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Abstract

Machine Learning for Tau Leptons and the Search for the Associated Production of a Higgs
Boson with a Vector Boson, with the Higgs Boson Decaying to a Tau Pair at ATLAS

Emma Grace Castiglia
2022

After the discovery of the Higgs boson in 2012, many particle physicists have focused on mea-
suring its various production methods and decay modes. One channel that has previously only
been measured at well below the observation threshold is the associated production of a Higgs
boson with a vector boson, where the Higgs boson decays to a pair of taus. In this thesis, I
describe an ongoing search for that channel using data from proton-proton collisions taken
during Run 2 at the Large Hadron Collider with the ATLAS detector (2015-2018), with a
recorded integrated luminosity of 139 fb™! ata center of mass energy /s = 13TeV. In the
analysis, the W boson must decay to a light lepton (e/xt) and a neutrino, while the Z boson is
required to decay to a pair of electrons or muons. At least one of the taus from the Higgs bo-
son must decay hadronically. The background from misidentified electrons, muons, and taus is
modeled by a data-driven Fake Factor method. The remaining backgrounds are primarily from
dibosons, and these are modeled with Monte Carlo simulation.

Machine learning has become an integral tool across many experiments in particle physics,
including the ATLAS experiment. In this thesis, I describe how neural networks and decision
trees are used to improve tau identification and the calibration of the tau energy, as well as on-
going studies for future improvements. Machine learning algorithms are also instrumental in
separating out a complicated signal from a very similar background. In the Higgs boson anal-
ysis detailed in this thesis, the score from a neural network trained to target the diboson back-

ground is used as the final discriminating variable.
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“It does not do to dwell on dreams and forget to live.”

J.K. Rowling, Harry Potter and the Philosopher’s Stone

Introduction

WE AS HUMANS HAVE ALWAYS SOUGHT TO LEARN MORE ABOUT THE WORLD WE LIVE IN. The fun-
damental questions of what exactly is the world around us made of and why are we here have remained
ever present. While the latter may never be fully answered, the first is being tackled at numerous particle
physics experiments throughout the world.

The Higgs boson, colloquially referred to as the ‘God particle’ because it is connected to how particles
have mass, was discovered just before I started at the University of Chicago. I became involved in the
ATLAS experiment at the end of my second year of undergrad. I was excited to join an international
collaboration of thousands of scientists working together using one of the largest experimental apparatuses
and computing systems in the world. The technical and engineering feat that is the ATLAS experiment
is hard to fully fathom even after visiting the cavern 8o meters below the ground. The experiment has a
physical grandeur that I have only felt matched by the Notre Dame Cathedral and the Sagrada Familia.

Collaborating with thousands of physicists throughout the world, requires a way of communicating

effectively without being physically present. When the rest of the world went virtual in 2020, we were
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ready, having already done most of our international meetings over video conference.

Another big change during my time on ATLAS is the incorporation of machine learning into both the
running of the detector and the software used to analyze the data. Machine learning has helped improve
our sensitivity and efficiency. It has been integrated into our trigger system to be able to select and store
events at a 40 MHz frequency. It has helped us access signal events that would have been overwhelmed by
background if we used our standard methods of selection. I believe machine learning’s vital importance
has shown us that communication and knowledge sharing between industry and academia is necessary for
our success at making future discoveries.

The analysis of the associated production for the Higgs boson with a vector boson decaying to two
tau particles is important to measure for many reasons. Because we are striving to build a complete picture
of the Higgs boson, measuring the currently poorly-measured but well-motivated channels is essential.
This channel is tricky to measure due to its two main backgrounds. Furthermore, the Higgs boson was
originally discovered via its coupling to bosons. The tau is the heaviest fermion, making it a great candidate
for studying fermionic couplings to the Higgs boson. Taus, themselves, are exciting particles to study.
Taus decay almost immediately, making their identification and reconstruction a particular challenge. This
challenge is one that is quite suitable for machine learning to solve.

In order to set the stage for my work and the main Higgs boson analysis in this thesis, I will first
introduce the Standard Model of particle physics and how the Higgs boson fits in. Then I will explain how
the ATLAS detector works and how we use software to reconstruct the raw data we collect into particles. I
will then introduce machine learning and explain a few models used in both industry and particle physics
research. I dedicate an entire chapter to the tau lepton and I will cover both its reconstruction and then
my use of machine learning to build upon that. Afterwards, I will introduce the main analysis I have
worked on: V H, H — 77 with our four final state channels and mass reconstruction techniques. I will
take you on a deep dive of how we calculate our fake background contribution and then through how I
optimized our signal selection cuts and tuned a neural network to separate out our signal from our diboson

backgrounds. Finally, I will show you the current state of our analysis and expected sensitivity projections.

13



“Dust is only a name for what bappens

when matter begins to understand itself.”

— Philip Pullman, The Amber Spyglass

Theory Introduction

FOR THE PAST CENTURY, PHYSICISTS HAVE BEEN BUILDING A DICTIONARY FOR THE SUBATOMIC
PARTICLES THAT THE UNIVERSE IS COMPOSED OF, SIMILAR TO THE PERIODIC TABLE OF ELEMENTS.
This “dictionary” is known as the Standard Model and it attempts to be a unified picture of the particles
and the forces between them, which are mediated by the exchange of particles. At this moment, experi-
mental results continue to inform and expand our knowledge of the Standard Model. The last 5o years
of experiments has led to a number of particle discoveries including the W and Z bosons, the top quark,
which is the most massive known fundamental particle, and most recently, the Higgs boson, which was
discovered at CERN in 2012. The Higgs boson discovery seemingly completed the Standard Model.
Before we dive into the development of a theory for how these fundamental particles interact, it is
helpful to take a step back. All the matter that the human eye can see interacts via the laws of classical
mechanics - think Newton’s ' = ma. Very small particles, far too small for the human eye, interact via
the theory of quantum mechanics, think Heisenberg’s uncertainty principle Az Ap > g The physics for

extremely fast objects, travelling close to the speed of light and described by relativistic mechanics, is gov-
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erned by Einstein’s theory of special relativity - ¥ = mc?. In order to advance the frontiers of knowledge,
scientists have often decided to accelerate particles to extremely fast speeds. To combine this very fast, very
small physics, one looks to relativistic quantum field theory.

The next few sections bring together ideas from a variety of sources, which the reader may reference

for a deeper, mathematical understanding ([2], [44], [45], [46], and [47]).

1.1 THE STANDARD MODEL

The Standard Model (SM) describes both the fundamental particles and the interactions between them.
The general SM structure is shown in figure 1.1. The SM includes two main types of particles: bosons and
fermions. Within the fermions, there are quarks and leptons, which come in three generations (shown
from left to right). The first generation are believed to be elementary particles meaning they are not made
up of any other particles. In addition, for the quarks and charged leptons, there are two copies of each first
generation particle which differ only in their mass. These are the second and third generation particles
which are more massive and unstable. They quickly decay into other particles in the SM. On the right side
of figure 1.1 are the bosons, or the force carriers; these will be described in detail in section 1.1.2. The other
main component of the Standard Model are the forces through which the particles interact. The strong,

weak, and electromagnetic forces are included in the Standard Model.

1.1.1 FERMIONS

Fermions in the SM are the spin % particles. Allfundamental SM fermions experience the weak force. They
are the building blocks of the matter we see in the universe. There are two main categories of fermions:
leptons and quarks. The leptons can exist as free particles and are known as electrons (e), muons (1), taus
(7), and their corresponding neutrinos: (v, v/, and 7). The electron, muon, and tau all have a charge of
e, while the neutrinos are chargeless. Since the neutrinos do not have charge, they do not experience the
electromagnetic force, while the other leptons do. Neutrinos also have an extremely small mass that is not
accounted for in the SM. All six of these leptons also have an anti-particle, with the opposite charge and
lepton number, resulting in a total of 12 leptons.

Quarks are different from fermions as they also carry a color charge in addition to a fractional electric

charge (:t%, :t%) Thus quarks also interact via the strong force. There are six types of quarks: up (u),
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Standard Model of Elementary Particles

three generations of matter

(fermions)
I Il 1]
mass = =2.2 MeV/c2 =1.28 GeV/c2 =173.1 GeV/c?
charge @ % L) bz
spin | % U Yo C Ve t
up charm top
=47 MeV/c2 =96 MeV/c2 =4.18 GeV/c2?
-4 —145 14
» x & »
down strange bottom
=(0.511 MeV/c2 =105.66 MeV/c2 =1.7768 GeV/c2
-1 -1 -1
% e % p % T
electron muon tau
<1.0 eV/c? <0.17 MeV/c2? <18.2 MeV/c2?
0 0 0
w8 » VH s VT
electron muon tau
neutrino neutrino neutrino

Figure 1.1: Standard Model Table formulation with three generations of quarks and leptons, the

interactions / force carriers
(bosons)

=124.97 GeVic?
0

g,oH

gluon higgs

A4

photon

=91.19 GeV/c2
0

» @
Z boson
\——

=80.39 GeV/c?
+1

- W
W boson
\N——

Gauge bosons, and Higgs boson along with their mass, charge, and spin. [1]

charm (c), top (t), down (d), strange (s), and bottom (b). Each quark can come in one of three colors: blue,
green, and red. Quarks must follow the law of color confinement, which requires that their interactions
remain color neutral as all naturally occurring particles are colorless (defined as having total amount of
each color being zero or all three colors existing equally). Thus there are two main bound states of quarks:
baryons (gG) and mesons (gqq, qqq). The well known proton (uud) and neutron (ddu) are bound states
of the lightest quarks (v and d) with a charge of 4-1 and 0 respectively. In total, there are 36 quarks when
including the six types, three colors, and their antiparticles.

The currently known stable, fundamental particles in the universe include the electron, up quark, and

down quark.
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1.1.2 BoOsoNs

There are two main types of fundamental bosons based on their spin: Vector bosons (S=1) and Scalar bosons
(S=0). Bosons are the particles that mediate the forces described in section 1.1.3, otherwise known as the
“force carriers”. The photon (7y) and gluon (g) are massless. The photon mediates the electromagnetic
forces and the gluon mediates the strong force. Meanwhile, the W= and Z9 are massive and mediate the
weak force. The v, g, W=, and Z9 make up the vector bosons, while the Higgs boson is the sole scalar
boson. The Higgs boson is not a force carrier like the vector bosons, butitis associated with the mechanism

for giving particles mass.

1.1.3 FORCEs

There are four fundamental forces through which the elementary particles interact (e.g. exchange of
bosons between fermions). These four forces are the strong, electromagnetic, weak and gravitational force.
Three of these forces is described by a quantum field theory. There is still no quantum field theory of
gravity, and at the moment, the graviton is the theorized force carrier for the gravitational force. Table
1.1 describes the forces’ relative strengths and mediators, with the caveat that the strength of these forces

changes with the scale of the interaction.

Force Strength | Mediator Boson | Spin | Mass (GeV)
Strong 1 Gluon g 1 o
Electromagnetic 1073 Photon 7y 1 o
Weak 1078 W*andZ 1,1 | 80.4,91.2
Gravity 1042 graviton? 2 o

Table 1.1: Relative strength and mediators with their properties for the four fundamental forces

The strongest force is aptly named the strong force. The strong force is what binds together quarks
in the neutron and proton, and then again binds those neutrons and protons together in a nuclei. Electro-
magnetic interactions are responsible for most interactions between charged fermions, such as the transfer
of momentum from one electron to another. The well known rule that opposite charges attract and like
charges repel is from the electromagnetic force. The weak force is responsible for particle decays and pro-
cesses such as nuclear 3-decay and nuclear fusion. The final force is gravity (what attracts massive objects

to each other), and it is so much weaker than the other forces that it is challenging for us to investigate in
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our current collider experiments. Gravity is not currently incorporated in the SM.

1.2 INTERACTIONS BETWEEN PARTICLES

Section 1.1.3 introduced the main forces and stated that fermions interact through bosonic force media-
tors. In this section, some other conservation laws that particle interactions and decays follow are intro-

duced, and the interactions of the fundamental forces are further described.

1.2.1 CONSERVATION LAWS

Based on our current understanding of the laws of nature and knowledge gleaned from experiment, there

are several conservation laws particle interactions follow:

* Energy in the form of Potential, Kinetic, Mechanical etc. must be conserved during an interaction,
such as a particle decay. This means more massive particles will decay into less massive particles, as

allowed based on other conservation laws.

* Momentum of particles in the initial state must equal the momentum of the final-state particles.

This rule is used in particle collisions to reconstruct events from a common interaction point.
* Electric charge of particles must be the same total sum before and after an interaction.

¢ Color Charge must be conserved during a strong interaction (weak and electromagnetic interac-
tions do not affect color). Color charge can be carried by quarks and/or gluons emerging from an

interaction (see section 1.2.2).

* Lepton number must be conserved. This means that there have to be the same number and type
of leptons going in and out of an interaction with anti-leptons adding negative counts to the total
number of leptons. Lepton number is not affected in electromagnetic interactions as those do not

change the particle ¢ and leptons do not interact via the strong force.
hange the particle type and leptons do not interact via the strong f

* Baryon number is also conserved, i.e. if a quark goes in, a quark comes out. Similar to when we
count leptons in a system, we count anti-quarks as negative contributions to the total. Each quark

contributes % the baryon number.

1.2.2 FEYNMAN DIAGRAMS FOR FUNDAMENTAL INTERACTIONS

These conservation laws and their allowed particle interactions are easily viewed through the formalism

known as Feynman diagrams. These visual descriptions of particles show ingoing (left-most) and outgoing
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(right-most) particles and include internal lines that are the propagators that mediate the interaction. Since
the propagators are completely internal to the process, they need not have the rest mass of a real, free
particle. When this occurs they are referred to as virtual particles. The time direction goes from left to
right and the arrows indicate whether there is a particle (goes with time) or anti-particle (goes backwards
with respect to time). Thus a positron going forwards is the same as an electron going backwards. Each
particle has a different line style: fermions (e, ¢) are straight lines with arrows, gluons are curlicue lines,

and W/Z bosons and photons () are wavy lines.

Electromagnetism Strong interaction Weak interaction
e e q q e Ve Vg Ve
e gs 9w 9z
T g 4 z
All charged particles Only quarks All fermions All fermions
Never changes flavour | Never changes flavour | Always changes flavour : Never changes flavour
a=1137 og=1 Oz = 1/30

Figure 1.2: The main SM interaction vertices for QED, QCD, and the Weak force. The coupling
strength is denoted by o [2]

The Standard Model interaction vertices in figure 1.2 show the couplings of gauge bosons to fermions
(quarks and leptons). Particles can only couple to a force mediating boson if they have the charge of the
interaction. One way to compare the relative strengths of each force interaction is to look at the coupling
strength g. For electromagnetic interactions (QED) the coupling strength is given by the charge of an
electron, ggrp = e. Each vertex shown in figure 1.2 contributes a factor of g to the matrix element of
the scattering process. Conventionally, we use the associated dimensionless constant, v oc g2, in place of
the coupling constant. « is also known as the fine structure constant, where in the case of electromagnetic
interactions: gy = ﬁfﬂ‘w = % Spin-orbit splitting in atomic spectra is defined by the fine structure
constant. Now, we have a factor of « for each vertex included in the quantum-mechanical probability for
the interaction. The QCD interaction is stronger than the QED with oy = 1 and the weak interaction
is in between QED and QCD, with ay = % The W boson’s large mass suppresses the strength of the
weak force. Another way to express o, is W, which directly shows the diminishing in coupling

strength based on the W boson mass.
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Because the coupling constant « is added for each vertex in a Feynman diagram, when there are ver-
tices, an interaction is less likely to occur. Feynman diagrams with internal loops represent “higher order”

interactions.

1.3 LAGRANGIAN FORMALISM OF THE STANDARD MODEL

In the next few subsections, I work through the construction of the SM Lagrangian from the fundamental
forces and introduce the need for the Higgs mechanism and resulting Higgs boson. This mathematical for-
malism is the result of a combination of mathematical theory, experimental results, and our understanding

of the universe.

1.3.1 THE DIRAC INTERACTION

Lagrangians are used to describe the interactions of particles and fields. Lagrangians sum up the energy in
a system and can describe all the dynamics of the system. In classical mechanics, they are generally written
as L = T' — V where T is the kinetic energy and V' is the potential energy of the system. When moving

to field theory, the Lagrangian becomes a function of fields and their derivatives:

L= /L(qb, ) da’. (1.1)

One can then describe the motion of the relativistic fields using the Euler-Lagrange equation:

oL oL
On (w) "o (12)

The Lagrangians for the forces described in the following sections originate with the Dirac equation.
The Dirac equation is a wave equation explaining the interactions of fermions that solved the problems
of negative probability densities in the Klein-Gordon equation ((0#9,, + m?)y = 0), which was an
initial attempt to have a Lorentz invariant relativistic theory of quantum mechanics. The Dirac equation
is first order in both space and time derivatives and upholds Einstein’s energy-momentum relationship

(E? = p? + m?). In its covariant form, the Dirac equation for fermions with mass mn states:

(W“au —m)p =0 (1.3)
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and p is the Lorentz index of the four-vector and the y-matrices in Dirac-Pauli representation are:

I 0 0 o
7 = and " = (1.4)
0 -1 —or 0
01 0 —i 1 0
where o, = , Oy = ando, = . (1.5)
1 0 —i 0 0 -1
These gamma matrices satisfy the anti-commutation relations, such that {y*,7/} = —25%. The

solutions to the Dirac equation are free-particle plane waves of the form:
Y(x,t) = u(E,p)e'® x—FY) (1.6)

where 1) obeys the Dirac equation and u(E, p) is a four-component Dirac spinor. The solutions for the
Dirac equation are the relativistic QM description of fundamental spin-% particles and the solutions for

E < 0 are representative of antiparticles. The Lagrangian for the Dirac interaction describing ) is:

[/Dirac = %Z)(W“au - m)w (1‘7)

Using the continuity equation % + V-j = 0 = 0uj", one can express the four-vector current
as j* = "), where = T4 is the Dirac adjoint spinor. The current becoming j# = PryHap
comes from the internal symmetry of ¢p — e, We can also express the probability density as Y.
Furthermore, Noether’s Theorem states that any symmetry of the Lagrangian implies the existence of a

conserved current. Enforcing gauge invariance for the various forces will add terms to this Lagrangian.

1.3.2 INTRODUCTION TO GAUGE INVARIANCE

A clear way to see gauge invariance at play is to look at its use in electromagnetism. Classical electromag-

netism is defined by Maxwell’s equations:

—0B OE
V'E:paVXE:W,V'BZO,aHdVXBZJ—F

ot’
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Because charge is conserved in all frames, j* = (p, J) is a four vector and 9;,j* = 0. B and E can then be
expressed in terms of a four-vector potential A# = (¢, A) and then Maxwell’s equations can be condensed

into 0, F'* = j¥. F'* is known as the Maxwell field strength tensor and is defined as

-E, —E, —E.

0
E, 0 —-B, B,

Fr = orAY — 9" AP = (1.9)
E

<
W
)
|
s
)

E., -B, B, 0

The E and B fields are unchanged by this gauge transformation: A -+ A’ = A+ Vyxand ¢ — ¢’ — %—’;
Here X (x, t) can be any finite differentiable function. Standardly, the Lorenz gauge (0" 4,, = 0) is chosen
as it simplifies the covariant formulation. The fields and thus Maxwell’s equations remain unchanged after
this transformation, so they have a gauge symmetry.

In particle physics a gauge theory is a field theory whose Lagrangian is invariant under local transfor-
mation between Lie groups (differential manifolds) and there exists a group of these transformations, or
symmetries, of the field that leave the physics invariant. Global gauge symmetries must be invariant under
a transformation at all points in spacetime. The gauge symmetries also have redundancies or extra degrees
of freedom. Local gauge symmetries are not invariant at all points in space and a specific basis must be
defined to describe them. Two gauge fields are then related by a transformation on this coordinate basis.
It is also key to note that with local gauge invariance the derivatives acting on the field also act on the local

phase and we pick up an extra term, necessitating the need for a covariant derivative.

1.3.3 QuAaNTUM ELECTRODYNAMICS (QED)

The quantum field theory for the electromagnetic interaction is Quantum Electrodynamics (QED). We
can obtain the field theory of QED directly from the free fermion Lagrangian by requiring local phase
invariance. This interaction is mediated by the photon, and the free photon field is A, = El(f‘)ei(p =—Et)
where ¢ is a four-vector and A denotes the polarization of the field. The polarisation of the photon is
transverse to its direction of motion. To get the interaction between a free particle and the photon (EM

field), we add an additional gauge invariance by including spinor phase transformations ¢ — elax (@),

Now, the Dirac equation is modified by introducing the covariant derivative: du — Op + iqA,, where
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A, = (¢, —A). This introduces an extra vector field and to compensate we need A, to transform under
local gauge transformation by A, — A, + 0,,x where the derivative cancels the extra term. A, is a field
corresponding to the massless gauge boson, in this case the photon. A modified Dirac equation including
an interaction term (gy* A1) incorporates this change: iy*(0,, + iqA,)Y — my = 0, where D,, —
Ou + iqA,.

Now the Lagrangian with the incorporation of QED has become:

. 1
Lqep= (i Dy — m) — ZF“Z’FW

(1.10)
. 1. : _

= ViV O — L F F — g9y At — mipyp
where F'*¥ is from equation 1.9. In summary, QED follows a local U(1) gauge symmetry. It is mediated

by a massless photon, which is the generator of that symmetry, and electric charge is conserved.

1.3.4 QuanTUM CHROMODYNAMICS (QCD)

Quantum Chromodynamics (QCD) is the QFT description of the strong force. Its underlying symmetry
is invariant under SU(3) local phase transformations of the form ¢)(z) — ¢'(z) = eigso‘(xﬁ¢(m). The
eight generators of the SU(3) symmetry group are T, where T% = $A% in relation to the Gell-Mann
matrices. The Gell-Mann matrices are all 3x3, meaning ) must now have three new degrees of freedom.
By convention, these are called color charges that come in flavors of red, green, and blue. Color charge
must be conserved in QCD.

The local gauge invariance for QCD requires the introduction of eight fields: G} (). The covariant
derivative for this transformationis D), — 0y, +1gsG}; T, where g is the coupling strength of the gluon
field. The Dirac equation now becomes iv* (9, + igsG}, 1)1y — mip = 0. The gluon fields will then
transform as Gﬁ — Gﬁ/ = Gﬁ — 0o — gsfijkaiGﬂ, where f;;1 are structure constants of SU(3)
and they follow the commutation relation [A;, Aj] = 2if;jrAk. The result of them not commuting is
the additional term in the transformed fields, and this describes gluon self-interactions. Similar to the

electromagnetic field strength tensor, 5}, is the gauge invariant gluon field strength tensor with G}, =

MGy, — O"Gh + gs [°Gl G where G}, are the gluon fields. The QCD Lagrangian is then:

T n a 1 a v
Lqacp = Yi(i7u0u6i5 — mdij) P — gs¥0yu(Ta)ijv Gy, — ZGWGZL (1.11)
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All free particles are colorless. The carrier of the strong force, gluons, must group other particles to-
gether to form colorless hadrons. If the symmetry was under U(3) and not SU(3) there would be a ninth
gluon (% (r7 + gg + bb)) but this would be colorless and would imply the existence of an infinite-range
strong force. Evidently, this is not the world we live in, confirming the SU(3) symmetry of QCD. Like in
QED and its massless photon, the gluons must also be massless to preserve gauge invariance. Furthermore,

QCD is a non-Abelian gauge theory due to the self-interaction term in the fields, while QED is Abelian

and the photon cannot self-interact.

1.3.5 WEAK INTERACTION

The weak interaction is a charged current interaction that is mediated by charged W= bosons. Unlike
in QED and QCD, parity (spatial inversion through the origin) is not conserved in weak interactions.
This was confirmed experimentally with the nuclear 3-decay of cobalt-60 when electrons were measured
to be preferentially emitted in one direction. Both QED and QCD have four-vector currents (j# =
a(p")y*u(p)), while the general form of the weak interaction current can be written as @(p’)['u(p) and I’

is 4x4 matrix of products of Dirac y-matrices. Based on experimental evidence, the weak charged current

for W+ exchanges is a V-A (vector minus axial current) with vertex factor of _%W %7“(1 —79).

The (1 — 4°) term is key for understanding the handedness of fermions. To review, helicity states
whether the particle’s spin is aligned with its direction of motion and chirality is determined by whether
a particle transforms in a right-handed or left-handed way. For massless particles, chirality is the same as
helicity, but it is not the same for massive particles like the fermions. The right- and left-handed chiral
projection operators are Pp = %(1 +75)and P, = 5(1—~°). Spinors (u(p)) can be written as a sum of
right- and left-handed states. However, when looking at the interaction between chiral states and the weak
vertex, only the left-handed spinors have non-zero currents. Thus only left-handed chiral particle states
and right-handed chiral anti-particle states participate in the charged weak interaction.

While QED is a U(1) symmetry and QCD is a SU(3) symmetry, the weak force is described by an
SU (2) 1, symmetry, as right-handed particles and left-handed antiparticles are unaffected by SU(2). The
phase transformations for SU(2) look like: ¢(x) — ¢(x) = 9@ T (), where a() refers to the

1

local phase at each pointin space time and T=35 o are the three generators of the group. Since the generators

are 2x2 matrices, one can write ¢ in terms of two components known as the weak isospin doublet which
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U

difter by one charge unit from each other, i.e. and . Thislocal gauge invariance is maintained
e d

by the introduction of three gauge bosons: W/f Two of these relate to the physical W+ boson by Wlf =

% (W,El) F iW,Sz)). The third field is an independent, weak neutral current.

1.3.6 ELECTROWEAK UNIFICATION

You may now be asking, is the Z boson this third of the three gauge bosons in the local gauge invariance
for the weak interaction? Experimentally we know that the Z boson couples with both right- and left-
handed particles. Another, option for this weak neutral current is the photon. It was Glashow, Weinberg,
and Salam (GWS) that proposed a unified picture incorporating both the Z boson and photon. They
introduced the idea of hypercharge, V' = 2(Q — I{) and promoted the U(1) symmetry of QED to a
U(1)y symmetry. This is done with a gauge transformation of the form: () — /() = U(2)y(z) =
¢~19"58@) (1), which introduces a new gauge field B,, that couples to the new weak hypercharge. The
covariant derivative becomes D, = 9, — %Y B, — i Tj W}, where Y is the hypercharge and Ty are the
isospin components. The electroweak Lagrangian taking into account the difference between right- and
left-handed fermions is then:
Lew= —%W]HVWﬂV - %BMVB,U,V + Loc + Lyc 2
.12
= —%Wj‘”W/{V + (0, — z’g2/YBM - igTjWg)sz + hrY" (0, — igYBM)wR
Now that we have this new gauge field B/, v and the Z boson can be written as a linear combination

of the B}, and the neutral WF(L3):
A, = +B,cosby + Wﬁ(f)’)sinﬁw (1.13)

Z,, = —Bysinfy + VVISS)COSGW (1.14)

where Oy is the weak mixing angle, which can be expressed in relation to the electric charge by e =
gwsinbyy. Oy has been experimentally determined, and using that value, one can determine how the

Z and W will couple to other particles. This combines both the charged weak interactions (CC) of the
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W to fermions of the same generation and quarks of any generation (though mixed generation couplings
are much weaker as shown by the CKM matrix), and the neutral weak interaction (NC) of the Z boson
that couples fermions to themselves.

There are no terms involving fermion mass in the Lagrangian for the EW theory and in order for gauge
invariance to hold, the bosons must all be massless; problems we will address later. While electroweak
unification completes the picture of QED and the weak interaction, it leaves several questions open: Why
do the W and Z have large mass while the photon and gluons do not and when is this spontaneous

symmetry broken?

1.4 STANDARD MODEL LAGRANGIAN

Combining the above theories of electroweak unification and QCD interactions, with their coupling con-
stants remaining separate, we can arrive at the full symmetry of the Standard Model: SU(3) x SU(2) x
U(1). You may now think we are done explaining the SM, however the SU(2), gauge transformation
and its introduction of a mass term for fermions breaks gauge invariance. Lucky for us, the introduction
of a Higgs field from the Brout-Englert-Higgs mechanism solves this problem. We will discuss this and
L 1igqs in detail in section 1.5. Including this new term, the full standard model Lagrangian can be writ-

ten succinctly as:

ﬁSM: ﬁgauge fields + ﬁfermions + ﬁHiggs
1 a rrapy r, 1
- _1 Z FMVF - Z f’Y“DMf + Ly ukawa — 5(6M¢)T(8u¢) - N2(¢T¢) + A(¢T¢)2
gauge f

(1.15)

where Fyj,, = 0, A7 — 0, A, + gfabcAZA,‘i, and A, is one of gauge fields, g is its coupling parameter,

D,, is the covariant derivative combining the changes for U(1)y, SU(2)r, and SU(3), and Ly ykawa
refers to the fermion fields. Reducing the notation, this is succinct enough to fit on a coffee mug (figure

1.3)!
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Figure 1.3: The Standard Model Lagrangian mug sold at CERN.

1.5 Hices BosoN

The Higgs mechanism combines both the Higgs field, which gives other particles mass, and the Higgs
boson, a spin 0, neutral, massive particle. The spontaneous symmetry breaking of the vacuum state of
the Lgps creates a massless field and three massive gauge bosons that solves both problems of massless

force mediators and gauge invariance with the fermion mass terms. This reduces the symmetry of the

electroweak model from SU(2), x U(1)y toU(1)gps.

1.5.1 ELECTROWEAK SYMMETRY BREAKING

To begin to understand spontaneous symmetry breaking, let’s look at the Lagrangian for a scalar field (you

may see this resembles the £ 7,44, in equation 1.15):

1A¢4 (1.16)

1 1
L= 5(@1@@“@ - §M2¢2 ~2

where the first term represents the kinetic energy and the ¢? term is the mass, and the ¢* term is the self-
interactions of the scalar field. To find the lowest energy state, we want to find the minimum of V'(¢)
using %—Z = 0. There are no restrictions on the sign of u?, while A must be greater than zero. Thus there
are two possible scenarios:

* 1?2 > 0: ¢ = 0 and vacuum expectation value v is non-zero
— 2 ..
© pu? <0: ¢ =+ = £|/ =4=|, giving two degenerate vacuum states

In the second case (2 < 0), the act of choosing a vacuum state is the spontaneous symmetry breaking.

The next step is to look at excitations around the the vacuum. Introducing ¢(x) — v + n(x) to the L in
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1.16 as ¢, creates a mass term of the form A\v?n?, where the mass can then be solved as my, = 22 =
/ —2p2. Thus this spontaneous symmetry breaking shows that £ describes a massive scalar field.
Now, the Higgs mechanism comes from the spontaneous symmetry breaking of a complex scalar field.

The field ¢ becomes ¢ = % (¢1 + i¢2), and the resulting Lagrangian is
1 * (O 1 2 % 1 2
L= 5(8;@) (9 ¢)—§M ¢ ¢_Z)\(¢*¢) (1.17)

which is really just a slight change of notation from equation 1.16. Again, when finding the minima of
V(¢), both 2 < 0and pi? > 0 solutions are considered. For 2 > 0, again we have a stable equilibrium
if » = 0, and for u? < 0, there are infinitely many solutions corresponding to ¢ + ¢3 = %"2 Figure
1.4(a) shows the potential for a complex scalar field ¢ with 2 > 0 where SU(2) symmetry is preserved
and there is just one stable solution for minimizing the potential. Figure 1.4(b), also known as the Mexican
hat potential, is the potential of a scalar field for 1> < 0 when SU(2) symmetry is broken and there are
infinitely many possible minimizing solutions, represented by the circle at the minima of the potential.

(@) (b)

V(o) V(9)

0o ?4

94

Figure 1.4: An illustrative example of spontaneous symmetry breaking for a complex scalar field
potential V' (¢), with (a) showing solutions for ? > 0 and (b) for p? < 0. [2]

1.5.2 Hiccs MECHANISM

L is required to be invariant under local gauge transformations. However, as it is written this complex

¢isnotinvariantundera U (1) local gauge transformation. This local gauge invariance can be recovered (as
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it was in QED) with the introduction of a covariant derivative: 8, — D,, = 0,, + igB,,. Incorporating

the required transformation of the new gauge field B, — B;, = By, — 0,,x(%), the Lagrangian becomes:
1 v *
L= =P Fu + (Duo) (D"6) — p6* = A" (1.18)

where F* = 0FBY — 0" B* is the kinetic term. B must also be a massless gauge field or its mass term
would break gauge invariance. This Lagrangian has a degenerate vacuum state for 4% < 0 and including
the perturbations around the vacuum state ¢(z) = % (v + n(x) + i€(x)) results in a Lagrangian that
includes a massive scalar field 1), massless Goldstone boson &, and a mass term for the massless gauge field
B. Success!.... or rather not quite.

This Lagrangian includes a direct coupling between the Goldstone field and gauge field implying a
spin-1 gauge field can interact with a spin-0 field, which is not possible. A clever choice of the gauge
transformation B, — B, = By, + g%a,@ («) removes the Goldstone field from the resulting Lagrangian.

