3.5 ATLAS Upgrades for the HL-LHC

After the end of Run IT in 2018, the ATLAS detector underwent the Phase-I upgrade,
where the primary objective was to accommodate the increase in pp collisions from
the High Luminosity LHC. The HL-LHC is expected to operate with an instantaneous

luminosity of 5-7 x10**cm=2s!, as compared to the peak luminosity in 2018 of 2.1

x 103 em 2571 [44],[45).

One of the Phase-I upgrades was the replacement of the muon spectrometer’s
Small Wheels with the New Small Wheels. The NSW have faster responsiveness to
provide more robust triggering in the forward region, owing to track stub formation in
the NSW. This allows the trigger to maintain the same muon pr thresholds that were
used in Run IT without significantly increasing the trigger rate. In previous runs, the
endcap muon triggers only used the middle layer of the endcap muon detectors. In
Run II, approximately 90% of the muon triggers were fake, arising from background
hits in the muon chambers. Adding the NSW to the Level-1 trigger system will
drastically reduce the contribution from these false signals.

The New Small Wheels are a combination of MicroMegas (MM) detectors
and small Thin-Gap Chambers (sTGC’s) designed to cover the same region as the
Small Wheels: 1.3 < |n| < 2.7. They consist of sixteen sectors in two multilayers,
where each multilayer is composed of four layers of STGC detectors and four layers
of MM detectors.

3.5.1 sTGC

Much like its predecessor, the sTGC is designed as a chamber with anode wires
spaced 1.8mm apart, positioned 1.4mm away from cathode plates. While the TCG
has a strip pitch between 10.8mm-55.8mm, the sTGC has much finer granularity, and
the strips are 3.2mm apart. This refines the resolution of the detector from 2-3mrad
for the TGC to 1mrad for the sTGC. The sTCG are the primary trigger detector for
the NSW, but can also be used in muon reconstruction.

3.5.2 MicroMegas Detectors

With a maximum response time of 100ns and a 100um tracking resolution, the MM
detectors are capable of handling the high numbers of incident particles present in the
HL-LHC. The MM layout is shown in Figure[3.4l There is a chamber containing 93%
Ar, 5% COs gas, and 2% C4H1q to prevent sparking. A grounded mesh is suspended
Smm from the -300V cathode plate and 128um from the 550V anode plate. The
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original designs of the MicroMegas were susceptible to sparking, and to prevent this,
resistive strips are placed above the readout strips.

| \ Drrift Electrode -EDD"IJ&

H et
3 MM Conversion/Drife Gap oy \\n E Field

Micromesh

== Readout Srips
e Resistive Strips

Figure 3.4: Schematic of the Micromegas design, displaying the path of an ionizing
particle within the detector [46].

There are two regions defined by the mesh: the drift region above the mesh,
with an electric field of 600V /cm; and the amplification region below the mesh, with
a much greater electric field of 40kV/cm. A muon passing into the chamber will
ionize the gas, and individual electrons will be drawn towards the mesh in the drift
region. Once they reach the mesh, the amplification region will generate an avalanche
of electrons that comprises a very fast pulse, within a fraction of a nanosecond. The
positive ions created in the amplification region will return to the mesh within 100ns.

The readout technology includes printed circuit boards (PCB’s) containing
1024 readout strips each, which have a pitch of approximately 0.4mm. There are
roughly 2 million readout channels for the entire MM system. Each PCB contains
eight VMM’s, a type of Application Specific Integrated Circuit (ASIC), and each
VMM processes 64 channels. The VMM converts the analog pulse signal into a
digital signal with charge amplification, discrimination, timing information, and pulse
amplitude information [47]. The events stored by the VMM are then passed to
the Read-Out Controller (ROC), which formats the information for the backend
processing. The MM are the primary detector for muon reconstruction, but can also
provide information for triggering.
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A research team at the University of Arizona was responsible for the develop-
ment and testing of the PCB’s, which are called MicroMegas FrontEnd 8 (MMFES) in
reference to the eight VMM'’s per board. Prior to the main production of the 4,096
MMFES boards installed on the NSW, the prototype MMFES designs underwent
considerable development and testing, including reducing noise level and assessing
operation in a magnetic field. A set of tests was created to certify the functionality of
each part of the MMFES, and was implemented when preparing the full production
of MMFES’s for installation on the NSW. The tests included visual inspection, mea-
surements of voltages and currents, data collection using both internal and external
pulsers, and tests of the trigger output. Of the 4742 boards produced, there were 449
failures, approximately 100 of which came from failures of individual VMM’s [48].
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CHAPTER 4

Data and Monte Carlo Samples

4.1 Introduction

This chapter describes the data and Monte Carlo (MC) samples used in this analy-
sis. MC samples are used to simulate the known SM processes and predicted BSM
processes that constitute the signal and background for the analysis. The analysis
sensitivity is evaluated and optimized using these MC samples as described in Chap-
ter [9) For the measurement of the tftf cross section, data are collected from the
ATLAS particle detector. The data undergo several steps of processing, reconstruc-
tion, and selection in order to be useful for physics analyses, as described in Chapter
bl This chapter focuses on the collection process itself: the integrated luminosity, the
performance of the detector, and the identification of the high quality data suitable
for the analysis.

In order to avoid bias within the analysis, data are “blinded” in the phase
space most likely to contain events of interest. The relevant tools and selections are
instead developed on simulated pp collision events, which are produced via an MC
simulation. These MC samples provide initial estimates of signal and background
behavior, assuming an input model and cross-checks performed in kinematically sim-
ilar regions of phase space. MC samples also have “truth” information regarding the
identity of all simulated particles in an event. The samples are employed to optimize
the analysis strategy. Once the analysis process is finalized, the data are unblinded.

The reliance on MC requires that the physics processes in pp collisions, the
LHC pileup environment, and particle detection in ATLAS all be modelled with
exquisite accuracy. This chapter describes the data collected and the MC samples
used.

4.2 Data

The analysis uses the data collected from the full Run II campaign at ATLAS:
140.1 £+ 1.2fb~! collected between 2015-2018 at /s = 13TeV [49]. The integrated
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luminosity of the pp beams is measured primarily using the LUCID2 Cherenkov
detector, exploiting its luminosity sensitivity |50} 51]. The beam conditions monitor
(BCM) diamond detectors are also used, as are the SCT and pixel detectors, the
endcap calorimeters, and the TileCal E-cells. The E-cells are segments of the TileCal,
located in the extended calorimeter, that are placed in the forwardmost region of the
TileCal.

The detectors are calibrated during specialized LHC runs at low luminosity,
wherein the beams are systematically displaced using the van der Meer (vdM) method
[52]. This calibration is then applied to the measurements of high-luminosity runs.
The calibrations were performed yearly and the differences in measurements between
luminosity detectors allow for estimation of uncertainty [51].

The uncertainty on the luminosity is approximately 0.83% of the total. Many
uncertainties arise from the vdM scans, which are dependent on measurements of
beam size, bunch population, and the algorithms used for luminosity calculation. In
particular, the vdM technique assumes that beam sizes in the x and y directions
are completely separable. The reality is that correlations between x and y produce
‘non-factorization’ effects|51]. The largest source of uncertainty in the luminosity
calculation comes from extrapolating the luminosity values from the low-luminosity
vdM regime to the high-luminosity regime, where physics measurements actually
take place. This uncertainty is known as ‘calibration transfer’ and is 1.3-1.6% of
the total luminosity value for a given year. The peak instantaneous luminosity in
2015 was 5 x 1033cm 257!, and steadily increased over the campaign to a peak of
21x10%3cm 257! in 2018[45]. The average number of pp collisions per bunch crossing,
also called pileup collisions, was 33.7 for the full Run II data-taking.

The pp bunch collision rate is 40MHz. This rate is reduced to 100kHz by
the Level 1 trigger filtering, which uses hardware to select only certain collisions of
interest. This 100kHz rate is further reduced by the software-based High Level Trig-
ger, to a rate of about 1kHz [49]. These events are stored and monitored for quality.
Major issues arising in the detector—such as electrical surges, magnet failures, and
readout software errors—can lead to data being rejected for use in physics analyses.
In general, the efficiency of ATLAS data collection was very high, increasing from
88.8% in 2015 to 97.5% in 2018, and with an average efficiency of 95.6% [49).

The data are organized based on LHC intervals called ‘fills’ and ATLAS
intervals called ‘runs.” Each run has a unique number associated to it, and is divided
further into luminosity blocks (LBs). LBs are defined by approximately constant
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conditions for the detector, trigger, data quality, and instantaneous luminosity. LBs
generally last 60 seconds or until conditions are observed to change.

4.2.1 Triggers

Data are collected based on selections made by the L1 and associated HLT triggers.
For the HBSM tttt analysis, the data are selected using single electron and single
muon triggers, shown in Table [4.1]

For this analysis, the naming convention identifies the HLT pT threshold first
(“eX” or “muX”, where X is the pr threshold in GeV), then the isolation/likelihood
requirements, if any. Isolation is based on the presence of other objects in a variable-
sized cone, AR that decreases in size as a function of object pr. The L1 trigger
may also be identified in the HLT name, but this is not the case for every trigger.
There are a few other notation conventions:

A nodO HLT trigger does not include the transverse impact parameter
dy in the likelihood algorithm. The ivar tag indicates a track isolation requiring
PEo(ARY < 0.2)/pr < 0.10. V indicates an L1 7 dependence on the Er threshold.
H indicates an L1 hadronic activity veto. I indicates that an L1 EM isolation is
applied.

’ Trigger List ‘

Data-taking Year ‘ HLT Trigger Name ‘ L1 Trigger
Single Electron Triggers
2015 €24 lhmedium_L1EM20VH L1EM20VH
e60_lhmedium, e120_lhloose L1IEM20VH
2016, 2017, 2018 €24 lhmedium_L1EM20VH L1EM22VHI
e60_lhmedium, e120_lhloose L1IEM22VHI
€26_lhtight nod0_ivarloose L1EM22VHI

60_lhmedium_nod0, e140_lhloose_nod0 | L1IEM22VHI
Single Muon Triggers

2015 mu20_iloose_L1MU15 L1MU15
mub0 L1MU20
2016, 2017, 2018 mu26_ivarmedium, mub0 L1MU20

Table 4.1: Single lepton triggers used for the HBSM ¢ttt analysis.

The Higgs Oblique analysis uses a similar collection of single lepton triggers,
with the addition of di-lepton triggers shown in Table [53]. The naming conven-
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tions are the same, with the addition of “muXnoL1,” as in mu22_mu8noL1. This
means that the selection is made by applying the single muon trigger mu22, and then
locates a subleading muon with py > 8GeV.

’ Trigger List ‘

Data-taking Year \ HLT Trigger Name L1 Trigger
Single Electron Triggers
2015 e24_lThmedium_L1EM20VH EM20VH
e60_lhmedium, e120_lhloose EM20VH
2016, 2017, 2018 €26_lhtight nod0_ivarloose EM22VHI
e60_lhmedium_nod0, e140_lhloose_nod0 EM22VHI
Single Muon Triggers
2015 mu20_iloose L1MU15 MU15
mub0 MU20
2016, 2017, 2018 mu26_ivarmedium, mub0 MU20
Di-electron Triggers
2015 2e12_lhloose L12EM10VH 2EM10VH
2016 2e17_lhvloose_nod0 2EM15VH
2017, 2018 2e24 lhvloose_nod0 2EM20VH
Di-muon Triggers
2015 2mul0 2MU10
mul8_mu8nolL1 MU15
2016, 2017, 2018 2mul4 2MU10
mu22_mu8nolL1 MU20
Electron-muon Triggers
2015 el7_lhloose_mul4 EM15VH_MU10
e7_lhmedium_mu24 MU20
2016, 2017, 2018 el7_lhloose_nod0_mul4 EM15VH_MU10
e7_lhmedium_nod0_mu24 MU20

Table 4.2: Single lepton and dilepton triggers used for the Higgs Oblique tttt analysis.

The electron triggers are a combination of selections performed by the L1
trigger and the HLT [54]. The L1 trigger first identifies regions of interest (Rol’s)
within the EM calorimeter, based on the maximum FE7 within a given region of
the central calorimeter (|n| < 2.5). For Ep < 50GeV, the electron candidate must
also pass an Ep theshold (20GeV for €24 lhmedium L1EM20VH), and the Er in
the corresponding area of the hadronic calorimeter must be sufficiently low. An
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isolation requirement rejects electron candidates with high-E; cells nearby in the
EM calorimeter.

Events passing the L1 trigger are forwarded to the HLT, which first uses a
fast reconstruction to confirm electron candidates, and later performs a precision re-
construction on the remaining events. The HLT fast reconstruction uses two different
algorithms: a cut-based algorithm which is applied to electron candidates with Er <
15GeV, and a neural-network “Ringer” algorithm which is applied to electrons with
Er > 15GeV [54]. The Ringer algorithm identifies electrons based on their tendency
to produce conical showers, which means that energy deposited in concentric rings
within the EM and hadronic calorimeters acts as a useful discriminant.

The precision reconstruction involves matching tracks within the Rol to en-
ergy deposits in the second layer of the EM calorimeter, which must be suitably
close (An < 0.05, A¢ < 0.05rad). Electron selection is applied using the likelihood
classification described in Chapter [5

The muon triggers similarly use the L1 trigger and the associated HLT trig-
gers[55]. The L1 trigger identifies muon candidates and their associated Rols using
a combination of tracking and py measurements. The muon trajectory is affected by
the toroid magnets, and deviation from a straight line (infinite p7) is converted to a
pr value. Tracking of the muon candidate is nontrivial due to the far radial distance
and structure of the MS. Numerous gaps and necessary dead spaces for detector
servicing place limitations on where muons can be measured, and showers produced
at detector edges constitute a significant background of hits. Tracking is addressed
separately in the barrel (|n| < 1.05) and the endcap (1.05 < || < 2.4) regions.

In the barrel, there are four layers of RPC detectors. The single muon triggers
use a high-py threshold, which requires a coincidence in the inner three chambers.
The outermost layer, also known as the “feet” chambers, is a newer addition to the
RPC array and is used in coincidence with Layer 3 to detect muon candidates that
pass through gaps in the inner two chambers.

In the endcap, triggering is based on coincidences between the TGC layers.
A muon candidate must have a coincidence either between the Endcap Inner (EI)
TGC and the middle layer of the Big Wheel TGCs, or between the Forward Inner
(FI) TGC and the middle layer of the Big Wheel TGCs. There are also coincidence
requirements between the hadronic TileCal and the TGCs in the lower eta (1.05
< |n| < 1.3) region.



60

The fast algorithm for the muon HLT, also known as the stand-alone (SA)
algorithm, uses the MDT hits in the Rol to improve the track reconstruction provided
by the L1 trigger. For the single muon trigger, the precision algorithm uses track
matching in the ID and the MS to select muon candidates.

4.2.2 Data Processing

Data passing the HLT are stored at the Tier-0 computing facility at CERN as RAW
data [56]. The data undergo several processing stages to be used for analysis: quality
inspection; reconstruction and calibration into Analysis Object Data (AODs); deriva-
tion (described below) and size reduction into derived AODs (DAODs); and finally
further variable definition and organization on an analysis level via a framework,
which produces the Root-based ntuples [57].

If data-taking conditions do not pass inspection from the ATLAS data quality
group, the LB is rejected. A bad LB generally occurs during a large-scale failure of a
detector, and accounts for <1% of the data collected from each individual system, or
<5% of the total ATLAS data [56]. The good LB’s are indicated in an XML file called
a Good Run List, or GRL. The GRL recommendations for Run II are provided for
each of the four data-taking years [58], and the GRL’s themselves include the good
and bad LB’s for each data-taking run [59-62].

The reconstruction process involves taking the RAW data as input and cre-
ating physics objects. Localized energy depositions in the calorimeters are recon-
structed as jets, tracks from the ID and hits in the muon spectrometer are recon-
structed as muons, and ID tracks and energy depositions in the EM calorimeter are
reconstructed as electrons or photons. Then, calibration is performed to correct the
absolute energy and energy resolution of objects such as jets and electrons[63, |64].
This is discussed more in Chapter [5] This analysis uses the ATLAS software release
21 for reconstruction.

The current state of the collisions, such as the location of the beam spot
and the noise, is recorded in a separate data stream and applied to the physics data
stream to increase reconstruction accuracy. For example, a noisy channel appearing
in a certain LB will be masked, and its information will be disregarded during further
analysis. The LB is the smallest data-taking window that can be rejected [56].

The data files with physics objects, AODs, are very large and contain a
variety of events. A derivation step is performed to reduce the file size and to select
only events relevant to a particular set of analyses. For this analysis, the AnalysisTop
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software is used for derivation, producing a DAOD [65]. The DAOD used for both the
Higgs Oblique and the HBSM analysis is TOPQ1. An analysis-specific framework is
then used to further refine the variables kept for analysis, as well as to add options
such as multivariate output variables. Both data and MC ROOQOT files are identical
in structure, and are analyzed in a similar manner.

4.3 Monte Carlo

MC samples are used both to simulate the signal of interest as well as model many
of the physics backgrounds. MC samples allow for both the refinement of an analysis
as well as an expected result that can be compared to data.

Modeling a pp collision involves Standard Model predictions and simulation
of particle interactions with the detector. The latter is well-modelled using the
GEANT4 toolkit [66]. The former is challenging because there are both perturbative
and non-perturbative regimes in QCD [67]. Normally there is a hard parton-parton
scatter followed by parton radiation showering followed by hadronization followed by
ATLAS detector simulation.

4.3.1 Matrix Element Calculation and PDF's

The matrix element (ME) calculation takes as an input the center-of-mass energy,
a parton distribution function, and the type of partons involved in the hard scatter
interaction. Different models yield more accurate results for different types of in-
teractions, so separate samples are produced for each interaction type. For the tttt
signal, the matrix element calculation is performed at NLO. A k-factor, or the ratio
of the NLO cross section to the LO cross section, is not needed as the calculated

cross section is already at NLO. The tttt leading order cross section is 7.59fg§§;fb,

which when NLO corrections are applied becomes 11.973%‘3. Even higher order

corrections scale approximately with the QCD and EW coupling constants, 0.1 and
0.01 respectively [68]. This means that corrections of higher order than NLO are
relatively small, and the cross section calculation at NLO is reasonably accurate.

The hard process generators used in this analysis are MadGraph_aMC@QNLO
[69], PowHegBox v2 (NLO) [70], and Sherpa 2.2.[71]. For each sample, one nominal
generator is used, and alternative samples may also be produced with the other
generators. These alternative samples are used to quantify the generator uncertainty.

The cross section for a hard process explicitly depends on the initial momen-



62

tum of the interacting partons. The probability that an interaction will occur for a
specific type of parton containing some fraction x of the proton’s longitudinal momen-
tum is known as a parton distribution function (PDF). PDF’s are non-perturbative
and determined empirically by fits to experimental measurements [72]. The PDF
sets used for this analysis are NNPDF3.1NLO, NNPDF2.3NLO, NNPDF3.0NLO,
NNPDF3.0nlof4 [73], and MMHT2014LO [74]. The NNPDF sets are created using
neural-network optimization of parameters, fitting to a broad range of hard scattering
processes. Examples include cross sections collected from deep inelastic scattering
experiments, vector boson production data, and Drell-Yan production data [73]. The
MMHT2014LO PDF set performs a similar fit, but parameterization is based on a
different fitting formula using Chebyshev polynomials [74].

4.3.2 Parton showering

The output of the generator calculation is information about the final state partons of
the produced hard scatter. This is then passed to a parton showering simulator. The
parton showering simulator connects the high-energy, perturbative hard scattering
regime to the low-energy, non-perturbative hadronization regime[75]. The probability
of a decay is analytically solvable, but has divergences in edge cases: for example,
the decay of a particle into two exactly collinear particles. These divergences are
resolved by placing thresholds on energy and opening angle resolution. Practically
speaking, this corresponds to the fact that the detector is not infinitely sensitive
and can only measure particle energies and particle separations above certain values.
The MC generator constructs a branching probability at each iteration. Initial state
radiation is modelled in the same way, and summed with final state radiation to yield
a realistic estimate of the parton showering.