This is known as the Unitary gange and makes the complex scalar field ¢(z) real:

1
¢(z) = \ﬁ(””(@) (r.19)

with h(x) as the Higgs field. The degree of freedom from the Goldstone boson is now related to the

polarization of the massive gauge potential. Using this gauge, the Higgs Lagrangian becomes:

Ly = %((‘3“}1)(8“h)—/\y2h2—%F,WF’“’—F%gQVQBMB“—ngVBuB“lH—% g2BuB#h2—Ayh3—iAh4.
(1.20)

The first two terms represent the massive scalar Higgs field, the third and fourth represent the massive

gauge boson, and last two terms show A self-interactions. The other terms are the interactions between h

and B. Looking at the mass terms, we can get the mass of the Higgs boson as mp = v/2\v and the mass

of the gauge boson as my, = gv.
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1.5.3 HIGGs BosoN AND Mass

The Higgs mechanism needs a neutral scalar field in order to create the masses of the electroweak gauge

Jr

bosons. The Higgs field can be written in a weak isospin doublet as ¢ = . Following the steps
¢0

in the previous section, we can find a non-zero vacuum expectation value of < ¢ >= . After

v

V2
spontaneous symmetry breaking, the Higgs boson itself can be written in a doublet, like the left handed

spinors for electroweak theory:
1 0
¢(z) = ﬁ )+ h(o) (1.21)
UsingY = 2(Q— 1)), and the fact that the lower component of the Higgs doublet is neutral, the overall
Higgs doublet has Y = 1,
We can now determine the gauge boson masses by using the covariant derivative for the electroweak

interaction:

Y
Oy — Dy =0, +19,T- W, + ig';Bﬂ (1.22)

and look at the (D,¢)T(D*¢) terms in the Lagrangian. The mass terms are related to quadratic powers

of the gauge boson fields and reduce to:

1 1
ggiu2(W/51)W(1)“ +WAWr) §1/2(wa/§3) —¢'B,)% (1.23)

From these, we can get that the mass of the W boson is m,, = % gw, corresponding to the W) and
W2 spin-1 fields. To get the mass of the W(3) field (and then the mass of the Z boson and photon), we
look at the terms quadratic in W) after the institution of D,, from equation 1.22. After some algebra,

these terms look like:

yar g —gwd | (WO
) Wy B, . (1.24)
—gwyg  g? B#
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Once the Lagrangian is written in the diagonal basis, this reduces to:
(1.25)

and we can see that the mass of the photon is m4 = 0 and the mass of the Z is mz = %I/\ /g?,[, + g2,
Through the Higgs mechanism, the Z boson now has mass, while the photon is still massless. Combining
the definitions of A, and Z,, in equations 1.13 and 1.14, and the coupling ratio of U (1)y and SU(2) 1,

gl

auge symmetries (-2- = tanfyy ), we can get a relation between myy and m z via:
gauge sy 9w g

mw_ cosByy . (1.26)
mz

Some physicists like to describe the W* and Z acquiring mass as these fields obtaining longitudinal field
components by “eating” the Goldstone boson degrees of freedom. Using experimental measurements,
physicists have approximated the value of the vacuum expectation value of the Higgs field, v, as 246GeV/c?,
which is known as the electroweak scale. Finally, we can get the couplings of the Higgs boson to the gauge
bosons by looking at the V'V'h and V'V hh terms in the Lagrangian where V = W=, Z.

The final piece of #his puzzle is the mass of the fermions, which is included in L£yykqwa. Unlike gauge
boson masses that come from “eating” the gauge degrees of freedom, fermion masses come from inter-
action terms in the Ly between the Higgs field and the fermions. The left-handed and right-handed
particles act differently as they are placed in SU(2) doublets and singlets respectively. Interaction terms
that follow SU(2) 1, x U(1)y symmetry look like —g;(Lp R+ R¢'L). For example, the doublet for the

tau (a key particle in the main analysis for this thesis) is:

¢+ Vr
Lr=—gr (uT T> TR+ TR <<z5+* ¢0*> (1.27)
L\ ¢ T

L

Choosing the unitary gauge, we can reduce this expression and get a term with the correct form for
. . . m
fermion masses, with a Yukawa coupling of g = V2 Tf

To handle the SU(2) singlets, which includes giving the top quark mass, we construct the conjugate

31



_ 0%
doublet ¢, = . This gives us a mass term of the form — %V(E Ltr +tRtL), where the Yukawa

-
coupling again (for any fermion) is gy = V2 % The Yukawa couplings are free parameters that can be

constrained experimentally.

1.5.4 H1GGSs BOSON DISCOVERY

While it may now seem that the Higgs boson was the obvious solution to the local gauge invariance prob-
lem, it was initially one of several plausible solutions [48]. In 2012, the Higgs boson was discovered at
CERN in both the ATLAS and the CMS detectors. ATLAS used the channels H — ZZ*) — 41, H —
yv,and H — WW®) — evpr combined with the previous channels: H — ZZW, H — WW®),
H — bb,and H — 77® [6]. The combined channels gave a discovery significance of 5.9 standard
deviations. Meanwhile, CMS used combined measurements from the vy, ZZ, WTW =, bb, and 777~
to get a mass measurement with a local significance of 5.0 standard deviations [49]. This all but confirmed
the Higgs boson as the solution particle physicists were looking for and led to the next few years at CERN

focusing on fully categorizing the Standard Model Higgs boson.

1.5.5 HIGGs BosoN PRODUCTION MECHANISMS

There are four main Higgs boson production modes that can be measured at the LHC. All four have now
been measured and agree with Standard Model predictions. Figure 1.5 shows the production mode cross
sections depending on the Higgs mass at /s = 14TeV center of mass energy for the LHC.
Gluon-gluon fusion (ggF): The most common production mode for the Higgs boson is gluon-gluon
tusion (99 — H + X). This interaction is mediated by the exchange of a virtual top quark, as shown in
Figure 1.6 (a). This is required as the Higgs boson must couple to mass, and gluons are massless. Lighter
quarks can also contribute to this process, but the massive top quark is the most dominant contribution

and the others are suppressed relative to mg [4]. With a center of mass energy (1/s) of 13TeV, the cross

+4.6%

section for ggF is 48.6 "5 7o

pb for a 125GeV Higgs boson. This amounts to approximately 88% of the
total Higgs bosons produced at the LHC [50].
Vector Boson Fusion (VBF): The production mode with the second largest cross section at the LHC

is Vector Boson Fusion (VBF). This production mode occurs when two quarks are scattered, along with an
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Figure 1.5: The main production modes for the SM Higgs boson as a function of the Higgs
boson mass at /s = 14TeV. [3]

exchange of a W or Z boson, with the Higgs boson then radiating off of the W or Z boson (qq — qqH)
[4]. The W/Z is represented as the internal squiggly line in figure 1.6 (b). This signature is categorized
by two hard jets in the forward or backward regions of the detector. The cross section for this process at
Vs =13TeVis 3.781‘%:3;‘:[)@ accounting for ~ 7% of Higgs boson production [50].

Both ggF and VBF production methods were used in the Higgs discovery [6].

Associated Production with a Vector Boson (VH): The third most common production mode at
the LHC is associated production with a vector boson (VH) and is the focus of the main analysis of this
thesis. The process occurs when two quarks interact and form a W or Z boson which then radiates the
Higgs boson (pp — VH + X, with V. = W=, Z). Sometimes this process is referred to as Higgs-
strahlung and is depicted in figure 1.6 (c). The cross section for W H is higher than for ZH due to the
lower mass of the W boson compared to the Z boson. The cross section value for W H is 1.37f§:2§pb and
for ZH is 0.88f§:ég€ pbat+/s = 13TeV [50]. Thus, VH is about 4% of the total Higgs boson production
at the LHC.

Top Fusion: The final main contributor to Higgs boson production at the LHC is top fusion (pp —

ttH). The process is gluon-gluon initiated and each of the initial quarks produces a pair of top quarks.
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Figure 1.6: Feynman diagrams for the four main Higgs boson production mechanisms at the
LHC. [4]

These top quarks can then fuse and produce a Higgs boson. Due to the high mass of the top quarks, this
production mechanism requires a lot of energy, resulting in a low cross section value of 0.50ig:g%pb at

Vs = 13TeV, or less than 1% of total Higgs boson production [so]. The process is shown in 1.6 (d).

1.5.6 HIGGS BOSON DECAYS

After being produced in one of the four main ways at the LHC, the Higgs boson almost immediately
decays into other standard model particles. The Higgs boson has an extremely short lifetime of 1722s.
The main decay mechanisms are shown relative to the Higgs boson mass in figure 1.7. Since the Higgs
boson couples to mass it can decay to all massive particles except neutrinos, assuming the decay follows
the conservation laws mentioned in 1.2.1. The Higgs boson couples more strongly to particles with larger
mass.

Decays to massive fermions: The most common decay process H — bb is also one of the hardest de-
cay processes to observe in the detector due to the overwhelming QCD background. It was first measured
in 2018 using the VH production channel that allowed for additional lepton(s) to trigger on [51]. Due
to the difficult nature of measuring the H — bb channel, the first measurement of the Yukawa coupling,

or how the Higgs boson couples to fermions, was first seen through the H — 777~ decay channel. The
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Figure 1.7: Relative frequency of Higgs boson branching ratios with respect to the mass of the
Higgs boson. [s]

current ATLAS measurement of H — 717~ combines VBF and ggF production [52]. The next most
common Higgs boson to lepton coupling is H — p* 1~ . In 2020, ATLAS obtained a 20 measurement
on this rare channel [53].

The second most abundant Higgs boson to quark/anti-quark decay is H — cc. As of yet, there is no
official observation, however CMS and ATLAS have set recent limits on the measurement [54] [55]. Itis
believed that decays to lighter quarks and lighter leptons (electrons) will be too rare for observation at the
LHC.

Decays to massive bosons: The largest branching ratio for Higgs boson to other massive bosons, is
via H — WHW ™. It was first measured in ATLAS in the VBF and ggF production modes in 2015 with
an excess of 6.10 over the background [56]. Despite the H — ZZ branching ratio being much lower
than H — W W ™, it was one of the channels used in the initial discovery measurement. The full decay
process H — ZZ — [l is known as the “golden channel” because of its clean, easy to see final state of
four leptons. Figure 1.8 shows the clear signal of a Higgs boson above the background using this channel.

Decays to massless particles: One might assume that because the Higgs boson couples to mass, it is
impossible for it to decay to massless particles, such as the photon. However, through the incorporation

of an intermediate loop of virtual quarks or massive bosons, it is possible. H — gg is the most likely
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Figure 1.8: Four lepton invariant mass of selected signal of H — ZZ — 4l and expected back-
grounds in the 2012 ATLAS measurement. [6]

Higgs boson to massless particle decay with an expected BR of 8.5% [57]. Because gluons carry color, this
process is (usually) mediated by a (top) quark loop, which requires a lot of energy. However, H — 7y
was another one of the key channels for the original Higgs boson discovery in 2012 [6]. Despite a BR of
0.22%, it was able to be seen due to the detector’s ability to identify and reconstruct photons with great
precision.

Goals of HL-LHC: Currently, the measurements of the Higgs boson decays and production measure-
ments are confirming it as the SM Higgs. There are still some unmeasured channels that experimentalists
hope to measure during future runs of the LHC, such as H — p*p~ and H — Z7. In addition, the
higher energy of the HL-LHC should allow for a 30 combined measurement from ATLAS and CMS
for di-Higgs production. Lastly, with the ability to conduct precision measurements, there is hope for

sensitivity for Beyond the Standard Model Physics [58].
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1.6 LIMITS OF THE STANDARD MODEL

Despite the current success of the Standard Model depicted by the consistency of data/theory measure-
ments in figure 1.9, and the affirming discovery of the Higgs boson in 2012, there are still many unan-

swered questions in particle physics.
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Figure 1.9: Summary of SM production cross section measurements and their agreement with
theory. [7]

Dark Matter (DM) and Dark Energy (DE)

The standard model of particle physics describes the matter that we can see, however there is exper-
imental evidence from astrophysics experiments that show that nearly 95% of the universe is made up
of dark matter and dark energy that humans have not directly detected. The Hubble Telescope looked
at the merger of two clusters and based on our knowledge of gravity’s strength and gravitational lensing,
scientists concluded with 8¢ certainty that the majority of the mass of the system is unseen [59]. Other

evidence of dark matter comes from the Cosmic Microwave Background and the patterns in it that cannot
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be explained by gravity and photons alone [60]. WIMPs (weakly interacting massive particles) and axions
are two possible dark matter particle candidates. Experiments, such as HAYSTAC at Yale, are looking
for direct detection confirmation of axions [61]. Furthermore, the universe we live in is expanding at an
accelerating rate and this could potentially be caused by the existence of dark energy.
Neutrino Mass and Oscillations

Experimental evidence that neutrinos oscillate, such as the results from Super-Kamiokande, require
that neutrinos have mass, which goes against Standard Model predictions [62]. Furthermore, neutrino
mass ordering can be determined from these oscillation measurements [63]. Despite experimentally seeing
these results, scientists do not know how neutrinos get mass and why their masses are so small compared
to other SM particles.
Matter-Antimatter Aysmmetry

According to the Standard Model, matter and anti-matter should exist equally in the universe, with a
slight imbalance allowed for by CP violation. Our understanding of the Big Bang includes the knowledge
it created matter and antimatter in equal amounts. However, our universe is dominantly made out of
matter, experimentally confirmed by astrophysical measurements. CP violation alone cannot explain this
phenomenon.
Charged Lepton Flavor Violation

Recent experimental results at LHCb show evidence of charged lepton flavor violation. One of the
conservation laws included in the Standard Model is that lepton flavor is conserved in interactions. LHCb
saw hints of the breaking of lepton universality in beauty-quark decays [64]. Muze, an intensity frontier
experiment, is looking for evidence of another charged lepton flavor violating decay of a muon decaying
directly to an electron.
Anomalous Magnetic Moment of the Muon

Recent results from Muon g-2, grouped with a previous measurement at Brookhaven National Lab,
show another conflict between Standard Model prediction and experimental measurement. In their high
precision measurement of the anomalous magnetic moment of the muon, they found 4.20 significance
difference between their experimental result and theory [65]. While there is some discussion of whether
the theory is correct, as this difference is several decimal places deep, it is an interesting example of the

current methods used to determine whether beyond the Standard Model physics exists.
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“Silly things do cease to be silly
if they are done by sensible people in an impudent way.”

Jane Austen, Emma

LHC and the ATLAS Detector

THE LARGE HADRON COLLIDER (LHC) AT CERN (CONSEIL EUROPEEN POUR LA RECHERCHE NU-
CLEAIRE) IS A MAGNIFICENT FEAT OF ENGINEERING MADE POSSIBLE BY A LARGE INTERNATIONAL
coLLABORATION. CERN was founded in 1954 and is located along the French Swiss border, just out-
side the city of Geneva. It was created after the end of World War II to unite the scientists of Europe to
push science forward for non-military purposes [66]. Today, there are 23 Member States of CERN, ten
Associate Member States, and three countries with Observer Status, of which the USA is one. There are
over 18,000 employees that work for CERN [67]. There are currently four main experiments located on
the LHC ring to observe particle collisions: ATLAS, CMS, ALICE, and LHCb. The analysis documented

in this thesis uses data taken by the ATLAS experiment during Run 2 (2015-2018) of the LHC.

2.1 LARGE HADRON COLLIDER AND ITS PREDECESSORS

In order to see new fundamental particles, scientists need to create a huge amount of energy in a very small

amount of space. When choosing the type of collider to build, there are several options to consider: will
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it be a fixed target or colliding beams experiment, will it be a linear or circular collider, will you accelerate
composite or fundamental particles? Questions that guide these choices are: “what energy levels do I
need?”, “what type of particles do I want to look at?”, and “how much money and/or space do I have?”.

Fixed target experiments work by accelerating particles, either in a linear or circular collider, and then
hitting a fixed (non-moving) target with the particle beam. In these collisions, the energy of the collision is
just the energy of the beam. When running a colliding beam experiment, two separate beams of particles
collide together, which means you can reach double the center of mass energy (see section 2.1.1). Needing
to reach a high level of energy in a minimal amount of space without super strong electric fields would lead
one to choosing a circular collider.

Linear particle accelerators use oscillating electric fields to propel charged particles forward to then
collide with a fixed target or with an oncoming beam. Linear colliders are used today in radiation therapy,
in addition to physics research. Circular colliders work by accelerating two separate beams of particles in
a circle, either in the same beam or parallel beams, and colliding them together at set interaction points
to reach a higher center of mass energy. Both circular and linear colliders can reach high levels of energy.
However, when running a linear collider, you only get one chance to accelerate the particles travelling
down the beamline requiring extremely high electric fields and/or a very long tunnel. Furthermore, linear
colliders lose the particles that do notinteract. In a circular tunnel, we are able to recycle those particles and
collide them again. A benefit of circular colliders is their ability to continually accelerate the same particles
to higher and higher energies while they travel in the same circle. A downside to consider is the constantly
changing magnetic fields needed to keep the particles travelling in a circle. Larger circles can smooth out
the turns but are then more expensive to construct.

Deciding which type of particle to collide, composite or fundamental, ties in to choosing the shape of
the collider. Fundamental particles, like electrons, radiate a lot of their energy due to bremsstrahlung. This
means that while a circular collider can continually accelerate electrons, the electrons are also continually
losing energy. On the other hand, a benefit of colliding fundamental particles is a more precise knowledge
of the center of mass energy of the collision. This allows scientists to measure total missing energy instead
of missing transverse energy.

The last component of the decision making comes from the cost and location of the collider. Some

countries only have space for a linear or circular collider depending on their geography. Also, having a
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collider fully in one country, rather than straddling a border, can be a cause of concern for international
collaborations who want open access to the data and results. Lastly, cost and energy use is a growing
concern and there is concerted effort to reach the highest energy with the lowest amount of money and
operational costs. There are ongoing discussions now on whether to follow up the LHC with a linear
collider (CLIC) or a circular collider (FCC). Both designs could collide electrons or positrons in order to
study different physics from what we are currently measuring at the LHC.

Construction of the LHC, a circular collider that accelerates protons, at CERN was approved in 1994
and it was to be built in two stages with an initial 20 year commitment as a succession to the Large Electron
Positron (LEP) collider. In fact, the LHC was built in the same tunnel as LEP and the work to create the
LHC began well before LEP was finished running.

LEP was operated from 1989 to 2000 and was a particle, anti-particle collider. LEP eventually reached
an energy of 209GeV and was able to produce the recently discovered W and Z bosons, confirm that there
were three generations of matter particles, and set both lower (excluding mpy < 114GeV) and upper
mass limits (mpy < 222GeV) on the Higgs boson [68]. The Tevatron at Fermilab had its Run II in
between LEP and the LHC, from 2001 to 2011, and it reached center of mass energies of 1TeV colliding
protons and anti-protons [69]. The Tevatron further confirmed the possible existence of the Higgs boson
but was unable to claim a discovery prior to the start of the LHC. The Tevatron was able to make a 2.90
measurement that the Higgs boson mass was between 115 and 135GeV just two days before the Higgs
boson discovery from ATLAS and CMS [70]. Based on the limits set for the Higgs boson prior to the
start of the LHC [12], but lack of discovery by both LEP and the Tevatron, researchers believed that the
LHC needed to run at O(10)TeV center of mass energy to discover the Higgs boson and consequently
the origin of mass. Scientists also hoped the LHC could provide answers to questions such as, “what kind

of unification may exist beyond the standard model?” and “is there a deeper reason for gauge symmetry?”
[71].
2.1.1 CONVENTIONS AT PARTICLE COLLIDERS

As a quick aside, let’s discuss the way energy is measured at particle colliders. The main unit used is eV,
or electron volts, which is the amount of kinetic energy an electron gains after being accelerated though

an electric potential difference of 1 Volt. This is also equivalent to 1.602 x 10197, TeV stands for Tera
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electron volt or 1 trillion electron volts. This may seem like a lot of energy, however 14TeV relates to
14 x 1012 x 1.602 x 10719 = 22.4 x 1077J [72]. A benefit of colliding beam experiments is the energy
increase achieved when moving from a fixed target experiment with a single beam to two colliding beams.
This setup doubles the energy, which is measured as /s = center of mass energy. Each beam during Run
2 of the LHC was 6.5TeV, leading to a /s of 13TeV. There are two main ways to think about energy of
particles: mass and distance. E = mc? gives us mass in terms of energy, and the Compton wavelength
A= % gives a length scale in terms of inverse energy. So more energy allows us to see more massive and
smaller particles! In order to create a certain type of particle, our collision energy must match or exceed
that particle’s rest mass.

Another key concept of particle colliders is Luminosity, which is a count of how many collisions will
take place in a collider. There is znstantaneouns luminosity which gives the instantaneous rate of collisions,
or how frequently we observe events within the collider. Assuming the particles in the proton bunches are
identical in their transverse profile and follow a 2D Gaussian distribution along their axes perpendicular

to the beamline, instantaneous luminosity is calculated as:

ﬁ = f * ne (2"1)

drooy

where f is bunch crossing frequency, n1, n2 are number of particles contained in each bunch, and o, o

To determine how many particle

. . 1 1
are the transverse beam widths [73]. £ has units 5 or —————.

collisions will happen over a certain period of time, or how much data is taken in that time period, we
calculate the integrated luminosity: L = [ Ldt. This is usually expressed as the inverse of cross section in
fb~ ! (inverse femtobarns). The use of barns as a measure of area comes from the phrase “couldn’t hit the
broad side of a barn” (something is so big it would be difficult to miss) and the size of a uranium nucleus
(10~24cm?). The barn was invented during WWII when developing nuclear weapons. A femtobarn is
10715 barns and is used for cross section measurements in particle physics to turn large numbers into more
manageable units [74]. Putting this all together, the number of expected events for a given time running

the LHC is:

Newp = Oeap X /ﬁ(t)dt. (2.2)

There are several ways to move to higher luminosity in the circular collider. One way is to decrease the
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bunch crossing time (or increase f in equation 2.1). In Run 1, we ran with 50ns bunch spacing. In Run
2, this was decreased to 25ns. This is currently at the edge of experimental feasibility given our detector
readout times. Alternatively, you can increase the number of protons in a bunch that are then collided
(increase n; in equation 2.1). Finally, with tighter focusing of the beams, resulting in more densely packed
colliding proton bunches, luminosity will also increase.

One of the consequences of moving to higher luminosity if you have increased the number of protons
in a bunch is additional pilexp. Pileup is a measure of the number of interactions per crossing. High levels
of pileup can cause the detector to record many events simultaneously that need to then be disentangled
from each other so that the individual interactions can be studied. Both simultaneous (in-time pileup) and
near-time occurring (out-of-time pileup) collisions add to event reconstruction difficulties. Pileup levels
seen in Run 2 and expected in Run 3 can be handled by the detector. However, increasing pileup can in-
crease trigger rates and detector occupancy, which can then increase the amount of bandwidth needed to
read the data from the detector and increase the space required to store events. A greater level of sophistica-
tion might be required in reconstruction algorithms and analysis designs in order to cope with the higher
background levels. This can perhaps be done with the incorporation of more advanced machine learning

algorithms in each step of our data processing.

2.1.2 LHC CONSTRUCTION AND OPERATION

The LHC was built by over 10, 000 scientists and engineers from more than 1oo countries. Construction
began in 1994 and the first LHC Conceptual Design Report was published in 1995 [75] [76]. The very
first proton beam was in 2008, but an accident occurred resulting in significant damage. The running of
the LHC was then shut down until repairs could be made. Official data taking of the first proton collisions
started in 2009 [72].

The LHC collides protons 100 meters underground in a tunnel with a circumference of 26.7km un-
der the France/Switzerland border near Geneva. During Run 2, each beam has an energy of 6.5TeV mak-
ing the center of mass energy 13TeV. Protons are accelerated to 0.999999991 times the speed of light at
top energy of /s = 14TeV in the LHC [72]. The bunches collide every 25ns and there was an average
pileup of 33.7 interactions per crossing in Run 2. Figure 2.1 shows the mean interactions per crossing

(pileup) during each year of Run 2 and all years combined. The protons travel in bunches and there are
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about 2800 bunches in the beam at once. This all leads to about a billion collisions per second occurring
in the LHC. The protons are designed to collide at four main interaction points in each of the detectors

as seen in figure 2.2.
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Figure 2.1: Distribution of mean interactions per crossing weighted by luminosity for the full
Run 2 pp collision data set of the ATLAS detector. This includes all data taken during stable
beams. [8]

The LHC is kept at vacuum and superconducting temperatures in order for the particles to travel
at close to the speed of light and operate the magnets that bend the beam path. There are actually three
vacuum systems at the LHC: one for the beams, one for the cryomagnets, and one for the liquid helium
that is used to cool the magnets [76]. Vacuum is necessary in the beam so that the bunches only collide
with each other and not other particles. The beam pipes are lowered to a pressure of ~ 10~ '3atm, which
is close to the pressure on the surface of the moon. The beam pipe has two sections under different tem-
peratures: the arc beams are maintained at 1.9K and the straight sections are kept at room temperature.
This warming area allows for “bakeout” at 300°C which maintains the vacuum purity when performed
at regular intervals. The insulating vacuum for the helium and magnets takes up 15,000 cubic meters of
volume and reaches a pressure of 10~ %mbar.

There are 9600 magnets in the LHC that control the particles’ trajectories. Taking advantage of the
basic physics law that charged particles change directions in the presence of a magnetic field, we are able

to steer the protons to travel in a circle and then collide at the four interaction points. This is done with
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Figure 2.2: Aerial view of CERN and Geneva, with the LHC tunnel in yellow, and the four main
detectors in white, with the French/Swiss border shown with the white dashed line. [9]

a combination of dipoles, quadrupoles, sextupoles, octupoles, etc [72]. The lattice magnets - dipoles and
quadrupole magnets, keep the particles on the right path. The 1232 main dipoles have a magnetic field
of 8.3T, more than 100000 x Earth’s magnetic field, and are each 15m long and weigh 35 tons. These
dipole magnets are used to bend the path of the particles along the path of the LHC tunnels. The 319
quadrupoles, which are 5 — 7 meters long, focus the beam, keeping the particles in dense bunches. Next,
there are magnets in the insertion area right before collision in the detectors. Three quadrupoles are com-
bined together to make an inner triplet. There are two inner triplets at each of the four detectors and they
narrow the beam in preparation for collisions. Dipole magnets then separate the beams after collision and
set them back on their usual beam path. A final system of magnets, known as the kicker magnets, that will
deflect the beam in the abort gaps into absorption material outside the main ring [76].

In order to fitinto the 3.7m radius LEP tunnel, there could not be two separate beamlines with all the

necessary supporting services and room for personnel. To solve this issue, we chose a “two-in-one” design
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that is space saving but causes the beams to be magnetically coupled [10]. This is shown in figure 2.3. The
beam lines themselves are 3cm in diameter. In order to keep the two beamlines from being torn apart due

to their opposing magnetic fields, non-magnetic steel collars are critical to the design.
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Figure 2.3: Cross section of the LHC beam line showing location of quadrupole magnet bars,
alignment target, vacuum vessel, non-magnetic collars, and dual beams. [10]

2.1.3 ACCELERATING PROTONS AT THE LHC

In the previous section, we detailed how the protons are kept circulating in the main LHC ring, but what
does it take to get the protons to circulate at a speed allowing them to travel the whole 27km circle 11, 000
times per second? Protons are isolated in a system called a duoplasmatron (metal cylinder) [77]. Hydrogen
gas is stored inside until it is extracted and exposed to electric fields that are applied to strip the electrons
from the protons. The particles are then accelerated by a 90kV supply from an RF quadrupole and inserted
into the LINAC system at about 4000km/s. The protons are then sped up by a series of linear and circular
accelerators as shown in figure 2.4 [78]. In Linac 2, the protons are accelerated to 50MeV, then to 1.4GeV

in the Proton Synchrotron Booster, which is composed of four stacked synchrotronic rings. In the Proton
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Synchrotron (PS) the protons are accelerated to 26GeV. The PS has a circumference of 628m and it creates
81 bunch packets 25ns apart [79]. The protons are then fed to the Super Proton Synchrotron (SPS) which
accelerates them to 450GeV in its Tkm ring with 744 dipole magnets to bend the beam. Both the PS and
SPS also provide particle beams to experiments located on or near their rings. The SPS injects the proton
bunches in opposite directions into the LHC beamline and it takes just over four minutes to fill the final
beam. When the protons are injected into the LHC there are on order of 101! protons in each bunch at

the start [72]. It takes about 20 minutes to accelerate the protons from 450GeV to 6.5TeV in the LHC.
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Figure 2.4: A schematic of the entire LHC linear and circular accelerator complex. Protons are
injected into Linac 2 and then passed to the Booster, PS, SPS, and finally the LHC ring where
they are accelerated to energies of 6.5TeV. [11]

To accelerate the bunches further in the LHC, radio frequency (RF) cavities are employed. There are
16 RF cavities on the LHC, each housed in one of four cryogenic chambers to allow them to operate in
a superconducting state. The RF cavities are metallic chambers that house an electromagnetic field. This
electromagnetic field is oscillated at a frequency of 400MHz. The proton bunches are constrained by this
oscillating RF field as the frequency determines the boundaries for these proton bunches (RF buckets).
Protons outside of these bunches (or not travelling at the final speed) will be accelerated or decelerated to

match. This leads to a bunching of protons around the synchronous proton.
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With the help of the magnet system explained earlier, the proton bunches are made to collide at the
four main interaction points, where each of the four main detectors are located. ATLAS is located at
point 1, right near the main campus of CERN, while CMS is on the opposite side at point 5. There
are also special runs of the LHC where heavy ions (lead nuclei) are collided at lower energies, such as
VSNN = 5.02TeV. These runs enable scientists to study other types of physics phenomena, such as

quark-gluon plasma.

2.1.4 RuUN2orF THE LHC

The LHC program consists of a series of multi-year runs and periods of long shutdowns to upgrade the
accelerator to reach higher energies and the detectors to deliver physics results, as detailed in figure 2.5. The
data for this thesis comes from Run 2, which occurred from 2015-2018 and had an integrated luminosity
of 13TeV with 139 fb~! of good data. The total data delivered by the LHC in Run 2 is shown in green
on the left of figure 2.6, as well as the amount ATLAS recorded in yellow and the amount that was good

for physics in blue.
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Figure 2.5: Timeline of running the LHC created in 2016 before there were delays to Run 3 due
to covid 19. [12]

Run 2 was followed by an originally planned two year shutdown, that extended to three years during
the pandemic, in order to increase beam brightness. Run 3, which will begin in early 2022, will extend
over three or four years and is expected to deliver 300 fb~1 of data at 13 — 14TeV [12]. After Run 3,

another long shut down will allow for upgrades to both detectors and the beamline to handle the increase
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in luminosity planned for the HL-LHC. Currently, there are two major runs planned for the HL-LHC.
The total projected luminosity for the HL-LHC, a dramatic increase over current recorded luminosity, is

shown on the right of figure 2.6. Discussions are ongoing to determine what to do after the HL-LHC. It

is a pivotal time for particle physics as we decide how and what we want to look for next!
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Figure 2.6: Total integrated luminosity of Run 2 delivered by the LHC (green), recorded by
ATLAS (yellow), and data collected that can be used for physics (blue) (left). Total projected
luminosity for the HL-LHC (right). [13]

2.2 ATLAS DETECTOR

The ATLAS experiment (A Toroidal LHC Apparatu$) is one of four main detectors located on the Large
Hadron Collider (LHC) beamline.

The ATLAS detector itself weighs 7000 tons, is 44m long and 25m high, and located 100m under-
ground [80]. The detector has a forward/backward symmetric cylindrical geometry. The barrel region
has cylindrical surfaces around the beam line and the End-Cap has surfaces perpendicular to the beam-
line. There are four major components of the ATLAS detector: the Inner Detector, the Electromagnetic
and Hadronic Calorimeters, the Muon Spectrometer, and the Magnet System. These are used to mea-
sure the particles created in the collisions. The first three components are located in concentric cylinders
around the beam line, while the magnets encompass the inner detector and the muon system to bend the
charged particles. There are over a billion particle interactions every second in the ATLAS detector and
only 0.0001% of events are saved via the Trigger and Data Acquisition (TDAQ) system and available for

turther study. A schematic of the ATLAS detector with people for scale is shown in Figure 2.7.
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Semiconductor tracker

Figure 2.7: Schematic of the ATLAS detector with the four major subsystems and people for
scale. [14].

For the coordinate system of ATLAS, the z-axis is defined as the beam line, and the x- and y-axes are
the transverse plane, with the x-axis pointing towards the LHC ring center and the y-axis in the upwards
direction. @ is the polar axis from the beam line and ¢ is the azimuthal axis around the beamline [81]. The
interaction point is at the center of the detector. The reference coordinate axes are shown in figure 2.8.

y

polar angle
6 e[0a]

ATLAS coordinate system
_—

| ; SETA b
\ j 7 et
interaction point

|pointing towards the:
cenire of the LHC ring

azimuthal angle
$e[0.2x]

fay
z v

Figure 2.8: Coordinate axes of the ATLAS detector showing the z-axis as the beam line, the x-axis
pointing towards center of the LHC, and the polar angles. [15]

Another way to measure particle location in the detector is with 1) (pseudorapidity). 7 is a function

of 6 where

n = —Intan(0/2) (2-3)

50



as shown in figure 2.9. The values of 7 range from negative infinity to positive infinity if aligned directly
with the beam line. A value of 7 = 0 means directly perpendicular to the beam line. Another useful

distance measurement is AR, which is a measure of angular separation and is calculated as:

AR =/ An? + A¢? (2.4)

6,=90°,n=0

6,=45°, n=0.88

0,=10°,n=2.44

a
>

Beam Axis 6,=0",n=o

Figure 2.9: Diagram of pseudorapidity (1) for various values of polar angle 6 with respect to the
beam line. [15]

Before diving into each sub-component of the ATLAS detector, let’s detail the general path a parti-
cle will follow through the detector depending on its type. Figure 2.10 shows the general paths of several
representative particles. All particles within the geometric acceptance will pass through the Inner Detec-
tor, however only the charged particles will have tracks reconstructed. Many particles will then interact in
the electromagnetic calorimeter, with electrons and photons typically depositing the bulk of their energy
within its volume. Energetic hadrons will typically move on through to the hadronic calorimeter. Pions
are the main particle measured in the hadronic calorimeter. Muons will continue on to the Muon Spec-
trometer at the outermost portion of the ATLAS detector. Unfortunately, the neutral and almost massless
neutrino will pass through undetected, complicating our attempts to fully reconstruct the particles that

were created within the detector.
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Figure 2.10: Schematic of a slice of the ATLAS detector, demonstrating where in the calorimeters
various types of particles deposit their energy. [16]

2.2.1 INNER DETECTOR

The innermost portion of the ATLAS detector is aptly named the Inner Detector (ID) as shown in figure
2.11. The ID is 7m long and has a radius of 1.15m, with a 2T magnetic field applied to enable mea-
surements of particle momenta and charge [81]. The ID covers a wide region for particle tracking and
reconstruction within a range of || < 2.5 [82]. There are three main parts of the Inner Detector: the
Pixel Detector, the Semiconductor Tracker (SCT), and the Transition Radiation Tracker (TRT). The goal

of the ID is to measure the charge, momentum, and trajectories of particles.

Pixel Detector

The first part of the ID is the pixel detector, which initially had 80 million readout channels to help detect
short-lived particles, like the b-hadrons, by providing excellent resolution close to the beam pipe to enable
the detection of secondary vertices. The pixel detector has four barrel layers and three pixel disks in each

end-cap and spans the radial region of 30 — 150mm from the beam line [82]. The pixel size is 50(r — ¢) x
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End-cap semiconductor fracker

Figure 2.11: Cut-away diagram of the ATLAS Inner Detector with barrel and end-cap portions
of the Pixel Detector, SCT, and TRT detectors. [14]

400(2) pm?, with a spatial resolution of 14x115um?2.

At the beginning of Run 2, the Insertable B-layer (IBL) was added. This is now the innermost layer of
the ATLAS detector and is located at a radial distance of 3.3cm from the beamline. The IBL covers a region
of || < 3.03 and contains 12 million silicon pixels with a size of 50um (r — ¢) x 250um(z). This layer
improves both tracking readouts of charged particles and reconstruction of the secondary vertex. This is
key for the identification of jets from short-lived particle decays, such as the decay of the 7-lepton. The
IBL also helped mitigate damage to the previous inner layer during Run 1 and to the entire pixel system in

Run 2. The IBL also provided robust b-tagging performance even with module failures in various layers

[83].

Semiconductor Tracker

The middle portion of the ID is the Semiconductor Tracker (SCT), which is made of silicon micro-strips
for pattern recognition. The SCT has four cylindrical double-sided barrel layers and nine end-cap layers
with over six million readout strips. The silicon strips have a diode with a p-n junction and an applied bias
voltage. The signal is read out by the Front End Electronics with a position accuracy of 17um per layer
transverse to the strips in (7 — ¢) and s8oum in z. There is a goal of eight SCT location measurements

per particle track. These eight precise measurements allow for momentum, impact parameter, and vertex
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position measurement.

Transition Radiation Tracker

The outermost layer of the Inner Detector is the Transition Radiation Tracker (TRT) which is made of
4mm diameter straw-tube detectors with 250, 000 0.39m-long straws in the end-caps and 50, 000 1.44m-
long straws in the barrel. The straw tubes are filled with 70% xenon gas, 27% CO2 and 3% O2 and are
plated in gold. The particle tracks are read out because the passing particle ionizes the gas, causing free
electrons to move to the wires and produce a signal. The TRT has 350, 000 read-out channels and is able

to provide particle type differentiation between electron and pions due to the difference in high threshold

hits (> 6keV) in the tracker [84].

The locations and layout of the many layers of the Inner Detector including the TRT are shown in

figure 2.12.
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Figure 2.12: Diagram of the TRT, SCT, and pixel subsystems and their locations in r, z, and 77 in

the ATLAS Inner Detector. [14]
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2.2.2 CALORIMETERS

The calorimeters measure the energy of both charged and neutral particles. The alternating material lay-
ers of the calorimeters are chosen to stop the particles and measure their energy. The electromagnetic
(EM) calorimeters are designed to measure the energy of electrons and photons as they pass through,
whereas hadronic calorimeters are designed to measure the energy of hadrons as many pass through the
EM calorimeters without depositing most of their energy. The EM calorimeter is directly outside of the
Inner Detector, and the hadronic calorimeter is outside of that as shown in figure 2.13. The EM barrel

calorimeter matches the 1) coverage of the ID while two calorimeters together cover a range of || < 4.9

[14].
Tile barrel Tile extended barrel
LAr hadronic
end-cap (HEC)
LAr eleciromagnetic

LAr eleciromagnetic

barrel
LAr forward (FCal)

Figure 2.13: Cut-away of the ATLAS calorimeter showing both the liquid Argon (LAr) and Tile
systems of the EM and hadronic calorimeters. [14]

Liquid Argon (LAr) Calorimeter
The EM calorimeter is made up of liquid argon and lead plates. The lead is there to absorb the particle’s

energy and generate an electromagnetic shower through the process of bremsstrahlung. The liquid argon
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that is between the plates is ionized by the passing shower particles. This process is repeated several times
through the calorimeter layers in order to fully collect the energy from the incoming particle. The LAr
calorimeter is 6.4m long and 0.53m thick. The calorimeter thickness is greater than 22 radiation lengths
(Xo)in the barrel and 24 X in the end-caps; deep enough to collect most of the energy from electrons and
photons [14]. The calorimeter has three layers of accordion-shaped lead plates as shown in the left-hand
side of figure 2.14. The barrel covers the region of || < 1.475 and the end-caps cover 1.375 < || < 3.2
causing a small gap with lower energy resolution at around || = 1.5 [17]. The barrel has two identical
half barrel segments and the end cap has two coaxial wheels. The accordion shape allows for complete
¢ symmetry with a readout cell size of 0.025 in ¢ in the inner layers and without major cracks in the
azimuthal angle. The calorimeter is kept in a cryostat at —184°C and vacuum sealed cables bring the

200, 000 readout channels through cold-to-warm feedthroughs.
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Figure 2.14: Diagram of the EM calorimeter and its accordion structure, showing the resolution
in ¢ and 7 (left) Diagram of the barrel cryostat for the LAr EM Calorimeter with the presampler
and feedthroughs (right). [17]

»

A presampler is also included to account for the energy lost by photons and electrons upstream of
the calorimeters [14]. This allows us to have higher granularity position and direction measurements for
the incoming shower. In the barrel and end-cap regions, the presampler feature is a 1cm or 5Smm LAr
active layer perpendicular or parallel to the beam line. The presampler in the barrel region is shown on
the right of figure 2.14. In between the barrel and end-cap is a scintillator layer to capture needed energy

measurements for jets.[17]
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Hadronic Calorimeter

On the outside of the EM calorimeter sits the hadronic calorimeter with a central barrel that is 5.6m long
and two extended barrels that are 2.6m long. The goal of the hadronic calorimeter is to measure energy
while stopping hadrons from plowing into the muon spectrometer. There are 420, 000 plastic scintillator
tiles to measure the interactions in 5182 cells, intermixed with steel plates to stop the particles [80]. A key
particle typically measured in the hadronic calorimeter for tau-lepton analyses are charged pions.

There are three components to the hadronic calorimeter: the tile calorimeter, LAr hadronic end-cap
calorimeter (HEC) and the LAr forward calorimeter (FCAL). The central barrel of the calorimeter covers
the region || < 1.0 and the outer barrels cover 0.8 < |n| < 1.7. Each barrel has 64 modules and there
are three readout layers; the inner two have a segmentation of An x A¢ = 0.1 x 0.1 and the outer one has
asegmentation of An x A¢ = 0.2 x 0.1 [85]. The extended barrel gives a total detector thickness of 9.7
nuclear interaction lengths (), allowing for precise measurements of high-energy jets. The scintillators
are read out by 9500 photomultiplier tubes via wavelength shifting fibres. Figure 2.15 shows a schematic
of a tile calorimeter cell with the alternating steel and trapezoidal scintillating tiles going out radially and
perpendicular to the beamline, and the photomultiplier tube and fibres for read-outs travelling parallel
[18].

In the HEC, there are two independent wheel end-caps, which use liquid argon like the EM calorime-
ter and cover 1.5 < |n| < 3.2. There are 64 total modules in the End-cap calorimeter, with 32 modules
in each wheel. The inner wheel has 25mm copper plates and the outer one has 50mm copper plates. In
between the copper plates are 8.5mm LAr gaps that serve as scintillating material. Inside the gap are three
parallel electrodes, making four drift spaces. The central one is the readout electrode and the other two
serve as high voltage carriers.

Finally, there is the FCAL, which has to deal with high amounts of radiation due to its proximity
with the beamline as it covers the 7 region of 3.2 < |n| < 4.9. The front face is also 4.7m from the
interaction point. This calorimeter requires a high-density design due to its recessed face with respect
to the EM calorimeter face. There are three modules in the ECAL, one copper and two tungsten, which
cover about 9.5 active interaction lengths with its dense design [17]. Each calorimeter section is a grounded
metal matrix with channels filled with concentric rods at high voltage and grounded tubes. This matrix

setup allows for excellent control of the gaps, which are as small as 250m in the first section. In total,
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Figure 2.15: Schematic of tile calorimeter module with alternating lead and scintillating layers
normal to the beamline and with the wavelength shifting fiber readouts parallel to the beamline.

(18]

there are 3485 readout channels for the FCAL.

2.2.3 MUON SPECTROMETER

Since muons are minimally ionizing particles in the energy ranges of interest at the LHC, they do not
deposit the majority of their energy in the calorimeters. Thus we need additional information to identify
them. ATLAS has a special component, the Muon Spectrometer, to measure muons’ tracks and momenta.
This is the outermost portion of the ATLAS detector. There are 4000 muon chambers where magnetic
deflection is used to measure the particle’s trajectory. The large barrel toroid magnet bends muon tracks
in the || < 1.4 region and the end-cap magnets bend tracksin 1.6 < || < 2.7 region [81]. In between
(1.4 < |n| < 1.6), the muon tracks are bent by a combination of the fields from the barrel and end-
cap. Tracks are measured in all regions of the muon spectrometer. In the barrel region, chambers in three
cylindrical layers around the beam axis measure tracks. In the end-cap and transition region the three
stations of chambers are installed vertically.

Four types of gaseous radiation detectors are used in the Muon Spectrometer: the MDT, CSC, RPC,
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and TGC. These can be seen in figure 2.16. These detection chambers are arranged in projective towers
with alignment rays optically connecting them. There are two classes of detector types: precision and trig-
ger chambers.[19] The precision measurements are conducted by the Monitored Drift Tubes (MDT) that
measure the curve of tracks for most of the 7)-range and the Cathode Strip Chambers (CSC) that mea-
sure coordinates at the ends of the detector [8o0]. The MDT have 1171 chambers with 354,240 tubes for
a single-wire resolution of 8oum. Each 3omm diameter tube is made of aluminum and contains soum
diameter central wire. The tubes are filled with 93%Ar and 7%COs. The MDT chambers are constructed
from multi-layer pairs of three or four monolayers of tubes to allow for precise reconstruction. The CSC
are multi-wire proportional chambers with segmented cathodes and have 70,000 channels with a hit reso-
lution of 6ogum. The hit coordinate is measured by reading out the avalanche formed on the anode wire
by the induced charge on the segmented cathode. The CSC are in 2 x 4 layers and are filled with a mixture

of 30%Ar, 50%COs9, and 20%CF, [81].

Thin-gap chambers (TEC)
- ] Cathode strip chambers (CSC)

chambers (RPC)

End-cap toroid
Monitored drift tubes (MDT)

Figure 2.16: Cut away view of the Muon Spectrometer with the 4 main detector components
and magnets. [14]

The trigger chambers, used for coordinate measurement in the bending plane, are the Thin Gap

Chambers (TPC) and the Resistive Plate Chambers (RPC). The three stations of RPC have 380,000 chan-
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nels, cover 3659m? and are located in the barrel. In the end cap, the three stations of TGC have 440,000
channels and provide the trigger. The RPC applies a uniform electric field of soooV/mm that amplifies
the ionization electrons. Each RPC has a 2mm gas gap between two 2mm thick Bakelite parallel resistive
plates. The signal is read out by two orthogonal series of pick-up strips: 7 strips are parallel and ¢ strips
are orthogonal to the MDT. The TGC is a multi-wire proportional chamber with a wire pitch larger than
the cathode-anode distance. The gasis a COg and n — C5 H12 mixture and with the high electric field of
3.1kV and small wire distance, the TGC is able to have excellent time resolution. The presence of a muon
in the spectrometer can be matched to the tracks/energy deposits left in the inner portions of the detector

to confirm particle identification.
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Figure 2.17: Transverse view of the Muon Spectrometer with the Resistive Plate Chambers and
Monitored Drift Tubes in the barrel portion. [19]

2.2.4 MAGNET SYSTEM

Magnets are used to apply fields that bend the charged particles in order to determine their charge and
measure their momenta. The bending of tracks is caused by the Lorentz force: F' = qE+q(v x B). There
are three main components to the magnet system: Barrel Toroid, End-cap Toroid and Central Solenoid

Magnet. Figure 2.18 shows the three magnet parts in relation to the cylindrical geometry of ATLAS. The
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toroidal magnets are used for muon momentum measurements and tracking. The toroids are both made
up of a series of eight coils in a radial or symmetric symmetry around the beam axis. The barrel toroid
is 25.3m long, with an outer diameter of 20.1m and can supply a 0.5T magnetic field. The End-Cap
Toroids are each 5m in axial length, with a 10.7m outer diameter, and have a 1T magnetic field [14]. The
Central Solenoid magnet is 5.2m long with a 2.4m diameter and supplies a 2T magnetic field to bend
charged particles in the Inner Detector for momentum measurements [80]. Due to the Central Solenoid’s
position right in front of the EM calorimeter, the Central Solenoid and LAr calorimeter share a vacuum

wall to eliminate material usage [81].

end-cap
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Figure 2.18: ATLAS Magnet System. [20]

2.3 TRIGGER AND DaTA AcqQuisitioN (TDAQ)

During Run 2, the LHC delivered collisions at 40MHz, with particles colliding every 25ns, and an aver-
age of 33.7 interactions per bunch. This means ATLAS observes a combined data volume of 6o million
megabytes per second as events are 1 — 2MB in size on average. It should be clear that there are many
orders of magnitude more events occurring at ATLAS than can both be stored and that are useful for new
analyses. In addition to the challenge of high volumes of data, each event is complicated due to pileup
and the large number of particles moving through the detector. Figure 2.19 demonstrates the complexity
of a single event from 2015, showing both the number of particles/jets emitted and the number of event

vertices along the beam line occurring at once. ATLAS needed a fast acting, accurate trigger system in
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order to save the events of interest within the bandwidth budget for Run 2. This was accomplished with
the combination of a Level 1 (L1) hardware trigger system and High Level Trigger (HLT) software based
trigger system and a trigger menu of about 1500 event selections. ATLAS data was then saved at an average
rate of 1kHz [86].
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Figure 2.19: Event Display from ATLAS in 2015 at the start of Run 2. A view directly at the beam
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line axis, shows the number of charged particle trajectories (curved lines) in the tracking detectors
(left). A view facing perpendicular to the beam line axis (transversing along it) showing the same
event is in the bottom right. There are a number of particle interactions coming from separate
vertices. Some of these vertices should correspond to lower energy collisions or “pileup” events
that are background to more interesting particle analyses. [21]

There are three different levels of the ATLAS trigger system: a hardware based L1, a software based L2,
and the software based event filter. The software based L2 and event filter are effectively merged together
and considered one step known as the High Level Trigger. The Lt trigger takes in information from the
muon spectrometer and calorimeters and finds Regions-of-Interest (ROIs) in 77 and ¢ for the event. The
L1 Calo trigger reads analogue output from the calorimeter and identifies electron, photon, tau-lepton,
and jet candidates, as well as an initial guess for the missing energy. The LtMuon trigger takes hits from
the RPC and TGC systems. This information is fed into the Central Trigger Processor, which adds a dead
time to meet read-out latency constraints. There are 2.2/ available to make a L1 trigger decision and the
L1 trigger can keep up to 100, 000 events per second.

The first part of the High Level Trigger (HLT) is the L trigger. The L2 has ~ 75ms to make a deci-
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sion and the aim of the trigger is to select e, 7y, 11, T, jets, and MET, among other particles/objects. It uses
40, 000 CPU cores to execute algorithms similar to offline reconstruction around those ROIs identified
in L1. The Event Filter is the second stage of the HLT. It has one second per event to make a decision and
its software closely matches the offline software structure. It uses the most recent data for the magnetic
field map and calibration and alignment information to adapt the algorithms. The HLT eventually selects

~ 1000 events per second that are then further analyzed with the Offline Software.
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Figure 2.20: ATLAS TDAQ system in Run 2 with the main L1 components boxed in grey and
the general flow of detector information to the HLT. The now defunct FTK is also included.

2.4 CERN CoMPUTING GRID

In order to store and analyze the particle collision events, CERN needs a massive computing system and
the ability to share data throughout the world. To do this, CERN has its own computing center (CERN
Data Center shown in figure 2.21) and is also part of the Worldwide LHC Computing Grid (WLCG). The
WLCG is made up of 900000 computing cores in 170 sites in 42 different countries. This center runs two

million tasks per day and allows data to be easily accessed by any one in the world with a global transfer rate
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of 60GB/s. The Grid is organized in a Tier system of four levels, with Tier o being the CERN Data Centre,
which processes all of the LHC data originally. In each year of Run 2, the CERN Data Centre recorded
30 Petabytes of data and 1oo petabytes are permanently archived on tape. Tier 1 has 13 computing centers
around the globe and they both store and reprocess the data and distribute it to various Tier 2s. Tier 2
data centers are typically hosted at universities and help with production and reconstruction of simulated
events. These are the main computing power for analysis-specific tasks. Tier 3s are the local clusters in a
department (or even a personal PC) that access the other parts of the Grid. Data sharing between scientists

has come a long way since CERN was the birth place of the world wide web in 1989!

Figure 2.21: A photo of the CERN Data Center with some of its 230000 processor cores and
15000 SErvers.
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“They say that a person’s personality is the sum of their expe-
riences. But that isn’t true, at least not entirely, because if
our past was all that defined us, we'd never be able to put up
with ourselves. We need to be allowed to convince ourselves
that we’re more than the mistakes we made yesterday. That

we are all of our next choices, too, all of our tomorrows.”

Fredrik Backman, Anxions People

Simulation and Computation for Particle

Physics Events at the ATLAS Experiment

IN THE PREVIOUS CHAPTER, I DESCRIBED HOW ATLAS IS DESIGNED TO DETECT PARTICLES, BUT
HOW DO WE KNOW WHAT WE ARE LOOKING FOR? How do we actually make sense of those hits in
the inner detector and energy deposits in the calorimeter? In order to design analyses and interpret our
data, we need to first simulate the proton-proton (pp) collisions and potential resulting physics processes
so that we understand what specific events will look like. This way we can get a really good idea of what a
specific event will look like in our detector and can then try to find it in the data. To do the simulations,
physicists incorporate knowledge about SM interactions and decays along with behaviours expected in
new theorized models into event generators. From these generated events one can build models for both
background-only processes and background-plus-signal hypotheses that can be simulated in the ATLAS
detector.

Many experiments looking for beyond-the-standard model physics will add the theory expectation
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for their new type of physics on top of SM predictions so that they can rule out or discover the theory
with the data. For our VH, H — 77 analysis, we are looking for a yet-unobserved SM process, so our
background-only model is SM minus our process, and our signal model incorporates the SM process of
interest. To complete our analysis, we will compare the data taken from Run 2 with our background plus
VH process simulated model. There is a complication here, as one of our main backgrounds is modeled
by a data-driven matrix method that will be described in chapter 7.

In order to make sense of those raw read-outs from the detector, we put our data through a complex
reconstruction process that assembles particle candidates and event-level quantities. Simulated data also
goes through this reconstruction process so that we can compare the data and simulated results, and even
use the simulation to help us test our detector’s ability to correctly reconstruct particles. The reconstruc-
tion process varies for each of our main particles: electrons, muons, taus, jets, etc. Figure 3.1 shows a
general flow for both data and simulation through reconstruction and analysis on the LHC Worldwide

Computing Grid described in 2.4.
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Figure 3.1: Schematic of the data flow for both raw data and simulation. The top row on the left
shows the process for data taken by the ATLAS detector and the bottom row on the left shows
the process for simulated data. At the stage of reconstruction and interpretation, shown on the
right, the data and simulation can be directly compared with each other and combined in various
ways in different physics analyses. [22]
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3.1  MONTE CARLO SIMULATION

Simulation is critical for the continued success of our experiments. In addition to enabling tests of various
physics models in our analyses, simulation is used for checking alignment and operation of the detector,
seeing how upgrades will impact our results and whether they are worthwhile and feasible, and to deter-
mine what potential new physics we can access. In an ideal world, we would have infinite compute and
time resources and be able to model precisely what any physics process of interest would look like in our
detector, but this is unfeasible. We can, however, work with comparisons between data and simulation
output to understand which approximations are safe for us to include in the simulation. A excellent sim-
ulation will run in a reasonable time and be indistinguishable to scientists from the real data we record.

The entire ATLAS simulation program is incorporated into the ATLAS software framework, Athena,
and utilizes the Geant4[87] simulation toolkit. There are also some algorithms specifically called “Fast
Simulation” that are designed to keep computing times down. Athena uses Python as an interpreter to
load C++ algorithms and objects.

There are three main steps in creating the Monte Carlo (MC) simulations of ATLAS data:
1. Generation of event and immediate decays

2. Simulation of detector and interactions of particles

3. Digitization of event

I will describe these three steps in detail in the following sections.

3.1.1 EVENT GENERATION

The first step, event generation, varies in complexity based on the physics being generated. There are two
main types of event generators: those that create just the matrix element and those that combine matrix
element generation with parton showering. The generators, which are written by theorists, are run within
the Athena framework. Though many were originally written in FORTR AN, most have a current version
written in C++. Examples of commonly used generators are Pythia[88], Herwig[89], and Sherpa[90]. The
generators support broad ranges of physics processes, both SM and beyond, that the user can configure.

They produce the range of expected outcomes in terms of the kinematics of generated particles for a given
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energy. Some processes, such as those within electroweak physics like W and Z boson production and
decay, are calculable, well tested, and well understood. Other processes, like many within QCD, are not
exactly calculable and require perturbation theory. The parton showering and hadronization process, in
which quarks and gluons are grouped into known hadrons, is particularly challenging to model precisely.

The steps of event generation can be seen in the Sherpa collision simulation of a tth event in figure 3.2.

T/. ®

Figure 3.2: Sherpa collision simulation of a tth event. The hard scattering modeled by matrix ele-
ments is in red (large red circle), with the smaller red circles representing the top quarks and Higgs
boson. The parton showers producing bremsstrahlung are in blue, the purple parts show the sec-
ondary interaction, the green is highlighting the hadronization of QCD partons using fragmen-
tation models, the darker green is simulations of unstable decays, and the QED bremsstrahlung
(photon radiation) is in yellow. [23]

Events can be filtered at generation time so that only events with a specific property or type of particle
are saved. The generation step is fairly quick to compute and the event generator outputs a list of all
particles that come out of the proton-proton collision. The list is then reduced to all the stable particles.
“Stable” is typically defined as ¢t > 10mm, or those particles with a lifetime of at least one hundredth of
a billionth of a second. The output particles are stored in C++ classes in the HepMC format [91], which

also contains a tree-like structure that includes both the stable particles and many particles along the decay
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chains of the processes involved.

The trick for this step is to be able to model quantum processes with a classical decay chain. Pythia
and Herwig attempt to solve this by first starting with the hard scattering process to lowest order in QCD
and then add in QCD and QED radiation in the shower approximation. Their showering phenomenolog-
ical model is then use to combine quarks and gluons into hadrons. Sherpa, meanwhile, uses the CKKW
duplicate removal prescription to match fixed-order QCD matrix elements with QCD showers. It then

uses a Pythia hadronization algorithm.

3.1.1.1  QCD aAND PDFs IN PROTON COLLISIONS

Since protons are not a single point object, but a group of three quarks in a sea of virtual QCD particles,
modelling their interactions requires extra care. The collision of protons can be split into two main inter-
actions: a hard perturbative component and a soft non-perturbative component. The hard component,
or hard scatter, is computed with the SM Lagrangian. Meanwhile, the soft component needs to take into
account the complicated structure of the proton.

A key component in these calculations is the relation between the strong coupling constant o and
Q. g is a free parameter in the QCD Lagrangian and determines the interaction strength of gluons and
quarks. It depends on the momentum transfer, (). For pp collisions at ATLAS, we care about the relation-
ship at high Q? (short distances, high energy) and our uncertainty regarding the value of cs factors into
our systematic uncertainties in measurements. pQCD (perturbative QCD) is used to describe these high
energy processes where asymptotic freedom (confinement) applies. We know that ag coupling strength
gets weak at high Q? and strong at low Q? (or large distances). As an illustrative limit, if all the momentum
of the proton is carried in a single parton (very low @Q?), then we can model the behavior of the proton as
a point-like particle.

To understand hadronization and quark confinement, we need to know the behaviour of o, at low
Q? (long distances, proton mass scale). The cross-over between perturbative and non-perturbative effects
can be set by the QCD scale parameter Agcp. Agep is also associated with the quark confinement scale
and hadron masses. Non-perturbative QCD occurs at the onset of the confinement scale at low Agcp.
When @ = A there is a divergence in ovg (Landau Pole) and the perturbative methods no longer hold.

A renormalization mass scale y is introduced here in order to compute the pQCD expressions. MC
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generators then use Parton Distribution Functions (PDFs) which model the amount of momentum car-
ried by each parton to calculate the cross-sections of these QCD collisions. p is usually broken down into
two terms: the factorizaton scale, |1y, which determines whether phenomena are grouped into PDFs or
into the hard-scatter, and the renormalization scale, |1 g, which defines the ultra-violet cutoff scale. These
two parameters are typically varied up and down to determine systematic uncertainties. The factorization

formula for scattering process at hadron colliders (ab — n or pp — X)) is [92]:
! h
o= Z/ dzadzy / F3 (@ar ) fy 2 (@, ) db absn (ir s pR) (3.1)
a,b 0

where 04y, is the parton-level cross section and fg‘(m, ft) are the PDFs depending on momentum frac-
tion x of parton a relative to parent hadron h and factorization scale f1z. This can be rewritten in terms

of the matrix element M3, which is calculated as a sum of possible Feynman diagrams as:

1
1
o= Z/O dwad:rb/d@nffl (Tas 7)) 12 (20, pp) X %|Mab—m|2(q)n§ﬂFuNR) (3.2)
a,b

where ®,, is the final-state phase space.

PDFs cannot be explicitly calculated, but are instead measured experimentally via fits to pp collision
data. These measurements are done at various (92 scales then scaled to other values and experimental con-
ditions via the Dokshitzer-Gribov-Lipatov-Altarelli-Parisi (DGLAP) equations [93]. Proton PDFs mea-

sured using 14TeV data from the LHC for various Q? are shown in figure 3.3.

3.1.1.2 PARTON SHOWERS

The partons involved in our pp collisions can also lose energy through radiation of other particles, like
gluons and quark-anti quark pairs. Parton showering is caused by an evolution of scales, from high scales
and hard scattering processes to low scales and confinement of partons. This Markov process is simulated
by Monte Carlo techniques and is calculated with a forward evolution of outgoing particles and back-
wards evolution of incoming particles. There are two main types of parton showers based on the particles

involved. If the showers are linked to incoming particles they are called 7nitial state radiation . If the
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Figure 3.3: Proton PDFs for energy scales Q* = 10GeV? (left) and Q* = 10*GeV? (right) with

68% confidence-level error bands. [24]

showers are matched to outgoing particles they are defined as fznal state radiation.

Parton showers can also be differentiated based on the two main types of showering: collinear showers
that follow the main vertex of outgoing particles, or soft showers. This becomes an important considera-
tion in the jet reconstruction algorithms described in section 3.3.3. In the collinear approximation for a
hard process with cross section o that produces partons of flavor 7, we can calculate the cross section for
that process to radiate a parton j with momentum fraction z as [92]:

2
domoy Y S0Pz, 0)do (.9

partons,t

where ¢ is azimuthal angle, 6 is the opening angle between partons j and 4, and Pj; are flavor- and spin-
dependent functions. Some of the splittings they correspond to are ¢ — qg (Pyq), ¢ — 9q(Pyq)s 9 — 99
(Pyg), 9 — qq (Pyg). In the MC generators, equation 3.3 is repeatedly applied to get arbitrarily many
parton splittings and final state particles.

Soft showers come from the emission of a soft gluon and should be calculated as if the gluon is emitted
from the scattering process as a whole, and not an individual parton. However, this can be approximated

with the collinear parton shower algorithm by setting the opening angle as the evolution scale.
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3.1.2 DETECTOR SIMULATION

The second step in event simulation for the ATLAS detector is simulating the way the particles created
during event generation will interact with the detector. This is mainly handled by the Geant4 toolkit. For
this step, we need an accurate depiction of the detector including all materials, cables, empty spaces, and
the detector’s magnetic field map. Incorporating all of those thousands of cables, tiles, and wires described
in section 2.2, would be too computationally expensive, so some simplifications are made that do not have
significant impacts on the results. These simplifications will need to be re-evaluated as we move to higher
energies when some approximations that were initially determined to have minimal impact could become
more problematic.

Next, we include all the physics models of the processes that occur in the detector, such as the pho-
toelectric effect, bremsstrahlung, Compton scattering, particle decays and other interactions. Again, we
cannot implement detailed descriptions of every process. We must choose the most important to imple-
ment in detail and then use the speediest way to produce results that most closely resemble the expected
output. The simulation of pp collisions in our detector is therefore an optimization problem on several
fronts. There is active interest in the ATLAS collaboration regarding applying machine learning to im-
prove simulation.

The final step in detector simulation is deciding which parts of the detector interaction we need to save.
This involves teaching Geant4 what are the most important or sensitive parts of ATLAS. The output in-
formation is then saved in two ways. The generator-level information, also known as “truth” information,
is saved for detector calibration and checking our understanding of the physics model. The truth infor-
mation also includes the links between the generator-level particles and the reconstructed objects, such
as their associated tracks and energy clusters. We also save the detector outputs consisting of the energy

deposits, times, and locations of these interactions in the detector for the next step of simulation.

3.1.3 EVENT DiGcIiTiZATION

The last major step in event simulation is event digitization, which takes the simulation output and trans-
lates it into a format that is consistent with raw data outputs from the detector. This involves changing

energies into voltages and currents for each respective detector portion and also incorporating known de-
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tector effects, such as gaps and dead material, that may vary these values. This step, which is generally
steered by Python code, results in the production of raw data objects (RDOs) and simulated data objects
(SDOs). The RDO should match detector output and the SDO should include truth information.
Effects from “pileup” are accounted for during the digitization step by pre-simulating extra pp colli-
sions and overlaying them. This is also the point at which we add in additional backgrounds, like cosmic
rays, long-lived particles from other beam-crossings, beam halo effects, and backgrounds due to the drift

of ionized gas in the beam pipe [94].

3.2 PARTICLE RECONSTRUCTION

After we collect raw events in our trigger and data acquisition system described in section 2.3 or simulate
data as demonstrated in section 3.1, we need to reconstruct the particle hits and energy deposit informa-
tion into particle candidates. These will then be fed into dedicated particle identification algorithms as
described in section 3.3. The goal of particle reconstruction is to group together the detector-specific quan-
tities so that identification algorithms can be applied. There are three main steps in this process: tracking,

vertexing, and calorimeter cluster reconstruction.

3.2.1 TRACKING

The goal of the tracking algorithms is to reconstruct the charged particle trajectories. This is done with a
series of algorithms that apply filters, pattern matching, and clustering of hits from the tracking detectors
[95], [25]. The combining of pattern finding and track fitting into a single process is known as the ATLAS
New Tracking (NEWT) approach [96]. The trackingin the Inner Detector is a two step process: znside-out
track reconstruction and outside-in tracking.

The firststep in the inside-out algorithm is applying a connected component analysis to group adjacent
energy deposits above a certain threshold in the pixels and strip sensors of our detector. Three-dimensional
measurements, referred to as space-points, are made from these hit clusters. In the innermost pixel layers,
we already have three-dimensional coordinates due to the granularity of the detector tiles. In the SCT layer,
we need both sides of the back-to-back strips to geta 3D measurement for the space-points. Since the TRT

straws are 2D objects, we have coordinates for space-points in the (1 — ¢) direction in the barrel and in
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the (¢ — z) plane in the end-caps. The lower spatial resolution in the TRT is offset by the high number
of hits.

Once we have the space-points we can begin iterative track finding. To start we need a track seed,
which is a group of three space-points. There are various levels of final track quality that depend on which
sub-detector the seed originates in. Therefore, we start by considering the seeds with SCT-only hits. We
then look at pixel-only seeds before finally considering seeds made by combining together the SCT and
pixel hits. A combinatorial Kalman filter [97] is then used to create track trajectories starting from those
seeds and adding in possible space-points from the rest of the Inner Detector. There may be more than
one track candidate per seed if there are multiple compatible trajectories. Furthermore, a hit can be asso-
ciated to more than one track, there can be incomplete tracks, and tracks can originate from more than
one particle. These potential complications require an ambiguity solver to best assign hits to tracks and
therefore optimize the tracking performance.