Hadronization refers to the confinement of low-energy partons into hadrons.
This process is non-perturbative and cannot be calculated from QCD first principles.
Instead, models such as the Lund string model track the input partons and hadronize
them according to low energy data [15]. The probability of a particular hadronization
final state is a function of properties such as the distance between partons.

In addition to parton shower modelling, the underlying event, initial state
radiation, and final state radiation must be modelled. The free parameters in under-
lying event modelling are optimized to agree well with data, and a particular set of
parameters is known as a “tune” [76]. The Pythia8 showering package is used with
the A14 tune for this analysis[77]. Sherpa is also used for parton showering, with
dedicated tuning developed by Sherpa authors|71].



4.3.3 Samples and Alternative Samples

For the HBSM analysis (1LOS channels), Tables 4.3| and 4.4 show the MC signal and
background samples used. Two separate tttt samples are produced. One is the SM
tttt sample, normalized to the SM predicted NLO cross section of 12fb. The other
is the BSM ¢ttt, where ¢t is produced in association with a Heavy Higgs (see Figure

27).
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This process is also normalized to 12fb, following the excess observed in the

previous tttt measurement [24]. The main background, tt + jets, includes tt+ > le,
tt+ > 1b, and tt + light. After it is produced, the tf + jets sample is divided into its
three constituents as described in Section [Z.1.2]

|

Sample Production

|

Sample DSID | Process Generator Shower Detector Sim.

312440-46 BSM tttt | MadGraph5_aMC@NLO | Pythia 8.230 GEANT4
500326 SM tttt | MadGraph5_aMC@QNLO | Pythia 8.230 GEANT4
jﬂgjzg tt+jets PowhegBox v2 Pythia 8.230 GEANT4

411068-69 ttbb PowhegResBox Pythia 8.230 GEANT4

410658-59 . .

410644-45 singletop PowhegBox v2 Pythia 8.230 GEANT4

410646-47 tW PowhegBox v2 Pythia 8.230 GEANT4
;88;(6)2 tt+W Sherpa 2.2.1 Sherpa 2.2.1 GEANT4

346344-45 tt+H PowhegBox v2 Pythia 8.230 GEANT4
413023 tt+7Z Sherpa 2.2.1 Sherpa 2.2.1 GEANT4
410408 t+W+7 | MadGraph5_aMCQNLO | Pythia 8.230 GEANTH4
410560 t+2 MadGraph5_aMC@NLO | Pythia 8.230 GEANT4
410081 tt+WW | MadGraph5_ aMC@NLO | Pythia 8.230 GEANT4
304014 ttt MadGraph5_aMC@NLO | Pythia 8.230 GEANTH4

364170-83

364156-59

364184-97

364114-27

364100-13 V+jets Sherpa 2.2.1 Sherpa 2.2.1 GEANTH4

364128-41

364204-09

364198-203

364210-15
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Table 4.3: Summary of MC samples for HBSM analysis. All events were gen-
erated with PDF set NNPDF3.0NLO, except SM titt (NNPDF3.1NLO), ttbb
(NNPDF3.0nlof4), and the t-channel for singletop (NNPDF3.0nlof4). Table 1 of
2.

’ Sample Production ‘

Sample DSID | Process Generator Shower Detector Sim.
500460-63 - .
410081 tt+VV | MadGraph5_aMCQNLO | Pythia 8.230 GEANTH4
410389 tt + v | MadGraph5_aMCQ@QNLO | Pythia 8.230 GEANT4
366140-54 V 4+~ Sherpa 2.2.4 Sherpa 2.2.4 GEANTH4
342284-85 V+H Pythia 8.230 GEANT4
364250
364253-55
ggg:?:gg Sherpa 2.2.2 Sherpa 2.2.2
345705-06 4% GEANTH4
345723
363355-60
363489 Sherpa 2.2.1 Sherpa 2.2.1
363494
364242-49 VvV Sherpa 2.2.2 Sherpa 2.2.2 GEANTH4
410156-57 MadGraph5_aMC@NLO | Pythia 8.230 GEANT4
410218-20 tt+X
410276-78

Table 4.4: Summary of MC samples for HBSM analysis. All events were gen-
erated with PDF set NNPDF3.0NLO, except SM titt (NNPDF3.1NLO), ttbb
(NNPDF3.0nlof4), and the t-channel for singletop (NNPDF3.0nlof4). Table 2 of
2.

In order to quantify the systematic uncertainty associated with the simula-
tion process, the nominal samples are compared to alternative samples, which are
produced using a different generator or parton shower choice. The difference in yield
is considered as the uncertainty on the generator/parton shower machinery. The
alternative samples are shown in Table
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|

Sample Production

|

’ Sample DSID ‘ Process ‘ Generator Shower ‘ Detector Sim. ‘
700046 Sherpa 2.2.10 Sherpa 2.2.10
700075
700355 - Sherpa 2.2.11 Sherpa 2.2.11
412043 SMUEE | fdGraph5 aMCGNLO | Pythia 8.230 | CLANTA
412044 MadGraph5_aMC@NLO Herwig 7
412115 MadGraph5_aMC@NLO | Pythia 8.230
410464-65
412066-71 MadGraph5_aMC@NLO | Pythia 8.230
407348-50
A11233-34 tt+jets GEANT4
410557-58 PowhegBox v2 Herwig 7
411082-87 & &
407354-56
410250-52 Sherpa 2.2.10 Sherpa 2.2.10
411032-35 PowhegBox v2 Herwig 7
oos SINletop | 1 4Graph5_aMCGNLO | Pythia 8.230 | CTANT
410654-55 PowhegBox v2 Pythia 8.230 GEANT4
411036-37 tW PowhegBox v2 Herwig 7
412002 MadGraph5_aMC@NLO | Pythia 8.230
jﬂg}gg MadGraph5_aMC@NLO | Pythia 8.230
413008 W Sherpa 2.2.1 Sherpa 2.2.1 GEANT4
700000 Sherpa 2.2.8 Sherpa 2.2.8
345940-42 tt+H MadGraph5_aMC@NLO | Pythia 8.230 GEANT4
410142 tt+7 Sherpa 2.2.10 Sherpa 2.2.10 GEANT4
3?’)1416(4)101_?? 8 V+jets PowhegBox v2 Pythia 8.230 GEANTH4

Table 4.5: Summary of alternative MC samples for the HBSM analysis. All events
were generated with PDF set NNPDF3.0NLO, except SM ¢ttt (NNPDF3.1NLO),
ttbb (NNPDF3.0nlof4), and the t-channel for singletop (NNPDF3.0nlof4).

The samples used in the Higgs Oblique analysis (SSML channels) are shown
in Tables [4.6] and [4.8] For the Higgs Oblique analysis, there are five tttf samples
produced: one corresponding to SM ¢ttt production, and four samples at different
values of H. Some of the samples used the AltFastII simulation for detector response
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[78]. This simulation performs a faster, less thorough, approximation of the energy
response and distributions in the calorimeters, which is the most time-consuming
part of the GEANT4 simulation.
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|

Sample Production

|

Sample DSID Process Generator Shower Detector Sim.
510087 tttt H =0.05 | MadGraph5_aMCQ@QNLO | Pythia 8.230 AltFast II
510088 tttt H =0.08 | MadGraph5_aMC@NLO | Pythia 8.230 AltFast II
510089 tttt H =0.12 | MadGraph5_aMC@NLO | Pythia 8.230 AltFast II
510090 tttt H =0.17 | MadGraph5_aMC@NLO | Pythia 8.230 AltFast II
514721 titt H =0 | MadGraph5.aMC@NLO | Pythia 8.230 | AltFast II
412043 tttt MadGraph5_aMCQNLO | Pythia 8.230 AltFast II
304014 3top MadGraph5_aMCQ@QNLO Pythia 8
410081 HWW MadGraph5_aMC@QNLO Pythia 8

505074-76 ttll MadGraph5_aMC@QNLO Pythia 8

506085-87
700309 Sherpa 2.2.11 Sherpa 2.2.11

410156-57

410218-20

410276-78

500460-63 tvVv MadGraph5_aMC@NLO Pythia 8

410658-59 singletop PowhegBox v2 Pythia 8

410646-47

410644-45
410560 tz MadGraph5_aMC@NLO Pythia 8
410408 tWZz MadGraph5_aMC@QNLO Pythia 8
410470 tt PowhegBox v2 Pythia 8 GEANT4
410472

407342-44
410389 tty MadGraph5_aMC@NLO Pythia 8

346344-45 ttH PowhegBox v2 Pythia 8 GEANT4
700205 tHW Sherpa 2.2.10 Sherpa 2.2.10 GEANT4
700168

366140-54 Vv Sherpa 2.2.4 Sherpa 2.2.4

342284-85 VH Pythia 8 Pythia 8

410156-57 MadGraph5_aMC@QNLO Pythia 8 GEANT4

410218-20 ttZz

410276-78

Table 4.6: Summary of nominal MC samples for the SSML Higgs Oblique analysis.

Table 1 of 2.
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Sample Production

|

Sample DSID

Process

Generator

Shower

Detector Sim.

364170-83
364156-59
364184-97
364114-27
364100-13
364128-41
364204-09
364198-203
364210-15

V+jets

Sherpa 2.2.1

Sherpa 2.2.1

GEANT4

364250
364253-55
364283-85
364287-90
345705-06

345723
363355-60

363489

363494

Vv

Sherpa 2.2.2

Sherpa 2.2.1

Sherpa 2.2.2

Sherpa 2.2.1

GEANT4

364242-49

VvV

Sherpa 2.2.2

Sherpa 2.2.2

68

Table 4.7: Summary of nominal MC samples for the SSML Higgs Oblique analysis.

Table 2 of 2.
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Sample Production

|

Sample DSID | Process Generator Shower Detector Sim.
700075 tttt Sherpa 2.2.10 Sherpa 2.2.10
700355 Sherpa 2.2.11 Sherpa 2.2.11
412044 MadGraph5_aMC@NLO Herwig 7
411032-33 singletop PowhegBox v2 Herwig 7
411036-37
411034-35
412004 MadGraph5_aMC@QNLO Pythia 8
412002
412005
345940-41 ttH MadGraph5_aMC@QNLO Pythia 8 AltFastIl
600793-96 tHW PowhegBox v2 Pythia 8 GEANT4
600787-90 PowhegBox v2 Herwig 7
410155 MadGraph5_.aMC@NLO Pythia 8
412123
700000 Sherpa 2.2.8 Sherpa 2.2.8
361100-08 V+jets PowhegBox v2 Pythia 8
700320-34 Sherpa 2.2.11 Sherpa 2.2.11
700338-49

Table 4.8: Summary of alternative MC samples for the SSML Higgs Oblique analysis.
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CHAPTER 5

Data Reconstruction

5.1 Introduction

Reconstruction involves translating the digitized signals from the ATLAS detector
into physics objects that can be used for analysis. Object reconstruction is challenged
by contributions from pileup, noise, and fluctuations in the physical processes that
give rise to the signal being reconstructed. The goal of reconstruction is to provide
well-measured, well-defined objects with relatively high efficiency.

5.2 Electrons

Creating electron objects proceeds through several steps|79]. First, electron candi-
dates are found in the reconstruction process. Identification and isolation criteria
are subsequently applied. For this analysis, additional selections are used to ensure
the quality of reconstructed electrons is high.

5.2.1 Reconstruction

As charged particles, electrons produce curved tracks within the inner detector (ID)
and localized energy deposits within the EM calorimeter. The first part of this
process involves the reconstruction of these tracks and energy deposits.

A standard track-pattern reconstruction is used for all parts of the ID[80].
Hits in the silicon detectors create seeds for the track, which are represented in the
reconstruction algorithm as points in 3-dimensional space. Starting from the IP, hits
are added iteratively moving outwards using a combinatorial Kalman filter[81].

Meanwhile, clusters are reconstructed in the EM calorimeter using a topolog-
ical cluster algorithm[82]. The energy of each calorimeter cell is assessed relative to
the expected background noise. If the cell energy is above a certain threshold, t.cq,
then the cell acts as a seed for a proto-cluster. Every neighboring cell is assessed;
if its energy is above a threshold ,cignpor, then it is added to the proto-cluster, and
its neighbors are considered in the next iteration. If a neighbor cell is below ,,¢ignpor
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but above a threshold t..;, then it is added to the proto-cluster but its neighbor cells
are not considered in the next iteration. This continues iteratively until there are no
more cells satisfying the threshold requirements.

There are also conditions governing the boundaries of the proto-clusters. If
a cell satisfying ,cignpor is directly adjacent to two seeds, then the proto-clusters are
merged. If a proto-cluster has two or more maxima with energy > 500MeV and at
least four lower energy neighbors, then the proto-cluster is split.

The expected background energy is calculated as the RMS of the expected
electronic noise, which depends on gain and other detector settings at the time
of data acquisition. The background energy also incorporates the expected noise
from pileup, calculated from the average instantaneous luminosity for Run II. For

Esi na s s
electrons, tseeq = Ebacero ind > 4, tpeighbor = 2, and there is no threshold requirement

for t.;. This is known as the “4-2-0” clustering strategy.

To accommodate larger electron showers, superclusters are also constructed
from the EM calorimeter deposits. The inputs for a supercluster are the EM topo-
clusters. Starting with the topo-cluster with the highest Er, each topo-cluster is
assessed, and becomes a supercluster seed if Er > 1GeV and it is matched to a
track with > 4 hits in the silicon detectors. For each supercluster seed, additional
topo-clusters within a window of Anp x A¢ = 0.075 x 0.125 are added as satellites.
If a topo-cluster within An x A¢ = 0.125 x 0.300 shares a best-matched track with
the supercluster seed, it is also added to the supercluster. These satellites represent
the secondary EM showers created by the electron.

Once tracks and clusters, and superclusters have been reconstructed, they
form ROI’s that can be matched. Matching is based on the closest point between
the track and the location of the cluster in the second layer of the EM calorimeter,
and requires that |An| < 0.05 and -0.10 < ¢(Ptrack — Peius) < 0.05, where ¢ is the
reconstructed track charge.

Once the electron candidates are reconstructed, their energy must be cali-
brated. This ensures that that the signal from the calorimeter, which is a proportional
analog pulse, is recovered with an accurate value for the energy [64]. The calibra-
tion first estimates the energy of calorimeter deposits using a multivariate regression
algorithm, then corrects for: different energy scales in different calorimeter layers,
effects of non-uniformities such as those at detector boundaries, and for overall en-
ergy scale. For the overall energy scale, data selected to represent the Z — eTe™
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process are compared to simulated samples of the same process. The selection is of
events centered around the Z mass of 91GeV.

For all topological clusters, including those used for reconstructing jets as
described in Section local cell weighting (LCW) is applied. This is intended
to correct for calorimeter non-compensation, or discrepancies in EM and hadronic
energy deposition [83]. For each topo-cluster, the probability PFM is calculated. This
represents the probability that the topo-cluster is electromagnetic in origin, where
0 < PFM < 1. The probability is calculated using the average cell signal density

and the depth at which the topo-cluster originated. Cells within the topo-cluster are
weighted according to their probability:

Ween = Paus Weett + (1= Papd Jwegii (5.1)

The weight is determined by the ratio of the energy deposition relative to the
electromagnetic energy deposition. The weights and the probabilities are determined
using MC samples of neutral pions (for electromagnetic topo-clusters) and charged
pions (for hadronic topo-clusters).

5.2.2 Identification

Once electrons are reconstructed, the identification process filters electron candi-
dates for quality [79]. Identification is performed by a likelihood (LH) discriminant,
which takes as input variables associated with the development of the EM shower
in the calorimeter, the reconstruction of the track in the ID, and the quality of the
track/cluster match. The input variables are listed below in Table . The likeli-
hood for signal (background) is given as the product of the probability distribution
functions P for each variable x, in each bin i:

Lsp)(x) = H Ps(s)i(@:) (5.2)
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Electron Likelihood Inputs

Category Description Name
EZS;ZEIC Ratio of first layer hadronic cal. Er to Ep of EM cluster | Rpuq,
Ratio of entire hadronic cal. Er to E7 of EM cluster Rpad
E;ir third Ratio of third layer EM cal. energy to total EM cal. energy | fs
EM second | Ratio of the sum of energies for a window of 3 x 771 X ¢ R
layer cells to the sum of energies for a window of 7 x 7 cells "
Lateral shower width as a function of where and how much
energy is deposited. For a window of 3 x 5 n X ¢, width is Wy,
expressed as |/ (SEm?)/(SE;) — (SEm)/(SE:))?
Ratio of the sum of energies for a window of 3 x 3 n X ¢ R
cells to the sum of energies for a window of 3 x 7 cells ¢
Total lateral shower width, calculated using energy and
EM first | cell distance from the highest energy cell, ipq:. Index
layer i runs over a window of An ~ 0.0625. Expressed as | Wstot
VEE( — imae)?)/(SE)
Ratio of energy difference between highest cell energy and
second—hi%BeEtE (;ell energy to the energy sum of the two | Erqtio
maxima, ¢ FoTEE E;
Track Number of hits in innermost pixel layer Ninnermost
conditions Number of hits in the pixel detector N Pizel
Total number of hits in pixel and SCT detectors ng;
Transverse impact parameter do
Significance of dy, where o(dp) is the do uncertainty |do/o(dp)]
Momentum lost by track between the perigee and the last
measurement point, divided by the momentum measured | Ap/p
at perigee
LH probability based on transition radiation in the TRT eProbabilityHT
Track- An between cluster position in the first layer of the EM
cluster Amy
. cal. and the track
matching
A¢ between cluster position in the second layer of the EM
cal. and the charge ¢ times the momentum-rescaled track, | A@yes
extrapolated from the perigee
Ratio of cluster energy to measured track momentum E/p

Table 5.1: List of input variables for electron identification likelihood evaluation.
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The discriminating variable is dy,, which is the natural logarithm of the ratio
of the electron signal likelihood to the non-electron background likelihood:

Lg
dr =In— .
L n LB (5 3)

The values of dy, are set in nine bins of an || distribution by 12 bins of an Er
distribution in order to meet a fixed electron selection efficiency, averaging 93%, 88%,
and 80% for the Loose, Medium, and Tight Working Points (WP’s) respectively. For
this analysis, electrons are required to pass the ‘tight LH’ selection. Electrons passing
the Loose criteria are used for overlap removal.

5.2.3 Isolation

There are requirements for both calorimeter cluster isolation and for track isolation.
I[solation is expressed as the amount of energy present within a cone of radius AR
that does not come from the reconstructed object. For cluster isolation, the total
energy around the cluster Erf,:*‘;fm is calculated by summing the transverse energy of
all positive energy topo-clusters whose center is located within AR from the center
of the electron cluster. Then, the energy of the electron cluster is subtracted. This
is done by subtracting the energy from the cells in a 5 cell x 7 cell, or An x A¢ =
0.125 x 0.175, rectangle around the center of the electron cluster. There is extra
“leakage” energy, which is calculated using MC samples without pileup, and this
is also subtracted. There is also a correction for energy deposited by pileup and
underlying events. These are all subtracted from E#° to determine how much

T, raw
energy from other physics objects is present within the AR cone.

Track isolation is performed in a similar way to energy cluster isolation,
wherein the pr of tracks within a cone is summed, excluding the pr from the actual
electron track of interest. However, the cone size is variable to accommodate the
fact that, in high-momentum decays, the resulting electrons may have accompanying
decay products nearby. Thus for larger pr, the cone size shrinks.

The electrons used in this analysis are required to pass the fixed-cut (FC)
Tight criteria. These isolation requirements set limits on the value of Ei evaluated
for radius AR = 0.20 (topoetcone20) and pis evaluated for radius AR = 0.30
(ptvarcone30) [84]. There are also additional requirements on the track-to-vertex
association (TTVA) for the track. The FCTight requirements are ES™* /pr < 0.06
for the calorimeter isolation and ptvarcone30_Tight TTVA _pt1000/pr < 0.06 for the
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track isolation, where pr refers to the momentum of the track or cluster.