First, we determine a track score for each track based on quality criteria such as the number of clusters,
the number of holes, the pr of the track (higher momentum is better), and the x? of track fit. There
are both single-track and merged-track clusters, and these can be labeled if running on MC with truth
information. Clusters cannot belong to more than two tracks and a track cannot have more than one
shared cluster. We expect some shared clusters between track due to the high density environment, but
if the clusters that are shared are not identified as merged clusters, we have evidence that they may have
been mis-assigned. Tracks must also meet a basic set of standards including: pr > 400MeV, |n| < 2.5
(the ATLAS detector does not have good coverage outside this range), at least seven hits in the SCT and
pixel layers (up to 12 hits are possible), and no more than one hole in the pixel and two holes in the pixel
and SCT combined, where a “hole” means that no hit was found in a particular location even though
one was expected to be there based on the track trajectory. To aid in solving ambiguity, a neural network
was developed that has 9o% efficiency at resolving clusters shared by two particles, and 80% efficiency at
resolving clusters shared among three charged particles. The general sequence of the ambiguity solver is
shown in figure 3.4.

After the ambiguity solver, tracks are extended out to the TRT and added to the final track collection.
As you can see in figure 3.5, track reconstruction efficiency is very high for most pr values.

In order to reconstruct tracks that come from secondary vertices and/or processes like bremsstrahlung
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Figure 3.4: Sequence of steps in the ambiguity solver including track scoring, track requirement
applications, and the NN for merged clusters. [25]
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Figure 3.5: Efficiency of track finding as a function of pr for tracks from a p, 3 and 5 prong 7,

and a B°. [25]

and photon conversion, the second stage of the track finding algorithm - the oxtside-in portion is run. This

starts with TRT hit sequences and moves inward to the silicon detectors.
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3.2.2  VERTEXING

Tracks passing the initial track-finding algorithms are then used to help find the primary-interaction ver-
tices [98] [99]. The sterative vertex finding approach starts by selecting a seed for the vertex by finding the
position along the z-axis (beamline) with the highest track density. Then the adaptive vertex fitting algo-
rithm, which is a XQ algorithm that takes the input seed and tracks to find the true vertex position, is run.
Each input track is given a weight that measures its compatibility with the current vertex position. The
vertex position is then recalculated using the updated weights for the tracks, and so on. The more compat-
ible a track is with the vertex, the less pull on the vertex position the track will have, and consequently it
will be weighted less.

Once this process is concluded, tracks that are incompatible with the final vertex position, determined
as being further than 7o away will be removed from that candidate and putinto a pool of unmatched tracks
to find other vertices. This vertex finding procedure continues until all tracks are matched to a vertex or
no new vertices can be created. All vertices must have at least two tracks associated with them. After
this process, track vertex association working points are assigned. The three levels are Loose, Nominal,
and Tight. These working points reflect a trade-oft between efficiently rejecting background tracks and
efficiently keeping the tracks that truly match the vertex.

To determine the position resolution of a vertex, the spliz-vertex method (SVM) is used, in which the
tracks associated to the vertex are ranked based on their pp. The vertex fit is then applied to the even- and
odd-numbered tracks separately and the difference in final vertex position gives the resolution. Primary
vertices generally have a resolution of about 3oum [98]. As pileup increases, vertex reconstruction effi-
ciency decreases. This is mainly due to merging of adjacent vertices, which becomes a noticeable affect
when pileup goes above 40 overlapping interactions.

At the end of the track fitting and vertex finding process, we can define a track by its track (perigee)
parameters that are based on its primary vertex: (do, 20, ¢, 0, ¢/p) as shown in figure 3.6. dp and zg are
the transverse and longitudinal impact parameters, which measure the distance between the track (perigee)
and the primary vertex. € is the polar angle and ¢ is the azimuthal angle of the track from the vertex. ¢/p s
the charge momentum ratio defined by the curvature of the track. This ratio defines the helical structure

of the track.
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Figure 3.6: The five track perigee parameter definitions.

3.2.3 CALORIMETER CLUSTER RECONSTRUCTION

The other main detector readout that needs to be partially reconstructed before particle-specific identifica-
tion algorithms are applied is the calorimeter energy deposits, which need to be clustered together. There
are two main types of clustering algorithms: sliding window and topological.

The sliding window algorithm creates clusters from both the EM and hadronic calorimeter in a three-
step process: tower building, pre-cluster finding, and cluster filling. To begin, the calorimeter is divided
into a grid of N;; X Ny squares of size An X A¢. The energy inside each square is summed into a “tower”
energy. This algorithm saves the CaloTower information in addition to the individual calorimeter cell
contributions.

The next step is seed finding, in which a window of size N#’mdow X Ngmdow is slid across the towers
and any time the energy in that window is a local maximum above a set energy threshold, a pre-cluster
(seed) is created. The location of the center of the pre-cluster is set using energy-weighted 77 and ¢ centers.
Duplicate prec-lusters are removed, with the higher energy one being saved [100]. The final cluster is built
by adding all cells in a window of Nﬁluswr X Nd‘il““” around the seed together. These clusters are key
for electron and photon (egamma) identification.

The goal of topological clustering is to group neighboring cells that have an energy above the expected
background level into proto-clusters. There are different energy levels that need to be met for a seed to be

defined, and then for growth and boundary cells to be included in the final cluster. These energy require-
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ments are determined by the cell signal significance:

EEM
EM __ cell ( )
Scell = —EM 3.4
noise,cell

For a cell to be a seed, the absolute value of the cell significance must be greater than four, to be a growth
cluster it must be greater than two, and to be the boundary it needs to be greater than zero [26]. Cells are
continually added to the proto-cluster as long as the energy requirements are met, and proto-clusters can
be merged together. On the other-hand if a merged cluster has two isolated energy maxima, that is cause
for cluster splitting with the cells between the maxima split relative to their energies. A final clustered dijet

event is shown in figure 3.7, which visualizes how topo-clusters are formed.

ATLAS simulation 2010
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Figure 3.7: Topo-clusters for simulated dijet event (2010) outlined in black. No pileup was in-
cluded in this simulation. The white cells are negative signal cells and the grey cells have no signal
but are completely between topo-clusters. [26]

There are also negative energy cells, which are usually a result of pileup or electronic noise. Including
these negative energy cells (and potentially full clusters) can improve detector performance by cancelling
out the positive fluctuations caused by pileup. They also help with noise suppression by cancelling local
fluctuations. Ignoring negative energy cells would cause a positive bias in our cluster energies.

These calorimeter clusters are then used as inputs to particle identification algorithms. During the

particle identification step, their final energy may be tweaked to compensate for other particle-specific
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physical effects.

3.3 PARTICLE IDENTIFICATION

Now that we have a collection of interesting tracks and clusters for each event, we can begin identifying
which physical objects were present! There is a specific procedure for each type of final state object and the
missing energy in the event. The algorithms run offline, meaning there is more time to perform compli-
cated algorithms that can recalculate more precise tracks and clusters than in the original reconstruction.
Since taus are critical to our analysis, their identification algorithms will be discussed in detail later on in

section s.

3.3.1 ELECTRONS AND PHOTONS

During Run 2, electron and photon clusters in the calorimeter were recreated offline with a more precise
sliding window clustering algorithm that has dynamic, variable sized superclusters. Electrons are objects
that have a supercluster matched to a track (or tracks) in the Inner Detector. A converted photon is a
calorimeter cluster matched to a track from a conversion vertex and an unconverted photon is a cluster
unmatched to either an electron track or conversion vertex. Tracks are reconstructed as described earlier
in section 3.2.1. The superclusters are formed from topocluster seeds as described in section 3.2.3. The

tull pathway to reconstruction for electrons and photons is outlined in figure 3.8

Cluster Reconstruction Algorithms

The baseline reconstruction for calorimeter clusters is adjusted as follows for electrons and photons.
To start, the towers used in the sliding window are of size An x A¢ = 0.025 x 0.025 (matching the
granularity of the second layer of the LAr electromagnetic calorimeter). The energy deposited in the tower
is calculated by summing over the first, second, and third layers, and the presampler if || < 1.8. To be
considered a topocluster seed this energy must exceed 2.5GeV when summed over a 3 x 5 grid window.
Now, to rebuild the clusters for electrons and converted photons, the sliding window is set at 3 x 7 in the
barrel and 5 x 5 in the end-cap. For unconverted photons, the sliding window in the barrel is reduced to
3 x 5 [1o1]. Cells in those windows are added to the cluster if their energy is above a set threshold. The

efficiency of this reconstruction ranges from 64% at B = 4.5GeV to 99% at >15GeV [28].
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Figure 3.8: Flow diagrams for the reconstruction algorithms of both electrons (left-side) and
photons (right-side) showing the similarities and differences between them. [27]

The supercluster reconstruction works separately for both electrons and photons. First, the list of
EM topoclusters from the baseline reconstruction is ordered in terms of E7 and then those witha Ep >
1GeV for electrons and E7 > 1.5GeV for photons are selected to be a supercluster seed. An electron
seed additionally requires that a track is matched to it with at least four hits in the silicon tracker. Once a
seed is selected, a search for satellite clusters begins. In order to be selected as a satellite, the cluster must
be within a window of An x A¢ = 0.075 x 0.125 around the barycenter of the seed [27]. We add
these satellite clusters to capture energy from EM showers. Electron clusters also allow satellites within
an extended window of An x A¢ = 0.125 x 0.300 if the satellite’s best-matched track is also the best-
matched track for the seed cluster.

To ensure that an object is not reconstructed as both a photon and an electron an ambiguity algorithm
is applied. This is particularly important because superclusters for photons have no track requirement
applied and are created separately from electrons, so there is risk of overlap. An overview of the ambiguity
algorithm is provided in figure 3.9.

Figure 3.10 shows the path of an electron through the detector and the path of the photon produced
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Figure 3.9: Flow of the ambiguity algorithm to resolve superclusters reconstructed as both elec-
trons and photons. It includes information from the trackers and potential conversion vertices.

[27]
by its interaction with the detector. The efficiency for electron reconstruction is shown on the left of figure

3.11 for a range of F'r values.

3.3.1.1 ELECTRON IDENTIFICATION

Once a matched track and cluster are identified as a potential electron candidate, they go through a further
identification process to separate them from other jet signatures and photons. A data-driven likelihood
discriminator is used to set four working points for electron identification. The inputs to the likelihood
include track information such as the number of hits in each layer, impact parameter significance, and
momentum loss, cluster variables such as the ratio of energy deposited in different layers, and track-cluster
variables such as the ratio of cluster energy to track momentum. The full list can be found on page 18 of

reference [28]. The four operating points are VeryLoose, Loose, Medium, and Tight, based on increasing
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Figure 3.10: Path of an electron (red line) through the ATLAS detector where it passes through
the inner tracking detectors and enters the EM calorimeter. The dashed red line shows the path
of a photon produced during the electron’s interaction with the detector. [28]
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Figure 3.11: Reconstruction efficiency for the cluster, track, cluster and track, and electron as a
function of Er (left). Electron Identification efficiencies for the three working points as a func-
tion of Erina Z — ee sample (right). [27]

thresholds in the likelihood discriminant. They are defined in nine bins of || and 12 bins of pr [27].

Loose, Medium, and Tight electrons all have at least seven track hits, with at least two in the pixel detector.

Medium and Tight electrons additionally require one hit in the innermost pixel layer. The efficiencies for
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the various working points as a function of B fora Z — ee sample are shown on the right hand side of
figure 3.11.

Additionally, there are isolation working points that can be applied to reject electrons with other ob-
jects in a cone of AR around their cluster position for calorimeter-based isolation or a distance of R4z
from their track for track-based isolation. For electrons with 7 > 10GeV, isolation efficiencies range
from 90-99%. A charge misidentification Boosted Decision Tree algorithm is also applied to make sure the
charge is correctly reconstructed. Wrong charge calculations can occur from incorrect measurements of
track curvature or from a mis-matched track usually due to bremsstrahlung with multiple tracks occurring
very close together. The BDT algorithm has an efficiency greater than 95% for all values of E7 and from
90-99% for all values in 77 [27].

For our analysis, we require electrons to be Tight identified and isolated.

3.3.1.2 PHOTON IDENTIFICATION

Photon identification uses a cut-based selection algorithm. Shower shape variables are used as input. In-
formation from the first layer of the EM calo is particularly important in rejecting 795, 20-65% of photons
will convert in the Inner Detector depending on their position relative to |1, with higher |77| meaning that
the photons pass through more material and are therefore more likely to convert [27]. Converted pho-
tons will have a track matched to a cluster, while unconverted photons will just have a cluster. Remember,
photons are electrically neutral particles so they will not leave a track in the tracker unless they convert.
Photons in the crack region (1.37 < |n| < 1.52) or with an || > 2.37 are vetoed. The three levels of
photon identification are Loose, Medium, and Tight. The working points are optimized separately in bins
of |n|. The Tight identification is also optimized in bins of E7 by an E7 dependent TMVA algorithm .
The efficiencies for both converted and unconverted photons from jets are shown in figure 3.12. There

are also three levels of photon isolation based on calorimeter and track isolation variables.

3.3.1.3 ENERGY CALIBRATION

The energy contained in the reconstructed electron and photon clusters is not equal to the actual energy
deposited by those particles and thus needs to be calibrated. The calibration process begins by estimating

the true energy from the energy deposits in the calorimeter with a multivariate regression algorithm that
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Figure 3.12: Efficiency of Tight photon identification for both converted (left) and unconverted
background photons (right) from jetsina Z — Il + jets sample for Ep < 25GeV and from
a filtered dijet sample for F > 25GeV. The bottom panel is the ratio of Ep dependent and
independent algorithms. [27]

has been trained on simulation. Then there is an adjustment applied based on the relative energy scales of
the various layers of the calorimeter. This adjustment was determined by studying muon energy deposits
and electron showers. Then detector effects, such as non-uniformity of the calorimeter cell response, are
added to the energy calibration. Finally there is an overall energy scale adjustment that was derived by
looking at the difference between simulation and datain Z — e*e™ samples.

The energy calibration performs quite well, with a systematic uncertainty due to the energy calibration
of 0.3-0.8% in electrons with 7 = 10GeV and 0.03-0.2% in electrons with 7 = 45GeV. For photons

with B = 60GeV, the systematic uncertainty from energy calibration is 0.25 to 1% [102].

3.3.2 MUONS

Muons are minimally-ionizing particles in our energy range of interest and therefore deposit very little of
their energy in the EM and hadronic calorimeters, instead reaching the Muon Spectrometer (MS), which
provides additional information for their reconstruction and identification. The tracks in the Inner De-
tector (ID) are created using the algorithms detailed in section 3.2.1. The tracking in the spectrometer is

performed using an outside-in approach. The straight line fits are performed on the hits found in the MDT
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to create segments and a combinatorial approach is applied in the CSC. The segments are connected to-
gether based on hit multiplicity and fit quality to form tracks. All tracks (except those in the barrel-endcap
transition region) need at least two matching segments to be considered muon track candidates. A x? fit
is applied on the hits in the track and a cut is applied to those that have the worst agreement with the fit.
Finally, a combined ID-MS reconstruction is applied [103].

There are four main types of muons depending on the subdetectors involved in reconstruction:

¢ Combined (CB) Muons are muons created by a global refit on hits from both the ID and MS.

They are mostly reconstructed using an outside-in procedure starting from a track in the MS, ex-

trapolated inward, and then matched to a track in the ID.

* Segment-tagged (ST) muons are muons that only pass through one chamber in the MS. A track

in the ID is classified as a muon if it is matched to at least one segment in the MDT or CSC.

¢ Calorimeter-tagged (CT) muons are the lowest purity muons and are created from a fitted ID
track and a single energy deposit in the calorimeter that matches the shape of a minimally-ionizing

particle.

* Extrapolated (ME) muons are muons reconstructed only from tracks in the MS that are loosely
compatible with the interaction point. They must traverse two (or three in the forward region)
layers of the MS. ME muons are included to boost acceptance of muons in the forward region
(2.5 < |n| < 2.7), which is not covered by the ID.

Figure 3.13 shows the tracks in the ID and MS of the four main reconstructed muon types. Overlaps
are resolved in the order they are presented above.

Muon identification is then performed by applying additional quality requirements to the tracks. This
is especially important to differentiate prompt muons from non-prompt muons that occur from in-flight
decays of charged hadrons and usually have a ‘kink’ in their track path. This leads to non-prompt muon
tracks having incompatible momentum measurements in the ID and MS. The main variables used in muon

identification are:

* q/p significance: absolute value of the difference between the ratio of the charge and momentum

of muon tracks in the ID and MS divided by sum in quadrature of their uncertainties
* p': difference between pr measurements in ID and MS divided by total pr

* normalized X2 of fit
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Figure 3.13: Schematic showing the four main types of muons from the various reconstruction
algorithms. [29]

There are four identification working points: Loose, Medium, Tight, and High-p7. Tight muons are
used in this analysis and are defined as CB muons with hits in at least two stations in the MS, normalized
x? < 8, with a two-dimensional cut in ¢/p and p’ as a function of pr for muons with pr < 20GeV. The
reconstruction efficiency for Tight, Medium, and Loose muons is shown as a function of both p7 and 1

in figure 3.14.
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Figure 3.14: Muon reconstruction and identification efficiency for the three working points as a
function of muon prin J/¥ — pu events (left) and as a function of 7 for Z — 1 events with
pr > 10GeV (right). [30]

For our analysis we also require that the muons are isolated.

86



3.3.3 JETS

Jets are not actually a fundamental particle, but rather a collimated spray of energy resulting from the
fragmentation and hadronization of partons after the pp collisions. Jets are the dominant outcome of
pp collisions and they become trickier to resolve as more pileup increases both the number of jets and
their energy deposits. However, jets provide a crucial link between the colorless particles we observe in
the detector and the underlying QCD physics. Accurate reconstruction allows us to study both the Higgs
boson and other short-lived particles produced in these collisions. Jets also allow physicists to study the
quark-gluon plasma, especially during the heavy ion collisions portion of the LHC Runs. By studying how
jets are modified while travelling through the plasma, physicists can learn more about the plasma itself.
The hadronic decays of tau leptons are a special type of jet. This analysis relies on accurate jet recon-

struction to differentiate between actual tau particles and background jets.

Jet Clustering

There are two main types of jet clustering algorithms: cone based and sequential clustering. Jet algo-
rithms are also classified based on their adherence to two physics-derived properties; these are 7nfrared and
collinear safety (IRC). Infrared safe (IR) means the reconstructed jet is invariant to additional soft radia-
tion and collinear safe means that the jet stays the same if we substitute one hard parton for two collinear
partons with the same momentum. The various clustering algorithms also have to account for the trade-
off in cluster size. A larger jet cluster would contain all the energy from soft radiation, but it also could
contain extra energy from pileup and the underlying event.

The inputs to these clustering algorithms are the topo-clusters as formed by the algorithm described
in section 3.2.3 with seeds requiring energy deposits above 40 and neighbor cells with energy deposits
above 20. The hadronic calorimeter jets go through an initial energy re-weighting known as local cell
weighting to account for the different detector response to hadronic and electromagnetic particles [104].
The electromagnetic jets are calibrated by the EM scale. The mass of the jet topoclusters is set to zero as
well [105]. Jets can also be constructed from tracks, which have low dependence on pileup, but are limited
to |n] < 2.5 due to Inner Detector coverage.

First, we will cover cone algorithms, which were created to reflect the cone-like shape of a jet and result

in clusters in (7 — ¢) space with rigid circular boundaries. These were used early on in the running of
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ATLAS because they are quick and easy to compute, but they are not IRC safe. Two common cone algo-
rithms are /C-PR and SIS Cone [106]. IC-PR is an iterative cone with a progressive removal algorithm that
starts by taking the largest pr cell as the seed and then selecting a cone of radius R around it. Then a trial
jet axis is calculated by summing up the cells in that R cone. If that axis matches the seed it is considered a
stable jet, otherwise it iterates on the process using the trial axis as the new seed. Once converted, the jet is
removed and added to the list of final objects and the algorithm moves on to the next seed. Unfortunately
this algorithm is collinear unsafe. The IR C-safe cone algorithm is SIS cone, which checks for particle over-
laps within 2R of the initial jet and either splits or merges those jets that overlap. Figure 3.15 shows the
outcome of SIScone (bottom left), along with the sequential clustering algorithms, where an example of

a split cluster is in the top right corner of the plot.

Cam/Aachen, R=1

Figure 3.15: Four main jet clustering algorithms performed on a Herwig generated parton level
event. The various colors represent the different shapes of the jets. [31]

Sequential clustering is difterent from the cone-shaped algorithm since it groups jets based on positions

in momentum space. Originally, these algorithms were too computationally unwieldy to run but FastJet
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[107] algorithms have made it feasible to use them in analyses. Sequential clustering uses two distance
variables: the distance between two particles (d;;) and the distance between the particle and the beam
(diB). It finds the minimum of these two distances. If the minimum is the distance between jets it merges
those two jets. If the distance between the jet and the beam is the minimum, then it removes that jet and
adds it to list of final objects in the event. This process is repeated until all particles are part of a jet with
distance between another jet greater than R, or by reaching a maximum number of jets per event. The
various sequential algorithms follow this procedure using difterent definitions for d;; and d; 5.

The main algorithm used by ATLAS in Run 2 for jet clustering is anti-k; [31]. For anti-k¢, d;; =

. RZ; . . . o .
mm(pi?_, %) X and dip = é. This algorithm is good for resolving jets, but not for studying
i J 1

jet substructure in quark-gluon plasma studies. It also tends to cluster the hard particles first. Another
sequential algorithm is Cambridge Aachen (C/A), where d;; = %% and d;p = 1. This algorithm has
no momentum dependence and declusters particles well, but is susceptible to contamination from the
underlying event and pileup [106]. The jet clusters formed for an example simulated event by C/A and
anti-k; are shown in figure 3.15 (top right and bottom right). In ATLAS, we run anti-k; with R = 0.4

and C/A with R = 1.2 [105].

Jet Energy Calibration

As in previous objects described, we need to calibrate the energy measured in our detector in order to
more closely approximate the actual energy of the particle. There are several steps in the jet energy scale
(JES) calibration that is applied to EM jets. These corrections all affect the four-momentum of the jet. The
first step is the origin correction that ensures that the four momentum of the jet points to the hard scatter
origin and not just the center of the detector. Then there is the pileup correction, which has two steps. It
first applies a correction of p5™" = pr — Ap where A is area of jet and p is pileup pr density, and then it
removes the dependence of the jet energy on the number of vertices. Then there is the absolute correction
of the detector response, which is based on MC simulation. Next, a global sequential correction is applied,
which removes flavor dependence by looking at variables such as the number of tracks and the amount of
energy deposited in each calorimeter. Finally, a residual in situ calibration is applied, which accounts for

the difference between data and MC based on simulation studies. This final step is only applied to data.

After performing this calibration, the jet energy was measured with a precision of 1% in Run 2 [104]. The
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tull process of the jet energy calibration algorithm can be seen in figure 3.16.
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Figure 3.16: The steps of the Jet Energy Calibration. [32]

Pileup Jet Suppression

In order to reduce pileup in our events, we need to remove jets that are not associated to hard-scatter
vertices and are therefore simply adding noise to our event. A multivariate algorithm, known as the Jet
Vertex Tagger (JVT), was trained to differentiate between hard-scatter and pileup jets [105]. ATLAS also
uses the Jet Vertex Fractions (JVF) variable, which is defined as the fraction of the momenta of tracks

matched to the jet that are associated with the hard-scatter vertex:

>k PT (trackiet‘i, PVj)
Yo pT(tmclieti, PV,)

JV F(jet;, PV;) = (3-5)

where k runs over all tracks from PV; matched to jet;, n over all primary vertices, and [ over all tracks from
PV, matched to jet;. This value is only calculated for tracks with pr > 500MeV. A JV F' = —1 means
a calorimeter jet with no associated tracks, JV' F' = 0 means that all tracks are from pileup vertices, and
JV F' = 1 means that all tracks come from the hard scatter. The recommended tight cutis |JV F| > 0.5

[108].

Jet Flavor Tagging

The final step in jet reconstruction and identification is flavor tagging. The algorithm for b-jet tagging is
described in detail in [109]. While our analysis does not require b-jets, some channels do include a specific

veto.
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3.3.4 MIsSING TRANSVERSE ENERGY

Not all particles leave a trace in our detector. Examples of non-interacting particles include SM parti-
cles, such as neutrinos, and theorized particles like possible dark matter candidates. We can calculate the
amount of energy these kinds of particles must have carried away by carefully imposing conservation of
momentum. The colliding protons should have no momentum in the transverse plane, thus the missing

transverse energy should be equal to the opposite of the sum of measured transverse energy:

Ejmiss — _ %ot
(3.6)

E%niss — \/(E;m‘ss)? + (Eg’niss)2

Conceptually this seems simple, but in practice it requires extremely careful determination of the energies
of all the objects that interact in the detector, including the “soft term” deposits that may not have been
clustered with identified objects. To do this, ATLAS uses a Track Soft Term algorithm. This algorithm,
which relies heavily on the output of the reconstruction, uses tracks for the calculation of the energy of the
soft terms. These soft-term energies are then added to the energies from reconstructed objects, including
electrons, photons, muons, taus, and jets. There also has to be a careful rejection of pileup jets with the
jet vertex tagging algorithm in order to remove any potential energy imbalance due to pileup as opposed
to the hard interaction.

Because the MET calculation relies on reconstructed objects, we nee to apply overlap removal to en-
sure that we do not double-count an object by considering it under multiple labels. Objects with high
identification purity are given priority in the overlap removal. The order of precedence is electrons, pho-
tons, taus, jets, and unused tracks [110]. Muons do not generally overlap with the other particles as they
are usually constructed from tracks in the Inner Detector and Muon Spectrometer. The calculation of

missing transverse energy (MET) terms is therefore:

%538 =~ Z Da(y)i — Z Px(y).j (3.7)

i€{hard objects} je{soft signals}

, i.e. the negative vector sum of transverse momenta of reconstructed physics objects. The MET calcula-

tion needs to be adaptable for each analysis because changing the particle identification criteria can result
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in needing to change the order of overlap removal.
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“The trouble about trying to make yourself stupider than

you really are is that you very often succeed.”

C.S. Lewis, The Magician’s Nephew

Introduction to Machine Learning

SEVERAL OF THE PROJECTS ] UNDERTOOK THAT ARE DOCUMENTED IN THIS THESIS INVOLVE MA-
CHINE LEARNING. This chapter serves as a brief introduction to machine learning, and it includes a short
primer on the algorithms discussed in later chapters that are then placed in the broader context of a range

of topics in machine learning that are used across the ATLAS collaboration.

4.1 INTRODUCTION TO MACHINE LEARNING

At its simplest definition, machine learning (ML) algorithms are algorithms that learn from the data. In
other words, as the algorithm gains experience (i.e. is fed the training data over and over), its performance
on the task at hand will improve [36]. ML algorithms are able to find patterns and/or interpret data with-
out being given explicit instructions.

The theory of ML, and many common ML algorithms, have been around for a long time. Only re-
cently have we had the computing power to make many of these ML algorithms feasible to train. The

perceptron, invented in 1958, was inspired by the workings of a human neuron [111]. Ten years later, the
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nearest neighbor algorithm was created, which is an example of an early implementation of pattern recog-
nition [112]. There was then a stretch of time known as the “Al winter” during which people doubted
the feasibility of ML because computers were not up to the computational power the algorithms required
to be trained. By the 1990s computers had become more powerful and there was a shift of focus to data-
driven approaches in which algorithms were trained on large datasets. Deep Learning did not take off until
the 2010s as it required vast improvements in computing power. There is a current worry that we may have
reached another plateau with respect to computing feasibility.
Some of the tasks that can be done with ML are:

* Classification: determine which category an input belongs to, for example separating a signal from

background or recognizing an image

* Regression: predict a continuous variable distribution based on the input data or find the relation-
ship between two values, for example calibrating the measured energy to better resemble the actual

energy
* Translation: convert one sequence of symbols or text to another
* Anomaly Detection: flag events or objects that are unusual

* Synthesis: generate new events that are similar to existing ones, for example through Monte Carlo

simulation

* Denoising: clean up data with the removal of spurious signals, such as cross-talk or other electronics-

generated detector effects

In order to train an algorithm for these tasks we need a sufficiently large data set for the task at hand.
There are two main types of learning: supervised and unsupervised. Supervised learning is when the training
set is labeled, either with the correct classification or the value we are aiming for with the regression. Thus
the data members contain a label of their target value. Unsupervised learning occurs when there are no
truth labels on the data set. We therefore want the algorithm to learn some useful properties of the data.
Often this can occur in the form of clustering, denoising, or reducing dimensionality in the data [36]. In
this thesis, I only consider supervised learning, so the remainder of the chapter will assume input data is
labeled unless stated otherwise.

Before we begin training an algorithm, we usually split our input data into a training set and a test set.

The model learns on the training set and is evaluated on the test set. Sometimes, there is a third division
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made from the input data set, known as the validation set. The validation set can be used to direct/evaluate
the ongoing training, while leaving the test set for a final evaluation once the model is fully trained. The
general process for training a model is to select the algorithm and architecture (number of nodes/layers)
desired and initialize the parameters with random numbers. The algorithm then classifies or predicts the
target value using those random initializations, determines how wrong their prediction is, and self adjusts
to reduce the difference between the prediction and the target value. A validation set can be useful to
prevent overfitting to the training data, a process known as “over-training”.

Performance is quantified with a loss function, which measures how well that algorithm models the

data. The ML algorithm tries to minimize this value. Common loss functions for regression are the Mean

Squared Error (MSE), where
n .02
MSE = M—Z%) (4.1)

n

and the Mean Absolute Error (MAE), where

MAE:M.

n

(4.2)

Here n is the training set size, § is the model guess, and y is the true value. Standard loss functions for

classification are Cross-Entropy Loss when there are just two categories, where

L = —(yi(log(9:) + (1 — yi)log(1 — 45)), (4.3)

and the Negative Logarithmic Likelihood, where

1 i=n
L=—=S log(i). .
" ; 0g (i) (4.4)

Here n refers to the number of observables.

While the goal of training is to minimize the loss as much as possible, our results need to be gener-
alizable to data not encountered in the training process. There is a known trade-off between overfitting
and underfitting (see figure 4.1) and an optimal point we want our model to reach. If we do not optimize

enough to our training set, then we will under-fit and perform poorly both on seen and unseen data. How-
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ever, if we train too much on the input data, the model will perform even more poorly on the unseen data.
We can use the validation loss as a proxy for the generalization loss and stop training our model when the

validation loss stops decreasing.

Underfitting Optimum  Overfitting

Loss

Generalization loss

.
.
.
.
.
.
.
.
.
.
v
.
.
.
.
.

Training loss

Model complexity

Figure 4.1: The tradeoff between underfitting and overfitting a model when comparing loss and
model complexity.

We must also consider the bias and variance trade-off. Bias is a measure of how far off the average
prediction of the model is from the correct value. Variance is a measure of the spread of the predictions,
or the flexibility of the model. If we overfit the model we will have a high variance as the results depend a
lot on the input. Meanwhile, if we do not train the model enough, we will have high bias where the results
do not average around the true value we are looking for. The various combinations of bias and variance
are shown in figure 4.2. An ideal model will have low bias and low variance, but that can be very hard
to achieve. Neither bias nor variance can be fully eliminated as both contribute to the total error of the
problem, with Error = Bias® + Variance + Irreducible Error.

There are several methods to combat over-training in addition to early stopping and lowering the bias
and variance in the model. One can reduce the complexity of the ML framework in a random fashion
in a process known as drop out. In the example of neural networks, which rely on an architecture of
connected nodes, drop out could be employed by randomly removing some fraction of the nodes. There
is also regularization, which is a modification to the algorithm that reduces its generalization error and

not the training error. Regularization can be done in the form of weight decay or added terms to the loss
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Figure 4.2: The tradeoff between bias and variance in a model, with high variance related to over-

fitting and high bias related to underfitting.

function that encourage a shrinking of the coefficients in the model [113].

The main types of regularization are Ridge and Lasso. Ridge adds a penalty to the cost term that is
related to the squares of the coefficients of the model. A more flexible, though also prone to overfitting,
model will have larger weights and this Ridge penalty ensures those weights stay small. The implementa-

tion looks like:

Cost = Cost + A _w; (4.5)

i=1
where 1 is the number of weights w to which we apply our penalty A. The value of A can be tuned to find
the optimal performance, however a too-high value of A will result in the weights all going to zero and the
model not learning anything.
Lasso regression only penalizes the high-value weights and has the ability to send some weights to
zero. This can lead to better model interpretability as we remove less important predictors. In this way, it

performs a version of feature selection. Lasso regularization is performed by modifying the cost to be:

Cost = Cost + A Z |w;| (4.6)
i=1

Regularization helps us reduce the variance of the model without raising the bias by much.
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Besides the value of the loss function for the training and validation sets, there are many other ways to
evaluate the performance of a machine learning algorithm. There is accuracy, which, with classification
problems, is a measure of how often the model predicted correctly. Error rate measures the opposite effect
by stating how often we are wrong. In addition, we can look at the confusion matrix, which details the
number of true positives, false negatives, false positives, and true negatives. This can give you insight into
how the model is thinking. Also, depending on what you are doing, you may be more concerned about
false negatives than false positives, such as in a model for predicting illnesses. We also look at receiver
operating characteristic (ROC) curves. In ROC curves, the true positive rate can be seen versus the
false positive rate for a set (or various) threshold(s). The higher the area under the curve (AUC), the better
the performance of the model.

There are a number of things that we can do to improve model performance. First, we can train
on high-quality and high-statistics datasets. We can also tune the settings of the model, known as the
hyperparameters. These include the value of the regularization, the learning rate (how fast we take steps
in the “right” direction to lower the loss), the optimizer that we use, how many events we train on at once,
and how many epochs of training we do. These hyperparameters can be tuned in a grid search by varying

values by hand or in a random, automated way.

4.1.1 BoosTED DEcCISION TREES

One of the important algorithms used in high energy physics, and in ML in general, is the decision tree. De-
cision trees are constructed to categorize input events, for example into either “signal-like” or “background-
like” distinctions. Atits simplest implementation, it is a single tree as depicted in figure 4.3. All input data
events are equally weighted and they are labeled with either the classification category or target regression
value, depending on the context. The input data also have a number of features that the algorithm will use
to try to classify the data or predict a value.

To simplify the description, I will first focus on how a tree is trained for classification. Each of the
nodes in the tree enables a decision based on one variable. A scan of potential cut values is undertaken to
find the value that best separate the two (or more) classes. The goal of these splits is to increase the purity
of event types on the nodes as much as possible. We measure purity with either the Gini index, which is

the probability of misclassifying an observation, or entropy, which is a measure of the randomness in the
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Figure 4.3: Schematic of a boosted decision tree. A determination is made at each of the nodes
regarding whether the values are greater than or less than the optimal split point. [33]

data. The lower the Gini Index (or impurity), the better the split. With regards to entropy, the higher the
entropy value is, the more randomness in the data. We also want to lower the entropy with each split. The
decision tree will keep splitting until it reaches one of the stopping criteria. These criteria include the max
depth of the tree, the minimum number of samples per split, and the minimum impurity decrease. These
stopping critera help reduce overfitting in the tree. The final split groupings are known as the leaves of the
tree. The tree is then used to classify data by sending new samples through the decisions and seeing which
final split they end up in. The average value or mode of the training data that was in the final leaf node is
then used as the final classification.

There are two common improvements to the decision tree algorithm that turn it into an ensemble
method: bagging and boosting. Bagging, or bootstrap aggregation, is used to reduce the variance. This is
done by creating several subsets of the training data randomly, with replacement. Each subset is then used
to train a different tree and the prediction of all trees is averaged for the final result. This can be extended
into a random forest, where you retrain trees with both a random subset of the data and a subset of the
input features. The number of features selected for each tree to train with is a hyperparameter of the model

known as the maxfeature. The forest is then a series of parallel estimators. Bagging and random forests
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are good when you are missing data, and they handle high dimensional data well, but they are not great
for regression tasks.

Boosting trains new trees based on the result of the previous tree. We combine the individual trees in
a sequential way to make them more powerful. This means we make a strong learner from a group of weak
learners, where each addition helps lower the loss of the model. One way to implement boosting, known
as AdaBoost, is to re-weight the training data going into each additional tree by weighting the events that
were misclassified higher than those that were correctly classified [114]. This helps the new tree focus on
the errors of the former tree.

Another common method is gradient boosting, which combines the methods of boosting and gradi-
ent descent [115]. Each tree is trying to minimize the loss from the prior trees combined. To do this we
need to optimize with a differentiable loss function. Then we fit each new tree to the residuals of the pre-
vious tree, i.e. the residuals become the new target values. For example, if f1(x) should be y, the residual
is then y — f1(z). Then our second tree is trying to target fo(z) = y — fi(z). The learning rate (1) sets
how fast we will move in the right direction. The combined equation then becomes results of the first tree
+ 1*results of the second tree. When using the differentiable loss function , the pseudo-residual for the ith
training example at tree 1 is:

0Ly, fma(2)|
Tim = afmfl(ZE) ‘17:501‘71/:1/1' (4.7)

where x is the input and y is the prediction. This way each tree brings us a little bit closer to the optimal
answer based on the training set. To avoid over-training, the learning rate can be reduced so that you learn

more slowly and the number of trees can be set to stop the training process.

4.1.1.1  BOOSTED REGRESSION TREES

Boosted Regression Trees (BRT) are a specific type of boosted decision tree, with the goal of determining
a continuous variable rather than a classification label. The node splits are therefore designed to reduce
the variance in the target values in each leaf or branch. The average value of the target variables in each
leafis used as the predicted value. The ensemble learns sequentially through a form of functional gradient

descent. After the first tree, we see how far away we are from the target values and we train the sequen-
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tial tree to learn that difference, known as the residual. The final prediction then looks something like,
Prediction = First Tree Guess + 17*(Second Tree Guess) + n*(Third Tree Guess) + ... with the catch that
Second Tree Guess is trying to solve for the residual (e.g. target-First Tree Guess) and Third Tree Guess
is solving target-First Tree Guess + 77*Second Tree Guess. The First Tree is optimized to reduce the usual
loss function. This process is illustrated in figure 4.4, in which a series of trees are trained to deliver a final

prediction.
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Figure 4.4: Schematic of a boosted regression tree. Each new tree is trained to learn, and thus
reduce, the error left from the previous trees. [34]

Another adjustment we can make is to use a stochastic boosted regression tree. This is done by using
a random subset of the data to fit each additional tree. This means that models undergoing this training
will not be identical, unless they undergo the same sequence of training data selections by setting the same
random seed.

A single BDT or BRT is fairly straightforward to interpret because it is essentially a series of selection-
cut optimizations. While some of this interpretability is removed when using the ensemble method, the
trees can still straightforwardly be constructed and trained, and will perform well with minimal optimiza-
tion. However, they are prone to over-training, particularly when there is a large number of input variables.

Thus feature selection (or feature engineering) is key when training a BDT.

4.1.2 NEURAL NETWORKS

Another common algorithm seen in high energy physics is the neural network. Neural networks are a

connection of hidden nodes, known as perceptrons or artificial neurons, that have weights and biases as-
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sociated to them. The goal of ML is to learn the optimal values of these weights and biases. There are
input layers and output layers with middle, or hidden, layers between them. The input layer contains the
features for training and the labels for the target value. The output layer gives the result of the network.
The basis of these networks is the perceptron, shown in figure 4.5 [35]. The perceptron takes in several
inputs (z;). Each input has an associated weight wj; that reflects its importance with respect to the output
value. The perceptron also has a threshold that needs to be passed in order for the neuron to fire and
send information out. The perceptron returns a value of zero or one according to whether -, wjz; <

threshold. The weights and threshold for the neuron can be varied to deliver different results.
I
T2 output

I3

.

Figure 4.5: Schematic of a perceptron with three input values (z;) and a single output. [35]

A neural network is constructed from a series of connected perceptrons. Each perceptron can also have
abiasassociated with it that can help it reach its threshold, in which case the equation becomes ) _; w;x; +
b > threshold — 1. When the perceptrons are connected together in many layers, each individual
perceptron will have multiple outputs that connect to all the perceptrons in the next layer. Each of these
connections will now have a weight associated to it. Figure 4.6 shows a single hidden layer neural network
on the left and a deep neural network on the right with multiple hidden layers of connected perceptrons
or neurons. The model learns by making small adjustments in the weights (for connections) and biases
(of neurons) to minimize the loss function. The initial values for all the weights and biases are usually
randomly set.

Deep neural networks are able to find hidden connections, or abstract representations of data. This
allows them to approximate the function we are trying to solve. According to the Universal Approxima-
tion Theorem, a single hidden layer neural network can approximate any other function. However, this
may necessitate an extremely large hidden layer. Non-linearity is an essential feature of a network for that

network to successfully approximate functions. To ensure non-linearity in our neural networks, we must
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Figure 4.6: Single layer neural network and a deep neural network with multiple hidden layers.

adjust the threshold equation of the neurons shown above to having non-linear activation functions by
inserting (w * = + b) rather than returning that value; from now on I will refer to this input as z.

The most common choice of activation functions for the internal nodes of a network is the rectified
linear unit (ReLU). In the implementation of ReLU, the maximum of the input = and zero is chosen as
the output of the neuron, i.e. ReLU (x) = max(z,0). This means that only positive elements are kept.
The sigmoid activation is typically used in the output layer for binary classification problems. While it
has the complication of not being centered around zero and potentially leading to a vanishing gradient, it

does put the outputs on a scale of zero to one. The equation for the sigmoid activation is sigmoid(z) =

H%' The other common activation function re-centers to zero and resembles a linear function nearby

zero. This is the tanh function, which is popular in recurrent neural networks. The equation for tanh is

tanh(z) = S=—

ci7c—=- The three activation functions and their shapes can be seen in figure 4.7.

Sigmoid Tanh RELU
1 et —e*
2) = 2) = z) = max(0, z
9 = 172 9 = 9(2) = max(0,2)

Figure 4.7: Various activation functions used in the neurons of a neural network.

In order for the model to learn to approximate a function, it needs to update the initially randomly
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set weights and biases to the optimal choices. Similar to the decision tree algorithms, the model is fed the
training data, processes it through its network of trainable parameters (weights and biases), and outputs a
decision. This travelling through the network is known as forward propagation.The same loss functions
are then used to determine how far away the output was from the target value or true classification. Once
the loss has been calculated, the process goes backwards to adjust the trainable parameters via a method
known as backpropagation. The goal of this backward process is to reduce the loss function.

There are two parts to the process of learning: backpropagation for efficient calculation of the gra-
dients and optimization of training the network with the gradients. For backpropogation we take the
gradient of the loss function with respect to all the weights and biases. We then update the weights and

biases at each layer (/), with the learning rate 77 included to adjust the speed at which we update, by:

w® = O _ e 2L
AOw®

b =p —px
b

This is the algorithm for gradient descent. The vanishing gradient problem occurs when many of these
values go to zero and thus the model cannot learn anything. Smart choices of activation functions can
help avoid this problem.

Gradient descent is easy to implement and understand, but it may get trapped at local minima that
look like optimal solutions compared to neighbors but are not global solutions. Learning can also take
a while as weights are only updated after the whole training set is seen. A solution to the computational
problem is to perform mini-batch gradient descent. In mini-batch gradient descent, smaller batches of
data are digested at a time, with updates to the weights/biases after each batch is fed through based on
the average result of each batch. While this method is computationally faster, there can be variance in the
results, and the algorithm can still get stuck in a local minima. This optimization method is known as
Stochastic Gradient Descent (SGD).

Adding momentum to the optimizer allows us to accelerate the learning and hopefully avoid local
minima. To implement this we add an additional hyperparameter, 3, that sets how quickly the previ-
ous gradient contributions can decay. SGD with momentum calculates the moving average of the gra-

dient (my = Bmy—1 + (1 — B)V(0;—1) where 0s are the trainable parameters) and includes that in

104



updating the parameters (i.e. w = w — nmy). Another method for including momentum is Adam, or

Adaptive Momentum Estimation [116]. This includes the second moment v; in addition to m;, where

vp = Bovg_1 + (1 — B2)V(0;_1)%. We bias-correct the m; and vy, i.e. 17y = 1T_né2 . Then the parameters
1

are updated with §; = 6;_1 — nﬁ, where € is there to ensure no division by zero. Figure 4.8 shows
t

how Adam reaches the global minima faster than the standard gradient descent algorithm.

-30
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Figure 4.8: Comparison of Adam (red) with gradient descent (black arrows) at arriving of minima
of quadratic loss functions. [36]

There are many neural networks that build upon this architecture, including convolutional neural

networks, however I will focus on recurrent neural networks as they appear in chapter s.

4.1.2.1 RECURRENT NEURAL NETWORKS

Recurrent neural networks (RNN) are designed to process sequential data. They have special gates that
allow them to keep information about proceeding inputs to influence current decisions. RNNs can handle
variable length data and data for which the order matters. This is useful for time series predictions, track
finding in a detector, and speech translation. In figure 4.9 a diagram of a basic RNN can be found on the
left. The right hand side shows the RNN unfolded. The RNN performs the same actions for every entry
in the sequence of data. The RNN maps the input z to an output 0. The middle node A is the hidden
state which calculates h(t) = f(U x ) + W % h:=Y 4 b), where f is the chosen activation function
and U is the weight matrix for the input to hidden connections, W is the weight matrix for hidden-to-
hidden connections, and b is the bias. The output s then o(t) = ¢+ Vh®), where V is the weight matrix

between the hidden state and the output and ¢ is the bias term. To get a final prediction/result, the o(%) is
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put through a final activation function, such as softmax [36].

Figure 4.9: Simple RNN on the left and the RNN unfolded on the right with the connections
between input-hidden, hidden-hidden, and hidden-output shown. [36]

One problem with RNNs is their short term memory; they forget data they see early on in a sequence.
When doing backpropogation, RNNs also sufter from the vanishing gradient problem so those earlier
layers may stop learning. LSTM, or Long Short Term Memory, cells help to solve this problem as they
allow the cell to keep or forget information. The cell state is where the data passes through and can be
considered the memory of the network. The information on the cell state of the LSTM can be added to,
or removed by, gates. Sigmoids are used to decide whether to keep, consistent with an output of one, or
forget, consistent with an output of zero, previously seen data. The forget gate takes information from
the current input and previous hidden state and chooses whether to forget or keep that information. The
input gate updates the cell state by deciding what is important to add. Finally, the output gate chooses the

next hidden state [37]. The LSTM cell is shown in figure 4.10

42 MLINATLAS

There are a number of places where ML is being used in the ATLAS experiment at large. One common
place is in physics analyses to discriminate between the signal and the background. For example, a Run 2
dijet resonance search used weakly supervised ML to do anomaly detection to try to find new physics over
a Standard Model background [117]. Another search for a Higgs boson decaying into a Z boson and light
resonance in two lepton plus jet events used multivariate discriminants for event selection. Multi-layer

perceptrons (MLPs) were trained to estimate the mass of the light resonance and to classify signal. The
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Figure 4.10: LSTM cell with the incoming new information x(t), previously hidden information,
and the forget, input, and output gates. Adapted from [37]

classification MLP was trained on kinematic information from the tracker and used a sigmoidal activation
function [118].

In my first year of graduate school, I worked with Professor Keith Baker’s group to look at the impact
of using ML for signal discrimination. We were working on a search for Higgs boson decays to ZZ* to
four-lepton states, specifically, the H — ZZ3 — [lll channel. For this search, the Higgs boson was
used as a portal to the dark sector [119]. The process could occur when the Higgs boson is produced by
gluon-gluon fusion and then couples to a Zg, a vector particle with spin 1 and negative parity. The Zg4
will mix with the Z*, off-shell Z, and decay to leptons. This targets a mediator of the theorized U(1)q4
gauge symmetry, a possible extension of the SM. I looked at using boosted decision trees to help separate
out signal from background instead of the standard selection cut based methods. For an initial study, I
trained a BDT using TMVA on the final state radiation masses of the two Z bosons, the four leptons, the
rapidity and ¢ of the leptons, and the number of jets. In the final iteration of the analysis, BDTs were
used on simulation to help distinguish particular Higgs boson production processes from the background
using variables like lepton pr, Ar(j, 41), and 7; and they improved cross section measurements by 15-35%
[119].

The biggest contributor to the computation budget of ATLAS is the simulation of Monte Carlo
datasets. ML efforts to both better simulate data and speed up the simulation are ongoing. One ML pro-
posal, known as CaloGAN, was started by Yale physicists [120]. They used generative adversarial networks

to create fast simulations of the electromagnetic calorimeters.
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Machine learning can also be used for tagging particles in our detector. Work done by Yale postdoc
Chase Shimmin showed the possibility of using adversarial neural networks to tag jets based on their sub-
structure [121]. ML is also being used in the trigger systems. There is an ongoing push to try to convert
deep neural networks into a format that can be run on FPGAs. This also requires a reduction in model
size, latency, and energy use while maintaining performance. Scientists have developed a workflow known
as QKeras+hls4ml to translate deep learning models to be run on FPGAs [122].

Physicists are also reaching out to the ML community at-large to help solve computational problems.
The Tracking ML challenge [123] was a Kaggle challenge that made LHC data public with the goal of
constructing particle tracks. The results of the accuracy phase were then presented at NeurIPS 2018.

Machine learning is being incorporated into all aspects of the particle physics data processing pipeline:

from simulation, to triggering and tracking, to final data analysis.
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"It was good, and nothing good is truly lost. It stays part of

a person, becomes part of their character.”

Rosamunde Pilcher, The Shell Seckers

Machine Learning for Tau Leptons

5.1 INTRODUCTION TO TAUS

THE ANALYSIS OF VH, H — 77 THAT | WILL PRESENT IN THE FOLLOWING CHAPTERS RELIES ON
OUR ACCURATE RECONSTRUCTION AND IDENTIFICATION OF TAU LEPTONS. Taus are a tricky object
to fully reconstruct as they decay almost immediately, have neutrinos in their final state, and are massive
enough to decay to quarks. Machine learning algorithms have given critical boosts in performance to our
standard reconstruction algorithms, allowing us to make more precise measurements and improve our

sensitivities in analyses involving taus.

5.2 TAU PROPERTIES

Taus are third generation fermions. They have a charge of —e and have a mass of 1777MeV. That means
the tau is ~ 17 times more massive than a muon and ~ 3500 times more massive than an electron. While

the tau’s higher mass makes it desirable for the study of the Higgs boson coupling to fermions at the AT-
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LAS detector, the tau is an unstable particle that will decay almost immediately. It has the short lifetime
of only 2.9 x 10~ 3s. This means that its decay length, calculated as d = velocity * time = Beyt,,
is approximately 87um, where 7 is its lifetime and we have taken into account relativistic effects. Conse-
quently, almost all taus will decay inside the LHC beamline without ever reaching the ATLAS detector.
We therefore have to identify taus based on their decay products.

There are two main modes of decay for taus: leptonic and hadronic decays. Example Feynman dia-
grams for both decay processes are shown in figure 5.1. Leptonic tau decays (7 — vl where [ refers to
an electron or muon) occur about 35% of the time. In this decay process, the tau decays into a tau neu-
trino, to preserve the tau lepton flavor contribution, and into a lepton and anti-neutrino of the same flavor.
We identify leptonic decays by the lepton and missing energy in the detector. This relies on the electron,

muon, and MET reconstruction described in chapter 3.

Leptonic Decays: .~ % Hadronic Decays: .~ "z
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Figure 5.1: Example Feynman diagrams for the two main decay modes of the tau lepton. Both
decay modes include a tau neutrino to preserve the tau flavor in the decay. The leptonic decay (on
the left) includes a W decaying to alepton and an anti-neutrino of the same flavor. The hadronic
decay (on the right) includes a W coupling to quarks which hadronize into a variety of hadrons.

About 65% of tau decays are hadronic tau decays. This means the tau decays into a collection of
particles usually comprised of charged and neutral hadrons. The hadronic decay of the tau also includes
a tau neutrino in order to preserve tau lepton flavor. In addition, the hadronic decay of the tau usually
includes one or three charged hadrons, though this number can be five, seven, etc, and a number of neutral
hadrons. We therefore classify hadronic decay modes into two main types: 1-prong and 3-prong based on
the number of charged hadrons. 72% of hadronic decays are 1-prong and about 22% of hadronic decays
are 3-prong. About 68% of hadronic decays include at least one neutral pion. The most common type of
hadron produced in tau decays is a pion because pions are mesons that combine quarks from the same first

generation (i.e. up and down). Kaons, another possible decay product of taus, are mesons that are made
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Decay  Prongness  Final State  Branching Ratio (%)

. Vrev, 17.8
Leptonic ~ 1-prong Te 7
Vr WV, 17.4
7 7ou, 25.5
. v, 10.8
-pron _
) prong 7070, 9.3
Hadronic 000
(e e V8 1.0
Ty, 9.0
3-prong 40
T T Y, 2.7

Table 5.1: Branching ratios of some of the most common tau lepton decays. [4]

up of quark/anti-quark pairs from different generations, such as strange and up or down.

The main decay modes of the tau and their branching ratios are included in table 5.1 [4].

5.3 TAURECONSTRUCTION

When discussing tau reconstruction in this thesis, I will only be referring to the hadronic decays of taus.
Furthermore, we only look at the decay products that are visible to our detector, which excludes the neu-
trinos. Tau decays form a type of jet and thus their reconstruction begins with the standard jet reconstruc-
tion algorithms described in section 3.3.3. Taus are seeded by jets that are reconstructed with the anti-kp
algorithm with R=0.4. The TopoClusters for the tau are additionally calibrated using a local hadronic cal-
ibration. The jets must also have p > 10GeV, |5| < 2.5, and not be in the crack region of the detector
in order to be considered as a seed for tau reconstruction [40].

A track is then associated to the tau-jet if it hasa AR < 0.2 from the tau-jet center and it passes a
series of requirements. The tracks must have p7 > 1GeV and the distance from the track to the tau vertex
in the transverse plane (|dp|) is < 1mm. The track also needs to have a [Azgsin(0)| < 1.5mm, where 2
is closest approach in the longitudinal axis [40].

Tracks are then split into two main designations: core and #solation. Core tracks are within a AR of
0.2 of the center of the tau candidate and isolation tracks are in the range of 0.2 < AR < 0.4. The tau
vertex is set by selecting the vertex of the tracks associated with the tau-jet that has the largest fraction of the
momentum of the tau. The direction (7),¢) of the tau is set by the vectorial sum of TopoClusters within
AR of 0.2 of the jet barycenter. Finally, the tau mass is set to zero making the transverse energy E7 equal

to the momentum p. This is a safe approximation to make for our analysis because we only look at taus
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with a visible energy greater than 20GeV, which is already much higher than the 1.7GeV tau mass.

5.3.1 RECONSTRUCTION IN THE TAU TRIGGER

The tau trigger performs a similar reconstruction to the offline reconstruction but due to its time constraint
of 2.5 in the hardware trigger (L1) and 0.35s in the software high-level trigger (HLT), the algorithms
are simplified and the accuracy reduced. The main goal of the trigger is to separate hadronic taus from
QCD jets: quark- or gluon- initiated jets from non-tau QCD processes. The key properties we can use
to discriminate taus from jets are their low charged-track multiplicity, the isolation of their calorimeter

cluster, and the narrowness of their jet [124]. These characteristics are highlighted in figure 5.2.

suoupey Jo jaf

Figure 5.2: On the left is the typical signature of a QCD jet with many non-isolated tracks and
on the right is the typical signature of a hadronic tau decay with its highly collimated one to three
charged tracks that are contained in the core region. [38]

The L1 trigger looks at calorimeter towers with a granularity An x A¢ = 0.1 x 0.1 to identify
regions of interest based on the sum of energy in 2 x 2 groupings of these towers. Then in the HLT phase,
we look at LC-calibrated TopoClusters in a cone of AR = 0.2 around the L1 seed. There is a very basic
Tau Energy Scale correction applied in this trigger stage, which is inclusive for both 1-prong and 3-prong
taus and has a less precise pileup correction than in the full process described in section 5.5 as it uses the
average number of interactions per crossing instead of a more accurate calculation.

The calorimeter cluster selection is followed up by the Fast Track Finder (FTF) algorithm that first
finds a leading track within a AR of 0.1 of the cluster center with |2| < 225 mm. The FTF is then
broadened to the isolation region where it will find all tracks with a AR < 0.4 from the core and at
|z] < 10 mm with respect to the leading track. Finally, a cut is applied based on track multiplicities to
distinguish from jets, with a selection of one or three tracks in the core region and one or no tracks in the

isolation region.
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5.4 TAUIDENTIFICATION

The main purpose of the tau identification algorithms is to reject the background from quark- and gluon-
initiated jets. At the start of Run 2 we were using a Boosted Decision Tree (BDT) algorithm that was then
upgraded to a Recurrent Neural Network (RNN) algorithm. The identification algorithms set working
points (Loose, Medium, Tight) for the hadronic taus based on their target efficiencies. In addition to the
tau-specific identification algorithms, there is also a specific electron rejection (eVeto) where any 1-prong

tau candidates within a AR if 0.4 of a “Very Loose” electron are rejected.

5.4.1 BDT FOR TAU IDENTIFICATION

For the beginning of Run 2 there was a BDT algorithm for tau identification. It was trained and applied
separately for 1- and 3-prong taus. The training sample for the signal was composed of Z — 77 events
and the background sample consisted of simulated dijet events. The training events had a pr between 10
and 360GeV, and at least one reconstructed Tpq4—vis candidate passing trigger and full online selection.
Input variables included the energy fraction in the central region of the tau, the leading track momentum,
and the track radius [125]. Some variables were only considered for 1- or 3-prong taus, such as the track
mass and maximum AR. These input variables were corrected so that their distribution mean was con-
stant as a function of pileup to remove efficiency dependence on pileup. The Tight working point had
0.6(0.45) target efficiency for 1-prong(3-prong) taus, the Medium working point had 0.75(0.6), and Loose

had 0.85(0.75) [40]. The rejection power for the BDT is shown in the dashed lines in figure 5.3.

5.4.2 RNN FOR TAU IDENTIFICATION

Later on in Run 2, ATLAS moved to using a RNN algorithm for 744—vis identification that can be
applied offline to the full Run 2 dataset. We use the RNN working points for taus in the final analysis
for the VH, H — 77 study. The input variables to the RNN are mix of low-level inputs for tracks and
clusters and high-level observables similar to the ones used in the BDT tau identification algorithm. These
low-level input variables include cluster moments, track momentum, track impact parameters, angular
distances, number of track hits, and the transverse energy of the clusters. The high-level variables include

the central energy fraction, transverse flight path significance, maximum track AR, and the ratio of EM
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Figure 5.3: Rejection power for background quark- and gluon-initiated jets as a function of true
Thad—vis efficiency. The BDT performance is shown with the dashed lines in red for 1-prong and
in blue for 3-prong, while the RNN is in shown with solid lines. The solid dots represent the
four working points: Tight, Medium, Loose, and Very Loose. [39]

energy and track momentum [39].

As one can think of objects in the ATLAS detector as an ordered sequence in terms of their p7, RNNs
can be applied successfully to our data. The training inputs for the RNN come froma Z/v* — 77 sample
that is split up and trained separately on 1-prong and 3-prong taus. There is a p re-weighting to remove
the pr-dependence bias because the dijet background sample has a softer distribution than the signal. The
sequential inputs to the RNN are the first ten, or fewer, leading tracks in p and six leading clusters in Ep.
The network architecture is detailed in figure 5.4. The three dense layers for the high-level inputs have 128,
128, and 16 nodes, respectively. The shared dense layers have 32 nodes. The ReLU function is applied
after all fully connected layers except the last, which uses a hyperbolic tangent, and the LSTM layers use
the sigmoid activation function.

As canbe seen in figure 5.3, the RNN is able to achieve the same working point efficiencies with almost

double the background rejection power of the BDT.
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Figure 5.4: Diagram of the RNN architecture for tau identification with the three separate
branches for low-level track and cluster variables and high-level variables. [39]

5.5 1AU ENERGY SCALE

After a tau candidate has been identified in the ATLAS detector, its measured energy needs to be calibrated
in order to have an accurate estimate of the true value. This is due to both detector performance and tau
decay kinematics. Detector issues include the presence of uninstrumented material, the incomplete cover-
age of the detector, and the non-uniformity of the detector. After the first LC (Local Calibration) scale
has been applied to all jet-like objects, ATLAS applies an additional energy scale to correct the measured
tau lepton energy. The tau decay makes it particularly tricky to calibrate the energy of the tau. Taus decay
after such a short period of time that the neutrino has already been produced before the decay products
reach the ATLAS detector.

A typical method of improving energy calibration is to replace the energy measured in the calorimeter
that is associated with deposits from charged particles with information from the more precise tracking
detectors. This is complicated in the case of tau decays due to the possible presence of neutral pions, which
can deposit energy that overlaps with the charged-particle deposits in the calorimeter. These neutral par-
ticles do not have associated tracks to aid in the final energy calculation. Also, when identifying a tau in
the detector, the tau candidate is restricted to a small cone around its vertex. Thus the reconstructed tau
energy may be an underestimation due to energy associated with the tau that was deposited outside of the
cone and left out of the calculation. There is also interference in the calorimeter due to both the underly-
ing event and pileup in the detector that can affect the energy measured. Figure 5.5 illustrates some of the
complications we need to consider when calculating the final energy of a tau.

In order to have an accurately reconstructed tau energy, we need to calibrate the tau energy obtained

from the calorimeters. There are two calibrations used at ATLAS; one is the baseline calibration and the
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Figure s5.5: Illustration of a hadronic tau decay highlighting some of the effects, such as underly-
ing event and pileup, that make energy calibration tricky for taus.

other is the Boosted Regression Tree (BRT) calibration. With the baseline method, one can calculate the

newly calibrated energy from the measured energy:

ELC - Epileup
R(ELC - Epileup7 |77|7 Tlp)

(5.1)

Ecalib =

where E,¢ is the LC-calibrated sum of energy in the core region, which then has the energy contribution
from the multiple interactions per bunch crossing (Epieqyp) subtracted [40]. Epizeqyp is a function of the

number of primary vertices (Npy/), 7|, and the number of prongs 1. Epjjcqp is calculated as:

Epiteup(Npv, 0], np) = A(Inl,np) X (Npy — (Npv)) (5-2)

where A is a linear coefficient. R is the detector response calibration, which is the Gaussian mean of the
(BLc — BEpiteup)/ ELE, distribution, that is used to scale the tau energy. E{%, accounts for the energy
from the generated tau decay products and final state radiation, but not the energy from the (invisible)
neutrinos. The LC-calibrated tau momenta is then scaled to the true visible momentum in bins of number
of prongs (1- and 3-prong taus) and 7.

Currently the baseline calibration works well for high pr taus but performs poorly at low pr when
compared to truth MC values of the energy. The BRT method combines the baseline calculation and
information from the Tau Particle Flow (TPF) which calculates the charged pion momentum in the track-

ing system of the ATLAS detector. Tau candidates that pass the medium BDT identification point from

Z — 77 samples are used for training the BRT. There are two figures of merit for evaluating the cali-
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brated momentum: resolution (half of the 68% interval of the ratio of calibrated momentum to true mo-
mentum) and non-closure (offset from unity). Variables used in the initial training for the ATLAS BRT
method include pileup, cluster variables like shower depth and cluster moments for both the charged and
neutral decay products, number of tracks for the charged pions, energy of the pions, and ratio of their
momenta [40]. The Tau Energy Scale (TES) finds a shift factor c, so that the tau energy is recalculated as
Er — (14 a)Er. The BRT makes a demonstrated improvement in energy resolution of the tau lepton

over the baseline calibration for a range of tau pr momenta as shown in figure 5.6.
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Figure 5.6: Energy resolution of the baseline and BRT calibrations for taus as a function of tau

momentum. The BRT calibration improves upon the Baseline calibration for taus with pr below
250GeV. [40]

5.6 MACHINE LEARNING IMPROVEMENTS TO THE TAU ENERGY SCALE

The energy scale determination (MVATES) uses information from the ATLAS calorimeter and tracker
and applies a scale factor derived from a Boosted Regression Tree (BRT). There is a particular challenge
at the trigger level, where there are ongoing studies to attempt to improve MVATES for taus by including
track information into the training of the BRT. If a more accurate energy value for taus can then be used in
the trigger decision, we will be better able to select the taus we want for physics analysis within the allocated

bandwidth.

Initially, in order improve the MVATES resolution for the trigger, in particular for the low momentum
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taus, I studied tracks from the planned FTK (Fast TracKer). At the time, FTK was a potential addition
to the ATLAS tracking system for Run 3. The track variables in the initial study came from simulated
trigger output incorporating FTK tracks. With these FTK tracks added to the list of BRT input variables,
I performed studies such as determining which track variables helped improve performance and whether
it was best to make the training prong-dependent by training on 1- and 3-prong taus separately and to-
gether. I quickly determined that the trigger track information had too high of a pr cutoff to allow for
good resolution for low pr tracks. With the eventual cancellation of the FTK project, the trigger tracks
were then switched to be standard simulated high-level trigger (HLT) tracks, which could give important
guidance for the expected performance in the HL-LHC era when ATLAS will have a hardware-based trig-
ger. I carried out additional studies with a focus on determining the importance of various tracking-related

variables and the tuning of hyperparameters.

5.6.1 BOOSTED REGRESSION TREE ARCHITECTURE FOR THE TAU ENERGY SCALE

In order to determine scale factors to use in the calibration of the tau energy, I trained a Boosted Regression
Tree (BRT) using TMVA (Toolkit for MultiVariate Data Analysis with ROOT)[33]. In this study, the
regression tree will contain a series of right/left decisions to find the best weight to apply to obtain a target
value of 1 for the ratio between the true tau momentum and the reconstructed tau momentum. As a
reminder, boosting means that instead of training only one tree, many trees are trained and combined into
a single regressor using a weighted average.

The hyperparameters to be specified in MVATES, along with their definitions are in table 5.2. These
are important to tune to get the best performance. For example, reducing the depth of the trees helps
limit overtraining, or heavily biasing the output weights based on the input events. Incorporating boost-
ing improves the stability of the training result, which can fluctuate when training with decision trees.
Introducing bagging, where a random subset of the data is fed into each tree, helps stabilize the response
by essentially smearing the results. MVATES uses a gradient boost, which tries to minimize the difference
between the model response and the true value by adjusting the node splits and parameters. The difference

is usually quantified using a loss function. When performing a gradient boost, a Huber loss function is
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used:

5(y — F(x))? ly—F|<4é
L(F,y) = (5-3)
§(ly—F|=0/2) ly—F|>0

which is adjusted using a shrinkage parameter, or learning rate, set to the standard value of 0.1 [33].

Hyperparameter Definition Initial Setting
NTrees Number of trees trained to get final answer 2000
NCuts Precision of cut values tested at each node split 200
BoostType Boosting algorithm Grad
Shrinkage Learning rate for the boost 0.1
UseBaggedBoost Whether to include bagging when training True
Bagged Sample Fraction | = Size of bagged events relative to total sample 0.5
MaxDepth Number of layers in a tree 5

Table 5.2: TMVA hyperparameters and their definitions that are used in training the BRT to
perform MVATES. The initial value for each parameter is included in the final column.

When I trained the BRT, I split the input dataset in half into a training and validation set, based on
whether the arbitrary event number set during simulation was even or odd. The training set is used to
make the decision trees and the validation set is used to calculate the test error after applying the trained
regression. The performance on the validation set is then used to update the trees until a set performance
threshold is met.

The initial training of the BRT used the input parameter settings shown in table 5.2. These are the
parameters used in all trainings until the hyperparameter tuning is checked in section 5.6.4.1. The bench-
mark for determining performance of my model is the performance of the weights trained previously (in

2018) without trigger-level track information.