5.2.4 Other Criteria

Electrons must pass a pr threshold of 28GeV and || region cuts excluding the LAr
crack region: || < 1.37 and 1.57 < |n| < 2.47. Candidates from bad calorimeter
clusters are removed, as well as candidates associated with certain known bugs, ac-
cording to the recommendations of EGamma group[85]. To ensure the quality of
electron tracks, the TTVA tool is employed, using transverse and longitudinal im-
pact parameters. These ensure that the vertex from which the electron originated
is sufficiently close to the IP. These are listed in Table [5.2] For dilepton events in-
volving electrons, further filtering is performed to remove events containing electrons
with misidentified charge. This is done using the Electron Charge ID Selector Tool
(ECIDS)[86]. The ECIDS tool uses a Boosted Decision Tree (described in Chapter
with electron track variables as input.

| Tight Electron Selection |

Feature Requirements
Pseudorapidity range In| < 1.37 or 1.52 < |n| < 2.47
Transverse momentum pr > 28GeV
Track to vertex association | |d5¥significance| < 5 and |Azf¥sinf] < 0.5mm
Identification TightLH
Isolation FCTight
Charge 1D pass ECIDS (for efeT and e*uT only)
Other object quality not from bad calorimeter cluster

Table 5.2: List of requirements for reconstructed tight electrons for HBSM ¢ttt
analysis.

5.3 Muons

5.3.1 Reconstruction

Muon reconstruction mostly incorporates tracks reconstructed in the ID and the
MS|87]. In some cases, such as a muon with large energy loss, information from the
calorimeters may also be considered. ID track reconstruction for muons is similar
to that for electrons. MS track reconstruction begins with the individual hits in
the MS detectors, which are used to construct short, straight lines via a Hough
Transform|88]. The straight lines are assembled into a larger scale curved track
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Tight Electron Selection ‘

Feature Requirements
Pseudorapidity range In| < 1.37 or 1.52 < |n| < 2.47
Transverse momentum pr > 15GeV
Track to vertex association | |[dFLsignificance| < 5 and |AzPEsinf| < 0.5mm
Identification TightLH
Isolation PLImprovedTight
Charge 1D pass ECIDS (for e*eT and e*uT only)

Table 5.3: List of requirements for reconstructed tight electrons for Higgs Oblique
tttt analysis.

using the IP location and a parabolic approximation of the muon’s curved path in
the magnetic field. The curve occurs in a 2-dimensional plane, with some additional
3rd dimensional coordinates that are added using trigger detector measurements.
This creates 3-dimensional track candidates. These candidates are fit to a curve
using a global x? that incorporates MS tracks, ID tracks, muon interactions with
other detector materials, and detector misalignments. This is an iterative process
that refines which MS hits are used to reconstruct the tracks, and which selects
higher quality tracks when two tracks are in close proximity.

There are five methods of reconstructing muon candidates: combined (CB),
inside-out combined (IO), muon-spectrometer extrapolated (ME), segment-tagged
(ST), and calorimeter-tagged (CT). CB candidates are reconstructed by matching
MS tracks to ID tracks. 10O candidates are created in a reverse process, matching 1D
tracks to MS tracks. ME candidates are formed when no ID track match can be found
for an MS track. In this case, the MS track is extrapolated by itself to the IP. The ME
method is useful for high || (up to |n| = 2.7). Muon ST candidates are formed when
there is tight matching between ID and MS tracks. In this case, track information is
taken from only the ID track. The CT method reconstructs muon candidates that
deposit their energy in the calorimeter, and uses ID and calorimeter data. Using
these methods, the track is extrapolated back to the IP, including estimated energy
loss in the calorimeters, and the pr at the IP is estimated.

CB muons are used to correct the momentum of the muons [89]. The correc-
tion factors are derived using a fit to the invariant mass of J/V — pp and Z — up
samples to data, and are a function of both the momentum smearing (the limits
on pr resolution) and momentum scaling. Some muon momentum corrections also
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account for a sagitta bias, a momentum bias in pu* vs. u~ tracks. However, this
analysis does not incorporate this bias correction.

5.3.2 Identification

This analysis uses muons satisfying a Medium identification requirement, which is de-
signed to accept high quality prompt muons and reject backgrounds such as misiden-
tified light hadrons. The Medium reconstruction places restrictions on four different
parameters. The first is  significance. The charge (q)/momentum (p) ratio recov-
ered from the ID is compared to the ratio recovered from the MS:

19/P1p — 4/Puss] 4
\/UQ(Q/pID) +02(q/Pyss) 54

q . . B
=signi ficance =
p

where o(q/p;p) is the uncertainty associated with the ID ratio, and o(q/p,,s)
is the uncertainty for the MS ratio. The second parameter is the number of precision
stations, which are defined as MS stations where the muon has at least three hits in
either the MDT or CSC. Similarly, a precision hole station is defined as a MS station
where the muon has less than three hits but is missing three or more expected hits
based on the muon trajectory. The last parameter used is the |n| of the track.

Medium identification muons are required to be either CB or IO muons. The
charge momentum ratio must be £ > 7. For the region 0.1 < || < 2.5, muon
candidates are required to have at least two precision stations. For the region |n| <
0.1, muon candidates must have at least one precision station and no more than one
precision hole station.

5.3.3 Isolation

Muon isolation is performed in a similar way to electron isolation, with selections
on the ID track isolation|90]. In particular, the isolation follows the requirement
ptvarcone30_Tight TTVA_pt1000/pr < 0.06, referring to a pr isolation cut calculated
with radius AR = 0.3.

5.3.4 Other Criteria

To select high-quality muon objects, muons must pass a pr threshold (28GeV for the
HBSM analysis, 15GeV for the Higgs Oblique analysis) and an || selection of |n| <
2.5. The track-to-vertex tool places cuts on the transverse and longitudinal impact
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parameters, ensuring that the vertex from which the muon originated is sufficiently
close to the IP. These requirements are listed in Table [5.4]for the HBSM analysis and
Table for the Higgs Oblique analysis. Besides the pr threshold, the two analyses
have slightly different isolation requirements for muons.

‘ Tight Muon Selection

Feature Requirements
Pseudorapidity range In| < 2.5
Momentum calibration Sagitta bias correction not used
Transverse momentum pr > 28GeV
Track to vertex association | |d§¥significance| < 3 and |AzfYsinf| < 0.5mm
Identification Medium
Isolation FCTightTrackOnly

Table 5.4: List of requirements for reconstructed tight muons in HBSM ¢ttt analysis.

’ Tight Muon Selection ‘

Feature Requirements
Pseudorapidity range In| < 2.5
Momentum calibration Sagitta bias correction not used
Transverse momentum pr > 15GeV
Track to vertex association | |[dFLsignificance| < 3 and |AzPEsinf| < 0.5mm
Identification Medium
Isolation PLImprovedTight

Table 5.5: List of requirements for reconstructed tight muons in Higgs Oblique tttt
analysis.

5.4 Small Radius Jets

5.4.1 Particle Flow Reconstruction

Particle flow (PFlow) reconstruction incorporates both calorimeter and track infor-
mation and is intended to be an improvement over reconstruction using only the
EMTopo clusters [91]. While EMTopo jets rely on calorimeter data to reconstruct
jet energy, PFlow jets make use of track momentum measurements to increase the
accuracy of jet energy measurements from charged particles. The energy of charged
particles is subtracted from the calorimeter, leaving only the energy of neutral par-
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ticles. The total PFlow jet energy is the sum of charged-particle track energy and
neutral-particle calorimeter deposits.

The topo-clusters are constructed from calorimeter cells according to the
usual method [83]. Topo-clusters are matched with ID tracks according to their An
and A¢. The expected average energy deposition, (Eq,), from a particle with track
momentum p'* is calculated as

(Faep) = D" (B [pliks) (5.5)

The ratio <Eﬁ?jf / pﬁ@’w is the mean response. The response is calculated using
single-pion samples without pileup [92]. The topo-cluster energy Eﬁ?}s is summed
in a AR =0.4 cone around the track position, which has been extrapolated to the
second layer of the EM calorimeter.

Once calculated, the energy (Ege,) is subtracted from calorimeter cells, start-
ing with the region called the layer of highest energy density (LHED). The LHED
is determined as the layer of the calorimeter with the (1) largest rate of increase
in energy density as a function of layer depth and (2) closest proximity to the ex-
trapolated position of the track that was matched to the energy deposit. Rings are
created around the extrapolated track position of the LHED, based on the shower
profile for a pion sample. Subtraction takes place cell-by-cell in these rings. This
process removes the expected calorimeter energy depositions coming from charged-
particle tracks. If the remaining energy is less than the uncertainty 1.50 Ege,, it is
assumed to be from fluctuations in deposition from the charged-particle track, and
the energy is removed. If the remaining energy is greater than 1.50 Eye,, it is assumed
to be deposited by other (neutral) particles and the energy is kept.

For well-isolated and well-matched ID tracks and topo-clusters from charged
particles, all of the energy Fjg, is subtracted from the topo-cluster, and the jet mo-
mentum information is determined solely by the ID track. For topo-clusters without
matches, with neutral-particle contributions, or for ID tracks that form multiple
topo-clusters, jet energy may be determined both by ID tracks and partially sub-
tracted topo-cluster energy, or entirely by topo-cluster energy.

In particular, high-pr tracks are often near other high-py tracks in the core
of jets, which makes associating a single track and single topo-cluster difficult. For
p* > 100GeV, no track information is used and the PFlow jet is identical to the
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EMTopo jet. For pir¥ < 100GeV, the track information is not used if the energy in
the cluster, compared to the average energy deposition of a pion, (Eg,), is greater
than a preset value scaled by the track momentum:

Eclus _ <Edep>

> 33.2 x logyo(40GeV /piik) (5.6)
U(Edep>

where o(Eqep) is the standard deviation of the pion deposition energy.

The PFlow reconstruction process ends with combining any remaining energy
in the topo-clusters with the track momentum.

5.4.2 Jet Clustering

The anti-kr algorithm takes the PFlow jet constituents (ID tracks and modified-
energy topo-clusters) as inputs and constructs conical jets of a specified radius, R[93].
Common choices of R include R=0.4 for smaller jets and R=1 for larger jets. The
essence of the algorithm is to add constituents ¢ and j based on their py (ky and kyj,
respectively) and distance A;;, such that they represent a minimum parameterized

(1 1) A
dij = min <E7 E) RQJ (5.7)
i It

This condition prioritizes clustering between the hard jet “seed” and the
closest soft particles surrounding it. If there are two or more jet seeds within radius
R, then two jets will be formed, and their relative hardness will determine how the
boundary between them is defined. If the pr between seed 1 and seed 2 is equal,
ki1 = ki, then they will be separated by an equidistant line. When they are not
equal, the higher pr jet seed will claim more area, up to the extreme case k;1 > kyo,
where the jet formed by seed 1 will be a complete cone and jet 2 will not occupy any
calorimeter cells or tracks in the overlapping region.

5.4.3 Jet Calibration

Several corrections are applied to the jets reconstructed from data[91]. First, extra
energy from pileup collisions is removed from the jets. This process is determined by
jet area and pr density in the jet, and then further corrected using comparisons to
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MC. Next, three calibrations are performed. The first is a correction to the jet energy
and direction. This accounts for energy loss in non-detecting material, as well as
resolution limitations and transitions in detector geometry that might bias the jet |n].
The second calibration is performed to correct for the fact that jets originating from
different particles have different deposition patterns in the calorimeter, and therefore
the reconstructed jet energy has a dependence on jet flavor prior to calibration. The
third calibration is applied to data only. Since the data are calibrated to MC samples,
the in situ calibration applies a correction, ¢, to account for differences in data and
MC:

Rdata

c= R;}—Cf“ (5.8)

insitu

where R ~and RMC, —are the jet responses measured in data and MC
respectively. The in situ calibration uses specific reference events, such that the

response is defined as the average ratio of jet pr to reference object pr.

5.4.4 Other Jet Selections

There is a selection requiring jet pr > 25GeV and |n| < 2.5. Events containing one or
more jets of quality LooseBad are also removed by jet cleaning. Reconstructed jets at
this stage may still be affected by pileup, particularly the presence of jets produced
in simultaneous collisions. A tool called the Jet Vertex Tool (JVT) is used to identify
and remove pileup contributions to jets [94], 95]. This tool is an improvement upon
the Jet Vertex Fraction (JVF) used previously to identify pileup jets. The JVF uses
the sum of momentum over all tracks in the jet that originated at the primary vertex,
S~ phard This is expressed as a fraction of total track momentum in the jet, including
tracks originating elsewhere, p2U:

Z p%ard
D P  yyy >

It is apparent that the total jet pr increases as the amount of pileup, nl¥,
increases. Thus the efficiency of a JVF cut is dependent on the amount of pileup. The
JVT is an improvement because it remains stable over different amounts of pileup.
The JVT is a multivariate combination of two track-based variables: corrJV F and
Ryr. The first variable, corrJV F, is similar to JVF but the pp of the non-hard-
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scatter constituent tracks is scaled by the total amount of pileup, n¥:

hard
corrJVF = ?fT S FT (5.10)
ZpTar + T

PU
kntrk‘

where k is set to 0.01 and is roughly the scaling factor of (p£Y)/nlY. The
second variable, R, , is fraction of momentum coming from all hard tracks in the jet
compared to the total calibrated momentum of the jet:

Z p%ard
RPT - jet
Pr

(5.11)

Because pileup jets have very few constituent tracks from the hard-scatter
vertex, most pileup jets will have an R,r value close to zero. The distribution of
R,r for pileup and hard-scatter jets is different, and offers additional discrimination
power. The JVT combines these two variables in a 2-dimensional plane and uses a
nearest-neighbor algorithm to calculate a likelihood and to identify pileup jets [96].
This analysis uses a Tight WP, defined for EMPFlow jets as JVT > 0.5, with an
average efficiency of 96%[97]. This is applied to all jets with 20 < pr < 60GeV and
In| < 2.4.

’ Jet Selection ‘

Feature Requirements
Jet constituents EMPFlow
Jet clustering algorithm anti-k;
Pseudorapidity range In| < 2.5
Transverse momentum pr > 25GeV
JVT JVT > 0.5
Jet quality events with LooseBad jets are entirely discarded

Table 5.6: List of requirements for reconstructed small-radius jets in HBSM ¢ttt
analysis.
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’ Jet Selection ‘

Feature Requirements
Jet constituents EMPFlow
Jet clustering algorithm anti-k;
Pseudorapidity range In| < 2.5
Transverse momentum | pr > 20GeV
JVT JVT > 0.5

Table 5.7: List of requirements for reconstructed small-radius jets in Higgs Oblique
tttt analysis.

5.5 b-Jets

Because the top quark decays almost exclusively into b-quarks, the presence of at
least four b-quarks in an event is a useful indicator of ¢ttt production. This analysis
uses the Flavor Tagging recommendations and identifies jets originating from b-
quarks via the DL1r tagger[98].

Generally, b-tagging algorithms exploit several features of b-hadrons: their
long lifetime, their mass, and their tendency to decay into muons. B-hadrons have
an average lifetime of roughly 1.5ps, which, depending on the energy, means that
they will decay at a point several millimeters from the primary vertex where they
originated[99]. B-jets will have a secondary vertex that is displaced from the pri-
mary vertex. The tracks created by b-hadron decay will therefore have large impact
parameter values with respect to the primary vertex.

Low-level taggers directly use the track properties to assign probabilities
of jet flavors based on the impact parameter and reconstructed secondary vertex.
These taggers in turn act as inputs for the high-level DL1 Tagger, which employs
an Artificial Deep Neural Network to output probabilities for each jet to originate
from a light, ¢, or b-hadron|100]. In addition to using the low-level taggers, the
DL1r variant of the DL1 Tagger incorporates track correlation information from a
Recurrent Neural Network (RNN) [101, 102]. The track correlation results from
multiple tracks being produced by a displaced vertex. If one track is found with
a displaced vertex, another is more likely to be found. From the three probability
outputs py, De, Piight, and from the adjustable parameter f., the DL1r assigns each
jet a single value:
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Dby
fcpc + (1 - fc)plight

DL1r = (5.12)

The f. parameter is used to prioritize c-jet rejection versus light-jet rejection.
For DL1r, the fraction f. is set to 0.018 [101].

The DLI1r tagger has four calibrated working points, which are defined by
their b-tagging efficiency in t¢ MC samples: 60%, 70%, 77%, and 85%. The HBSM
analysis uses all four WP’s for various region definitions. In addition, jets are as-
signed a value based on how many of the four WP’s they pass, where 1 corresponds
to passing none, 2 corresponds to passing the 85% WP, continuing up to 5 which
corresponds to passing the 60% WP. This process is referred to as pseudo-continuous
b-tagging. The Higgs Oblique analysis defines a jet as b-tagged if it passes a DLI1r
cut at the 77% efficiency WP.

5.6 Reclustered Jets

For a given momentum, the decay products of heavy particles are generally expected
to have higher angular separation than those of light particles. Thus, jets from
lower-momentum top quark decays are expected to produce a larger radius jet. In
order to account for jets with larger structure than R=0.4, this analysis makes use
of reclustered jets[103].

Reclustered jets are formed using the small-r jets as input. Small-r jets must
be calibrated when they are reconstructed, which means that changing the radius
of a small-r jet is a nontrivial. Reclustering is useful because the calibration of the
small-r jets used as inputs is applied automatically to the reclustered jet. Therefore,
the radius of the reclustered jet can be easily adjusted to accommodate properties
of the analysis signal, such as the larger radius of top decay jets.

Small-r jets must be above a certain energy threshold in order to be cal-
ibrated. Therefore, reclustered jets come with the additional advantage of some
initial trimming, which removes contributions from pileup and the underlying event.
Reclustered jets are further trimmed by removing all small-r constituents that con-
tribute < 5% to the total pr of the reclustered jet [104].

Besides the inputs, the reclustering process is otherwise identical to the jet
reconstruction process. For this analysis, reclustered jets are constructed using the
anti-k; algorithm, with R=1.0. The input for reclustering is R=0.4 jets constructed
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using the anti-k; algorithm. Reclustered jets are required to have pr > 200GeV and
In| < 2.0 for this analysis [105].

5.7 Overlap Removal

Overlap removal refers to the procedure that ensures that a single detector signal
does not contribute to multiple reconstructed objects. The objects are prioritized
according to Table [5.8) and a track or calorimeter deposit contributing to multiple
objects is instead assigned only to the object with the highest priority.

Overlap removal takes place after object reconstruction, and uses as input
the reconstructed electrons, muons, and jets passing a loose selection criteria. The
loose criteria are less strenuous than those used to define the objects used in the

analysis, and are detailed in Tables and [5.11]

Overlap removal starts with the objects at the top of the list in Table [5.8 and
progresses downwards. The first objects to be compared are electron candidates that
share a track. The electron candidate with the lower reconstructed pr is removed
from the list of electron candidates. Calorimeter muons are removed if they share
a track with an electron. Conversely, electrons sharing an ID track with MS muons
are removed. If a jet is within AR <0.2 of an electron, the jet is removed. If the jet
is within 0.2 < AR < 0.4 of an electron, the electron is removed. The last stages
of the overlap removal procedure compare muons and jets. If a jet with fewer than
three tracks is ghost-matched (considering only track pr direction in 7 and ¢, not
magnitude) to a muon ID track, the jet is removed. Lastly, if a muon with momentum
pry is a distance AR < 0.4 + 10GeV /pp, from a jet, the muon is removed.

|

Overlap Removal Procedure

Reject | Against Criteria
Electron | Electron shared track, pri < pro
Muon | Electron is Calo-Muon and shared ID track
Electron | Muon shared ID track
Jet Electron AR < 0.2
Electron Jet AR <04
Jet Muon | NumTrack < 3 AND (ghost-associated OR AR < 0.2)
Muon Jet A < min(0.4,0.04 + 10GeV /pr(u))

Table 5.8: Overlap removal procedure.
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Loose Electron Selection

Feature Requirements
Pseudorapidity range In| < 1.37 or 1.52 < |n| < 2.47
Transverse momentum pr > 10GeV
Track to vertex association | |d5Esignificance| < 5 and |Az$Lsind] < 0.5mm
Identification MediumLH
Isolation -
Charge 1D pass ECIDS (for e*eT and e*uT only)
Other object quality not from bad calorimeter cluster

Table 5.9: List of requirements for reconstructed loose electrons in HBSM ¢ttt
analysis.

’ Loose Electron Selection ‘

Feature Requirements
Pseudorapidity range In| < 1.37 or 1.52 < |n| < 2.47
Transverse momentum pr > 15GeV
Track to vertex association | |d5Fsignificance| < 5 and |AzfLsinf] < 0.5mm
Identification MediumLH
Isolation Loose_varRad
Charge 1D pass ECIDS (for efeT and e*uT only)

Table 5.10: List of requirements for reconstructed loose electrons in Higgs Oblique
tttt analysis.

’ Loose Muon Selection ‘

Feature Requirements
Pseudorapidity range In| < 2.5
Momentum calibration Sagitta correction not used
Transverse momentum pr > 10GeV
Track to vertex association | |d5Esignificance| < 3 and |Az$Lsinf] < 0.5mm
Reconstruction Medium
Isolation -

Table 5.11: List of requirements for reconstructed loose muons in HBSM ¢ttt analysis.
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Loose Muon Selection ‘

Feature Requirements
Pseudorapidity range In| < 2.5
Momentum calibration Sagitta correction not used
Transverse momentum pr > 15GeV
Track to vertex association | |d5Lsignificance| < 3 and |AzfLsinf] < 0.5mm
Reconstruction Medium
Isolation PflowLoose_FixedRad

Table 5.12: List of requirements for reconstructed loose muons in Higgs Oblique ¢ttt
analysis.

5.8 Missing Transverse Energy

For collision events, there will be particles produced, particularly neutrinos, that are
not detected by the ATLAS detector. These particles carry away energy that cannot
be reconstructed. Therefore, the initial transverse momentum of zero TeV will result
in a nonzero final transverse momentum. This is expressed as missing transverse
energy, or EI. ~and can be used to quantify neutrino energy [106].

miss)

ET. . is calculated as the negative of the total E7 measured in the detector.
This total is separated into x and y components of the transverse plane, and consists
of contributions from reconstructed e, p, photon, hadronic 7, and jet objects (hard
terms), as well as charged-particle tracks associated with the primary vertex but not

matched to any reconstructed objects (soft terms).

miss MiSs, [t miss,e miss,y miss, T miss,jets miss,soft
o) = Loy " T Eagy " F Eay " T Eay”  Eay) T+ Eagy (5.13)

The hard terms come from fully reconstructed and calibrated objects. Be-
cause each type of object undergoes an independent reconstruction process, a detec-
tor signal may be included in both an electron and a jet. This results in double-
counting of terms in the EI¥** calculation. To prevent this, a signal ambiguity
resolution is implemented. This procedure prioritizes objects with shared signals in
the following order: electrons, photons, hadronic 7-jets, and jets. Muons are not
included in ambiguity resolution because their reconstruction process, in the ID and
MS, generally results in little overlap with E7 measurements of other objects.
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The soft terms are calculated from the pr of charged-particle tracks in the
ID. These tracks are associated with the hard-scatter vertex, but not with any of the
reconstructed hard objects. Tracks from jets rejected by the ambiguity resolution are
also included. Because the tracks are required to be associated with the hard-scatter
vertex, track-only E***/" is mostly unaffected by pileup.
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CHAPTER 6

Systematic Uncertainties

6.1 Introduction

For any measurement, there is an associated uncertainty. The results from this
analysis are comprised of many measurements: signals from the ATLAS detector
reconstructed into physics objects, interpretations of physics objects (such as b-
tagging), and values calculated from theoretical predictions. The purpose of this
chapter is to list the sources of systematic uncertainty that have been incorporated
into the measurement of the ¢ttt cross section.

The uncertainties are generally divided into two types: those coming from
the MC modeling of samples, and data uncertainties from the ATLAS detector.

6.1.1 HBSM Analysis: Theoretical Uncertainties

Theoretical uncertainties contribute to the inaccuracies in the predicted yields for
each type of background interaction. Since the dominant background is tf + jets,
the uncertainties for this sample are given particular attention. Below are listed
the systematic uncertainties included for each sample. Generally, systematic uncer-
tainties are applied as a normalization factor to the cross section only. However,
generator and parton shower choice uncertainties are applied to both cross section
and distribution shape.

tt + jets: The tt + jets sample is first divided into tt+ > 1b, tt+ > 1c, and tt
+ light samples, and then corrected using the two-step reweighting process described
in Chapter 7l Every uncertainty correspondingly undergoes the same categorization
and reweighting. The tt+ > 1b sample is then further divided into four categories:

1. ttb: tt + jets events with one extra jet matched to a b-hadron
2. ttB: tt + jets events with one extra jet matched to at least two b-hadrons

3. ttbb: tt + jets events with two extra jets matched to two b-hadrons
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4. ttbbb: all tt+ > 1b events that do not enter in the previous categories

The nominal hard-scatter sample is produced using an NLO calculation,
neglecting contributions from higher-order corrections. To estimate the uncertainty
created by the missing higher-order corrections, the factorization scale is varied by a
factor of 2 and 1/2; and the renormalization scale is independently varied by a factor
of 2 and 1/2. This is done for each of the three categories of tf + jets, producing six
nuisance parameters (NPs).

There is also uncertainty caused by the initial state radiation (ISR) and final
state radiation (FSR). This radiation is the emission of a gluon or photon immediately
before or after the pp collision, which affects the incoming and outgoing momentum
of the hard process partons. The ISR and FSR are accounted for in parton shower
modelling. The ISR uncertainty is estimated by varying the input of ag according to
the recommendations for the A14 tune, giving ag = 0.12770913[76]. The uncertainty
in the quantity of FSR is estimated by varying the factorization in the A14 tune by

a factor of 1/2 and 2.

Different matrix element calculators and parton shower (PS) models will
give somewhat different results. Therefore, there is uncertainty associated with the
choice of generator and parton shower simulator. To estimate these uncertainties, the
nominal choices are compared to alternatives. For the ME generator, PowHegBox v2
is compared to MadGraph5_ aMC@NLO. Differences are expressed as 12 NP’s: shape
and acceptance variations for ¢t + light, tt+ > 1c, ttb, ttB, ttbb, and ttbbb. For PS
modeling, Pythia 8.230 is compared to Herwig 7, both using PowHegBox v2 as the
ME generator. This also produces a similar set of 12 NP’s.

Another theoretical uncertainty for the ¢¢ samples arises from the normal-
ization factors obtained from HF re-scaling. In this case, the normalization factor is
given a conservative flat uncertainty of 50%, applied to the factor for tt+ > 1c and
all four sub-categories of tt+ > 1b.

Lastly, there is an uncertainty associated with the flavor scheme used to
produce the tt + jets samples. The ‘flavor scheme’ refers to whether or not the b-
quark is included in the list of possible partons for the matrix element modeling of
a pp collision [107]. The four-flavor scheme (4FS) does not include b-quark partons,
only the four lightest quarks. The five-flavor scheme (5FS) does include b-quarks as
partons.

The HBSM analysis uses 5FS for MC sample production. However, it is
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unclear which of the two flavor schemes provides a better approximation of the
hard process, and indeed the answer may change depending on the type of event
being modeled. Moreover, events generated with the 4FS have different kinematic
distributions than events generated with 5FS. The greatest discrepancy is in events
with a large number of b-quarks, in particular ¢+ > 1b events. This can be seen
in Figure[6.1, where the MC samples are all background events generated with 5F'S,
and the “data points” are MC samples with ¢t+ > 1b produced with 4FS. The
discrepancy increases for higher jet and b-jet multiplicity, as well as at higher GNN
scores.

To account for the discrepancy between 4FS and 5FS, the HBSM analysis
incorporates an uncertainty associated with the modeling of ¢+ > 1b events. The
extra uncertainty helps to account for the difference in the two flavor scheme distri-
butions. Figure [6.2] expresses the discrepancy as an extracted p value, where p =1
would indicate that the two flavor schemes matched exactly. Though the p value
is not equal to one, when the flavor scheme uncertainty is added, p = 1 is within
uncertainties of the fitted value.

tttt: There are uncertainties associated with the MC modeling of the sig-
nal samples. QCD corrections are applied by varying the renormalization and
factorization scales by a factor of 2 and 1/2 in the nominal ME generator, Mad-
Graph5_aMC@QNLO. The PDF uncertainties were found to be negligible in previous
studies, and so are accounted for by a 1% uncertainty[6]. A cross section uncertainty
of +7.8% and -13.3% is applied to account for the uncertainty in the SM predic-
tion. These values come from a recent calculation, which predicts a cross section
of 13.3771%fb[108]. Note that this is a different prediction than is used for the
Higgs Oblique analysis, which was conducted earlier and used an older cross section
prediction.

ttW , ttZ, and ttH: The QCD corrections are applied by varying the renor-
malization and factorization scales by a factor of 2 and 1/2 in the nominal ME
generator: MadGraph5_aMC@NLO for t¢W and ttZ, and PowHegBox v2 for ttH.

Generator choice uncertainties are estimated by comparing the nominal gen-
erator with an alternative. For tt1V and ¢tZ, the nominal MadGraph5_aMC@NLO
is compared to Sherpa 2.2.10 and Sherpa 2.2.1, respectively. For t¢H, the nominal
PowHegBox v2 is compared to MadGraph5_ aMCQNLO.

There is uncertainty associated with modeling the samples in the high jet
multiplicity regions. This uncertainty is quantified based on the levels of mismod-
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the >10j4b region. The distribution is
shown for MC samples with a 5FS tt+ > 1b sample, and for MC samples with a 4FS
tt+ > 1b sample (shown as “data” points). The left plot shows the distributions
without a flavor scheme uncertainty, and the right plot shows the same distribution
with the flavor scheme uncertainty added. The discrepancy in the highest GNN score
bins is still not completely covered by the extra uncertainty, but shows improvement.
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Figure 6.2: Comparison between 5FS and 4FS expressed as a fit of 5F'S MC samples
to 4FS “data.” The large value of extracted 77 indicates that the discrepancy
between 4FS and 5FS is being interpreted by the fit as a large tttt-like signal. Exact
agreement between the two flavor schemes would result in p;z; = 1. It can be
seen in the top plot (without FS uncertainties) that the value of 57 is not 1 even
within uncertainties. The bottom plot incorporates FS uncertainties, so that the
total uncertainty now encompasses the value of p;77 = 1.

elling of tt + jets for Njes distributions in the 2b region. A 10%, 20%, and 30%
uncertainty is applied respectively to events with 9(7), 10(8), and 11(9) jets in the
1L(OS) channel.

There is a 10% uncertainty on the theoretical cross section value for ¢t H, and
12% for ttZ [109]. These uncertainties are applied in addition to those listed above.

ttt: A theoretical cross section uncertainty of 35% is applied to the ttt cross
section. Note that this background sample is not yet included in the results shown
in Chapters [9) and [10]

Other processes: This includes VV, VH, and VVV, as well as ttWW,
HZZ, ttWZ, ttHH, and ttW H. For VV, a 40% uncertainty is applied to the cross
section|[110]. For all others, a conservative 50% uncertainty is applied to the cross
section.

6.1.2 Higgs Oblique Analysis: Theoretical Uncertainties

tttt: Modelling uncertainties are derived through comparison to the alternative sam-
ples. QCD corrections are applied by varying the renormalization and factorization
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scales by a factor of 2 and 1/2 in the nominal ME generator, MadGraph5_aMC@NLO.
The PDF uncertainties were found to be negligible in previous studies, and so are
accounted for by a 1% uncertainty|6]. A 20% uncertainty is applied to the cross

section to account for the uncertainty in the SM prediction of 11.973%%[4].

ttW: Modelling uncertainties are derived through comparison to the alter-
native samples. For ¢V, the alternative samples are reweighted using the same
data-driven formula discussed in Chapter [7]] QCD corrections are applied by varying
the renormalization and factorization scales by a factor of 2 and 1/2 in the nominal
ME generator. No PDF or cross section uncertainties are applied to t£W/ samples be-
cause the N, normalization factors are a part of the fit. There is an additional 50%
uncertainty applied to events with exactly one additional truth b-jet not from top
decay. There is also a 50% uncertainty added to events with at least two additional
truth b-jets not from top decay.

ttH: Modelling uncertainties are derived through comparison to the alter-
native samples. QCD corrections are applied by varying the renormalization and
factorization scales by a factor of 2 and 1/2 in the nominal ME generator. PDF
uncertainty is 1%. The uncertainty on the theoretical cross section value for ttH is
10%][109]. There is an additional 50% uncertainty applied to events with exactly one
additional truth b-jet not from top decay. There is also a 50% uncertainty added to
events with at least two additional truth b-jets not from top decay.

ttZ: Modelling uncertainties are derived through comparison to the alter-
native samples. QCD corrections are applied by varying the renormalization and
factorization scales by a factor of 2 and 1/2 in the nominal ME generator. PDF
uncertainty is given as 1%. The uncertainty on the theoretical cross section value for
ttZ is 12%[109]. There is an additional 50% uncertainty applied to events with ex-
actly one additional truth b-jet not from top decay. There is also a 50% uncertainty
added to events with at least two additional truth b-jets not from top decay.

tZ and tW H: Both the tZ and tW H samples have a 30% cross section
uncertainty applied to them [111} 112].

ttt: There is a 30% cumulative uncertainty that accounts for the theoretical
cross section uncertainty, QCD uncertainty, PDF uncertainty, and uncertainty asso-
ciated with choice of flavor scheme. There is an additional 50% uncertainty applied
to events with at least four truth b-jets.

VV: For the VV samples, the cross section uncertainty varies by jet mul-
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tiplicity and is set as 20%, 50%, and 60% for events with < 3, 4, and > 5 jets
respectively [110].

ttW W : A conservative cross section uncertainty of 50% is applied to this
rare process.

Other: For VH, VVV, ttZZ, ttW Z ttHH ttW H, there is a conservative
total cross section uncertainty of 50%.

QmisID There are three uncertainty values associated with the estimation
of QmisID rates, a process described in Chapter The first is statistical uncer-
tainty. There is also uncertainty on the choice of the Z-mass window. The value
of this uncertainty is obtained by taking the largest variation in the QmisID rate
after changing the window from 30 to 5o in the Breit-Wigner fit. The third uncer-
tainty comes from non-closure, which is obtained by comparing the QmisID results
to Sherpa 2.2.1 Z — eTe™ truth samples.

6.2 Experimental Uncertainties

Experimental uncertainties cover the systematic errors that may occur at any stage
in data-taking, from measurement of luminosity to the reconstruction of physics
objects. These uncertainties are the same for both analyses.

Electrons: Events selected using the single-electron trigger have an associ-
ated uncertainty due to the trigger efficiency|113|. Electrons are reconstructed by
matching tracks in the ID with deposits in the EM calorimeter[79]. Further filters
are applied to ensure purity of the reconstructed electrons, including an identifica-
tion step based on a likelihood discriminant and an evaluation of electron isolation.
Electrons are modelled in MC using either a full simulation or AltFastIl (AFII)|78§].

There are differences in efficiency between data and MC for trigger, recon-
struction, identification, and isolation. Scale factors are derived using the tag-and-
probe method applied to MC and data[79]. There are four scale factors, one each
for trigger, reconstruction, identification, and isolation, and there are four associated
NP’s for these scale factors.

In addition to the four scale factor uncertainties, there is one NP for the
AFII energy scale, one NP for the full simulation energy scale, one NP for electron
energy resolution, and one NP associated with the efficiency of the ECIDS tool used
to remove events with incorrect electron charge[86]. These are included to account
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for differences between data and MC.
Electron uncertainties are summarized in Table [6.1]

Muons: For events containing muons, there are 15 total NP’s. There are
NP’s associated with scale factors applied to trigger, identification, and isolation
efficiencies. Like electron uncertainties, these are obtained by comparison of data
and MCJ87]. Unlike electrons, muons are reconstructed using information from the
ID and the MS, where tracks reconstructed from both detectors are matched to each
other to yield a candidate muon. This track-to-vertex (TTVA) efficiency has one NP
for statistical uncertainty and one NP for systematic uncertainty.

In addition, muons also have one NP for track smearing in the ID and one NP
for track smearing in the MS. There is one NP associated with the charge independent
momentum scale, and two NP’s for the charge dependent momentum scale.

Muon uncertainties are summarized in Table [6.1]

Jets: This analysis uses particle-flow jets reconstructed using the anti-k;
algorithm. The small-R jets are reconstructed using radius parameter R=0.4. Pileup
reduction is performed using the Jet Vertex Tagger|95]. There are uncertainties
associated with the JVT, the jet energy scale (JES), the jet energy resolution (JER),
reclustering jets, and heavy-flavor tagging.

The JVT operates by applying selections to jet pr and |n|. There are scale
factors applied to MC to correct for discrepancies in JVT efficiency between MC
and data. The JVT uncertainty is the statistical uncertainty combined with a 30%
uncertainty on pileup estimation after pileup suppression has been applied[97].

JES is a correction applied to reconstructed jets to more closely match the
energy of truth jets[63]. The JetETMiss group at ATLAS provides a recommended
set of reduced uncertainties to be used for the JES and JER[114]. Reduced uncer-
tainties are obtained by combining the least significant NP’s in a way that preserves
their correlation [115]. For JES, there are 15 effective NP’s: two detector-related,
four modeling-related, three mixed modeling and detector-related, and six statistical
uncertainties|116]. There is one NP to account for the difference in response between
gluon and quark jets (jet flavor composition)[63]. There is one NP to account for
the difference in gluon jet response between sample generators (jet flavor response).
There are four NP’s associated with pileup subtraction from jets, labeled OffsetMu,
OffsetNPV, PtTerm, and RhoTopology. For jet punch-through, one of two NP’s is
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applied: MC16 if the sample is produced with full simulation, and AFII if produced
with AltFastIl. There is one NP for non-closure between AFII and full simulation,
one NP for single particle response at high pr, and one NP for b-jet response. For
JER, there are seven effective NP’s; as well as two NP’s for data/MC agreement.

The reclustered (RC) jets are constructed by inputting small-R jets into the
anti-k; algorithm with radius R=1.0|117]. Because RC jets are composed of small-R
jets, the uncertainties associated with small-R jets are simply propagated to the RC
jets.

Heavy-flavor jets include those originating from a b-quark or c-quark de-
cay, and heavy-flavor tagging involves the use of the DL1r tagger[102]. The tagging
process has uncertainties that arise from limited statistics, from calibration of the
detector and from theoretical modeling of the jets. These uncertainties are consol-
idated into a reduced set, including 44 NP’s for b-tagging, and 19 NP’s each for
c-tagging and light-tagging|116].

MET: The missing transverse energy is reconstructed as an object|106].
There is a hard component comprised of every successfully reconstructed and iden-
tified object in an event. Detector activity that cannot be matched to an object
is used to calculate the soft component of EF**. Because the hard component is
composed of other reconstructed objects, the uncertainty of the hard component is
simply propagated to E7**. Tt is only for the soft component that separate NP’s are
required. There are three NP’s: one based on the projection of p3’ fe parallel to plerd;

one based on the resolution of the parallel component pﬁof * calculated as the RMS

of p‘ﬁof ' and one for the resolution of the perpendicular component pi’f ! calculated

as the RMS of p{™/".

Luminosity: Luminosity is determined largely by the LUCID2 detectors,
as detailed in Chapter [ Uncertainties arise from this procedure, such as back-
ground subtraction and scan-to-scan reproducibility, and also from the fact that the
calibration is performed at low luminosities and must be extrapolated to the high
luminosity at which physics data-taking is performed. This extrapolation process,
called calibration transfer, is the largest source of uncertainty for the luminosity.
The calibration transfer uncertainty is estimated by comparing low-luminosity fills
with a pair of consecutive high-energy fills, with both measurements taken from the
TileCal’s forwardmost segments, the E-cells. The total luminosity uncertainty is
calculated as 0.83% and is applied as a flat uncertainty to all events [51].
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Pileup Reweighting: There is a discrepancy between pileup distributions
in data and MC, and the MC samples are reweighted to better match data. In the
process, the data estimate of (i), or number of ineleastic collisions per event, is
rescaled. The rescaling is a ratio of 1.00/1.03, reducing the pileup estimate. This
rescaling has an associated uncertainty, which is calculated by increasing the data
estimate (“up” variation) and decreasing (“down” variation). The up variation is
calculated by applying a factor of 1.00/0.99, and the down variation is calculated by
applying a factor of 1.00/1.06]116].