5.6.2 INPUT VARIABLE DEFINITIONS

For training MVATES, L input tau decay events with reconstruction- and truth-level quantities. Both HLT
Calorimeter variables and track trigger variables are included. A BRT cannot be trained on an input that
has variable length. This results in a challenge for training on tau candidates because taus can decay into
1- or 3-track final states. Thus the tau-track-related vectors, such as momentum, can therefore be variable
in length. In order to use track information, one must convert these tracking-related numbers into single-

valued inputs, such as weighted values, or include null inputs to keep the variable length the same.
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The input values for training the BRT are listed in table 5.3. This includes some variables that were
used in the initial training, but did not end up helping performance. They were not used in the final
training because it is preferable to have fewer input features. The variables used in the final optimal training
have a check-mark next to them in the right-most column of table 5.3. All of the HLT calorimeter values
are single-valued per each event so they can be used directly in the BRT. This is not true for most of the
trigger-track variables. Most taus should have one or three tracks, and sometimes five for rarer decays, but
due to detector reconstruction effects there are sometimes zero, two, four, and six tracks associated to the
tau. In order to have the same size inputs to the BRT for all events, default values of -1 for specific track
momenta variables are used in order to create a single-valued entry for every variable for each event. This
value of -1 does provide information to the BRT by indicating that a limited number of tracks existed for
a given event, which in turn leads to a different predicted scale factor.

The weighted track pr are set to default values of —1 if there are fewer than three tracks in the event.
Furthermore, values for leading track weighted pr peak roughly at one if there is only one track in the
event, but this is not exact since the summed total track momentum does not always equal the detector
axis momentum. Furthermore, the HLT-calibrated and tau-trigger-track momentum are not the same,
which leads to the weighted ratio of the leading track p7 to sometimes be greater than 1. Track 1+2+3

weighted pr average is not included in the the FTK studies documented in section 5.6.3.

120



Variable Name Definition Used
HLT Calorimeter Variables

1 Pileup v
() Cluster éilrsst; rt:lcr)menft iln energy ;ifn-Sity (IE/ V) where Y
gy of cluster and V is volume
Acenter Shower depth at cluster centroid v
(H2) SeFond moment in A, which is the distance of a . Y
calorimeter cell from shower center along shower axis
fpresampler Fraction of cluster energy deposited in the presampler | v/
Lead Cluster Fraction Fraction of energy contained in highest energy cluster | v/
Upsilon Cluster Function of tau polarization v
Prr Classification probability of cluster to be EM-like v
Detector pr LC calibrated four momentum of the tau v
Detector n LC calibrated 7 of the tau v
Track Trigger Variables
NTracks Number of tracks associated to the tau
Total Track pr Sum of track momenta from all tracks in the tau
Average Track pr Total Track pr divided by nyrqcks v
Track; pr fori=1-5 pr for each of the first five tracks
Track; pr/Detector pr Leading thre;e1 etzzss; Z; weighted by Y
Track; pr/ Total Track pr | Leading three tracks’ pr weighted by Total Track pr
S =2 ppi/Detector pr Sum of threil;ﬁitr;i::;l; pr weighted
S8 b o/(Total Track pr) Sum of thfgllc;zf;?féﬁt:cf;z;T weighted v

Table 5.3: Variables used in the training of the BRT to improve the Tau Energy Scale broken up
into HLT Calorimeter Variables and the new Track Trigger Variables. The final column indicates

whether they are used in the final, optimized training of the BRT.
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Sample input distributions of the track variables used in the training of the BRT with the simulated
tau trigger tracks are included in Figure 5.7.
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Figure 5.7: Theleft plot shows tau momentum distributions highlighting the difference between
Truth pr, the HLT Calibrated pr (detector pr), the total track pr, and the average track py. The
target value of regression for the BRT is the ratio of Truth pr/Detector p7. The right plot shows
the weighted transverse momentum distributions for the leading three tau tracks, weighted by
detector py. They are set to —1 if there are fewer than three tracks. As seen in the left plot,
detector pr and sum of tau track py are not the same, which leads to the weighted ratio of the
leading track pr to sometimes be greater than 1.

5.6.3 FTKTRACK STUDIES

For the FTK studies, the input track trigger values were from a simulated FTK trigger with a 12GeV pr
threshold. The goal of using these tracks was to see if adding track information to MVATES at the trigger
level could improve upon the energy calibration for potential use in the trigger decision to keep or reject
events with taus. The two main tasks looked at to improve the performance of MVATES were (1) adding
in track variables to the BRT training and (2) training on 1- and 3-prong taus either independently or
simultaneously. I trained on an input Z — 77 sample. The figure of merit used was the offset of the ratio

of truth and detector p from one.

Including Track Trigger Variables

To begin the studies, weights were trained using the various input variables listed in table 5.3. First,
only the HLT Calorimeter variables were used to train the weights. Then three of the FTK track variables
were added: total track pr, average track pr, and number of tracks. Then six of the FTK variables were

used: the initial three and the three weighted by individual track p7. In order to see the performance of
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the weights, the MVATES was applied to a Z — 77 sample. Figure 5.8 shows that the addition of the
track variables improved performance for low momentum taus. Poorer performance for high momentum

taus with the addition of track variables could have been due to overtraining with the higher number of

input variables.
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Figure 5.8: Comparison of the offset of the calibrated tau momentum from the truth momen-
tum of three different trainings of the BRT for the MVATES weight: no FTK (only the HLT
Calorimeter variables), three FTK variables (adding in three of the track variables: total track pr,
average track pr, and nTracks), and using six FTK variables (adding in the weighted track pr for
the leading three taus).

1- and 3-Prong Split for Training the BRT

Then the performance of splitting the training of MVATES on 1- and 3-prong taus separately versus
together was evaluated. When training independently, an additional requirement was added to the TMVA
training to only train on either taus with less than two tracks or taus with greater than two tracks (since
the taus are not perfectly reconstructed as 1- and 3-prong taus). The effect of splitting up the training was
also tested using different combinations of input track variables. The HLT Calorimeter only variables (no
FTK) cannot be split by track number since that information is not available. When the taus are split up by
1- and 3-prong (or single track and multi-track) the variable nTracks is not included in the training since
that information was already used to create the track multiplicity split. As shown in figure 5.9, the HLT

calorimeter variable only training (no FTK) performs best for high momentum taus as the offset values
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are closest to the goal value of one. However, the use of all track variables (5 FTK) with the split on 1- and

3-prong taus performs best for low momentum taus.
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Figure 5.9: Comparison of the offset of the calibrated tau py from the truth pr of five different
trainings of the BRT for MVATES: no FTK (only the HLT calorimeter variables), three FTK no
split (adding in three of the track variables: total track pr, average track pr, and nTracks), and
using six FTK no split variables (including the weighted track pr ), with training on 1- and 3-
prong taus separately with two FTK variables added (adding in the total and average track pr),
and using five FTK variables (adding in the weighted track py for the leading three taus).

Results for Energy Calibration using FTK Tau Tracks

Including FTK track information in the training of the BRT improved energy calibration perfor-
mance for low momentum taus, but not high momentum taus. Furthermore, the improvement for low
momentum taus was incremental and the offset of the ratio of calibrated/truth momentum was still very
far from one. This was believed to be caused by the momentum cutoff for the tau used in the simulated
FTK trigger. At the time of this study, there were no simulated FTK triggers without a tau momentum
cutoff available. More importantly, FTK was cancelled in its entirety and thus will not be included in Run
3. However, track information will be used in the HL-LHC trigger. I decided it was worthwhile to con-
tinue attempting to add track information to MVATES using simulated tau trigger information in order

to explore possible improvements for later runs of ATLAS.

124



5.6.4 SIMULATED HLT TAU TRIGGER TRACK STUDIES FOR MVATES

For the rest of the studies, I used a standard simulated high-level trigger to include tau track information
in MVATES. My training input was a simulated Z — 77 sample with ~ 1 million events in both the
training and validation sets. The studies detailed in this section include checking for over-training, feature

selection, and training based on track multiplicity.

Check for Over-training of the BRT

A worry when training a BRT is over-training. This happens when you bias the BRT too much on
the input dataset so that it performs extremely well on its training set but has poor performance on new
events. There are many quick ways to test this, such as looking at the validation error. TMVA already splits
the input validation set into a training and test set that is meant to help prevent over-training. However,
since we apply the weights in a second step in MVATES, a further division is made. Half of the weights
(the odd events) are used as input to the BRT, and the other half (the even events) are then used in the
actual application and evaluation of MVATES. To determine if I was biasing the training on the odd event
numbers, I trained on both the odd and even events separately and then applied those weights to both the
training set and the unseen half (i.e. weights trained on even events were applied separately to both even
and odd events). If the weights performed significantly better on the division they were trained on than
the other half of the dataset, that was evidence for over-training. Figure 5.10 shows the performance of
MVATES through the ratio of the MVATES calibrated momentum over true momentum of the taus for
four different output datasets: weights trained on even events (Evaluation set) applied to both themselves
and the odd events (Train set) and weights trained on odd events (Train set) applied to both the even events
(Evaluation set) and themselves (Train set). The essentially identical performance of all four calibrated

datasets suggested that there was not over-training occurring.

Feature Selection using Correlated Variables and Variable Rank

Another way to determine the best final input list of variables for the training of the BRT is to run the
training with many variables and then look at the correlation and variable ranking that TMVA provides.
A correlation plot was obtained (shown in figure 5.11) that demonstrated which variables were highly

correlated (in yellow) or anti-correlated (in blue). Variables that were independent of each other are in
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Figure s.10: Ratio of calibrated momentum over truth momentum for weights trained on the
even and odd (arbitrarily set) event numbers and then applied to both the input training set and
the other unseen dataset. The comparable performance suggests that I am not over-training.

green. From this table, one can see that First Energy Density and Center Lambda were anti-correlated,
Upsilon Cluster and EM Probability were anti-correlated, track one p7 and average track pr were very
correlated, total track p7 and average track pr were very correlated, track 3 pr and number of tracks were
semi-correlated, and track two and track three pp were also semi-correlated.
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Figure s.11: Correlation plot made in TMVA that shows which variables used in the training
of the BRT supply similar information with regards to the target value for the regression. The
values in yellow and blue are the ones most correlated and anti-correlated, respectively.

There were two attempts at removing the correlated variables:

1. Without correlated variables: removed Center Lambda, EM probability, Average Track pr, and
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Track 3 pr
2. With fewer correlated variables: removed Center Lambda, EM probability, Track 1 pr, Total Track
pr, nTracks, and Track 2 pp

The MVATES calibration performance of these two reduced variable lists in relation to keeping all
variables is shown in figure 5.12. The best performing weights are trained using the grouping without

correlated variables for taus with transverse momentum greater than 40GeV.

Comparing performance of MVATES using fewer correlated variables
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Figure 5.12: Comparison of performance of MVATES calibration when removing more or less
correlated variables as described in section 5.6.4 with keeping all the variables. The best perfor-
mance was the list of variables removing only 4 variables (without correlated variables.)

Another way of choosing which variables to keep is to look at their ranking of correlation with the
target (truth pr/detector pr). The list of ranked variables is shown in table 5.4.

The values that signify how many tracks a tau has — subleading and track three weighted p7 and num-
ber of tracks — are highly ranked with respect to the target value. A training of the BRT was made using the

top ten ranked variables, however removing variables like this severely hurt performance of the MVATES.
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Ranking of Input Training Features

1. Subleading track weighted pr 9. Pey
2. NTracks IO. /\center
3. Detector pp I1. [t
4. Track three weighted pr 12. Track one Weighted pr
5. (p) 13. Total Track pr
6. Lead Cluster Fraction 14. Average Track pr
7- fpreseampler 15s. <)‘2>
8. Upsilon Cluster 16. Detector n

Table 5.4: Ranking of the 16 input training variables (or features) based on their importance in
determining the final predicted value.

Training on 1- and 3-Prong Taus

As I did when using the FTK tracks, I investigated whether training on inclusive taus or training on
1- and 3-prong taus separately would provide better calibration results. The new input variable list to the
BRT includes the sum of track 1, 2, and 3 pr weighted by total track p7. When training using the simu-
lated HLT track-trigger, training separately on 1- and 3-prong taus hurts MVATES performance compared

to training on the taus inclusively.

5.6.4.1 TUNING OF HYPERPARAMETERS

After optimizing the input training set and the variables used, one can still tune the hyperparameters of
TMVA to improve the performance of the weights. This includes both the type of loss function and struc-
tural parameters for the trees. I included a benchmark for these studies in my performance comparison,
which are labeled the 2018 weights. These 2018 weights were trained without using track-level trigger

variables.

NTrees and MaxDepth
Since the performance for both the removing correlated variables and using all track variables input

lists for the BRT performed similarly well, I tuned the hyperparamters of both trainings. The values for:

* NTrees: which is the number of trees that is trained and averaged

* MaxDepth: the number of decision layers in each tree
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were optimized via a grid search as there is currently no algorithmic way to do a random search of
parameters in TM VA for regression.

As a demonstration, I will walk through the tuning of parameters for the all track variable list. First I
varied the MaxDepth parameter, while the number of trees was kept constant. I show on the left in figure
5.13 that the performance using a depth of four or five is very similar, while shortening the trees to a depth

of three caused the calibrated momentum to be too high.
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Figure 5.13: The left plot shows a comparison of performance of MVATES calibration using the
BRT settings on the all tracks variable input list and changing the value of the MaxDepth while
keeping NTrees constant. The right is a comparison of MVATES performance when changing
the value of the N'Trees while keeping MaxDepth at four or five. The 2018 weights are used as a
benchmark

Next, I tuned the value of N'Trees by varying its value from 2000 to 2500. Previous studies showed that
going below 2000 and above 2500 hurt the performance of the BRT weights on the evaluation set. The
right of figure 5.13 shows the offset from a ratio of one of calibrated momentum over truth momentum
for all of the different weights trained with the various hyperparameters. The performance of the weights
trained with 2500 Trees and either depth of four or five outperform the weights trained in 2018 on high
momentum taus (for pp > 40GeV).

For the removing correlated variables, the initial hyperparameter values of MaxDepth of five and 2000
trees performed best when checking a range of other values. These settings were used for the final compar-

ison.
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5.6.5 REsuLTs oF MVATES wiTH TRIGGER-LEVEL TRACK VARIABLES

Figure 5.14 sums up the main results and goal of this study. When adding in track variables to the training
of MVATES, calibration performance improves for taus with pr greater than 30GeV as compared to the
weights trained in 2018 without track variables. Then with optimized tuning of the TMVA training, the
ratio for calibrated pr over truth pr is near 1 for taus with pr greater than 40GeV. This suggests that in-
cluding trigger-level track information in the training of MVATES and then using this updated MVATES
in the trigger decision for events with taus could be a benefit in future runs of the ATLAS detector (once

track information can be included in the trigger decision).

Impact of Including Track Information on MVATES
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Figure 5.14: Comparison of performance of MVATES calibration with and without track vari-
ables and after tuning of the hyperparameters and input variable list.

5.7 LORENTZ EQUIVARIANT NEURAL NETWORK FOR TAU TAGGING

As shown earlier, the tau identification algorithm started at the beginning of Run 2 with a boosted deci-
sion tree algorithm and was upgraded to a better performing recurrent neural network. I spent some time
investigating a potential next improvement to the tau ID that would identify taus using a Lorentz Equiv-
ariant neural network. Simply put, this means that the algorithm will classify a boosted and non-boosted

tau as the same object without having to be trained on a wide variety of differently boosted taus.
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5.7.1 WHAT DOES EQUIVARIANCE MEAN?

The notion of equivariance comes from both symmetry and covariance. In special relativity, equations
can be written in a covariant format so that they look the same for every observer even though different
observers will experience things differently. In particle physics we have built an entire Standard Model
based on symmetry groups.

In Deep Learning, symmetry is usually thought of with respect to translations and rotations. Convolu-
tional neural networks have become popular in part due to their inherent equivariance under translations.
This means that convolutional layers need fewer parameters because you can use the same weights on dif-
ferent parts of the images and capture the same patterns [126]. If, for example, we are classifying images
of a dog, the neural network will know that a dog shifted to the right in the image is still a dog.

We can also enforce equivariance by building structure into the neural network so that it respects
symmetries. An example to illustrate that is forcing the network to react the same way to an object that is
first transformed and then convolved versus one that is convolved and then transformed. In mathematical

terms, that means:

fody =¢yof (5-4)

where f is a function mapping spaces X and Y (f : X — Y') and ¢ is a transformation.
The advantages of enforcing equivariance in a neural network architecture include:
* increased data efficiency as you can share weight values
* decreased computational complexity as there are fewer trainable parameters
* disentanglement of orientation and presence in the latent space representation
* increased prospects of interpretability

* potential for more improvement when combined with data augmentation

The major disadvantage of equivariant architectures is that they require knowing the representation
theory of the underlying group. However, for our task of identifying taus, we have the underlying Lorentz
group symmetry, making tau tagging an ideal candidate for an equivariant architecture! Here the underly-
ing energy-momentum vector of the particle depends on the inertial frame of the observer. We can trans-

form between these frames in a way described by the Lorentz group O(1, 3). This group combines spatial
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rotations and Lorentz boosts. Enforcing equivariance allows us to train a neural network that will be able
to identify variably boosted taus as the same object without having to train on a large dataset containing

all those variations of the same object.

5.7.2 DATA PROCESSING

Input Samples

The original input samples are seven MC dijet samples with various jet momenta ranges for the back-
ground and a ¥* — 77 sample for the signal. These are the same samples used to train the RNN tau
identification. They are run through a standard ATLAS package that creates a common data format that
can be customized for various tau projects, such as the tau identification and energy scale studies [127].

This processing step reduces the number of events for some files.

Data Formatting

In order to get the data into the right format for training, we first had to flatten the data files and then
convert them to hdfs files. Flattening is what takes the multi-particle per event information and breaks
it down into a data entry per particle instead of per event. This was done using the same scripts the Tau
Identification group uses [128]. During the flattening of the file, we chose to save a single 1- or 3-prong tau
per event with the highest momenta. This removes some of our background jets and a handful of signal
taus, but makes event weighting easier to implement. During the conversion to hdfs format, we further
select only reconstructed taus with a pr > 20GeV (and pr < 60GeV for initial studies). We remove
any taus in the crack region or with an 1| > 2.5. Then these files are split between train, validation, and
test sets with 50% in training and 25% each for validation and testing. All even event numbers are in the
training set and then the odd numbered events are split evenly between test and validation datasets.

Once a single tau per event has been saved that meets the basic requirements, we then convert the data
into the correct format for the Lorentz equivariant network. The network takes in the four momenta of
each object (track and cluster) in the jet, and any scalar variables we want to include, like mass and a label
to distinguish tracks from clusters. We convert pr, 1), and ¢ into (E, p,, py, D) for the first ten tracks and
six clusters in the reconstructed tau. Each object is then labeled as a track, cluster, or set to a default value

of zero if fewer than ten tracks and/or six clusters. Input taus are also labeled as signal (‘1’) or background
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(‘0’). The number of objects (tracks and clusters) per tau is also saved. In addition, we include a particle

weight that is used in calculating the loss and performance of the network during training.

Weighting the Background

For the current studies, we are just using one signal sample and the lowest pr dijet sample. To simplify
matters, we train on the first 25, 000 taus in each sample (and 13, 000 are included for validation and test
sets), so we do not need to use class weights between the signal and background inputs. The signal objects
are weighted by their MC event weight and the background events are weighted by (Object MC event
weight)/(Mean of all MC event weights in sample).

When we include more background samples, we will then need a two-step weighting procedure. We
will first need to weight all of the backgrounds relative to each other and then weight all of the background
so that its total relative importance matches that of the signal. The background event weighting is to even
out the numbers of low pr taus with the artificially high number of taus in the simulated samples at high
pr with very low MC event weights. Each background sample (with varying DSID) contains a different
range of potential pr values. The weighting equation for background is to divide the MC event weight by

the Luminosity for that DSID. Luminosity is calculated by:

N
R - (5-5)

where N is the number of taus in the sample, o is the cross-section of that DSID (in pb), e f f is generator

efficiency, and e f fproc is the processing efficiency (% taus remaining after our data processing pipeline).

The input values for this equation for all background files and the signal file are included in table s.s.
Once these background weights are applied, we obtain a smooth distribution in jet pr for all back-

ground jets, as displayed in figure 5.15.

5.7.3 ARCHITECTURE OF NETWORK

The architecture used is detailed in [129] and the code can be found here: [130]. The input layer takes
in the four-momenta of Ny; particles for the reconstructed tau and associated scalars (mass, label). For
our inputs, Nyp; cannot be greater than 16. The input is then a set of vectors in (7(%0))®7 g T(11)

representation of the Lorentz space. Ty is the number of scalars we put in, such as object label. T(H1) is
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DSID ‘ Nevents ‘ g (Pb) ‘ eff ‘ effproc
Dijets pr bint | 98896 | 78.45¢9 | 0.00067 | 0.6539
Dijets pr bin2 | 145185 | 2.43¢9 | 0.0003 | 0.9679
Dijets pr bin 3 | 149545 | 2.65¢7 | 0.0003 | 0.9969
Dijets pr bin 4 | 149930 | 2.55¢5 | 0.0005 | 0.999
Dijets pr bin s | 149979 | 4550 0.0009 | 0.999

Dijets pr bin 6 | 149994 | 258 0.0009 | 0.999
Dijets pp bin7 | 150000 | 16.2 0.0004 | 1.0
v* — 77 Signal | 126274 | 0.00322 | 1 0.6314

Table 5.5: Relevant values for weighting the background samples, which are dijet samples with
various binning in pr with bin one having low pr and bin seven having the highest pr jets, and the
signal sample for training the Lorentz equivariant neural network if more than one background
sample is being used.
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Figure 5.15: Weighted distribution of jet py for all background samples, the legend refers to the
pr bin for the sample, as defined in table s.5.

our p, vector: (E, py, py, p-). The input layer is fully-connected and creates Né,?) vectors, where Ny, is
one of the tunable parameters, and 0 refers to the input layer. The input layer shares weights between all
inputs, but acts on each one individually.

The input layer is followed up with Np; activations, fi(o), where ¢ goes from 1, ..., Nopj. These

) (5:6)

©
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The next layer takes in the previous layer ]:i(p ) and calculates the direct sum of that layer and a self-
interaction term of the input layer (previous layer in network). The term in square brackets includes a
learnable scalar function f that weights the interactions of the ¢’th particle with other particles. This is
applied to p?j, where p;; = p; — pj is the pairwise difference. The sum over j ensures permutation
invariance. The two terms with direct products go through a Clebsch-Gordan (CG) decomposition. The
number of terms saved in that representation is also a tunable parameter of the network. Finally, W is the
equivariant learnable operator of the network. It is actually a sparse matrix made up of smaller matrices
on its diagonal which only connect vectors of the same weight.

This CG layer is then followed up by as many MLP layers as desired. These are applied to the scalar
inputs and the weights are shared across all Ny;; nodes. The final output layer projects onto Lorentz-

(Nce)

invariant outputs and produces two scalar weights to be used in classification: wou = Wik (Z i F ) 00y

5.7.4 INITIAL RESULTS

For the initial training, we ran on 25, 000 signal and 25, 000 of the low p7 dijet background events. We
tried varying parameters such as number of CG layers, number of channels, learning rate, and batch size.
After ~ 200 epochs, the model either crashed due to too much memory consumption from the tensor
calculations or settled on achieving an AUC of 0.8, accuracy of 70%, and background rejection of 48. The
model is successfully learning, but it is not yet tuned to match the efficiency of the current RNN Tau ID.

Furthermore, it is not the only interesting potential future direction for the Tau ID.

5.7.5 COMPARISON TO DEEP SETS ARCHITECTURE

We also trained a Deep Sets architecture on the same signal and background files, with 25, 000 events from
each sample for training and 13, 000 each for validation.

The network begins by taking in the four momenta as a vector and the label for the clusters and tracks.
The labels are put through an embedding layer and then concatenated with the momenta vector. Then
there are three dense fully connected layers with 25 5 nodes. Then we construct a mask to kill zero-padded
particles (those with less than 16 clusters and tracks). Then we sum over non-zero particles by multiplying
with that mask. This is followed up with a dense layer with 512 nodes and final dense layer with two, one

for signal and one for background. There are a total of 153, 376 trainable parameters in this model.
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We chose Adam for the optimizer and categorical cross entropy for the loss function. The final layer
used the softmax activation function, while the previous dense layers used ReLu. After ten epochs with
a learning rate of le — 5, we achieved a training loss of 0.255, training accuracy of 0.893, validation loss
of 0.2745, validation accuracy of 0.890, a validation background rejection at 30% signal of 142, and a
validation AUC of 0.943. Based on our initial studies, this model performs well at tagging taus, but it

requires a large number of trainable parameters.

5.8 CONCLUDING THOUGHTS ON MACHINE LEARNING FOR TAUS

As you can see there are many ongoing studies that aim to improve our reconstruction and identification
of taus, both online at the trigger level and in our offline environment. This will become an even higher pri-
ority as we head to higher center of mass energies and increased interaction rates in future runs of ATLAS.
We are exploring both incorporating new detector information into our models, such as introducing track
information at an earlier stage of the trigger to more precisely reconstruct the tau energy, and designing
more sophisticated models that can better identify taus. We saw a significant jump in performance with
the switch to an RNN from a BDT algorithm for identification, and there is promise seen in other ML
methods, such as Lorentz equivariant neural networks and Deep Sets architectures. It is quite an exciting

time for this intersection of particle physics and ML research.
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Autumn leaves don’t fall, they fly. They take their time

and wander on this their only chance to soar.”

Delia Owens, Where the Crawdads Sing

VH,H — 77 Analysis

ONE OF THE MAIN GOALS OF THE LHC, AFTER DISCOVERING THE HIGGS BOSON, IS TO DETERMINE
HOW WELL THE NEW HIGGS BOSON PARTICLE FITS THE STANDARD MODEL THEORY. The Standard
Model provides predictions for the cross sections and branching ratios of the Higgs boson. With the data
we collect at ATLAS, we can test these predictions. V H, H — 77 is the shorthand for the associated
production of a Higgs boson with a vector boson (W or Z), with the Higgs boson decaying to two taus.
VH,H — 77 is one of the three most accessible channels that is not part of the combined Run 2 Higgs
boson cross section measurements (see figure 6.1) [131]. Measuring H — 77 decays could give us insight
into how the Higgs boson is responsible for lepton masses via the Yukawa couplings. As the most massive
lepton, the tau is the best chance for studying Higgs boson and lepton interactions at ATLAS. By com-
bining the H — 77 decay mode with VH production, the events can be selected via an electron or muon
trigger with minimal bias on the Higgs boson, which could prove useful for future studies of H — 77

decays.
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Figure 6.1: Cross section times branching ratio for all of the main production mechanisms and
decaysincluded in the current Run 2 data (/s = 13TeV) measurements of the Higgs boson, nor-
malized to their SM predictions. This list is missing three primary Higgs boson production and
decay combinations, including V' H, H — 77. The black error bars show the total uncertainties,
which take into account both the systematic (in blue) and statistical (in yellow) contributions.

6.1 MOTIVATION

Besides the theoretical motivation for this channel, there is clear experimental evidence to suggest we
should be able to measure it with the full ATLAS Run 2 dataset. Assuming the Standard Model Higgs
boson cross section at /s = 13TeV, 4.08% of Higgs boson production is via VH (associated produc-

tion with a vector boson). Furthermore, H — 77 has been observed with > 50 from the ggF and VBF
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Higgs boson production modes [132]. Due to the relatively large mass of the tau with respect to other
fundamental particles, the branching ratio of H — 77 is 6.32% [133].

This Run 2 analysis builds on a simpler implementation that was conducted with Run 1 data. The
Run 1 study looked at 20.3 f b=Lof integrated luminosity at 8TeV. They achieved an observed combined
signal strength of 0 /o gy = 2.3 £ 1.6, and set upper limits on cross sections for each category [42]. In
Run 2, we have a much higher total integrated luminosity (from 20.3 f6~1to 139 fb~ 1) and an increased
center of mass energy (from /s = 8GeV to /s = 13GeV). A higher center of mass energy gives us more
opportunities to produce a Higgs boson and more data allows us to reduce our statistical uncertainties. A
recent CMS analysis that used machine learning techniques on 2016 and 2017 data (a subset of Run 2),
measured 0, B(H — 77) = 2.56 £ 0.48(stat)£0.34(syst) pb [134].

For this process to occur in ATLAS, the W or Z boson is produced from a quark quark pair. The
Higgs boson is then radiated from the W or Z boson. The cross-section for WH is higher than for ZH
because the W boson is approximately 10GeV less massive than the Z boson. As illustrated in the leading
order Feynman diagram shown in Figure 6.2, both a Higgs boson and a vector boson emerge from the

interaction.

Figure 6.2: Leading order Feynman Diagram for Associated Production of the Higgs boson with
a vector boson (W or 7).

VH,H — 77 is an excellent channel for studying Higgs boson physics for a few reasons. We search
for events in which a Z or W boson decay produces light leptons (e or x) and light leptons have very
high trigger efficiencies in the ATLAS detector. About 21.6% of the time the W boson decays to an elec-
tron/muon and a neutrino, and about 6.7% of the time the Z boson decays to pairs of electrons or muons.
Additionally, some fraction of the W or Z boson decays to tau leptons can also produce a light lepton

with enough energy to meet our selection cuts. The H — 77 decay suffers from a high background
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from quark- or gluon-initiated jets, because jets are produced at much higher rates than taus, and some
fraction of these jets will trick the tau identification algorithm and be misclassified as taus. Our additional
constraint that the associated vector boson decay produces light leptons is important because it allows for
a reduction in this QCD-initiated background. However, the light-lepton requirement does lower the
cross-section for the measurement, with the hadronically decaying W and Z bosons not contributing to
the signal.

In addition, we require that at least one of the the two taus decay hadronically so that we stay orthog-
onal to other ATLAS Higgs boson analyses, such as H — ZZ* — [lll, to enable a future combination.
Note that our requirement of the Z or W to decay leptonically is particularly important in the categories
where both taus from the Higgs boson decay hadronically, so that there is still a muon or electron to trigger
on. Furthermore, for the ZH channels, we can reduce backgrounds by requiring a reconstructed Z boson
mass from the dilepton (ee or guj1) pair. This gives us a clean handle on those events. Unfortunately, due
to the multiple sources of neutrinos in the WH, H — 77, we cannot fully reconstruct the W boson
mass.

The four H — 77 channels studied in this analysis are:

W — pv/ev, H = TiepThad
W — pv/ev, H = ThadThad
Z — ppfee, H = TiepThad

Z = ppjee, H = ThadThad

where 7p,qq refers to a hadronically decaying tau and 7y, refers to a leptonically decaying tau, which

results in either a e or  in our final state.

6.2 FOUR S1GNAL CATEGORIES

621 W — pv/ev, H = TiepThad

The signature for this channel will be two light leptons (one from the tau decay and one from the W boson
decay) and a hadronic tau. We associate the lowest pr light lepton with the Higgs boson. This should be

the most abundant decay channel in the analysis because a Higgs boson decay to 7j¢pThaa occurs 46% of
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the time, but the restriction of the same-sign leptons lowers the number of final state events by about 50%.
The leptons are required to be the same-sign in order to reduce background from neutral bosons, such as

the Z— ee or Z— pupu decays.

same sign

Figure 6.3: Feynman diagram for the WH production mode where the Higgs boson decays to a
pair of taus with one tau decaying hadronically and the other decaying leptonically.

622 W — pv/ev, H = ThadThad

In this analysis channel the Higgs boson decays to two hadronically decaying taus, and the W boson decays
to a light lepton and neutrino. The final state is therefore several hadrons, most often pions, from the
hadronic tau decays, an electron or muon, and three neutrinos. We require that the two hadronic taus be
of opposite sign because the Higgs boson is a neutral particle. The single lepton in the event is associated
with the W boson.

Thad

Thad

Ei

Vi

Figure 6.4: Feynman diagram for the WH production mode where the Higgs boson decays to
two hadronically decaying taus.

623 Z — ppjee, H = TiepThad

This category occurs when the Z boson decays to two light leptons and the Higgs boson decays to one

hadronic and one leptonic tau. The two leptons that are same-flavor and opposite-sign with a mass closest
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to the Z mass, 91GeV, are associated with the Z boson. The hadronic tau and remaining light lepton are

required to be of opposite-sign.

same flavor

o opposite sign

Figure 6.5: Feynman diagram for the ZH production mode where the Higgs boson decays to a
hadronically decaying tau and a leptonically decaying tau.

6.2.4 Z — ppjee, H = ThaaThad

The final category in the analysis occurs when the Z boson decays to two same-flavor opposite-sign light
leptons, i.e. two muons or two electrons, and the Higgs boson decays to two hadronic taus. A benefit of
this channel is the ability to reconstruct a Z boson from the two opposite-sign leptons. We also require

the two hadronic taus to be of opposite-sign.

Thad

Thad

E:ﬁ:
same flavor

0 opposite sign

Figure 6.6: Feynman diagram for the ZH production mode where the Higgs boson decays to two
hadronically decaying taus.

6.3 DATA AND MONTE CARLO

The data, and corresponding simulation, is from Run 2 of the ATLAS experiment, which corresponds to
data taken in 2015 through 2018. Only data that was deemed good for physics (i.e. passes event selection

to ensure that the detector was in good working order) is used in the analysis. This provides a total of 139

fbo~ ! of data, with ~ 3fb~! from 2015, = 33fb~! from 2016, ~ 43fb~! from 2017, and ~ 58 fb~!
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from 2018. For our analysis, both the data and MC is from two different derivations: HIGG4D1 for the

ZH categories and fake factor calculations and HIGG4Dx for the WH categories.