A full list of systematics is shown in Table [6.1]

] Systematics ‘
Systematic Uncertainty Description
ATLAS_Lumi Uncertainty of Run II int. luminosity
ATLAS pileup_reweighting Correction to MC pileup dist.
Jets
ATLAS_JVT Jet vertex tagging uncertainty
ATLAS_JER _EffectiveNP Effective NP’s for JER
ATLAS_JES_BJES JES uncertainty b-jet response
ATLAS_JES_ SinglePart JES uncertainty single particle resp.
ATLAS_JES_PU_Rho JES uncertainty pileup subtraction

ATLAS_JES_PU_PtTerm
ATLAS_JES_PU_OffsetNPV
ATLAS_JES_PU_OffsetMu

ATLAS_JES Flavor_Resp JES uncertainty flavor (response)
ATLAS_JES_Flavor_Comp JES uncertainty flavor (composition)
ATLAS_JES_Etalnter_NonClosure_highE JES eta-intercalibration

ATLAS_JES_Etalnter_NonClosure_negEta
ATLAS_JES_Etalnter_NonClosure_posEta
ATLAS_JES_Etalnter_Stat
ATLAS_JES_Etalnter_Model

ATLAS_JES EffectiveNP Effective NP’s for jet energy scale
ATLAS_JES_PunchThrough Uncertainty for punch-through jets
ATLAS FTAG Uncertainties for DL1r tagging
Electrons
ATLAS_EG_RESOLUTION Electron energy resolution
ATLAS_EG_SCALE Electron energy scale (Full Sim.)
ATLAS_EG_SCALE_AF2 Elecron energy scale (AFII)
ATLAS_EL_ID Electron identification uncertainty

ATLAS_EL Isol Electron isolation uncertainty



ATLAS_EL_Reco
ATLAS_EL _Trigger

Electron reconstruction uncertainty
Single electron trigger uncertainty
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Muons

ATLAS_MUON_D
ATLAS_MUON_MS
ATLAS_MUON_SAGITTA _RESBIAS
ATLAS_MUON_SAGITTA_RHO
ATLAS_MUON_SCALE
ATLAS_-MU_ID_SYST
ATLAS MU_ID_SYST_ LOWPT
ATLAS_MU_ID_STAT
ATLAS MU_ID_STAT LOWPT
ATLAS_MU Isol_SYST
ATLAS_MU Isol_STAT
ATLAS_MU Trigger SYST
ATLAS MU Trigger STAT
ATLAS MU_TTVA_SYST
ATLAS MU_TTVA_STAT

Muon ID track smearing uncertainty
Muon MS track smearing uncertainty
Charge dependent momentum scale

Charge independent momentum scale
Muon identification uncertainty

Muon isolation uncertainty
Single muon trigger uncertainty

Track-to-track vertex uncertainty

mis
E T

ATLAS_MET _SoftScale
ATLAS_MET _SoftResPerp

ATLAS_MET _SoftResPara

E:’}”SS soft component uncertainty

Table 6.1: List of uncertainties for reconstructed objects
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CHAPTER 7

Data-Driven Reweighting

7.1 HBSM Analysis

7.1.1 Introduction

In the single lepton and opposite sign dilepton final states, the background for ¢ttt
production is dominated by the production of ¢t in association with additional jets.
In the phase space of interest, at high jet and b-jet multiplicities, the MC modeling
of tt events becomes inaccurate. The contribution of ¢t + heavy flavor (HF) jets is
known to be underestimated [118]. The distributions of kinematic variables are also
affected by the mismodeling.

To address the inaccuracies, the MC events are reweighted via a two-step
process. In the first step, the flavor contributions of the additional jets in ¢t + jets is
adjusted to match data in regions with negligible signal contribution. In the second
step, the newly scaled events are used as inputs for an NN-based reweighting of the
kinematic distributions.

7.1.2 HF Rescaling

The tt + jets background is comprised of different types of events that can be cat-
egorized by the flavor of quark(s) initiating the additional jet(s), where HF jets are
those originating from a c-quark or b-quark. The tf + jets events are separated
into three groups: tt+ > 1b, tt+ > lc, and tt + light. The separation is performed
using the truth-level variables HF _Classification and jet_truthflav to identify truth
b-hadrons and c-hadrons that did not come from the decay of a top quark. Particle
jets not originating from the ¢f interaction are matched to truth hadrons, requiring
a distance of AR < 0.4. An event is classified as tt+ > 1b if at least one particle jet
not in the ¢t system is matched to a truth b-hadron, and that b-hadron has pr >
5GeV. An event is classified as tt+ > 1c if it is not identified as a tt+ > 1b and at
least one particle jet is matched to a c-hadron with pr > 5GeV. This means that
events with b-jets that decay to c-jets are still classified as tt+ > 1b. All remaining
tt events are classified as tt + light.
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Normalization factors for the three categories are defined: prrr, prre, and
purrp. The values of these parameters are determined by a likelihood fit to data in
regions where Nj.s >6j (2LOS) and Nj.s >8j (1L), separated by b-jet multiplicity
into 2b, 3bL, 3bH, and >4b regions (3bL and 3bH are defined in Table . These
regions have <2.6% tttt signal contamination, assuming a 12fb SM ¢ttt cross section
and a 12fb BSM ¢ttt cross section. This is considered suitable for background-only
modeling [116]. The normalization factors resulting from the fit are shown in Figure
[7.1] These factors are then applied to the tt+ > 1b, t{+ > lc, and tt + light samples
for all regions. The data/MC comparison before and after HF rescaling is shown in

Figure [7.2]

1 004
* : 081 504 R

|

! * 015

| 1.41 445 }lnc

' 0.04

. * 1.14 504 K
1 1 1 1 L 1 | 1 1 1

1

0 05

Figure 7.1: The extracted values of the three normalization factors for the flavor of
the tt associated jet(s).

7.1.3 NN Based Kinematic Reweighting

The HF rescaling ensures that the appropriate flavor fractions of tt+jets are used,
but does not correct for shape discrepancies between data and MC in kinematic
distributions. This discrepancy is most apparent at high jet pr, high jet activity
(sum of jet pr), and high jet multiplicity [119]. After HF rescaling, the MC events
undergo a further reweighting derived from a data-driven NN method.

The method involves an NN classifier discriminating between two classes of
events, denoted data and MC, which each consist of N variables forming a vector x
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Figure 7.2: MC yields for each rescaling region, compared to data. The left plot
shows the comparison before rescaling, and the right shows the same comparison
after rescaling is applied.

. The fraction of events used in training that are data is agq, and the fraction
of events that are MC is ajse, such that agee + aye = 1. Whether an event
is coming from data or MC is of course known in this analysis, but the intent of
this particular classifier is to determine the ratio of the probability distributions,
Piaia(x) and Pye(z). The classifier will have some output, o(x), based on Py ()
and Py (z). The classifier is trained on both data and MC. After training and
minimizing, the output 0,,,(x) is expressed as the probability of an event being
classified as ‘data’ given input variables x:

adatapdata(w)
Oédata‘Pclata<"-'3) + CYMCF)MC'(w)

Omin(x) = P(data|x) = (7.1)

This expression can be rearranged to become a function of the ratio of prob-
ability distributions:

omm(m) _ Oédatapdata(w)
I = omin(®)  apePuc(x)

= w(x) (7.2)

The w(x) term represents the reweighting factor that is then used to scale
only MC events. This method does not require binning or prior knowledge of individ-
ual probability distributions Pj;,(x) and Pyg(x). Instead, the focus is on extracting
the ratio of the two probability distributions. After the NN is trained, each MC event
is individually input into the trained NN, the output 0,,;,(x) is calculated, and the
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MC event is scaled by w(x).

For this analysis, the kinematic reweighting is performed by training the NN
in the 7j (5j) and 2b region for 1L (2LOS). To mimic a ¢ + jets only dataset, the
data include non-tf MC events with negative weighting, effectively subtracting the
non-tt contribution from data, as seen in Figure [7.3] Modeling is different between
the nominal and alternative t¢ + jets samples, so the kinematic corrections must
be performed independently for each nominal and alternative sample. A hyper-
parameter scan was performed to determine the optimal choices for settings such as
loss function [116]. For both 1L and 2LOS samples, an exponential loss function is
used. This loss function compares the NN output y for an event i to its expected
value, ¥;:

/L:N .37
&L = Zizl eVl (7.3)

where N = 1000 is the number of events in the training sample. The expo-
nential function is particularly useful for accounting for the lower statistics of the
2LOS samples. The variables x used for the reweighting are the jet pr, number of
jets, number of reclustered jets (described in Chapter , missing Fr, and lepton jet

pr.

The correction to the Hp distribution is shown for both the 1L and 2LOS
channels in Figure [7.4 The ratio of data tf yield to nominal Powheg Pythia MC
tt samples without kinematic reweighting is shown in the black points. Without
reweighting, there is as much as a 50% underestimation in MC yield at low Hr, and
an overestimation at high Hyp. The ratio of data to reweighted MC is shown in the
red points, demonstrating better agreement. As a second example, the distribution
for Njes is shown in Figure . Again, the distribution shows better data/MC
agreement after reweighting is applied.

7.2 Higgs Oblique Analysis

7.2.1 QmisID

The QmisID rate is corrected by fitting in a region dominated by the Z — ete™ pro-
cess. It is assumed that events within the Z-mass window will consist of Z — ete™
and a uniform background, which can be estimated using events in the side bands
around the window. In the Z-mass window region, all same-sign (SS) electron pairs
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Figure 7.3: Training datasets for the reweighting NN. The two classes the NN
differentiates are MC and data.
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Figure 7.4:

The Hyp distribution for 1L sample (left) and 2LOS sample (right).
The data distribution is compared to the MC ¢t + jets distribution before and after
kinematic reweighting.
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Figure 7.5: The N, distribution for 1L sample before reweighting (left) and after
(right).

are assumed to include one electron with misidentified charge. The misidentifica-
tion can originate from high electron pr resulting in a straight track in the ID.
Misidentification can also come from one of the electrons radiating a photon, which
subsequently produces another e™e™ pair. This process of photon conversion is also
discussed in Section [8.2.2]

For each SS electron pair, the number of events with the leading electron in
the *" 2D bin of py/n and the sub-leading electron in the j** bin, Ngs, is expressed
as:

leSS = Ngs—’_ss(ﬂ(l - €j) + Gj(l - 62)) (74)
Here, the QmisID rates for the i and j** bin are ¢; and ¢;. The number of

SS events is assumed to follow a Poisson distribution centered around the expected
value, N{?S .

(N{?S)N{?SB*NSS

SS
N

FINGIN®(ei,¢5)) = (7.5)
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The Poisson likelihood function is then constructed, following the same logic
discussed in Chapter [9]

L(e| N*%) = Hijf(N{?SINSS(Equ)) (7.6)

This is fit to data in the Z — ete™ region, and the likelihood is minimized
to extract the values of € in 2D bins of jet py and |n|. There are four bins in || and
three bins in pr for the CRttW™, CRttW™, and material conversion regions. Due to
low statistics, only one bin is used for the low m., region.

Events are selected around the Z mass. The boundaries for the Z mass
window and sidebands are shown in Table [T.1]

7. Window Lower Side Band | Upper Side Band
SS | [67.07, 112.03] [44.59, 67.07] [112.03, 134.51]
OS | [71.96, 109.32] [53.28, 71.96] [109.32, 128.00]

Table 7.1: Range of Z mass window and sidebands, in GeV.

To find the mean and variance of the Z mass, the yield distribution is fit to
a Breit-Wigner function. The mean mass value for SS was measured as 89.55GeV
and for OS was measured as 90.64GeV. Since many SS events are due to photon
conversion, there is a shift in the mean mass for SS events from the energy loss. The
Z-mass window is defined as the region within 40 of the SS mean, and the side bands
are in the area between twice the Z-mass window and the boundaries of the window.
The yield in the side bands is averaged and subtracted from the Z peak to get the
total number of Z — ete™ events.

The Z — ete™ MC samples are then fit to the data in 2D bins of pr and
In|. Fitting MC samples to data is described in Chapter [0} Each bin must have
a converging fit and an uncertainty of less than 30%, otherwise the binning is re-
optimized. A binning setup was found that satisfied both of these requirements.

Once the values for ¢; and ¢; are calculated, they are applied as weights to
the OS pair events in the region of Njes > 6, Ny_jers > 2, and Hp > 500GeV. The
weight is expressed as:
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W — €; + Ej — 261'6]' (77)

N 1_€i_€j+2€i€j

7.2.2 ttW Data-Driven Reweighting

In the previous search for the SM production of ¢ttt in the SSML channels, the mod-
elling uncertainties on the W + jets background were among the most impactful
in affecting the analysis sensitivity [6]. To reduce this uncertainty, a data-driven
reweighting is applied to the N, distribution of t£W samples.

The Njes distribution is assumed to follow scaling for QCD jets [121]. This
scaling is a parameterized function, which is expressed as the ratio of the number of
events with n+1 jets to the number of events with n jets. There are two components
to the parameterized function: an exponential decay and a Poisson distribution.

The exponential function assumes that the yield decreases exponentially as
a function of Njes:

—— =

Yield, - (7.8)

or, rearranging;:

Yield,,; = Yield, x aq (7.9)

This can be extrapolated to the case where there are n +m = J total jets:

Yield; = Yield,, x a¢™ (7.10)

There are four hard process jets in a ¢t dilepton event. Considering this
process, where n = 4, the ttW yield for total jets J = m + 4 is:

YieldJ = Yi61d4j X a()(J_4) (711)

The Poisson distribution follows the form, for n total jets with expectation
value n:
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ne—ﬁ

n

P, = o (7.12)
and
ﬁn+1€—ﬁ

Po1=—— 7.13

The ratio, then, is

n aq

Poiiym = = 7.14
T k1) 1+ (J—4) (7.14)

Scaling both functions by the yield at Nj.s = 4, the combined function is a

product of all successive bins j from Njers = 5 to Njers = J:

. s j=J-1 ay _

YleldJ = Yleld4jHj:4 [CLO —+ 1 T (j — 4)] =

A TP a e TP Y
YleldttW""A]’Hj:‘l [ao + 1+ (] — 4)] + YleldttW‘,4]Hj:4 [ao + 1+ (] _ 4)]

(7.15)

The ttW* and ttW~ events are treated separately and fitted in separate
regions to account for the large difference in cross section between ttW™* and ttW ™.
This difference stems from the fact that ¢¢WW production comes from quark-quark
interactions in the pp collisions, and the PDF’s of the protons favor ¢t/ production.

The ttW samples are fit to data in four regions defined (as shown in Table
to enhance ttW events above other background events. There are four parameters:
NFEgw+ 45, NEFgw- 45, ap, and a;. The NF’s are fit in the four regions, and the
correction factor is applied to all t£// sample events in the analysis. Table[7.2] shows
the NF’s for a fit to the CR1b(+) and CR1b(-) regions. The NF’s associated with
the yield at Njes = 4 are large, indicating an underestimation of ttWW events by the
MC modeling prior to fitting. Figure shows the CR1b(+) and CR1b(-) regions
after the fit. Generally, the MC and data are in good agreement.
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The post-fit N;. distributions for each of the four regions is shown in Figure
. There is good MC/data agreement in these regions. The NF’s associated with
the final fit to unblinded data are in Figure in Chapter [10]

Table 7.2:
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CHAPTER 8

Signal Discrimination and MVA

8.1 Introduction

The observation of tttt production is challenging both due to the low Standard Model
cross section, as well as the large and irreducible number of background events in
the 1L and 2LOS decay channels. In particular, there are many ¢t events, produced
with additional jets, that closely resemble the signal. The analysis strategy centers
on choosing a region of phase space such that the ¢ttt contribution in that region is
significant.

The first step is to define signal regions with anticipated higher numbers
of signal events, while excluding as much of the background as possible. One of
the clearest differences between tttt and tf is that the former is expected to have,
on average, twice as many jets and b-tagged jets as the latter. Therefore, the two
major variables that define the regions are the jet and b-jet multiplicity. Within each
region, the analysis further isolates the tttt events using a machine learning (ML)
classifier. The output of the ML classifier ranks events by their probability of being
tttt, with high output values indicating a more “tttt-like” event. The result within
a region is a distribution with the highest value bins having most of the signal, and
little of the background.

8.2 Region Definition

8.2.1 HBSM Analysis

The regions are divided by both number of jets per event and number of jets passing
a b-jet selection [116]. For the 1L channel, the number of jets is 8, 9, or > 10. The
number of b-tagged jets is 3, 4, or > 5. There is also a distinction made between
three b-jets passing a higher-efficiency loose cut (3bL), and three b-jets passing a
lower-efficiency tight cut (3bH). The efficiency definitions for 3b regions are shown
in Table 8.1} including the 3b validation region. There are six background regions:
8j3bL, 8j3bH, 8j4b, 8j>5b, 9j3bL, and 9j3bH. There are also six signal regions: 9j4b,
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9j>5b, >10j3bL, >10j3bH, >10j4b, >10j>5b.

Name | NFO% [ NJO% | NJ°%
3L [ <2 [ =3[ -
3bH | =3 | =3 | >4
3bV | =3 | =3 | =3

Table 8.1: Event selection requirements for the 3bL, 3bH, and 3bV regions. The
b-jet tagging efficiencies are 60%, 70%, and 85%. Note that 3bL only requires <2
b-jets in an event for the tightest working point efficiency, but three for the 70%
efficiency. This means that an event with no b-jets at the 60% efficiency but three
b-jets at the 70% efficiency would be a 3bL event.

For the 2LOS channel, the divisions are similar. The ¢ttt event decays to the
same number of b-quarks, resulting in the same number of expected b-jets. However,
there is one less hadronic decay of the W, and so correspondingly fewer expected
total jets. There are five background regions: 6j3bL, 6j3bH, 7j3bL., 7j3bH. There are
four signal regions: 7j>4b, >8j3bL, >8j3bH, >8j>4b.

The 1L and 2LOS regions of phase space are shown in Figure 8.1l The
signal regions are the regions with highest jet and b-jet multiplicity. There are also
control regions, composed of mostly background events, which are used in the profile
likelihood fit to constrain uncertainties (see Chapter [J). The validation regions are
not used in the fit, but their distributions are plotted to ensure that the fit results have
accurately modeled the background. There are also 2b regions that are employed for
corrections to background samples, in particular for the MC ¢t samples as described

in Chapter [7]

>5b Control . .
Control . . 4b regions Slopaleokis
y Signal regions
regions
4b
3bV Validation Regions
3bV Validation regions
3bH
3bH . Control regions et
Control regions Slgre! G
regions 3bL
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Top-quark background kinematic reweighting and 2b febagtiaiiibac ot klnematlg Ereldiinclang
2b X heavy flavour scaling
heavy flavour scaling

7 8 9 >10j 5) 6 7i 8

Figure 8.1: Visualization of region definitions based on jet and b-tagged jet multi-
plicity [116]. The 1L regions are shown on the left and the 2LOS shown on the right.
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8.2.2 Higgs Oblique Analysis

For the SSML analysis, the control regions are defined with the intent of isolating
a single type of background process. A fit to all of the control regions thus ensures
that every type of major background process is well-modeled in the high jet and b-jet
multiplicity signal region.

There are four regions designed to account for background processes involving
the production of extra leptons. These leptons come from the creation of an ete™
pair from a virtual photon ~x, from material conversion of a real photon interacting
with detector material, and the creation of an electron or muon from a heavy flavor
(HF) decay.

The ~* internal conversion is usually caused by radiation of a photon from
a W boson, with the W subsequently decaying into a lepton/neutrino. The virtual
photon then creates an ete™ pair. Because the photon is off-shell, it is generally
short-lived, and the resulting pair of leptons is generally low mass. The internal
conversion happens at a smaller radius from the IP than material conversion, and
can be identified by finding a pair of opposite-sign tracks within AR < 0.3 and
reconstructing the mass of the track pair.

Material conversion also creates a pair of tracks displaced from the primary
vertex, with a larger electron decay radius but also low mass. Material conversion,
internal conversion, and other fake lepton events are categorized using this informa-
tion by the DFCommonAddAmbiguity (DFCAA) tool. The output of the DFCAA
is shown in Table B.2]

’ DFCAA Output \ Description ‘

No 2nd track found
2nd track found but no conversion found
~v* Internal conversion candidate
Material conversion candidate

—_

N = O

Table 8.2: Descriptions of output values for the DFCAA tool.

The CR low m,* region and CR material conversion region therefore have
the same selections except for the DFCAA, which requires the material conversion
region to have DFCAA = 2 for at least one lepton and DFCAA = 1 and != 2 for the

low m.* region.
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Region

Channel

Other
selection

CR
Low m.*

SSee || SSem

v
—_

DFCAA(ZO or l1)21
DFCAA(lp and 11)!=2

CR

Mat. Conv.

SSee || SSem

Y
—

DFCAA([O or ll):2

CR HF p

emm || mmm

100 < Hr < 300GeV
Emiss > 50GeV
DFCAA(lp and I; and l3) < 0
abs(charge) = 1

CR HF e

eee || eem

100 < Hr < 275GeV
Elss > 35MeV
DFCAA(ZU and ll) <0
abs(charge) = 1

CR ttw

SSem || SSmm

Mee < 0or M > 0.1, |n(e)] < 1.5
for Ny=2, Hr < 500GeV or Nj <6
for Ny > 3, Hp <
DFCAA(ZU and ll) <0
> (charge) > 0

Njets

CR ttW—

SSem || SSmm

Mee < 0 or Mee > 0.1, n(e)] < 1.5
for Ny=2, Hr < 500GeV or N; < 6
for Ny > 3, Hp <
DFCAA(lp and ;) < 0
> (charge) < 0

Njets

CR1b(+)

2LSS + 3L

(SSee || SSem)
DFCAA([U and ll) § 0
Hr > 500GeV
> (charge) > 0

Njets

CR1b()

2LSS + 3L

(SSee || SSem)
DFCAA(ZU and ll) é 0
Hp > 500GeV
> (charge) < 0

Njets

CR
Low GNN

2LSS + 3L

> 6

> 2

Hp > 500GeV, GNN < 0.2

GNN

SR

2LSS + 3L

> 6

>2

Hr > 500GeV

GNN

The HF decay regions are defined to have DFCAA < 0 for the two leading

Table 8.3: Selections for each region of the SSML channels.
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leptons to exclude all possible conversion leptons. There are also cuts on Hp and
missing Er, shown below in the regions definition table, Table [8.3]

The CR low m.* region, CR material conversion, and HF decay regions are
used in a template fit to extract normalization factors (NF’s) for the rate of fake
and non-prompt leptons. A fit to data in these four regions allows for the extraction
of NF’s for HF decay to electron (NFgp,), HF decay to muon (NFgp,), material
conversion (N Fqt.conv.), and internal conversion (N F Loum.«)-

There are four regions designed to provide better modeling for the HW™*
processes, which constitute a major background in the SSML channel. There is a
region enhancing the ¢t/ process, one enhancing the t£WW ™~ process, a low N-bjets
region with positively charged leptons, and a low N-bjets region with negatively
charged leptons. The regions definitions are shown in Table [8.3] The NF’s for the
ttW* processes are estimated using a data-driven method described in Chapter .

There is a single signal region in the SSML analysis, defined by a high jet
and b-jet multiplicity, and by large jet activity.

8.3 Multivariate Analysis

The basic idea behind multivariate analysis is that, instead of using a single variable,
using the information from several variables at once can yield more powerful results
[122]. An example, shown in Figures [8.2] and [8.3] is to consider the separation of two
categories, A and B, each of which has events with the same associated variables, in
this case two variables x = (z1,22) In this example, the distributions of z; for A and
B have large overlap, and so do the distributions for z5. However, the distributions
for x1 + x5 are easily separable for the two classes. This is a case where a simple cut
on either variable will not discriminate A from B, but a multivariate cut will.

This example can be expanded to events with N variables x = (z1, z,... Ty).
Multivariate analysis then takes place within /N-dimensional space. The objective is
to construct some function of x and coefficients w such that events in Class A are
easily distinguishable from events in Class B.

Constructing such a function is usually impractical to do analytically. In-
stead, machine learning is employed to approximate the function. Specific algo-
rithms, such as decision trees (DT’s) and neural networks (NN’s), have different
approaches, the details of which will be discussed below. This analysis uses super-
vised machine learning, in which an algorithm is given both the input and the desired
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(left) and x (right). The

top row shows the distributions for Class A and Class B, and the bottom row shows
the combined distribution. When each variable is considered individually, Class A

and Class B are not easily separable.
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Figure 8.3: Left: Three-dimensional plot of z; and x5, showing the distribution for
Class A in gray and Class B in green. Right: Class A and Class B have narrow and
separable distributions for x;+x,.
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output, and is “trained” by learning to replicate the output. The trained algorithm
can then be used on datasets for which the output is unknown. Machine learning,
applied to the task of multivariate analysis, is a powerful tool that can often yield
higher significance and greater separation power than simple cuts on single variables.
However, some of the decision-making process is not transparent, and the function
created by the algorithm is derived empirically.

8.4 Machine Learning Algorithms

As stated previously, the algorithms are solving a specific problem: for a given input
set of of variables or features x, determine some f(w,x) output that will provide
information about how to categorize the event. For the case of this analysis, f(w,x)
is discrete and the available values represent the probability that an event is a tttt
event. Each “step” of algorithm training involves recursively calculating an answer,
comparing this answer with the target answer via a loss function, and adjusting the
function parameters to reduce the loss in the following step. The process repeats
until specific stopping conditions are reached, such as a decision tree’s Gini Index

(defined below).

The quality of MVA alogrithms is assessed by creating a receiver operating
characteristic (ROC) curve, which for a binary classifier plots the rate of true positive
results against the false positives |123]. The area under the ROC curve (AUC) value
quantifies the efficacy of the algorithm. A larger AUC indicates a higher rate of true
positives for a lower rate of false negatives, and therefore a better classifier.

The Boosted Decision Tree (BDT) was the primary classifier used for the SM
measurement that resulted in evidence for ¢ttt production [6]. In this analysis it is
used to validate the results produced using a Graph Neural Network (GNN). The
choice to use GNN results is based on the improved sensitivity when employing the
GNN. This is shown in Figure [8.7, where the GNN classifier ROC curve has a higher
AUC, and in Figure 8.8 where analysis with the GNN achieves a higher significance
than analysis using the BDT.

8.4.1 Graph Neural Network

A neural network is comprised of neurons in the sense that information is aggregated
in nodes, which are connected to each other and which can be “activated” or “sup-
pressed” by the information they receive from other nodes [124]. In a feedforward
neural network, there are several layers of nodes. Each node in a layer receives in-
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formation from all of the nodes in the previous layer. This information is processed
by a parameterizable function, and the output is usually a value within a continuous
function ranging from [0,1] |[125]. This output then becomes the input for the next
layer, until all layers have completed their processing.

This feedforward neural network can be improved in several ways. Firstly, a
node could, in addition to considering all previous nodes, use the information on its
own state during the previous iteration. This allows for short-term memory within
the network and is especially useful for processing sequential information. The second
improvement is to more efficiently organize the input information. This is a defining
feature of a Graph Neural Network, or GNN: the variables of input events are either
nodes corresponding to object data, such as jet pr, or else edges that quantify the
relationships between two nodes. For example, two jet pr nodes would be connected
by an edge that represents the AR between the jets.

Figure demonstrates the steps of an iteration within the message-passing
GNN algorithm:

1. There is a pair of input nodes, h; and h;, and they are related by an edge
variable e;;. Their values at time ¢ are input into a neural network M;, which
uses a rectified linear unit (ReLU) function as the activation function [126]. A
message mj; is formed as the output.

2. All messages created between node i and the other nodes (mj;, mj,, mj,,) are

aggregated via a sum or mean to form m!, the message for 7 at time ¢.

3. The node variables are then updated. The current value for node 4, hi, is
combined with the message m! via another neural network, H;. Note that this
step involves the node self-referencing its current value. After the information
is combined in H;, the value of the node is updated for the next iteration at
time ¢ + 1, becoming h!™.

4. There are three message-passing layers which update the node values. Once
node updating is completed at time 7', all the finalized node values (h7, h]T,
hi) are used as input into a function R, which outputs a single classification
value y. In the case of this analysis, y is a value between [0,1] that represents
how likely the event is to be a tttt event.
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Figure 8.4: Flow of information in a GNN . The first step processes messages
between each pair of elements, including relational information, while the second
step aggregates that information. The third step uses a neural network to update
the elements’ values, and the final step calculates a single output value for each pp
event.

8.4.2 Decision Trees

Each step of a decision tree involves applying a cut at a single value for a single
variable. The algorithm begins with a full dataset, consisting of both signal (s) and
background (b) events described by a set of N variables x = zy,29... xy. The
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decision tree operates as follows [128]:
1. Evaluate the separation power when splitting the dataset by some value of x.

2. Evaluate the separation power when splitting the dataset by some value of
To...TLN-

3. If a stopping criteria is satisfied, then do not split the dataset and exit the
algorithm.

4. If no stopping criteria is satisfied, split the dataset according to the value of z;
that yields the greatest separation power.

5. ITterate on each of the new daughter datasets.
6. The algorithm is finished when all datasets have satisfied a stopping criteria.

A singular decision tree has the advantage of transparency and stability
against missing or irrelevant variables, but its separation power is lower than other
methods and can be sensitive to minor changes in the training dataset. To address
these disadvantages, multiple decision trees are used in a method called “boosting.”
A Boosted Decision Tree (BDT) averages its results, giving greater weight to trees
with a lower error. Trees can also be trained multiple times and resampling random
events. This is called “bagging” and, because typical events are more likely to be
selected than outlier events, bagging reduces the impact of statistical fluctuations on
the BDT output.

This analysis uses BDTG, a BDT available through TMVA [96]. The BDTG
evaluates the separation power at 30 different values for each variable. A purity p
is defined as the ratio of signal events to total events. In particular, the separation
power is expressed as a Gini Index:

px(1-p) (8.1)

The stop criterion for this BDT is dictated by the size of the dataset. When
a splitting reduces the dataset in that category below 100 events, the BDT algorithm
terminates on that splitting.

The boosting algorithm, GradientBoost, combines a number M of the deci-
sion trees via a weighted sum. Each individual decision tree has an output f(x;a,,),
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where x is the set of input variables for an event and a,, is an adjustable parameter.
These trees are weighted by another adjustable parameter, f3,,, and combined to
form an overall output, F(z; P):

M—-1

F(z; P) =Y Buf(x;:0m); P € {Bmiam (82)

m=0

The boosted output, F'(x; P) is then optimized by adjusting the parameters
P to minimize the loss function. The loss function, in this case, is a binomial log-
likelihood function:

L(F,y) = In(1 + e”2'@P)y) (8.3)

where y is the true output value. This analysis makes use of 600 decision
trees to boost the classifier. These trees each sample 60% of the available training
dataset in order to bag the classifier.

8.4.3 HBSM Analysis

The HBSM GNN is constructed using PyTorch Geometric[129], inspired by the
graph_nets framework[130]. A rectified linear unit (ReLU) function is used as the
activation function for the inner NN’s; and a sigmoid activation function is used for
the output of the final layer. A binary cross-entropy function is used as the loss
function.

The BDT framework is BDTG|[96], and the loss function is a binomial log-
likelihood, defined in Section [8.4.2]

Both the BDT and the GNN are trained to separate tttt from its dominant
background, ¢t + jets. No other background samples are used. For each, two MVA’s
are developed: one for the 1L channel trained on nje,s > 9, ny_jers > 3, and one for
the 2LOS channel trained on njes > 7, ny_jers > 3. Each MVA has hyperparameters,
such as the number of trees used in the BDT. These are optimized based on the ROC
curve as well as the stability of the MVA. The input variables for the HBSM BDT
are shown in Table [8.4] and the input variables for the HBSM GNN are shown in

Table B3
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’ Variable \ Description ‘
Hr sum of transverse momentum for all leptons and jets
>oipri/> i Ei centrality
Nijets jet multiplicity
P10 leading jet transverse momentum
AR%JQ average angular separation of all jet pairs
M %”'AR invariant mass of jet triplet with minimum angular separation
M; jJR<3 average invariant mass of all jet triplets with AR <3
Z?:opTi / ZZZ 4pri | ratio of pr sum of first four jets to pr sum of remaining jets
ARg™ minimum AR among pairs of b-tagged jet and lepton
A g’gm minimum angular separation among all pairs of b-tagged jets
M? average invariant mass of all b-tagged jet triplets
My minimum variant mass of b-tagged jet pair
Zjiépcbi sum of pcb score of the four jets with highest DL1r score
Nrc10o number of RC-jets with a mass higher than 100GeV
> dia sum of the first k; splitting scale dis of all RC-jets
> das sum of the second k; splitting scale dog of all RC-jets
E7Es missing transverse energy
(mp (1, ERss)) W reconstructed transverse mass (1L only)
my invariant mass of two leptons (2LOS only)

Table 8.4: Input variables for HBSM BDT.

An MVA’s process can become too closely adapted to its training dataset.
This makes its classification abilities good for its training dataset, but when applied
to any other dataset, the classifier’s separation power is worse. This phenomenon
is known as “overtraining.” Generally, a comparison between a testing and training
dataset will show the effects of overtraining. As seen in the ROC curves of Figures
and the AUC difference is very small, indicating that neither the BDT nor
the GNN are highly affected by overtraining.

To further ensure that overtraining is not adversely impacting the analysis,
a two-fold validation is used. The dataset is split into two equal parts, designated
“odd” and “even.” The MVA is first trained to minimize the loss function: once using
the odd samples, and once using the even samples. The two MVAs’ performances
are optimized separately. If the odd samples were used to minimize the loss function,
the even samples are used in the performance step, and vice-versa. This ensures that
no MVA is used on the dataset upon which it was trained. This is the case for both
the BDT and GNN.
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Variable Description ‘
Nodes
pr object transverse momentum
n object pseudo-rapidity (0 for EZ* node)
E object energy
peb pseudo-continuous DL1r b-tagging score (0 for non-jets)
- object type (-2 for muons, -1 for electrons, 0 for E%Z”SS , 1 for jets)
Edges
A angular separation between pairs of objects
An
AR
Globals
Hr sum of transverse momentum for all leptons and jets
Z?:opTi/ > i>4PTi ratio of pr sum of first four jets to pr sum of remaining jets
jAjJRdf_ average invariant mass of all jet triplets with AR <3
(mq (1, EF*%)) W reconstructed transverse mass (1L only)
my invariant mass of two leptons (2LOS only)
> opri/> i Ei centrality
Nijets jet multiplicity
Nrc1oo number of RC-jets with mass greater than 100GeV
M? average invariant mass of all b-tagged jet triplets
AR minimum AR among pairs of b-tagged jet and lepton
ARng minimum angular separation among all pairs of b-tagged jets
ARG average angular separation of all jet pairs
Ziiopcbi sum of pcb score of the six jets with highest DL1r score
> dio sum of the first k; splitting scale dio of all RC-jets
> das sum of the second k; splitting scale dog of all RC-jets

Table 8.5: Input variables for HBSM GNN.

The BDT distributions of signal and background for both a sample testing
and training set are shown in Figure The GNN distributions for all testing and
training sets are shown in Figure [8.6]

8.4.4 Higgs Oblique Analysis

The Higgs Oblique analysis uses a GNN as the signal/background classifier, as the
GNN was shown to improve analysis sensitivity over the BDT [25]. The analysis
uses the graph_nets framework and open-source code [130]. The GNN uses a log loss
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Figure 8.5: BDT distributions for a testing/training sample for both signal ¢{tt and
background tt+jets. The distribution is shown for two different my mass points in

the 1L >9j>3b region.
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Figure 8.6: BDT distributions for all testing/training datasets for both signal tt¢t
and background tt+ jets. The distribution is shown for two different my mass points

in the 1L >9j>3b region.



125

’ Variable ‘ Description ‘
Nodes
pr object transverse momentum
pch pseudo-continuous DLIr b-tagging score (0 for non-jets)

- lepton charge
- object type (-2 for muons, -1 for electrons, 0 for E7* 1 for jets)

Edges
A angular separation between pairs of objects
An
AR
Globals
Niets ‘ jet multiplicity

Table 8.6: Input variables for Higgs Oblique GNN.

function and a sigmoid activation function.

The HBSM analysis uses the 1LOS decay channels and has one dominant
background. In contrast, the Higgs Oblique analysis uses the SSML decay channels,
and so the tftt signal must be isolated from several important backgrounds. There-
fore, the dataset for the background is comprised of all MC pre-fit backgrounds,
including a QmisID ¢ background. The signal is the LO SM tttt sample.

Weights for WV sample were optimized to maximize the AUC of the ROC
curve. Better discrimination from the ¢t background was found to increase the
effectiveness of the GNN as a whole. Weights between 1-9 were tested on the ¢tV
sample, with a value of 3 giving an optimum result. All other samples have a weight

of 1. The input variables for the Higgs Oblique GNN are shown in Table [8.6]

To alleviate overtraining effects, the k-folding method is used, with the num-
ber of folds being k& = 6. The entire dataset is divided into six independent subsets
based on eventNumber. For each subset ¢, the GNN is trained on all subsets except
7, and then analysis is performed on i. The number k = 6 was determined based on
overall performance and AUC.

The GNN distributions of background and ¢ttt NLO are shown in Figure
The ROC curve is shown in Figure [8.10]



126

M400 ROC (1L =9j=3b)
Region ge9jge3b. Pseudo mass = 400 GeV T

10 o

©

0.

®

k]
0.

Background Rejection
3

0.

>

06
0.

TPR

04 0

=

@
RN LA LN R R RN RARRR LA R

—— Ewven Model Testing. AUC = 0.8322

Even Model Training. AUC = 0.8384 03
02 Odd Mode! Testing. AUC = 0.8435 02
—— Odd Medel Training. AUC = 0.8403 — Train; AUC = 0.816926
00 Combined Testing. AUC = 0.8377 0.1 ___ Test; AUC = 0.812460 3
| I I W W S R NN T N
0.0 0.2 0.4 0.6 08 10 0 01 02 03 04 05 06 07 08

FPR .S\gnal Efficiency

Figure 8.7: Comparison of GNN and BDT performance when classifying ¢t and ¢ttt
events. The ROC curve for the GNN is shown in the left plot, and the ROC curve
for the BDT is shown on the right. Note that curves are different because the axes
display different efficiencies. For both, however, an ideal classifier will maximize the
AUC.

8.4.5 Quark-Gluon Tagging in HBSM

For the 1LOS channel, the high jet multiplicity of the signal regions means that
any background events must have several extra jets. For example, to qualify for the
9j regions, tt events must have, in addition to the two b-jets produced by the top
decays, seven extra jets. One of the W bosons must decay leptonically to be part of
the 1L channel. If the other W boson decays hadronically, creating two jets, then
there are five jets that are not produced as part of the hard tf process. These extra
jets are typically softer and come from a light quark or gluon decay.

A quark/gluon tagger was introduced to exploit this feature of background
event jets and to enhance the existing tttt vs. tt discriminant. The tagger is itself
a BDT classifier designed to use jet information to distinguish quarks from gluons.
The input variables are nyqek, jet pr, |n|, and two variables expressing jet width
and momentum correlation. The jet width wy.qq is defined by the sum of angular
separation of track ¢ from the jet, weighted by track py. The two point momentum
correlation, Cpg, is calculated using the angular separation of track ¢ from track j,
where (3 is a parameter set to § = 0.2

ZipT,iARi

Wtrack = 8.4
! ZipT,i ( )
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Figure 8.8: A direct comparison of the sensitivity between the two MVA methods.The
orange dotted line shows the mean sensitivity as a function of mass using the BDT.
The dotted black line shows the mean sensitivity when using the GNN. The bands
indicate the 1 and 20 confidence intervals. There are also two solid lines showing
curves for theoretical cross sections of the Heavy Higgs-associated tttt process.
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The quark/gluon (q/g) tagger has three working point (WP) efficiencies for
50%, 80%, and 90%. There are three separate cut values for quark-tagging and
for gluon-tagging. In each instance, the q/g tagger was added as an input to the
discriminant MVA, expressed as the number of jets in an event passing a particular
tagging cut. The MVA was trained on tf and tttt samples in the > 9j and > 3b regions
for 1L and > 7j and > 3b regions for 2LOS. The impact of various configurations of
the q/g tagger was tested by comparing the resulting ROC curve with the nominal
ROC curve without any q/g tagger variable.