Event Cleaning

All events from 2015 and 2016 with excessive noise in the electromagnetic calorimeter are removed.
The cut was developed based on the number of high-pr clusters with poor quality in that region of the

detector.

Monte Carlo Simulation Samples

Simulated datasets for the VH, H — 77 signal as well as all background samples were created using
various Monte Carlo (MC) generators, as described in Table 6.1. Samples of Monte Carlo (MC) simulated
events are used to optimize the event selection, and to model the signal and several of the background
processes. The samples were produced with the ATLAS simulation infrastructure using the full detector
simulation performed by the GEANT}4 [87] toolkit.

The Higgs boson mass was set to mpy = 125GeV. The associated Higgs boson production modes
(WH, ZH) and the ttH production mechanisms are considered individually, while the others Higgs bo-
son production mechanisms are grouped together in our “other” backgrounds. The cross-sections of all
Higgs boson production processes were fixed to the SM predictions [133]. Other background processes
involve electroweak production of W/Z bosons via VBF, Drell-Yan production of W/Z in association

with jet(s) as well as dibosons, single top-quark and top-quark pair (t¢) production. The generators and

parton shower models used to simulate different processes are summarized in Table 6.1.

Data Processing Pipeline

After the derivations are made, we use a tau-specific suite of software to apply standard calibrations,
or corrections, to reconstructed objects. We also use this framework to implement our event selection
requirements. The output format is a ROOT tree, or nTuple.

For our analysis, we then use uproot [135] to convert the variable-length vectors in the ROOT file to
set-length Pandas DataFrames [136] stored in a HDFs binary file format. These dataframes are then run

through our internal Python-based analysis framework.
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Process MC Generator + UEPS PDF Set ‘ Perturbative Order
W —lv,H — 17| POWHEG+PYTHIAS NNPDF30NLO NLO
Z =, H— 71T PowHEG+PYTHIAS NNPDF30NLO NLO
ggF H — 71 PowHEG+PYTHIA8 | NNPDF30NNLO NNLO
VBFH — 77 PowHEG+PYTHIAS NNPDF30NLO NLO
ttH,H — 71 PowHEG+PYTHIAS NNPDF23LO LO
Diboson Sherpa2.2.2.and 2.2.1 | NNPDF30NNLO NNLO
Triboson Sherpa2.2.2 NNPDF30NNLO NNLO
W +jets Sherpa2.2.1 NNPDF30NNLO NNLO
Z+jets Sherpa 2.2.1 NNPDF30NNLO NNLO
t PowHEG+PYTHIAS NNPDF30NLO NLO
tt PowHEG+PYTHIAS NNPDF30NLO NLO

Table 6.1: Monte Carlo generators used to produce the main simulated processes incorporated
into the VH, H — 77 analysis in Run 2, including the physics process, MC generator and
the model of the underlying event with hadronization and parton showering (UEPS), the corre-
sponding PDF set, and the perturbative order in QCD to which the cross-section has been cal-
culated (LO = Leading order, NLO = Next-to-leading order, NNLO = Next-to-next-to-leading
order).

6.4 OBJECT CRITERIA

Beyond the basic requirements for each object to be reconstructed as in Chapter 3 and Chapter s for taus,

we apply additional requirements on physics objects in our analysis.

Muons

All muons in our analysis must have a pr > 9GeV and have |n| < 2.5, after being reconstructed
from hits in the Inner Detector and Muon Spectrometer. Muons with pr > 2GeV and passing the Loose
identification working point are part of the overlap removal process. For a muon to be one of the final state
leptons in our analysis it must additionally pass the Tight identification working point, corresponding to

a~ 90 — 92% efficiency. It must also pass the track isolation criteria:

p%arconEBO < 0.06 % p%

(6.1)

which means that for muons with a transverse momentum of less than 50GeV, the scalar sum of the muon
prinacone of AR = min(10GeV/pl., 0.3) is less than 6% of the total muon pr. If p. > 50GeV, then

a radius of AR < 0.2 is used. Muons that are not used to satisfy signal requirements, but to estimate
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backgrounds from misidentification, may fail one, or both, of the identification and isolation working

points.

Electrons

Electrons must have a pr > 13GeV, an || < 2.47, and have a matching track in the Inner Detector
and corresponding cluster in the EM calorimeter. They must also not be in the crack region of the detec-
tor: 1.37 < |n| < 1.52. Finally, to be included in the overlap removal process, the electron candidate
must also pass the Very Loose Likelihood working point for electron identification. For the electron to
be considered part of our signal selection, it must also pass the Tight identification working point and an
isolation requirement. The Tight identification is 65% efficient for electrons with p7 = 15GeV and 90%
efficient at 100GeV. The isolation requirement has both a track and calorimeter isolation requirement.

For the track requirement,

PEO(AR"™ < 0.3)pr < 0.15 (6.2)

meaning that good-quality tracks within a cone of a pp-dependent A R radius around the electron must
have a scalar sum of pr that is less than 15% of the total electron pr. AR®" ranges from a maximum of
0.2 and then decreases by 10GeV/pr, hence the pp-dependent nature. For the calorimeter isolation, we
require:

E¥°(AR < 0.2)/Er < 0.2 (6.3)

The calorimeter topo-clusters ina AR = 0.2 around the electron must have a summed transverse energy
of less than 20% of the total electron Fr. Electrons that are not used to satisfy signal requirements, but
to estimate backgrounds from misidentification, may fail one, or both, of the Tight identification and

isolation working points.

Taus

The taus used in this analysis are seeded by anti-kr jets with R = 0.4. In addition, they must have
pr > 20GeV, an |n| < 2.5, and not be in the crack region (1.37 < |n| < 1.52). We also require the taus
to have a charge of |¢| = 1 and either one or three reconstructed tracks. For our baseline requirement, we
check that taus do not fall into the bottom 1% of tau RNN ID scores from a distribution flatted vs. pileup

and pr. Wealso apply a dedicated muon veto criteria and select taus that pass a Loose working point (0.05)
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in the electron veto (eBDT). Finally, for a tau to pass our signal criteria it must pass the Medium identifi-
cation working point. Taus that are not used to satisfy signal requirements, but to estimate backgrounds

from misidentification, may be used in our fake factor calculations.

Jets

While jets are not one of our final state signal particles, they are important to include in our overlap
removal process and when rejecting b-jets. Like taus, jets are reconstructed from seeds from the anti-k7
algorithm with R=0.4. Jets must have a p7 > 20GeV and an || < 4.5. Jets must also pass basic cleaning
criteria to be included in the overlap removal. For the analysis, we apply an 85% efficient jet b-tagging

working point, in channels where events with b-jets are vetoed.

6.5 OVERLAP REMOVAL

Sometimes in reconstructing particles, ATLAS can use the same tracks or calorimeter clusters, or tracks
and clusters that fall in a small AR region, to reconstruct two different types of particles. Since we have
three or four selected objects, depending on the analysis category, we need to make sure that they do not
overlap such that we are tagging one object as two distinct particles. In order to separate out these particles,
an ordered process for removal is applied. The detailed sequence is below, but it can be summarized as a
preference for electrons and muons over taus, and then taus over jets.

The overlap removal order is to choose:

1. Electrons over taus (within AR < 0.2)

2. Muons over taus (within AR < 0.2)

3. Electrons over calo-tagged muons if they share track(s) in the Inner Detector

4. Remaining muons over electrons if they share track(s) in the Inner Detector

5. Electrons over jets (within AR < 0.2)

6. Non-pileup jets over electrons (within AR < 0.4)

7. Muons over jets (if less than three tracks and within AR < 0.2)

8. Non-pileup jets over muons (within AR < 0.4)

9. Hadronic taus over jet (within AR < 0.2)
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6.6 Mass RECONSTRUCTION

Due to the presence of neutrinos in the decays of our W boson and tau leptons, we cannot directly re-
construct the mass of the Higgs boson from the visible decay products. As a reminder, decays of the tau
lepton via a hadronic channel (T — v, + hadrons) or leptonic channel (7 — v + | + ) produce
at least one neutrino. Since ATLAS cannot detect the neutrinos directly they are accounted for in our
missing transverse energy (E7*%) calculation. The crucial complication here is the fact that Ef**** can
be measured at the event level, but not the object level. We therefore cannot simply calculate the missing
energy associated with each parent particle; in our case, the W and Higgs boson.

In order to recover some information regarding the Higgs boson mass, for the ZH channels we use
a reconstruction method known as the Missing Mass Calculator (MMC) and for the W H channels that

have that additional neutrino from the W boson decay, we use the last-projected transverse mass (Mar).

6.6.1 MissiNg Mass CarLcuLaTorR (MMCQC)

The Missing Mass Calculator (MMC) is used for the two Z H categories. The algorithm scans possible
possible neutrino momenta from the di-tau decay to reconstruct the Higgs boson mass [137]. Developed
as an improvement to the collinear mass approximation, the MMC algorithm was crafted to reconstruct
the true mass of the parent particle. The calculation assumes that there are no extra sources of neutrinos
(or missing energy) in the event other than from the Higgs boson’s tau decays. The calculator scans for
both the taw’s visible mass and the x and y-components of EZ/*** for the event. There are four equations

that constrain the unknown variables:

% = Pmisy Sinemislcos¢misl + Dmiso Sinemi52005¢mis2

% = Pmis Singmisl 5in¢mi51 + Dmiso SinemiSQSin¢mis2 ( )
6.4

2 _ 2 2 2 2 2 2 . .
M 1 T mmisl + mm’sl + 2\/pm‘51 + mvis1 \/pmisl + mmisl - 2pv181pmzs1 COSAevml

2 2 2 2 2 2 2 . .
M T2 T mmi32 + mm’52 + 2\/]31;2'32 + mm‘32 \/pmi52 + mmi32 - 2pmsgpmzsg COSAgvmg

where E77 is the x-component of the event’s missing transverse energy; % is the y-component of
the event’s missing transverse energy; the subscript vis refers to the visible 7 decay products’ momenta,

mass, polar (6) angle, and azimuthal (¢) angle. The mis subscript refers to the “missing”, unknown, com-
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ponents of the invisible neutrinos [137]. M is the 7 mass and Af,,;,,1 2 is the angle between the visible and
missing momentum vectors for the tau-lepton decay. If a tau has decayed hadronically, the corresponding
value of M5 is set to zero.

Because there are more unknown variables than equations, the system is underconstrained. There
are six unknown variables when both taus decay via the hadronic channel, which are the z—, y—, and
z—components of the invisible momenta from the neutrinos. There is a seventh unknown variable, the

invariant mass of the neutrino, when there is a leptonic tau decay. Thus additional kinematic information

isincluded to better determine the di-tau mass, suchas AR = \/ (Mwis — Nmis)? + (Pvis — Pmis)?- The
algorithm searches through possible neutrino momenta until the most-likely di-tau mass is calculated.

The better constrained case, with just six unknown variables, is when both taus decay hadronically
and My = 0, 1. the Z — U, H — ThaaThad channel for our analysis. We can then solve the equations
above explicitly for any point in (¢mis, , Pmis,) space. This means we will conduct a grid search over the
kinematically-allowed ¢, pairs, and calculate fully defined momentum vectors. We then weight each of
the calculated M., by Z(AR1, pr) X Z(ARg, pry).

Forthe Z — ll, H — Tj¢pThaq category, we have an additional unknown due to the extra neutrino
from the leptonic tau decay. Now, we have to perform the scan over (¢rmis, ; @miso» Mimis, ) including all

kinematically allowed values of M5, -

6.6.2 LATE-PROJECTED TRANSVERSE MAss (Mo7)

The MMC algorithm requires that all of the event missing energy comes from the neutrinos from the
Higgs boson decay, but in our WH categories there is an extra neutrino from the W decay. We will then
use the Mo, late-projected transverse mass, algorithm for the WH categories. Mot sets alower bound on
the mass of the parent particles. For our signal events, Mo is bounded above by the invariant Higgs boson
mass. The term “late-projection” refers to the order of the summing and projecting operations. Here, we
first sum the Lorentz vectors and then project them into the transverse plane. The plane transverse to the
beam is chosen for the projection because the incoming momentum in the transverse direction is known to
be zero. Mo is a specific case of a more general early-partitioned, late-projected invariant mass algorithm.
[41].

We can divide the particles in our events into two categories: visible and invisible. VZsible particles can
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be measured in our detector, such as electrons and muons, and znvisible particles are neutrinos, or other
objects, that leave no direct signal. Each parent particle can have visible and invisible particles associated
with its decay chain. This division of particles is shown in figure 6.7. The transverse momentum of each

group of visible and invisible daughters is calculated individually.

Parent P, Visible daughters V

Invisible daughters 7,

Parent [P, Visible daughters Vs

Invisible daughters 7,

Parent Py Visible daughters Vi

Invisible daughters Iy

Figure 6.7: Illustration of parent particles in an event and their associated visible and invisible
products. The upstream visible momentum is there to include all visible products not part of
one of the parent sets. [41]

For the calculation, each 7 has only one considered invisible object in the final state, meaning the two
neutrinos from leptonic tau decays are treated as if they were one neutrino. This means that the W boson
and the Higgs boson each have two (one and three)-dimensional four vectors, one for the visible and one
for the invisible components. These are then combined into the late-projected transverse mass of parent

particle a, where a can refer to either the Higgs boson or W boson,

Mt =\ 90(B%r + ) BEr + ) 65)

and g, is the Minkowski metric (diag(1, —1, —1, —1)), p, is the visible transverse energy-momentum
vector, and q,, - is the invisible transverse energy-momentum vector [41].

Generally, you then choose the largest parent mass and minimize it by considering all possible combi-
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nations of invisible momenta. For our purposes, that is the Higgs boson mass. We require that the sum of
. . o . . _ miss

the invisible transverse momenta equals the missing transverse momenta of the event (3, q,» = p7*"**).

In addition, the sum of the invariant mass of the lepton and neutrino associated to the W boson must be

constrained to be near the W mass (80.4GeV).

Mo is then calculated by:

MZT: min ) [max[%aT]L (66)
S ar=ppies a

where a refers the Higgs boson mass. The minimization is done in a nine-dimensional space (three neutri-
nos with three missing momentum components) for W H, H — 7, 7;,. As a reminder, we initially have a
12-dimensional space for W H, H — 7,7, with the addition of the extra neutrino from the leptonic tau
decay. However, we reduce the dimensionality of the problem by requiring that the neutrino momentum

is collinear with visible tau decay products.

6.7 BACKGROUNDS

We divide our backgrounds into two categories which we name “reducible” and “irreducible”. Reducible
backgrounds are those that we can easily separate out with a series of selection cuts. The reducible back-
grounds do not contain the final state objects we are looking for, so they enter our signal due to misiden-
tification. This misidentification typically occurs when we mistakenly tag quark- or gluon-initiated jets as
electrons, muons, or taus. These backgrounds are difficult to accurately model in the simulation so we
therefore estimate the backgrounds with a data-driven technique described in Chapter 7.

The zrreducible background is made up of physics processes with the same final state objects as our
signal categories. These are difficult to disentangle from our signal because the object are all correctly
reconstructed and identified. The primary contributors to the irreducible background are diboson events
suchas WZ and ZZ, when the Z decays to two tau leptons, but there are also events originating from top
decays and other Higgs boson decays. We use the Monte Carlo simulation to estimate the contribution
from these backgrounds. For Run 2, we trained a dedicated neural network to separate out the diboson

backgrounds (see section 8.3).



“Leisure, the problem with the modern condition was the
dearth of leisure. And finally, it took a force of nature to
interrupt our routines. We just wanted to it the reset but-
ton. We just wanted to feel flush with time to do things of
no quantifiable value, our hopeful side pursuits like writ-
ing or drawing or something, something other than what

we did for money.”

Ling Ma, Severance

Fake Rate Calculations

7.1 INTRODUCTION TO THE FAKE FACTOR METHOD

IN ORDER TO ESTIMATE OUR BACKGROUND FROM MISIDENTIFIED OBJECTS WE EMPLOY A DATA-
DRIVEN METHOD KNOWN AS THE FAKE FACTOR, WHERE “FAKE” REFERS TO OBJECT MISIDENTIFI-
cATION. The rate of misidentification, known as the “fake rate”, is calculated in a region distinct from,
but closely resembling, the signal region. These fakes can be mis-identified jets, photon conversions, and
other mis-reconstructed objects in the detector. The fake rate calculation measures how often background
objects can enter into our signal region. To determine the fake rate, we take a sample of background objects
and apply the same identification and isolation criteria we use in our signal selection. The denominator
for the fake rate calculation is all objects that are candidates for an identification (or isolation) algorithm.
The numerator is the subset of those objects that pass identification (and isolation). From these fake rates

(F'R), we get a fake factor (f):
FR

I'=1"Fr

(7.1)
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which is a ratio of background objects that pass identification requirements to background objects that
fail identification requirements. This fake factor is what we use as an extrapolation factor to scale events
in a region adjacent to our signal region to estimate the fake contribution in our signal region as described
below.

The fake factor method is complicated in our analysis because we have tau, muon, and electron iden-
tifications that can be faked, and up to three (four) particles that can be misidentified in our W H (Z H)

signal regions.

7.1.1  FAXKE FACTOR METHOD DERIVATION

To derive the fake factor method, we first need to introduce some useful notation. 7" stands for true object
(an actual electron, muon, or tau), which will have an efficiency € of being successtully reconstructed and
passing selection criteria (identification and/or isolation). F' stands for fake object (the mis-reconstructed
jets), that will have an efficiency F'R (fake rate) of passing selection criteria. Objects that pass selection
will be denoted with .S and those that pass the fake criteria are denoted with A. We can then state the the

number of selected objects (V) is:
Ng = Ngr + Ngr = FR* Np + eNp (7.2)

While this is a data-driven method, we take into account MC-based estimates of contamination from
other physics processes in our various measurement regions. This means that we will subtract the true
MC that ends up in our anti-enriched region. Taking this into account, and relying on the relationship

between fake rates 'R and the fake factor f, the number of selected objects can also be written as:
Ny = f# Ni"* = f N3i© + Ngr© (7:3)

To get the estimate of the number of objects that make up our fake background, we need to think
about the ways objects can enter our signal region. To start with, let’s consider some of the possible com-

binations of events with fake objects. Those combinations include:

[ — S{ if the fake object passes selection or Af if the fake object fails selection
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o F1Fy — STSE if two objects both pass selection requirements or S A% or AF SE if one object

passes and the other fails or AI" AL if both fail selection requirements

s TV Fy — STSEAE or ST AY SE where the true object is selected and one of the fake objects
passes selection or AT S1"SI" where the true object does not pass selection and the fake objects do
or ST S SE where all three are selected or AT SE AL or AT AL SI" where the true object does not
pass selection and one of the fake objects is selected or ST AL AL where the true object is selected

and neither of the fake objects pass or AT AL AL where all three objects fail selection requirements

® etc.

As can be seen from the list above, if we have one fake object it may either pass (S) or fail (A) those iden-
tification and/or isolation criteria. When we have two fake objects, they can either both pass or fail, or have
one pass and the other fail. Further combinations can be constructed, expanding in the way demonstrated
above.

The number of objects considered depends on the number of selected objects needed for a given analy-
sis channel. Now the total number of event combinations comes from applying the probability of selecting
(F'R;) and/or anti-selecting (1 — F'R;) the true and fake objects and is:

* Ngr = FRy % Np,
* Ngryr = FRy* (1—-FR2)Np,p,
* Nprgr = FRyx (1—-FR1)Np,p,

* etc.

We need to solve for N, , N, 1, which we know also appear in the events in the fake enriched region:
® NA{r = (1—FR1)>I<NF1
° NAng = (1 —FRl) * (1 —FRQ)NF1F2

® etc.

. . _ _FR .
We can invert these expressions and use [ = =55 to see that:
. Ngl = f1* Ny,
* Ngya, = fr# Nayag

¢ NAIS'Q = f2 *NAlAQ
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® etc.

where N is the number of objects that enter the signal region from the fake factor extrapolation. The
order of these objects does matter as the fake rate depends on object kinematics and the specific type of

object.

One Object Case

While our analysis channels require three or four identified objects for the W H and ZH channels
respectively, we will carry out the derivation of the method on the one-object case first for simplicity. If
we are considering the situation where there is only one selected object in the final state to first order, this

enters as F1 — Sf or Af . We can get the number of selected events from: NV, sF = FRy x Np, and

N,r

Nyr = (1 = FRy) * Np,. We can solve for N, from the second equation: Np, = A=FR)" Plugging

that into the equation for IV SF and using f = %, we get the result that:

Ng = fxNy (7.4)

where N 4 is number of anti-selected objects, and N is the number of objects that enter the signal region
from the fake factor extrapolation. This equation is a simplified expression for a possibly infinite sum of

combinations from which one object is selected for the event.

Two Object Case

We can also derive the two object case. Once again, we will think about the type of events that can
enter into the signal region via the fake factor method. In the two object case, at least one object must be a
fake (otherwise it would be a signal event). There can be many more than two fake candidates, but no more
than two selected objects. In this way, a single event can enter our fake background in more than one way
with a different combination of fakes. Possible ways to get objects from fakes and their probabilities are
shown in table 7.1. From these we can determine the number of events entering the signal region. These
combinations gets more complicated as more terms are added, however, the individual probability for each
term to be selected decreases.

The possible first-order two object cases are F1T', T'Fy, and F1 F5. The number of each possible
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Event Type | Reconstruction | Probability
KT SS, AS FR,
TF, SS, SA FR,
FF, SS,SA,AS,AA | FRy x FR,

Table 7.1: Event types (using truth-level information), with their various possible reconstruc-
tions, and their probability to enter signal region. “F” designates a fake object, “T” designates
a true object. “S” represents an object (which could be a fake or true object) that passes the se-
lection criteria. “A” represents an object that fails the selection criteria. The right-hand column
provides the probability for each event type. The numerical subscripts keep track of the individ-
ual objects that are considered.

reconstruction (with the A and S) is calculated by summing the times it appears:

Ngss = FRy * Npyr + FRo * Nrp, + FRy; * F Ry x Np, p,

NAS:(1—FRl)*NF1T+FR2*(1—FR1)*NF1F2 (5)
75

NSA:(1—FR2>*NTF2+FR1*(1—FR2)*NF1F2

NAA = (1 —FRl)(l—FRQ)*NF1F2

The terms that enter into our signal region are those with two selected objects (Ngg). We can then solve

for the necessary N;; terms with the other equations. We can invert the final equation and get:

Naa

N = 6
and we can plug that in to the middle two equations and get:
Nowm — Nas FRy*x Ngg
BT ™ (1-FR) (1-FR)(1—FRy) ()
N __ Nsa  FRixNag 7
T " (1 -FRy) (1-FR))(1—FRy)
and then you can plug in f; = 1—F71]~“%ZR1 and reduce to:
Nom— —Nas  fo*xNaa
BT = (1-FR) 1-FR; (.8)
N = Vsa f1 % Naa 7
TFy — -

(1—FRy) 1-FRy
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From here we plug in equations 7.8 into the first line of equation 7.5, and use our definition of the fake

factor f and get:

FRl*NA5+FR2*NSA+ FRlFRQ*NAA _ngRl*NAA_leRQ*NAA
(L—FR)) ' (1—FRy) (1—FRy)(1— FRy) 1—FR, 1 — FRy

Nss = fiNas + faNsa — fifaNaa

Ngs =

(7.9)
where the second line is our two object fake factor.

Three and Four Object Case

Forour VH, H — 77 analysis, all of our final states have three or four final state objects. The deriva-

tion for these terms continues in much the same way and results in:

Nsss =fiNass + faNsas + f3aNssa
— fifeNaas — fofsNsaa — f1fsNasa (7.10)

+ fifafsNaaa

for the three object case and:

Nssss =fiNasss + faNsass + f3Nssas + faNsssa
— fifaNaass — fafsNsaas — f1fsNasas — fofaNsasa — fifaNassa — f3falNssaa
+ fifofsNaaas + fafafalNsaaa + fifsfaNasaa + fifofaNaasa

— fifofsfaNaaaa

(7.11)

Hopefully you can see the repeating pattern where the sign flips as we add more antiselected objects.

7.2 Z +JETS SELECTION

We use two regions that are orthogonal to our signal region, known as fake factor measurement regions, to

calculate our fake rates. These are Z — ppand Z — ee. These regions have similar kinematic properties
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to and fake composition as our signal region. ATLAS has good muon and electron reconstruction and
the ability to reconstruct the Z boson mass from reconstructed objects gives us a high-purity selection of
these events. Given the cross sections of relevant physics processes, any extra identified object (electron,
muon, ortau) in the event is likely a mis-reconstructed jet. We run these selections over both data and MC,
though only the data and truth matched MC is used for the fake rate calculation. The rest of the MC is

used to understand the purity of our Z + jets selection and in our closure tests.

7.2.1  Z — j4jt SELECTION

The selection for the Z — pp + jets events is designed to select those events while also providing events
that are kinematically similar to those selected by our analysis signal requirements. First, all medium iden-
tified muons with a pp > 9GeV and an || within the fiducial region are added to the candidate list for
selected and anti-selected muons. Then, all events with a pair of opposite sign muons with a dilepton mass
within 10GeV of the Z mass (91GeV) are kept. If an event has more than one pair of muons meeting this
criteria, the pair with the mass closest to 91GeV is chosen as the selected muon pair. The extra muon(s) in
the event may be candidates for fake objects. Either the single- or di-muon trigger must have been activated.
The single muon trigger p7 threshold is 26GeV, and our offline single muon threshold set 2GeV higher,
at pr > 28GeV. The di-muon pr threshold is symmetric, at 14GeV for both muon candidates, and our
offline di-muon pr threshold is setat pr > 16GeV. Next, both selected muons must pass a pp-dependent
tight isolation requirement to ensure that they are not objects within jets.

To illustrate our modeling of these events, the Z mass peak for 2017 data and ATLAS Monte Carlo

simulation are shown in Figure 7.1. It is clear that these distributions consist of Z — pupt + jets events.

7.2.2  /Z — ee SELECTION

The selection for the Z — ee + jets events parallels the cuts made in the Z — i selection. First,
all medium identified electrons with a pr > 13GeV, an || within the fiducial region and that are not in
the crack region are added to the candidate list. Then, all events with a pair of opposite-sign electrons
with a dilepton mass within 10GeV of the Z peak (91GeV) are kept. If an event has more than one pair
of electrons meeting this criteria, the pair with the reconstructed mass closest to 91GeV is chosen as the

selected electrons. Extra electron(s) are kept for calculation in the electron fake rate. Either the single-
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Figure 7.1: Reconstructed Z mass peak for 2017 data and ATLAS Monte Carlo simulation for
the Z — puji region.

or di-electron trigger must have been activated. The single-electron trigger pr threshold is 26GeV, and
our offline single-electron threshold set 2GeV higher, at pr > 28GeV. The di-electron pr threshold is
symmetric, at 17GeV for both electron candidates, and our offline di-electron pr threshold is set at p7 >

19GeV. Both electrons must pass calorimeter-based and track-based isolation requirements.

7.2.3 DIBOSON SUBTRACTION

Diboson events, such as W Z and Z Z, can contaminate our fake rate calculations with true leptons unless
we take additional steps to target these events. This diboson contamination in the fake rates is reduced in

two main ways:

* Targeted Selection Cuts: Two cuts were added to the fake lepton calculation for muons and elec-
trons to remove W Z background. The additional cuts require that the missing transverse energy
is greater than 60GeV and the transverse mass between the third lepton and the missing transverse

energy is less than 40GeV.
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* Monte Carlo Subtraction: The requirements for selected and anti-selected objects as detailed be-
low are also applied to MC simulation of relevant physics processes. We can therefore use the sim-
ulation to estimate the surviving contamination from diboson events, and subtract that estimate

before calculating the fake rates.

7.3  FAKE RATE MEASUREMENTS

Critical inputs to the data-driven background estimation method are the fake rates for electrons, muons
and taus. These measurements are done in Z — pp + jets events and Z — ee + jets events, where
these jets are candidates for faking selected electrons, muons and taus. The Z — ppand Z — ee initial
selections ensure that the fake rates are measured in events that are similar to those that are selected by our

signal requirements.

7.3.1  ELECTRON FAKE RATE

Objects mis-identified as electrons can come from a variety of sources including -y conversions, light meson
decays, and mis-identified jets. The fake rates for electrons are calculated in regions enriched in Z —
ll+jetsasdescribed above. Any reconstructed electron withapr > 13GeV, notin the 7 crack region, and
passing loose identification will be counted as a candidate electron. A “selected electron” will additionally
pass both tight identification and isolation requirements. As noted above, the truth matched Monte Carlo
component is subtracted from both the selected and candidate counts. The fake rate (FR) is therefore

defined as

NSelectedElectrons - NTruthMatchedSelected
NCandidateElectrons - NTruthMatchedCandidate

FR, =

From F'R, the probabilities for a fake electron to pass selection can be found, these are denoted:

_ FR. SelectedElectrons
1+ FR. Anti— SelectedElectrons

fe

where Anti-Selected electrons pass loose identification and p7 > 13GeV/, but fail Tight identification

and/or Isolation. The electron fake rates are calculated in three regions of || and three regions of pr. The
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|| bins are divided into 0 < |n| <= 0.8,0.8 < |n| <= 1.37,and |n| > 1.37. The three py regions are
13 — 15GeV, 15 — 20GeV, and > 20GeV. While the fake rates were calculated individually for the four
years of data taking, they were essentially consistent within statistical uncertainties, so results from the four
years were combined for the final measurement. Figure 7.2 shows the fake rates for each year binned by

pr (left) and |n| (right).

Electron Fake Rates Electron Fake Rate

—t+— data 15
0.200 — data 16
—+— data 17
—+— data 18

0.10
0.175

0.150

0.09

0.125

0.100

0.075 0.07

0.050

13-15 15-20 >20 0-0.8 0.8-1.37 >1.37
prlGeV] Inl

Figure 7.2: Fake rate values for all four years of data in bins of pr (left) and || (right) and their
statistical uncertainties.

The electron fake rates after Monte Carlo subtraction for all four years combined are shown in 7.3.

Electron Fake Rates

0.9
0.8
>1.37
0.7
0.6
0.5
T >0.8-1.37
0.4
0.3
0.2
0-0.8
0.1

0.0

13-15 15-20 >20
Pr

Figure 7.3: Fake Rates for electrons incorporating the MC truth subtraction from the data counts
for selected and candidate electrons.

The statistical uncertainty is calculated for the electron fake rates (and the muon and tau fake rates as
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15 < pr <20

pr > 25

0.2002 % 0.0042 £ 0.0012

0.1844 £ 0.0045 £ 0.0125

0.2405 + 0.0058 £ 0.0048

0.2178 £ 0.0061 = 0.0079

13<pr<15
0<1n <0.8 0.1962. % 0.0042 & 0.0009
0.8 < |n| < 1.37 | 0.2065 % 0.0051 £ 0.0018
In| > 1.37 0.1401 & 0.0033 £ 0.0015

0.2093 % 0.0047 £ 0.0066

0.2517 £ 0.006 = 0.0116

Table 7.2: Electron fake rates for each bin in py and || with their statistical and systematic un-
certainties (FR £0 50 £ 05yst).

well) by:
1 Nsel

Ostat = 77— 1-—-
Nau Nay

)Nsel (7~ 1 2')

where N, is the count of electron candidates in data minus those in MC and N is the count of selected
electrons in data minus those in MC.

The systematic uncertainty comes from varying the MC contribution to the calculated fake rates and

is defined as:
Osyst = ’FRup - FRdoum| (7-13)
where
d MC
Nse%ta - (Nsel + \/ Mcfueelights)
FlRup = data MC all (7.14)
Nall - (Nall - MCweights)
and
C
Nsdealta - (st\gl Y/ Mcfvec}ights)
FRdown = data MC o [apoall (7.15)
Nall - (Nall + MCweights)
7.3.2 MUON FAKE RATE

All reconstructed muons with p > 9GeV and that pass loose identification are considered candidate
muons. The fake rate for muons is calculated in regions enriched in Z — Il + jets as described above.

The fake rate after Monte Carlo subtraction is defined as

. NIsofTightMuons - NIsofTightTruthMatched

FR, =

NLooseMuons - NTruthMatchedLoose

Selected muons pass tight identification and isolation requirements, whereas candidate muons just need

to pass loose identification and can fail one or both of the selected criteria. From F'R,, the probabilities
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for a fake muon to pass selection can be found, these are denoted:

_ FR, SelectedMuons
1+ FR, ~ Anti — SelectedMuons

Ju

Anti-Selected muons pass Loose identification but fail Tight identification and/or isolation. The Fake
Rates are calculated in three regions of |7)| and four regions of pr. The |7 bins are divided into bins of
0 < |n] <= 0.8,0.8 < |n| <= 1.37,and |n| > 1.37. The pr ranges are 9 — 10GeV, 10 — 15GeV,
15 — 20GeV, and > 20GeV.

Similarly to electrons, the fake rates were initially calculated for the four years of data taking, but with
the lower statistics in each year individually, especially in 2015, we combined them into a single fake rate.
Figure 7.4 shows the fake rates for each year binned by pr (left) and |7| (right). Again, they align reasonably
well within just statistical uncertainties, showing that we can safely combine them into one fake rate for all

four years.

Muon Fake Rate Muon Fake Rate

0.35

0.30

910 1015 15-20 >20 Lt 0.8-1.37 el

prlGeV] Inl

Figure 7.4: Fake rate values for muons for all four years of data in bins of pr (left) and || (right)
and their statistical uncertainties.