The greatest improvement was found to be from an 80% gluon tag cut on jets
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Figure 8.9: GNN distributions for each testing dataset i, compared to GNN distri-
butions in datasets not equal to ¢. The tttt LO sample is shown, which was used for

the training of the GNN. This was done to avoid the negative weights present in the
NLO sample.

failing a DL1r b-tag cut at 85% WP efficiency. The addition of the b-jet exclusion
enhanced the gluon tagging because the q/g tagger is better at distinguishing between
light /c-jets and gluon jets, but does not perform as well distinguishing between b-
jets and gluon jets. Thus the tagger is only applied to jets that are not identified as
b-jets by the b-jet tagger.

This can be seen in Figure [8.11 which shows the percentage of jets in the
1L > 3b region passing certain cuts. 26% of the total 1L > 3b jets are truth b-jets,
and 17% of the total 1L > 3b jets pass the 80% WP gluon tag. In other words, 66%
of true b-jets are tagged as gluons. When the 85% WP b-exclusion is applied, less
than 7% of truth b-jets pass the cut. In other words, more than 93% of true b-jets
are excluded by the DLIr cut. Of these, 71% pass the gluon tag. This illustrates
the poor b-jet/gluon-jet discrimination power of the /g tagger, but also shows how
much the addition of the b-tagger can aid the q/g tagger.

Figure shows that, of the total jets in events with > 3 b-jets, about
45% of jets from tt are truth gluon-jets. Then, 77% of truth gluon-jets are correctly
tagged by the q/g tagger. Independently, 82% of truth gluon-jets are excluded by the
DL1r b-exclusion cut. The last point on the plot shows that 63% of truth gluon-jets
in the ¢t sample are both b-excluded and gluon-tagged. This figure also illustrates
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the large difference in the number of gluon-jets between the ¢t sample and any of the
tttt samples.
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Figure 8.12: Composition of jets for events with > 3 b-jets, with the focus on
percentage of gluon jets as different cuts are applied.

Figure [8.13|shows a comparison of the ROC curves for the BDT discriminant
with and without the b-excluded gluon tagging. The AUC improvement for ¢t vs.
tttt associated with a heavy Higgs of mass mpy = 400GeV is roughly 10%. Figure[8.14]
shows the GNN AUC as a function of my, demonstrating noticeable improvement
when the q/g tagging variable is added. The performance of both MVA’s is enhanced
by the introduction of the q/g tagger as a b-excluded gluon-tagger.

The q/g tagger was not incorporated into the final HBSM analysis strategy
because the fully developed q/g tagger was not available on the timeline of the
analysis. However, future analyses involving signal regions with high jet multiplicity
might benefit from the addition of a b-excluded gluon tagging option.
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CHAPTER 9

TRExFitter and Profile Likelihood Fits

9.1 Introduction

For new particle searches or rare processes, there is a convention for reporting re-
sults that acknowledges the probabilistic nature of the processes being studied. The
convention is not to declare whether or not a process exists, but rather to quantify
the level of confidence that it does. For example, the data are analyzed as a binned
distribution of a chosen variable. There is a prediction of what this distribution
would look like with only known background contributions (the null hypothesis) as
well as a prediction of how the added signal process would affect the distribution.
The objective is to determine how well the null hypothesis and the signal hypothesis
match the data.

Profile likelihood fitting is used to accomplish this objective. The profile
likelihood fitting process performs several tasks. First, it expresses the compatibility
of a hypothesis to data as a single, meaningful value. Secondly, it incorporates
uncertainties in the data-taking process and analysis. Lastly, it can output the most
likely value for a signal cross section. This is expressed as a “strength” or ratio of
the observed cross section to the predicted cross section, where the predicted cross
section is the SM cross section. A strength of one corresponds to agreement with
the prediction. Alternatively, profile likelihood fitting can place limits on the upper
value of the signal strength. The program called TRExFitter is used to perform
likelihood fitting for this analysis.

9.2 Profile Likelihood Fitting

Profile likelihood fitting is a series of steps by which a distribution is transformed
into a probability function depending on signal strength and systematics, then into
an optimized ratio, then into a test statistic depending only on signal strength. For
this analysis, the input distribution is the output of a multivariate analysis (MVA)
classifier, wherein an event scoring a high value is judged as more likely to be a ¢ttt
event (see Chapter [§). The systematic uncertainties are those involved in the data-
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taking process at the LHC, in the MC modelling of the background and signal events,
and within the theory. The outputs of the profile likelihood fitting are threefold:
adjustments to the uncertainty values, or “pulls,” reductions of the possible range of
uncertainty values, or “constraints,” and the value of the tttt cross section that best
matches the input distribution relative to the SM cross section, or “signal strength”.

There is also convention regarding the results. In particular, the test statis-
tic that is produced by the fitting is turned into a p-value and its equivalence, Z.
Conceptually, the p-value is the probability that random fluctuations in the null hy-
pothesis could reproduce the data. A low p-value indicates that such a fluctuation
is unlikely and, by extension, there is likely to be signal present. The significance is
obtained by considering a normalized Gaussian distribution. The value of the sig-
nificance is the number of standard deviations required to create an area under the
curve equal to the p-value, as shown in Figure [0.1 If the p-value is small, then a
larger number of standard deviations from the norm are required, resulting in a high
significance. The standard for the field of high-energy physics is to claim ‘evidence’
for a process at a significance of 3o, or a p-value of 0.0013, and to claim ‘discovery’
at a significance of 50 and a p-value of 2.87 x 1077 [131].

Null hypothesis
distribution

Measured value

p-value

\\\‘I\I‘I\I‘\\\‘\I\|

P BRI B

R —

Figure 9.1: Visualization of p-value and significance as the difference between the
mean of the hypothesis distribution and the measured value.

The first step of profile likelihood fitting is to transform an input distribution
into a likelihood function. Consider a distribution that has N bins corresponding to
different values of a variable x. There are background contributions to each bin and
also signal contributions, the number of which depend on signal strength p. There
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are also a set of systematic uncertainties 8 and 6, corresponding to the signal and
background. The signal and background yields (s; and b;, respectively) in the ith
bin are described by probability density functions f(z;6) such that:

8i = Stot Is(z; Os)d:p7 b; = biot folx; Op)dz (9.1)

bin i bin i

The values s;,; and by; are the total mean number of signal and background
events. The expectation value E for observed events n; is:

En;] = pus; + b; (9.2)

In addition to the phase space where signal contribution is expected, there
are also validation regions of the phase space. These background-dominated regions
are included to better characterize the values of 8. For a histogram with M bins,
the expectation value E for observed events m; is dependent on some calculable
background prediction u;:

E[m;] = u;(0) (9.3)

Conceptually, the likelihood function is a means of comparing the observed
and expected yields for each bin. In particular, a Poisson probability is used, of the
form:

p_ Aree—A
k!

(9.4)

where A corresponds to the number of expected events in a bin and k is the
number of observed events. For the signal region histograms, this Poisson probability
is written as a product of N bins:

N n;
ps; +05)"7 e i,
Lyig(1,0) :HMQ (1s;+b;5) (9.5)

n;!
j=1 J
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Here, n; is the number of observed events in the jth bin. For the background
histograms (in validation and control regions), the same probability is expressed for
M bins, where my, is the number of observed events in the kth bin and uy, the number
of expected events, is also implicitly dependent on the uncertainties 6:

Lokg(p,0) = [ 2e™ (9.6)

The likelihood function combines the Poisson probabilities associated with
all bins for both the background and signal histograms:

N M m
H ”SJ ™ b e~ (sj+bs) uLke—Uk (9.7)
=1 Py mk'

A large likelihood value indicates a high probability that the nuisance pa-
rameters 6 and signal strength p will match the observed yields. Both # and p can
be adjusted, and in particular can be optimized to achieve the highest possible value
of L. This is called the “unconditional likelihood maximum,” expressed as L(i, 6).
The “conditional likelihood maximum” is the maximum value of L for a fixed value
of 1, and is expressed as L(u, 6).

The conditional maximum will always be less than or equal to the uncondi-
tional maximum. Therefore, a ratio can be defined that is dependent only on signal
strength p:

AMp) = (9-8)

The unconditional likelihood maximum represents the case where p and 6
have been adjusted to match the observed data as closely as possible. The conditional
likelihood maximum represents the closest match to data when p is at a fixed value.
Therefore, the value of A(u) scales from 0 to 1, where 1 indicates that the given value
of 1 is the same as the unconditional value, i.e. the value that most closely matches
what is observed in the original input data distributions. Maximizing the ratio in
Equation leads to an output ideal pz and the nuisance parameter set 8. This is
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referred to as a “profile likelihood fit” and the resulting x4 and @ are assumed to best
represent the data.

This ratio can be expressed as an equivalent value called the test statistic:

ty = —2lnA(n) (9.9)

There is a probability density function (PDF) associated with ¢,. This is an
independent input and, for this analysis, is assumed to be a noncentral chi-square
distribution [131]. The value of ¢, obtained by the likelihood fitting is denoted as
t,.0bs and the p-value of the fit is thus the area under the ¢, pdf beginning at ¢, ops:

b= T e, (9.10)

tu,obs

This can then be transformed into a significance:

Z=0"11-0p) (9.11)

The ®~! represents the quantile, or the number of standard deviations re-
quired to get probability 1 — p. This is the same definition as was discussed in the
introduction.

High compatibility between data and the null hypothesis will result in a
large profile likelihood ratio, which in turn translates to a small test statistic, a
large p-value, and a low significance. The inverse is also true. Comparing the input
data to a null hypothesis means calculating Z using a test statistic pdf assuming a
background-only distribution. Using ¢, s associated with the maximum likelihood
ratio yields an “observed” p-value, and using ¢, associated with p = 1 yields an
“expected” p-value.

In the case of this analysis, the data are compared to a background-only
hypothesis that includes all Standard Model processes except for the predicted tttt
production.
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9.3 Setting Limits

Often in an analysis, it is meaningful to constrain the parameter of interest. Even if
there is not sufficient evidence for a process, the analysis can still draw conclusions
about certain relevant quantities. For example, this analysis seeks to demonstrate
the existence of BSM tftt production, extracting a value for either Heavy Higgs mass
or the Higgs Oblique parameter. However, the analysis can also constrain the limits
for these parameters regardless of the significance.

Instead of finding a significance based on the extracted signal strength, the
reverse is performed. A desired significance (or equivalent p-value) is used as the
input. Using similar formulae as before, a signal strength can be calculated. In
particular, assuming a signal that only enhances the cross section, a slightly different
test statistic is defined:

_ ) 2lnA(p) p>p
b= A B2 912)

Where, as in Equation [9.8] /i represents the value of p corresponding to the
unconditional likelihood maximum. And the formula for the p-value is largely the
same as before:

P#I/OO flaulpw)da, (9.13)

4Qu,0bs

Conceptually, a limit represents how much signal strength is needed to
achieve a certain significance. The analysis strategy plays an important role in such
a limit. Consider two cases: an analysis that uses regions of phase space where there
is large background and small fractions of signal yield, and an analysis where at
least a few regions have large fractions of signal yield. The former is going to require
higher signal strength than the latter in order to achieve the same p-value. This is
why finding limits is also useful for assessing the sensitivity of an analysis strategy.

9.4 TRExFitter

For this analysis, profile likelihood fitting is performed using a package called TREx-
Fitter. TRExFitter uses a RooFit framework, which allows the various distributions,
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probabilities, and functions to be expressed in ROOT-compatible C++ language
[132]. TRExFitter reads in the distributions associated with background and signal,
as well as any nuisance parameters. A separate tool, HistFactory, is employed to
create the likelihood functions [133]. The likelihood functions are stored in an XML
workspace, and, during the fitting process of TRExFitter, the functions are adjusted
to maximize the likelihood ratio in Equation 0.8 In addition to the statistical anal-
ysis, TRExFitter also has plotting capabilities to visualize both yields and nuisance
parameters.

The input histograms for TRExFitter include both ATLAS data and Monte
Carlo simulated pp collision events. For the background regions, the likelihood fit
is performed for distributions of the sum of transverse jet momentum, or HT. For
the signal regions, the likelihood fit is performed for distributions of a GNN output
designed to identify ¢ttt events (see Chapter . The systematics are either explicitly
included from independent calculations, such as the luminosity, or else included as
their own input distributions. For a given source of systematic error, the input
histograms are the same as the nominal histograms but with the yields adjusted by
410 of the systematic error in question.

The profile likelihood fit is first performed using an Asimov dataset as an
input. The Asimov dataset is a special dataset such that, when the likelihood fit
is performed, it returns the same values for the error parameters @ that were used
as input. In other words, the signal and background MC are put into the fit with
their nuisance parameters at their nominal values, and the fit assumes that these
values are already optimal. The fit does not change the mean values, but it can still
constrain the range of each nuisance parameter value, reducing it from its original

range of 1o. The new range is obtained from the range of 6 values obtained in the

likelihood ratio (Equation [9.8).

The role of the Asimov fit is to test the sensitivity of the analysis without
relying on data, which must be blinded. The Asimov fit can also be used to assess
the quality of the fit, which not only includes the sensitivity, but also the stability
against fluctuations in data, reasonable values for the nuisance parameters, and no
problematic nuisance parameter constraints. The definition of a “problematic” con-
straint is somewhat arbitrary, but generally it is considered a problematic constraint
if A) the constraint is on a small, less impactful nuisance parameter, B) the nuisance
parameter is perfectly constrained (with a range of zero), or C) if there is a large
difference in constraint on the same nuisance parameter between two iterations of a

fit.
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A blinded fit is a fit performed using data, but which has been blinded in
regions of phase space anticipated to have the highest signal to background ratio.
For this analysis, bins for BDT/GNN scores above a certain value are blinded. The
cut on BDT/GNN score is applied to each region separately such that the blinded
bins have an MC-modeled signal percentage > 5%.

A realistic Asimov fit is a two-part process. First, a fit to blinded data is
performed to extract the constrained/pulled values of the systematics and of the
background yields. The results from the blinded fit are used to create “realistic”
Asimov data. The output of the realistic Asimov fit gives a more accurate assessment
of the analysis sensitivity before unblinding. The realistic Asimov fit is used in the
Higgs Oblique analysis, shown below in Section [9.5.2]

9.5 Preliminary Profile Likelihood Fit Results

9.5.1 HBSM Analysis

The Asimov fit is performed using the TRExFitter tag 00-04-16 [116]. The six 1L
control regions are fit to the jet activity (Hry) distribution, and the six 1L signal
regions are fit to the MVA distribution. There are two MVA distributions used: a
BDT and a GNN, discussed in Chapter [8. For each MVA type, two different MVA’s
are used: one optimized for the 1L channel, and one optimized for the 2LOS channel.
Therefore there are two separate fits, one for each MVA type, and four trained MVA’s
used for each mass point. The ttH — tttt process is investigated separately for seven
different mass values of H, from 400GeV to 1000GeV in 100GeV increments.

The Asimov fit is performed over all control and signal regions, and with
all available samples and systematics. The dominant ¢¢ background is reweighted
using first a data-driven heavy-flavor (HF) scaling, and then reweighting is applied
to kinetic variable distributions using a neural network method (See Chapter [7)).

The pre-fit yield plots for signal and background distributions are shown in
Figures and [9.3] and the post-fit yield plots are shown in Figure and
Plots using GNN distributions for a representative mass point of my = 500GeV
are shown. As expected, the post-fit distributions have reduced uncertainty from the
constraints placed on nuisance parameters during the fit. The post-fit NP constraints
are shown in Figure[9.6] For the Asimov fit, the NP values are assumed to be correct,
and the values themselves are not adjusted (pulled) by the fit; only their range is
constrained. The largest constraints occur for the ¢ modeling systematics and the
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cross section systematics. The modeling systematics also have the highest impact on
the calculated value of the signal strength, j, as indicated in the blue bars of Figure
0.7 This large impact is expected, and as such the constraints on the modeling
systematics are not considered excessive. However, the constraint on the ti+ > 1c
cross section is larger than expected and is currently under investigation.

A preliminary fit to data is performed using the same TRExFitter tag. The
setup is the same as for the Asimov fit, except that instead of assuming that the yields
and NP values are already correct, they are adjusted to maximize the likelihood ratio
with respect to data. In the preliminary data fit, regions expected to have high signal
yield, with S/R ratio > 5%, are blinded. This fit is performed assuming that there is
no tttt contribution, i.e. a background-only fit. The blinded fit provides information
on the modeling agreement in background-dominated regions of phase space.

The pre-fit yield plots for signal and background distributions are shown in
Figure [9.8 and [9.9, and the post-fit yield plots are shown in Figure and
Plots using the GNN distributions for the representative mass point of my = 700GeV
are shown. The post-fit distributions have reduced uncertainty due to data/MC
matching in the fit being used to constrain the nuisance parameters (NPs). The
post-fit NP constraints are shown in Figure|9.12| For the data fit, the NP values can
be both adjusted and constrained by the fit. There are no anomalous large pulls,
which would indicate issues with the fit.

9.5.2 Higgs Oblique Analysis

The Higgs Oblique analysis secks to extract, from the signal strength of ¢ttt, a value
and associated uncertainty for the Higgs Oblique parameter, H. To accomplish this,
an EFT adaptation of the TRExFitter tool is used. Instead of having one signal
(the SM titt), there are five samples representing the ¢ttt signal at different values
of H: H = 0.05, 0.08, 0.12, and 0.17. The EFTRExFitter tool fits the tftf yield as
a function of H 2 where the quadratic dependence comes from Equation . The
EFTRExFitter tool was used to produce the quadratic fits shown in Figure [9.13] In

this case, the fit extracts the coefficients for this quadratic function.

Once the tttt yield has been described as a function of H, the fit to data
commences in the same way that it does for the HBSM analysis: there is a profile
likelihood fit that constrains systematic uncertainties and estimates a value of tttt
that maximizes the likelihood. However, instead of extracting a t¢tt signal strength
in terms of the SM cross section, the signal strength is expressed as the value of H
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Figure 9.2: Pre-fit distributions for 1L channel, associated with different signal and
background samples. The event yield is on the y-axis. For the control regions, the
Hr value is on the x-axis, and for the signal regions, the GNN score is on the x-
axis. The signal-to-background ratio is shown in the bottom of the plot. Some plots,
particularly those for high b-jet multiplicity, have a single bin with large uncertainty.
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x-axis. The signal-to-background ratio is shown in the bottom of the plot.
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Figure 9.4: Post-fit distributions for 1L channel, associated with different signal and
background samples. The event yield is on the y-axis. For the control regions, the
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Figure 9.5: Post-fit distributions for 2LOS channel, associated with different signal
and background samples. The event yield is on the y-axis. For the control regions,
the Hp value is on the x-axis, and for the signal regions, the GNN score is on the
x-axis. The signal-to-background ratio is shown in the bottom of the plot.
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Figure 9.8: Pre-fit distributions for 1L channel, associated with different signal and

background samples, compared with blinded data yields.
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Figure 9.9: Pre-fit distributions for 2LOS channel, associated with different signal
and background samples, compared with blinded data yields.



151

2 T T T T 2 1400 T T T T T 2 T T T T T 2 T T T T RE]
§ 2500~ ATLAS  Interal 4- 5677.0 | § ATLAS  Intemal 4 28130 § 700C ATLAS  Intemal 4 Data 11000 8 ATLAS  Intemal 4
o f5=13TeV, 139.0 bl 0.0 W00 5=13 TeV, 139.0 ol 00 1 o 5 =13 TeV, 139.0 fofill {iE700 00 G O9F {5=13Tev, 139.0 ol
410p 1LOS =] 410p 1LOS O i 73 F- 4-0p 1L0S =] i 54 3 0,65 +10p 1LOS O
[ LETS 8301 O LIETS gj,3bH O gt 3440 LIETS gj.4b O dight 131 LIETS 8250 O
Post-Fit O 10001~ Post-Fit O el 4757 sooF. PostFit O te=ic 979 ] 0.7F Post-Fit =]
=] = ti+21b 17753 =] ti421b 903.1 o =]
O s00F- (] 83 (] w 22 E
400F i 3
- 4 513 o0sE- 5]
] ]
0.4F (]
=
03 otal
odk 7 Uncertainty
o1
o | I I |
Xinar= 6070 xiprob =0.00
21208 &1
So0.755] & 0.755|
0% 200 600 800 1000 1200 1400 O%o 400 600 800 1000 1200 1400
H'[(Gev] HY' [GeV] H' [Gev]
2 g0 T T T T T 2 T T g GooFTTTTTTITTTTTTTITT T T T 2 40 AR RS B b
H ATLAS  Intemal 4 Data 14220 5 Internal 4 § ATLAS  Internal -+ 5540 § Internal 4 Daa 700
G gooF f5=13Tev, 1300l titi700 00 3 @ 5= 13 Tev, 139.0 ol @ 3Tev, 1390 il ({700 00 a 13Tev, 1300 bl {700 00
410p 1LOS i 62 410p 1LOS 500[ 4-top 1LOS O i 55 410p 1L0S O 3 1
£ LIETS,9)30L i 2098 £ LIETS,9)30H LIETS94bDB [ fiviight 36 LIETS 925008 [ fiviight
Post-Fit 6.4 PostFit O te=lc 474 [ PostFit fiszlc
E 400, f+21b (SFS)  447.6 [+21b (5FS)
w O i
iz
3 3 Xndr=0.712 xiprob = 3 3
L1285 £ 1.205] £ £
3 3 R 3 3
&0.755] &0.755] g o7 g
01702 03 04 05 07 08 09
H' [Gev] GNN Score GNN Score
g T B A A A A AR A A S A g LSRRI AR AR A R A e 2 LASARAARA AR A R i b
§ 700 ATLAS  Intemal +- Daa 8760 § o[ ATLAS  Intemal o Data 2420 § 300[ ATLAS  Intemal o Data 2960 - § ATLAS  Internal +- Data 00
@ f5=13TeV, 130.0 bl G700 0.0 [ (§=13TeV,139.0 bl ({700 0.0 a 15 =13 TeV, 139.0 fbjil] 0.0 @ 0% (5=13Tev,1300fj 700 0.0
600 410p 1L0S O 3 88 3 40p 1L0S i 42 40p 1LOS. [m] 54 0.8F +10p 1LOS [m] i 10
LIETS210j30L0B [] 1108 o0 WETS210130H.08 []  tisight 44 2501 LJETS210,4bDB  [] 19 LIETS210i25b,0B []  ti+light -10
E PostFit [m] POSUFit 2l 369 PostFil 0.7E PostFit O e 10
500} +21b (SFS) Wi=1b (5FS) 10
[} W 0.8 [} w 10
= o5t = iz 10
= =) fiH -10
04 O single top 10
10
0.3 -1.0
o0 100
01
3 ] H H
& & 7 £ 125 . & 125
3 3 s . E + 3
0% 5102 03 04 05 06 07 08 09 0% 1702 03 04 05 06 07 08 08 1 O%"01702 03 04 05 06 07 08 09
GNN Score GNN Score GNN Score GNN Score

Figure 9.10:

and background samples, compared with blinded data yields.

Post-fit distributions for 1L channel, associated with different signal
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Figure 9.11: Post-fit distributions for 2LLOS channel, associated with different signal
and background samples, compared with blinded data yields.
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Figure 9.12: Nuisance parameter pulls and constraints after fitting to blinded data.
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Figure 9.13: Quadratic fit to t#tf yields as a function of H in each of the 17 bins of
GNN in the SR.

that minimizes the negative log likelihood ratio. In this case, the ratio, defined in
[9.8] is between the unconditional likelihood maximum and the conditional maximum
assuming a value of H. In this case, u is replaced with the Higgs Oblique parameter.

Also taken into consideration is the treatment of the t¢H background. Be-
cause the ttH process also involves a Higgs boson, it is impacted by the additional
term in the Higgs propagator. Three versions of ttH background were investigated:
fixed, where the ttH cross section is held at its SM value; fitted, where the ttH cross
section is given a linear normalization factor; and parameterized, where the tt H cross
section is a function of H:

A

pim = (1 — H)? (9.14)

and g7y is the ttH cross section normalization factor. The parameterized
treatment of t¢H has the most physical motivation, and is the treatment used in the
final fit discussed in Chapter [10]

The profile likelihood ratio is expressed in the analysis as —2Aln(L). A
value of zero indicates that the chosen value of H maximizes the likelihood, and is
the value of H that best matches the data. Because the SM predicts a value of H =
0, this is the expected value. Tests of the fit using H=0MC samples as pseudodata
demonstrate that the fit is able to correctly extract the expected value, with a 95%
CL of roughly 0.12. This can be seen in Figure [0.14] which displays the —2Aln(L)
for the three different treatments of the ¢t H background. At large values of H, the
EFT expansion of the Higgs propagator becomes non-unitary, which would cause
unphysical probabilities for scattering mediated by a Higgs boson. The non-unitary
regime is shown in Figure as a shaded region for H >0.2.
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Figure 9.14: Log likelihood plot showing the likelihood at each value of H relative
to the likelihood maximum, which in this case is set up to be at H = 0.

Figure [9.15| shows the pre-fit results in the control regions and signal region,
whose definitions are discussed in Chapter [8]
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for SSML CR’s and SR, associated with different
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CHAPTER 10

Results

10.1 HBSM Analysis

The unblinded results of the HBSM analysis are not currently available. However,
there are plots available for the expected limits on my, based on the Asimov fit
described in Section [9.5.1] Figure [10.1] shows how the individual channels compare
to the combined channel limits. The 2LOS channel is seen to be somewhat less
sensitive than the 1L channel, but still contributes to the sensitivity of the combined
limit. Based on this plot, the analysis is expected to exclude the pp — ttH — tttt
process associated with Heavy Higgs H of my = 1000GeV with a cross section of
10 — 20fb at the 95% confidence level. For lower my, the analysis is less sensitive,
excluding the process above a cross section of roughly 40 — 50fb.

EWE;'I""I """" I""I""I""I'_'= Emz_l I""I""I""I""I""I_E
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Figure 10.1: Limits of HBSM analysis sensitivity as a function of Heavy Higgs mass,
my. This limit plot is obtained from a fit to Asimov data. The left plot shows the
comparison between using both 1L and 2LOS channels to using 1L alone. The right
plot shows the comparison between using both 1L and 2L.OS channels to using 2LOS
alone. In both cases, the combined channels have greatest sensitivity.

These are only preliminary results fit to Asimov data that assume a BSM
cross section of 12fb, based off the previous tttt cross section measurement of 24fb
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[24] minus the SM ttt cross section estimate of 12fb (see Section[d.3.3). To complete
the analysis, the ATLAS data will need to be unblinded. The analysis is currently
being finalized. There are a few MC samples and uncertainties that need to be
added, including the tft sample and its corresponding cross section uncertainty, the
tttt cross section and generator uncertainties, the t£H generator uncertainty, uncer-
tainties associated with ¢ reweighting, and extra uncertainty on flavor-tagging for
high-pr jets.

The uncertainties with the largest impact on the BSM ¢ttt cross section are
the tt + jets modeling uncertainties. The large impact is a combination of the fact
that ¢t + jets is poorly modeled at such a high jet multiplicity as well as the fact
that tt + jets constitutes the majority of the background. Future analyses will need
to address this source of systematic error, perhaps with improved modeling and
data-driven reweighting.

10.2 Higgs Oblique Analysis

The results of the profile-likelihood fit give a tttt signal strength of:
=194 0.4 (stat.)" )7 (syst.) = 1.970%.
This corresponds to a measured ¢ttt cross section of:
Oy = 22.5757 (stat.) T3S (syst.) = 22.57%%fh,

The measured tttt signal is within 1.8 standard deviations of the SM predic-
tion for the tftf cross section of 11.97715%fh [4].

The pre-fit and post-fit distributions for all control regions and the signal
region are shown in Figures and The post-fit distributions show good
agreement between MC and data. The post-fit distribution for the signal region is
also displayed individually in Figure [10.2] There are several normalization factors
associated with the yields of background samples. These values are shown in Figure

10.7

The correlation matrix, shown in Figure [10.8] shows reasonable correlations
between the systematic uncertainties. The largest correlations are between the sig-
nal strength g7 and theoretical SM titt cross section, between p,z; and the ¢ttt
generator choice, between the ¢t/ modeling parameters ag and a1, and between the
normalization factors for ttW™* and ttW~ for Nj.s = 4. Generally, it makes sense
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Figure 10.2: Post-fit distribution of the SSML signal region. There is a clear discrep-
ancy between the data yield and the background-only yield in the bins with highest
GNN score.
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for these parameters to be correlated.

The constraints and pulls on the uncertainties are shown in Figure [10.9] and
do not show any large pulls/constraints indicating issues with the fit.

The ranking plot shown in Figure lists the total uncertainty, and then
the systematic uncertainties that most impact the measurement. The bottom axis
measures how much the nuisance parameter (NP) has been pulled from its original
value 6 to its post-fit value 6, scaled by the pre-fit uncertainty Af. The NP pulls
are represented by black dots, with the post-fit uncertainty A as the error bars.
Many of the normalization factors are poorly estimated in pre-fit, so NPs such as
N Fygw+ 4; have a large value (9 —6y)/A0 > 1. NPs such as ay with small error bars
are highly constrained by the fit.

The upper axis corresponds to the impact on the value of the signal strength,
Ap. The blue bars express the impact of each NP, where the extent of the pre-fit
impact, 6 + AP is shown in the unfilled bars and the extent of the post-fit impact is
shown in the filled bars. The NPs are ranked according to their impact on pu, with
the largest Ay indicating the NP whose variations most affect pu.

The MC modeling of the tttt contributes the most uncertainty, with the
generator choice being the most impactful. The extraction of the ay parameter in
the ttWW data-driven reweighting is also impactful. The jet flavor tagging parameters
Light0 and B0 are the most impactful experimental uncertainties. The C0 parameter
is also in the ranking, somewhat lower.

The treatment of the three top (ttt/ttt) background is considered. The tit
process has many kinematic similarities to the ¢ttt signal and is difficult to distinguish
when using the GNN classifier. Figure shows a 2-dimensional log likelihood plot
where the ttt and tttt cross sections are both floating fit parameters. It is not apparent
why the best fit occurs at such a large value of o, and a small value of o457, but
the best fit is still within 2.1 standard deviations of the SM prediction. The anti-
correlation between o, and o7 is clear. The SM cross section for ttt is calculated
at NLO in QCD using MadGraph to be 1.67 fb. For standalone measurement of the
tttt cross section, the ttt background cross section is fixed to this SM value.

As seen in Figure [10.4] the measured ttf signal has an observed significance
of 6.1 standard deviations above the background-only hypothesis. The expected
sensitivity of the analysis is 4.3 standard deviations above the background-only hy-
pothesis. The observed significance above five standard deviations represents the
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Figure 10.3: Negative log likelihood as a function of ¢ttt (x-axis) and ttt (y-axis).
The darkest color indicates the smallest negative log likelihood value, and thus the
best fit.

first discovery of the ¢ttt process. Concurrent with the ATLAS discovery, CMS an-
nounced a measurement of the tftt cross section with a significance of 5.5 standard
deviations [134].

A fit is performed to extract the Higgs Oblique parameter H from the un-
blinded data. The ttH background is parameterized as a function of H, and the H
value is obtained as the minimum of a log likelihood scan as described in Section
09.5.2] The likelihood scan is shown in Figure [I0.11] with the solid line representing
the observed scan and the dotted line representing the expected scan for the case of
H = 0. The observed value is H = 0.09. The observed (expected) 95% CL is H =
0.2 (0.12). This limit is at the boundaries of the model validity, which for # > 0.2
violates unitarity [9]. A recent measurement from CMS placed the 95% CL upper
limit at H = 0.12 [135].

The correlation matrix in Figure shows large negative correlation be-
tween the H value and the SM ¢t cross section. This is expected, given that if the
SM tttt cross section is larger, the Higgs Oblique contribution to the measured ¢ttt
cross section must be correspondingly smaller. Figure shows the uncertainties



162

-5 g0 T T T T T T T T T T
T “YF ATLAS Internal (s =13TeV, 140 fb* 60
ﬁ. 35 ——— Observed —
e Expected E
30F —— SM o, () E
o5 - Scale uncertajn_ty 50,3
= —— SM 0 g () =
20 = Scale+PDF uncertainty ~ ."
" T 40
155 E
10F =
5 -
o Bt P
0 5 10 15 20 25 30

35 40 45
o(ttt) [fb]

Figure 10.4: Log likelihood scan associated with the SM t¢#tf measurement. The
observed scan has a minimum log likelihood at o7 = 22.5fb, where the background
hypothesis is 6.1 standard deviations away.

with the largest impact on the fit. The ¢V background fitting parameters ag and
a; contribute the most uncertainty to the fit.
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Figure 10.5: Pre-fit distributions for SSML CR’s and SR, associated with different
signal and background samples.
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and SR, associated with different
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Figure 10.7: Normalization factors for background yields for SSML fit to unblinded
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Ranking of systematic uncertainties for SSML fit to unblinded data.

The bottom axis and black dots refer to the difference between the nuisance param-
eter pre-fit value 6y and the post-fit unconditional likelihood maximum é, scaled by
the pre-fit uncertainty Af#. The top axis and blue bars refer to the nuisance param-
eter’s impact on the value of u. The edge of each bar represents the value of Apu
when the parameter is varied by its uncertainty, A (for pre-fit) or A@ (for post-fit).
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Ranking of systematic uncertainties for Higgs Oblique fit to unblinded
data. The bottom axis and black dots refer to the difference between the nuisance

~

parameter pre-fit value 6, and the post-fit unconditional likelihood maximum 6,
scaled by the pre-fit uncertainty Af. The top axis and blue bars refer to the nuisance
parameter’s impact on the value of u. The edge of each bar represents the value of
Ay when the parameter is varied by its uncertainty, Af (for pre-fit) or Af (for post-

fit).
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CHAPTER 11

Conclusion

Particle physics studies the properties of the fundamental constituents of matter.
The current view is summarized in the Standard Model, which uses field theory to
describe the interactions of fermions via the exchange of force-mediating bosons. The
photon mediates the electromagnetic force between all particles with electromagnetic
charge, the W and Z bosons mediate the weak force between left-handed isospin
doublets, and the gluon mediates the strong force, which affects particles with color
charge. Interactions with the Higgs boson give fermions and the W and Z boson
their masses. After the discovery of the Higgs boson in 2012, all Standard Model
particles have been discovered.

However, the Standard Model is known to present an incomplete picture
of the world. There are outstanding questions regarding the nature of dark matter
observed in cosmological studies, baryogenesis, and the small mass of the Higgs. The
Standard model does not provide an explanation for why particle masses are at their
particular value, how neutrinos have mass, or how gravity fits into the fundamental
forces of nature. There are many theoretical extensions grouped as Beyond the
Standard Model that can address these issues, and experiments can verify which of
these are viable and which must be rejected.

The ATLAS detector at the CERN Large Hadron Collider is one such exper-
iment. This multi-purpose detector measures particle tracks and energy depositions
that result from proton-proton collisions at y/s = 13TeV. The Run II campaign of
ATLAS lasted from 2015-2018 and produced 14041.2fb™" of data [49).

The tttt process is a rare process with a SM predicted cross section at NLO
of 11.97;11@;)%% at collision energies of /s = 13TeV [4]. The small cross section and
the fact that the top quark has a large coupling to the Higgs boson means that tttt
production is particularly sensitive to BSM phenomena affecting Higgs interactions.
This thesis presents two measurements of the tttt cross section: one in the context
of a two Higgs Doublet Model (HBSM), and the other in the context of a Higgs
Oblique parameter with BSM contributions. The HBSM analysis uses the single
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lepton and opposite-sign dilepton decay channels, while the Higgs Oblique analysis
uses the same-sign dilepton and multi-lepton decay channels.

Each top quark in the ¢ttt process decays into a b-quark and a W boson. Thus
tttt events are characterized by high jet and b-jet multiplicity. Both analyses leverage
this fact to define regions that isolate signal from various SM backgrounds. There
are also control regions to help constrain the modeling of important backgrounds,
and validation regions that serve to further check background modeling constraints.
Some of the background processes have known issues with MC modeling, and so both
analyses make use of data-driven reweighting to correct these samples.

To further isolate signal events from background, a multivariate classifier is
used. The HBSM analysis uses a graph neural network (GNN) to discriminate ¢ttt
from its primary background, tf + jets. A boosted decision tree (BDT) is also used
to cross-check the results from the GNN. The Higgs Oblique analysis uses a GNN to
separate tttt events from all background events.

Profile likelihood fitting is performed to assess the statistical significance of
the ¢ttt signal. This fitting is performed using TRExFitter, a statistical analysis
package with a RooFit framework. The results are expressed as a tttt cross section
measurement with signal strength p, where p = 1 corresponds to the SM cross
section. For the HBSM analysis, limits are placed on the sensitivity to Heavy Higgs
detection as a function of the Heavy Higgs mass. For the Higgs Oblique analysis, an
H value is extracted and a 95% CL upper limit is placed.

Although there are no current unblinded results for the HBSM analysis, the
limits obtained from the Asimov fit show the sensitivity of the analysis assuming
a BSM tttt cross section of 12fb. For the highest value of the Heavy Higgs mass,
my = 1000GeV, the analysis is expected to exclude a BSM ¢ttt cross section of
10 — 20fb, which is close to the expected value of oggyzz = 12fb.

The Higgs Oblique analysis measures a tttt cross section of o = 22.5fi:§
(stat.) T3S (syst.) = 22.57%%fb. This corresponds to a signal strength of y = 1.94-0.4
(stat.) 07 (syst.) = 1.975%. The observed (expected) significance is 6.1 (4.3)
standard deviations above the background-only hypothesis. The extracted H value

is H = 0.09, and the upper limit at a 95% CL is H = 0.2, at the boundary of the
Higgs Oblique model’s validity.

The discovery of the tttt process at a significance greater than 50 is an
exciting development in the study of this rare process. The measured cross section
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is within 1.8 standard deviations of the expected SM value, and more data is needed
to confirm whether the large measured cross section is truly in agreement with the
SM or not. The ¢ttt process remains an intriguing probe for many BSM studies.

Future studies can improve upon both analyses. The HBSM analysis is lim-
ited by ¢t + jets modeling uncertainties, while the Higgs Oblique analysis is affected
by modeling uncertainties for ¢ttt and ¢tV samples. The accuracy of these MC mod-
eling tools may increase with greater computational sophistication as well as better
measurements of SM processes. The statistical uncertainty of the ¢ttt cross section
measurement will decrease with more data. To that end, the ATLAS detector is
already collecting data for its Run III campaign, which will run from 2022-2025 at
an unprecedented collision energy of y/s = 13.6TeV. Run III plans to deliver 450fb "
of collision data [136]. The following runs will be part of the High Luminosity LHC
program, which will run at 5 — 7.5x the LHC nominal luminosity of 103*cm=2s71.
Runs IV, V, and beyond are anticipated to deliver as much as 4000fb=! of collision
data.

This thesis describes the first firm establishment of the SM tttt process.
While the existence of this process is not surprising, the measured cross section is
roughly twice as large as the SM prediction, an exciting result. There are several
BSM interpretations for which the tftt process serves as a useful probe, including
the two interpretations detailed in this thesis. Hopefully Runs III and IV will reveal
whether or not there is new physics involved in the tttt process.
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