The muon fake rates after Monte Carlo subtraction for all four years combined are shown in figure

7.5. The fake rates and their corresponding statistical and systematic uncertainties are shown in table 7.3.
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Muon Fake Rates
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T >0.8-1.37
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pr

Figure 7.5: Fake rates for muons incorporating the MC truth subtraction from the data counts
for selected and all candidate muons.
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7.3.3 TAU FAKE RATE

The region in data in which the tau fake rates are calculated obeys the same kinematic selections of the
Z — ppand Z — ee fake regions plus an additional requirement of at least one reconstructed tau with
a transformed RNN Jet Score > 0.01. To be a candidate tau, the reconstructed tau must additionally have
apr > 20GeV, a charge of £1e, 1- or 3-prongs, and not be in the Eta Crack Region. All taus passing this
series of cuts are referred to as candidate taus.

From this point, all candidate taus are further classified as either selected (pass the medium tau identifi-
cation working point) or anti-selected (do not pass the medium tau identification working point). We bin
the tau fake rate based on pr and jet-width, which is a function of the spread of the tau-jet in its associated
calorimeter Topocluster, with higher values meaning a wider jet. These selected and anti-selected taus are
then divided into six regions for jet-width (0 — 0.05, 0.05 — 0.07,0.07 — 0.09, 0.09 — 0.11,0.11 — 0.15,
and > 0.15) and six regions in pr (20 —25GeV, 25 — 30GeV, 30 — 35GeV, 35 — 40GeV, 40 — 60GeV, and
> 60GeV) for 1-prong taus and the same six regions in jet-width and just four regions in pr (20 — 25GeV,
25 — 30GeV, 30 — 40GeV, and > 40GeV) for 3-prong taus.

In addition to the 1- and 3-prong split for tau fake rates, there is also a division based on the MET (miss-
ing transverse energy) in the event. The fake rates are further divided into regions with varying amount of
MET: MET < 20GeV or MET >20GeV. Originally we split on |7| and not on jet-width but found that
the fake rates depended more on jet-width and thus achieved a better agreement between Monte Carlo
and data when we parametrized our fake rates by jet-width. To include the fact that there is some || de-
pendence in the fake rates, we also separate the fake rate calculations into barrel (|77| < 1.37) and end-cap
(|n] > 1.37) regions.

The equations to calculate these are the same as for muons and electrons:

FR. — NMediumTaus - NTrutthatchedMediumTaus
;=
NTauCandidates - NTruthMatchedTaus

The fake factor to be applied to data is then calculated as:

FR; SelectedT aus

fr= 1+ FR; = Anti — SelectedTaus
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Figure 7.6 shows the validity of grouping the data from all four years into a single calculation for
either 1- or 3-prong taus (regardless of their |7)| value) for each of our MET groupings, < 20GeV and
> 20GeV. A main goal of combining data from multiple years is to reduce the statistical uncertainty in

our measurement.

1-prong Tau Fake Rate 3-prong Tau Fake Rate

0.040

0.18

016 0.035

0.14 0.030

0.025
MET>20 datal5

+

MET<20 datal5
—— MET>20 datal6
—+ MET<20 datal6
+
+

—— MET>20 datal5
MET<20 datal5

—+— MET>20 datal6 0.020

—— MET<20 datal6

o+ MET>20 datal7

+

MET<20 datal7

MET>20 datal7

MET<20 datal7 0.015

MET>20 datal8 MET>20 datal8
0.061 —t— MET<20 datal8 —+— MET<20 datal8
20-25 25-30 30-35 35-40 40-60 >60 20-25 25-30 30-40 >40
pr[GeV] pr[GeV]

Figure 7.6: Fake rate values for taus for all four years of data in bins of pr for 1-prong taus (left)
and 3-prong taus (right) and their statistical uncertainties.

As can be seen in figure 7.7, there is not a strong relationship between the tau fake rate and the tau |7|.
However, there is a difference larger than the statistical error for the fake rates calculated in the end-cap

and barrel, validating our split in || for fake rate calculation.

Tau Fake Rate

0.14 \
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MET>20GeV 3p
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008 —— MET<20GeV 3p
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0.04
0.02
0137 >1.37
Inl

Figure 7.7: Fake rate values for taus for all four years of data combined in bins the two || bins
for 1-prong and 3-prong taus and their statistical uncertainties (very small on this plot).

The final tau fake rates after Monte Carlo subtraction (without systematic and statistical uncertainties)
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are shown in figure 7.8 for the barrel portion (|| < 1.37) and in figure 7.9 for the end-cap portion of the
detector (|| > 1.37). The tau fake rates with both statistical and systematic uncertainties for just the

barrel region, as a quantitative example, are shown in tables 7.4 - 7.7.

Tau Fake Rates in Barrel
MET>20GeV 1-prong MET>20GeV 3-prong
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Figure 7.8: Fake rate values in the barrel region (|7|<1.37) for taus from all four years of data
combined in bins for jet-width and pr of the selected/anti-selected tau candidate.

167



Tau Fake Rates in EndCap
MET>20GeV 1-prong MET>20GeV 3-prong
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Figure 7.9: Fake rate values in the end-cap region (|n|>1.37) for taus from all four years of data
combined in bins for jet-width and pr of the selected/anti-selected tau candidate.
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As can be seen both in the tables and figures for the tau fake rates, the highest fake rates are for 1-prong
taus with low pr and low jet-width. This makes sense as these will be the easiest type of tau for a jet to fake.
Furthermore, the 3-prong fake rates are consistently lower than the 1-prong fake rates which verifies our

understanding that taus with three clear tracks in the detector are harder to fake.
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“C'est le temps que tu as perdu pour ta rose qui fait ta rose
st importante... Tu deviens responsable pour toujours de ce

que tu as apprivoisé. Tu es responsable de ta rose.”

Antoine de Saint-Exupéry, Le Petit Prince

Analysis Optimization

OURANALYSIS STRATEGY COMBINES SELECTION CUTS (DECISIONS BASED ON KINEMATIC VARIABLES)
WITH A NEURAL NETWORK TO DISTINGUISH BETWEEN OUR SIGNAL AND BACKGROUNDS. There are
three categories of selection for each of our four main channels. The first category is “preselection”. Prese-
lection requirements provide some minimal level of rejection and categorize the data and simulation into
our four orthogonal channels. These requirements include trigger selections and object identification and
isolation working points. After preselection, our “signal selection” and “validation region” requirements
further divide the events. The signal selection is designed to reduce the backgrounds while preserving as
much of our signal as possible. These selections include mass reconstruction cuts and more targeted kine-
matic cuts. At the moment we are still blinded in the analysis, which means that we cannot look at data
in the signal region, but our optimization is guided by the signal simulation. Other selections are made to
define validation regions. These regions are orthogonal to our signal region and are either designed to pro-
vide similar kinematics to our signal regions or to select other physics processes. We also use the validation

regions to validate the modeling of our fake background component. Since the validation selections are
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orthogonal to the signal, we do not need to blind these regions. The full flow of data through our analysis

is shown in figure 8.1.

| ATLAS Data & Simulation |

) 4

Preselection:
Universal cuts applied to all events:
Trigger selections, particle reconstruction

4 N

Signal Region: Control Regions:

Optimize Signal to Background Ratio Validate our simulation and fake
Includes final momentum cuts, charge background model agreement with data
selections, and Higgs mass selection Completely orthogonal to our signal
Blinded: cannot look at data here region, i.e. away from Higgs mass

Figure 8.1: General flow of data and simulation through our analysis. Everything goes through
preselection and then each channel has its own signal and validation regions.

8.1 SELEcTION CUTS

Before an event can even be considered for our analysis, it must be selected by a trigger algorithm. Because
we require that the Z/W boson decay to light leptons, we can rely on electron and muon triggers to select
our events. There are five main triggers used in this analysis: single electron, single muon, di-electron, di-
muon, and combined electron-muon triggers. Table 8.1 lists these triggers. We include an additional pr
requirement for the light lepton (electron/muon) that fires the trigger to reduce uncertainties by requiring
our events to be on the plateau of the trigger efficiency curves. The object pr trigger thresholds change as

a function of year of data-taking as the instantaneous luminosity increased over the course of Run 2.

8.1.1 W — pv/ev, H = TiepThad

Preselection

The preselection begins after the initial trigger for electron and muons. The electron(s) and muon(s)
are required to be isolated and they must pass the Tight identification working point. Furthermore, we
need a tau-lepton that passes the Medium identification requirement. We also apply a b-jet veto to sup-

press the contribution from the top background. Table 8.2 shows the result of the preselection cutflow
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Trigger Type Trigger Year pr Threshold (GeV)
single muon HLT mu20_iloose_L1MU15 2015 21
HLT _mub0 | 2015-2018 52.5
HLT mu26_ivarmedium | 2016-2018 27.3
single electron HLT e24 lhmedium L1EM20VH 2015 25
HLT _e60_lhmedium_nodO | 2015-2018 61
HLT e120_1lhloose 121
HLT _e140_lhloose_nodO 141
HLT_e26_lhtight _nodO_ivarloose | 2016-2018 27
di-muon HLT 2mul4 | 2015-2018 14.7, 14.7
HLT _mul8_mu8noL1 2015 18.9, 8.4
HLT mu20 mu8noLl | 2015-2018 21.4,8.4/8.14
HLT mu22 mu8noLl | 2015-2018 23.1, 8.4/8.14
di-electron HLT 2e12 1lhloose L12EM10VH 2015 13,13
HLT_2e17_lhvloose_nodO | 2015-2018 18,18
HLT 2e17_lhvloose_nodO_L12EM15VH 18,18
electron-muon HLT el17_lhloose_mul4 | 2015-2018 18, 14.7
HLT el17 1hloose_nod0_mulé4d 18, 14,7

Table 8.1: Triggers used in the Run 2 analysis. This includes single muon, single electron, di-
muon, di-electron, and e-mu. The trigger names use a convention where HLT stands for the high-
level trigger and the number after mu or e is the online py threshold for the object. If there are
two objects in the trigger than both online pr thresholds are included in the name. If there is also
an online identification working point used, i.e. loose or vloose (very loose), that is also included
in the name. The final column of the table states the pr threshold we applied additionally to the

trigger selection in

our offline processing.

for the data, the main backgrounds, and the MC signal expectations. The agreement between the data,

contribution from mis-identified objects, and MC for several kinematic variables is shown in Figure 8.2.

Preselection Cuts Nobs Nsig Neakes Nywz Nzz Nt(,p Nvvv  Nun
1 Truth 7 - 473 - 36,393 125,432 1,414,416 262 2794

2 Truthe/p - 473 - 26,942 107 1,634 167 818
Trigger | 94,215,328 | 309 391,567 16,232 52 1,015 126 534

ObjectID | 431354 106 391,567 4,209 7.7 246 43.6 118

Object Isolation 388726 101 384,028 3,986 7.1 227 42.1 106
b-jet Veto 357,964 95.8 351,952 3689 5.9 37.1 39.1 16.7

Table 8.2: Preselection for W — pv/ev, H — TjepThaa for the signal MC, main backgrounds,

and data

W — pv/ev, H — TlepThad Signal Region

For our signal region selection in WHIephad, we differentiate by final state leptons. For all final states,
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eling effects are not seen in the validation region plots.

we first apply a same-sign (same electric charge) lepton requirement to reduce background from neutral
boson decays, such Z— [l. The tau and electron/muon associated to the Higgs boson must have opposite-
sign (opposite electric charge) as they originate from the neutral Higgs boson. For the di-electron final state,
we additionally require that the mass of the two electrons be between 80 and 100GeV. The next cut is on

the sum of the transverse momentum from the tau and the two light leptons (> 90GeV). Finally, we apply
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a mass window selection to select for events with Ma7 between 60 and 130GeV, which helps hone in on
our signal region. Table 8.3 shows the resulting signal and background yields. The contribution from ZZ

backgrounds is eliminated with the same-sign lepton cut.

Signal Selection Nsig Nfakes NWZ Ntop NVVV NttH
SS Leptons | 46.3 4,758 529 8.4 13.2 7.1
OS Lep/Tau | 45.8 3,117 516 8.2 13 7.0

mll(ee) in [80.0,100.0] | 44.4 2,656 498 7.9 12.7 6.7
Sum of object’s pr >90GeV | 41.1 1,330 410 7.4 12.2 6.3

Mosrin [60.0,130.0] | 33.4 723 273 3.6 6.5 4.2

Table 8.3: Signal selection for W — pv/ev, H — Tj¢pThaq for the signal MC and main back-
grounds

Z — 77 Validation Region

The Z — 77 region requires the electrons or muons to have the same-sign and opposite-flavor so we
can select a Z boson decaying to tau pairs, where the taus decay leptonically. The region also includes the

additional constraint that the collinear mass of the leptons lie between 60 and 120GeV.

tt Validation Region

For the tt region, there is a reversal of the b-jet veto and instead, a requirement of at least one tagged

b-jet in the event.

All Same Sign Validation Region

For the all same-sign region, we include a requirement on the dilepton mass window in the ee final
state. We also require the electrons and muons to have the same-sign to reduce contributions from Z +
jets. Finally, the requirement for the Higgs boson decay products to be the same-sign forces the region to

be orthogonal to the signal region.
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8.1.2 W — pv/ev, H = ThaaThaa

Preselection

As there is only one electron or muon in the final state, the triggers for this channel are the single muon
and single electron triggers. The preselection cuts are applied after the initial electron/muon and two taus
requirement. The electron/muon is required to be isolated and tightly identified. The taus are required
to pass the Medium identification requirement. Finally, we apply a b-jet veto to reject background events.
Table 8.4 shows the preselection cuts for this analysis category for our signal, main backgrounds, and the

data. Figure 8.3 shows the agreement between data, contribution from the fake factor model, and MC.

Preselection Cuts Nobs Ngg  Neges Nwz  Nzz N Nyvw  Nun
2 Truth 7 - 501 - 13,917 6,095 9,852 85 933

1 Truthe/p - 501 - 13,701 207 569 53.9 683
Trigger | 91,919,431 | 294 17,102 7,710 6.8 340  34.9 400

Object ID 18,939 71.9 17,102 790 o.1 37.7 47  48.9

Object Isolation 18,486 71.6 17,098 787 o.1 37.4 4.7 485
b-jet Veto 15,336 68.6 13,904 727 0.08  5.94 4.3 7.8

Table 8.4: Preselection yields for the W — puv/ev, H — TpaaThaea channel in the signal MC,
main backgrounds, and data.

W — pv/ev, H = ThaqThaa Signal Region

The signal region selection requires that the taus be of opposite-sign as they originate from a neutral
Higgs boson. A requirement on AR(7p,,7,) € (0.8, 2.8) is applied to reduce the fake component. In
order to reduce the Z — 77 background, a cut on the transverse mass between the missing energy and the
light-lepton is made. To target the W +jets and Z+jets backgrounds, a requirement that the sum of the
taus’ transverse momentum exceed 90GeV is made. Finally, we apply a mass window selection to select for
events with Mo between 80 and 130GeV, which helps hone in on our signal region. The selection cuts

are shown in Table 8.5.

W — pv/ev, H — ThaqThaa Validation Regions

There are more validation regions for the WHhadhad channel than for the other channels because it
is the highest rate channel with very low purity due to having only one selected electron or muon. Thus,

the backgrounds are challenging and further validation is required.
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Figure 8.3: Some kinematic distributions in the W' — pv/ev, H — TpaqThad channel at prese-

lection.

Signal Selection | N4, Nawes Nwz Nzz Nip Nyvw  Nen

OS Taus | 64.6 7,080 686 0.06 5.2 3.0 7.0

AR(Thad, Thaa) € (0.8, 2.8) | so.1 4,077 515 0.03 3.5 1.9 5.6
mr(lep, MET) > 20 GeV | 46.3 3,391 480 o0.02 2.9 1.8 5.0
> pr(Thaa) > 90GeV | 29.2 280 184 o.01 1.8 I.1 3.4

Msr € (80.0, 130.0) GeV | 24.4 164 80.4 o0.01 0.7 0.5 2.5

Table 8.5: Signal region yields for the W — pv/ev, H — Tha4Thaa channel in the signal MC

and main backgrounds.
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Z— > 71 Validation Region

The Z — 77 region includes an opposite-sign tau requirement, as well as an upper bound on the
mq (1, MET) of 40GeV to reject background contamination from W decays. We also bound Ma7 with

60GeV to be orthogonal to the signal region.

tt Validation Region

This validation region requires a b-jet in the final state.

W+jets Validation Region

In this region, the lower bound on the transverse mass between lepton and MET is increased to 60GeV

in order to reduce the background from Z+jets. Also, the taus are required to be the same-sign.

Same-Sign Taus Validation Region

The same-sign taus validation region has an additional requirement that the taus be of the same-sign.

The W+jets validation region is a subset of the same-sign taus validation region.

Mo Sideband Validation Region

The Mor sideband region uses all of the same cuts as the signal region but flips the Mo7 window
selection such that it must be less than 80GeV or higher than 130GeV. This cut completely excludes the
signal region, but otherwise has similar kinematics, and thus this region is useful for validating the fake

background model.

8.1.3 Z — ppjee, H = TiepThad

Z — pp/ee, H = TjepThaq Preselection

The three light leptons (electrons and muons) must pass Tight identification and isolation require-
ments. The tau must pass the Medium identification requirement. The selection cut of MMC> 0 en-
sures the MMC algorithm has converged to a value. We also require two of the light leptons to be the
decay products of a neutral Z boson. Table 8.6 shows the weighted events after each step of the preselec-
tion. Figure 8.4 shows the agreement at preselection between the data, background from mis-identified

jets (fakes), and MC.
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Entries/(5.00 GeV)

Data/Bkg

Entries/(10.00 GeV)

Data/Bkg

Preselection Cuts Nobs Ngg Nekes Nzz Nvww Ny Nun
1 Truth 7 - 117 - 5491 146 252,833 1038
3 Truth e/ﬂ - 117 - 3278 35 473 136
Trigger | 11,822,458 | 102 764 2,523 31 339 109
Object ID 2130 22.8 764 209 6.8 32.7 16.5
Object Isolation 1139 21.1 764 185 6.3 27.6 14.1
2 OS, SF Leptons 934 20.8 734 184 6.0 26.0 10.7
MMC >0 908 20.4 712 181 4.8 22.3 9.3
Table 8.6: Preselection for Z — pui/ee, H = TiepThad.
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Figure 8.4: Some kinematic distributions in the ZHlephad channel at preselection.
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Z — pp/ee, H = TiepThaq Signal Region

We include a selection cut on the Higgs boson transverse momentum to reduce background from
Z+jets. The Higgs boson decay products must also be of the opposite-sign in order to reconstruct the
neutral Higgs boson. While the two light leptons with pr closest to 91GeV are associated with the Z
boson, their dilepton mass must also be between 81 and 101GeV for the event to be included in the analysis
and to suppress contributions from the fake background. We also select events in a range of values for

MMC that include the Higgs boson mass (125GeV) to hone in on our signal.

Signal Selection | Ny,  Newes Nzz Nyvww Nrop  Nunm
OS tau and electron/muon | 20.2 387 179 4.7  21.8  9.I
Z mass selection | 12.6 204 113 1.6 7.9 1.2
Sum Tau p7>60GeV | 9.6 30 55 1.3 6.0 1.0

MMC in [100.0,170.0] | 7.7 12 17.8 0.4 2.3 0.4

Table 8.7: Signal selection for Z — pp/ee, H — TjepTheq with the signal MC and main back-
grounds.

Z — pp/ee, H = TjepThaq Validation Regions

Same-Sign Taus Validation Region
This region adds the requirement that the taus must be of the same-sign.
MMC Sideband Validation Region
This region uses all the signal region cuts and also inverts the MMC selection, such that MMC <100

or MMC> 170 to be orthogonal to the signal region for fake background model validation.

8.1.4 Z — pupjee, H = ThadThad

This channel begins by requiring exactly two tightly identified electrons or muons and two taus. The taus
must pass the Medium identification working point. The two highest pr electrons/muons of opposite-

sign and same-flavor are associated to the Z boson.

Z — pp/ee, H = ThadThad Preselection

The preselection starts with the trigger requirement on the light leptons. Then the existence of a same-

flavor, opposite-sign light lepton pair is required. The MMC must have converged to a value. Table 8.8
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shows the weighted cutflows for the preselection and figure 8.5 shows the agreement between MC, the
data, and the fake component.

Preselection Cuts Nobs Ngg  Nekes Newop  Nzz Nyyy  Nen

ig
2 Truth 7 - 116 - 1808 2846.1 23.1 287
2 Truthe/p - 116 - 127 2816.6 177 156

Trigger | 11,636,417 | 97 671 93  2I45.0 14.5 117
Object ID 1147 18.1 671 7.4 149.4 1.5 10.6

Lepton Isolation 924 17.6 671 7.0 142.3 1.4 9.9
2 OS, SF Leptons 844 16.6 671 4.0 138.6 0.8 4.4
MMC > o 832 16.2 659 3.2 136.3 0.7 3.7

Table 8.8: Preselection for Z — ppu/ee, H — ThadThad-

Z — ppfee, H = ThadThaed Signal Region

The signal region additionally requires that the taus from the Higgs boson are of opposite-sign to
reconstruct the neutral Higgs boson. The invariant dilepton mass must be within 20GeV of the Z mass
(71 < my; < 111GeV) to reduce the contribution from fake events. The sum of the momentum from
the taus must also be greater than 75GeV to further suppress the contribution from the background due
to fakes. We also select events in a range of values for MMC that include the Higgs boson mass (125GeV)

to hone in on our signal. Table 8.9 shows the signal region cutflows applied to data and MC.

Signal Selection | Ng;  Neges Newp Nzz Nyvww  Nun
OStaus | 16.0 342 3.2 134 0.7 3.6
Z mass window | 15.0 261 I.s 119 0.4 1.0
Sum Tau pr > 75GeV | 12.2 40 1.1 60.8 0.3 0.7
MMC in [100.0,180.0] | 11.0 17 0.4 26.5 o.I 0.5

Table 8.9: Signal Region Cutflows for Z — pp/ee, H = ThadThad-

Z — ppfee, H = ThaqTheq Validation Regions

Same-Sign Taus Validation Region

In this region, we require the two taus to be of the same-sign.
MMC Sideband Validation Region

The MMC Sideband region has a requirement that the MMC be either < 80GeV or > 160GeV.
This is orthogonal to the signal region and allows us to validate the modelling of the background from

mis-identified objects.
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Figure 8.5: Some kinematic distributions in the Z — pp/ee, H — ThadThaa channel at prese-
lection.

8.2 OPTIMIZATION OF SIGNAL SELECTIONS CUTS

For each of the flexible signal selection cuts, such as the sum of object pr, dilepton mass windows, and
transverse mass cuts, the final cut value was determined by finding the optimal signal to background ratio
while keeping the signal efficiency as high as possible. Most of these selection cuts are targeting our back-
grounds due to misidentification, which cannot be directly modeled without unblinding. Thus, validation

regions for the fake backgrounds such as same-sign taus, and non-truth matched simulation were looked at
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to best approximate the expected distributions for the background that arises from misidentification. This
means we only look at simulated events that actually contain the true objects, and not mis-reconstructed
objects, we want in our four categories. However, we can remove those truth-matching selections to use

our simulation to give us a different estimate for how misidentified objects can enter into our signal region.

8.2.1 W — pv/ev, H = TiepThad

The signal selection cut that can be optimized for the WHlephad category is the sum of object p7. First, it
was determined that summing all three final state objects - the tau and lepton from the Higgs and the lepton
from the W, gave better signal and background separation than just summing the p7 of the two electrons
and/or muons. To optimize this cut, signal MC with all the previous signal selection criteria was compared
to same-sign tau events, which are dominated by backgrounds from misidentification, and Monte Carlo
channels without the needed number of true electrons, muons and taus that nonetheless pass the selection
cuts on reconstructed objects (non-truth matched MC). We anticipate a significant background from W +
jets and Z + jets events in both of these background selections. In our preselection, we apply truth-
matching requirements to our MC contributions.

First, comparing signal MC to same-sign tau fakes, we see this slight peak separation on the left-hand
side of figure 8.6. By looking at the corresponding significance and signal efficiency at each cut level, I
found that placing the cut at 90GeV gives a gain in significance without much lost in signal efficiency as
we keep 90% of our signal (right-hand side of figure 8.6).

The same variable distribution shape and significance study was looked at for the MC signal and non-
truth matched MC. Here, one can see that a cut at greater than ~ 85GeV will eliminate the W +jets peak
(left side of figure 8.7). Varying the cut from 40 — 120 GeV, one can see that a cut value of 90GeV will
keep signal efficiency above 80% while reducing the background shown in non-truth matched MC (right
side of figure 8.7). We chose 90GeV as our final cut placement as it is also an optimal cut point when

comparing signal to the same-sign taus background.

822 W — pv/ev, H = ThaaThad

There were several selection cuts that could have been varied in the WHhadhad signal category: AR be-

tween taus, transverse mass between lepton and MET, and the sum of the taus’ p7. After looking at the

184



Varying the Sum of lepton pr cut
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Figure 8.6: Distribution of the sum of light lepton and tau pr for the signal MC (weighted by
10,000) and the same-sign fakes background for the WHIephad channel (left). The plot on the
right shows the amount of signal MC and fake background remaining, and the significance, for
each potential cut value on the sum of lepton py. This was used to determine where to place the
cut in the WHlephad channel while maintaining high signal efficiency.
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Figure 8.7: Distribution of the sum of light lepton and tau pr for the signal MC (weighted by
100) and the non truth matched MC background, including W+jets, Z — I, Z — 77 and other
MC contributions for the WHIlephad channel (left). The plot on the right shows the amount of
signal MC and non-truth matched MC background remaining, and the significance, for each
potential cut value on the sum of lepton pp. This was used to determine where to place the cut
in the WHlephad channel while maintaining high signal efficiency.

distributions of these variables in both our signal region and our same-sign taus region that is dominated
by mis-identified (fake) objects, which can be seen in figures 8.8 and 8.9, I determined that the AR cut
should remain between 0.8 and 2.8, and mp > 20GeV. These cut placements are able to remove fake
background contribution with minimal to no signal removal.

The remaining selection cut that can be tweaked in the WHhadhad signal selection, is the sum of
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Ditau AR for WHhadhad Signal
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Figure 8.8: Distribution of the di-tau AR variable for the signal MC (weighted by 200) and the
same-sign background used to determine the optimal cut window for the WHhadhad channel.
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Figure 8.9: Distribution of the transverse mass variable for the signal MC (weighted by 200) and
the same-sign background as an estimation of the contribution from the background due to mis-
identified objects.

the pr of the taus in the event. Both same-sign validation region as an estimation for the contribution of
the background from misidentified jets and non-truth matched Monte Carlo distributions were looked
at in order to determine optimal cut placement. The relevant distributions of the tau pr sum are shown
in figure 8.10. The signal peaks at around 100GeV, which is at a higher pr value than the peaks in both
same-sign fakes and non-truth matched Monte Carlo.

The questions that remain are (1) how much signal are we willing to lose and (2) how will the expected

background in the signal region relate to the two distributions chosen? The two backgrounds distributions
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Figure 8.10: Distribution of the sum of tau pr for the WHhadhad signal MC (weighted by 200)
compared to the same-sign background to find the optimal cut placement (left). Distribution of
the sum of tau pp for the WHhadhad signal MC (weighted by 200) compared to the non truth
matched Monte Carlo (as a background estimate) to find the optimal cut placement (right).

suggest slightly different optimal cut placements (see figure 8.11). The requirement was placed at 90GeV,

which removes approximately 90% of the background while keeping 60% of the signal.

Varying the Tau pr Sum
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Figure 8.11: The plot on the left shows the amount of signal MC and same-sign background
(due to misidentified jets) remaining, and the significance, for each potential cut value on the
sum of tau py. This was used to determine where to place the cut in the WHhadhad channel
while maintaining high signal efficiency. The plot on the right shows the amount of signal MC
and background estimated from the non-truth matched MC, and the significance, for each po-
tential cut value on the sum of tau pp. This was used to determine where to place the cut in the
WHhadhad channel while maintaining high signal efficiency.
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8.2.3 Z — ppfee, H = TiepThad

For this channel, we are able to tune the range of the dilepton mass selection for the Z peak in order to
optimize the amount of signal retained compared to the background. In Run 1, a window of 70— 110GeV
was used. As can be seen in figure 8.12, the dilepton mass window can be narrowed to 81 — 101GeV and

still maintain high signal efficiency.

Dilepton Mass for ZHlephad MC post Preselection
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Figure 8.12: Dilepton mass of our signal MC (weighted by 10) compared to the main background
contributions. This distribution was used to determine the dilepton mass cut in the ZHlephad
channel.

The next cut to develop was the sum of the pr of the taus in the event. This cut is meant to reduce
backgrounds from events where jets have been misidentified as taus. The cut was then optimized against
the pr distribution of same-sign tau fakes, which, while orthogonal to the signal region, should have a
similar pr spectrum of jets as expected in the signal region. For the signal MC looked at, all the previous
preselection and signal selection criteria were applied. Based on both the two distributions and signal vs
take efficiency and significance (figure 8.13) the optimal cut placement while retaining 80% of our signal
is 60GeV.

The background contribution from Z Z events is quite high after the previous signal selection cuts. A
similar study was performed where the signal distribution was compared to the simulated Z Z distribution
for the sum of the pr of the taus, but the kinematics in ZZ and Z H are similar enough that there is little

separation gained in these variables. However, a dedicated neural network was trained to distinguish Z Z
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Varying the Sum Tau pr Cut
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Figure 8.13: Distribution of the sum of tau pr in the ZHlephad channel for the signal MC
(weighted by 100) and the same-sign fakes contribution (left). The plot on the right shows the
amount of signal MC and background from misreconstructed jets remaining, and the signifi-
cance, for each potential cut value on the sum of the tau’s pp. This was used to determine where
to place the cut in the ZHlephad channel while maintaining high signal efficiency.

events from the ZHlephad signal.

8.2.4 Z — ppfee, H = ThadThad

In the ZHhadhad channel we apply a mass requirement window around the di-muon or di-electron re-
constructed mass. A wide window of 71-111GeV is chosen, centered on the Z boson mass. As shown in
Figure 8.14, this selection is extremely efficient in terms of keeping the signal. As expected, the selection
does not reject the background from diboson (Z Z) events; that background is instead targeted with a neu-
ral network. The mass window selection does reduce the background from fakes, as can be seen in table
8.9.

The next cut developed was on the sum of the pr of the taus in the event. This cut is meant to re-
duce backgrounds from events where jets have been misidentified as taus. The cut was optimized using
the same-sign tau validation region which, though it is orthogonal to the signal region, should have a sim-
ilar pr spectrum of jets as is expected in the signal region. For the signal MC looked at, all the previous
preselection and signal selection criteria were applied. In order to retain a signal efficiency of 80%, the sum
pr requirement was placed at 75GeV. The signal and background efficiencies, as well as significance, are

provided in figure 8.15.
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Dilepton Mass for ZHhadhad MC post Preselection
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Figure 8.14: Dilepton mass of our signal MC (weighted by ten) compared to the main back-
grounds modeled by the simulation. This distribution was used to determine the dilepton mass
cut in the ZHhadhad channel.

Varying the Sum of Tau pr Cut

Sum Tau pr for ZHhadhad Signal

60

[ 100*Signal MC 10

SS Fakes
50
08
8 4
g 061 *
w
- 30
] @
& 04
;20 -
02 -~ Signal
10 &~ Fakes »
S/W v *—e
-~ SN °
0 oot Lo = L o it
P 60 80 100 120 140 160 50 60 70 80 90 100 110 120
pr (GeV) Cut Value (GeV)

Figure 8.15: Distribution of the sum of tau pr in the ZHhadhad channel for the signal MC
(weighted by 100) and the same-sign fakes contribution (left). The plot on the right shows the
amount of signal MC and fake background remaining, and the significance, for each potential cut
value on the sum of tau pp. This was used to determine where to place the cut in the ZHhadhad
channel while maintaining high signal efficiency .

8.3 NEURAL NETWORK TARGETING DIBOSONS

In Run 1, the reconstructions of the Higgs boson mass via Mo and MMC were used to separate signal
from background as the final discriminating variable. As can be seen in figure 8.16 separating out signal
from diboson background (modeled here with Monte Carlo) using MMC or Moy is tricky. There is

no strong separation between the signal and the background. In Run 2, we trained a neural network to
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separate out the signal from the background with the goal of enhancing our sensitivity. We chose a neural
network over a boosted decision tree as it allows for correlation of variables, is better adapted to training

with lower statistics, and we can include layers to enforce physics properties, i.e. rotational invariance.
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Figure 8.16: Normalized distribution of MMC for the ZHlephad channel for signal and diboson
Monte Carlo after signal selection (left) and of My for WHlephad showing the challenge of
using the Higgs boson mass reconstructions for signal separation.

The general optimized architecture for our network begins with two layers enforcing rotational in-
variance and encoding. The first rotational layer adds a global ¢ offset to the ¢ input variables. This helps
the network learn that events rotated with respect to ¢ do not alter the physics of the event for classifica-
tion purposes. This layer is only included when training and is not used in the application of the neural
network in our selection. The second angular layer does an angular encoding or parametrization of ¢
into sin(¢) and cos(¢) to signal the continuous nature of ¢ at the break from 27 to 0 and enforce that
¢+2mn — ¢pVn e Z.

The rotational layers are followed up by three fully-connected hidden layers. The number of layers
included in the network was also optimized during training. The general guideline we followed was to
have ten times more training events than trainable parameters in the network. We tuned the number of
nodes in each layer (and number of layers) to generally follow this rule. The activation function for the
hidden layers was ReLU. The loss function was binary cross entropy, the learning rate was 0.0005, and
the optimizer was stochastic gradient descent (SGD) with momentum = 0.9. The final layer was a single
output node using the sigmoid activation function that gives a score between 0 (for background) and 1
(for signal). The full architecture for the network is shown in figure 8.17

For training, we apply the preselection cuts to the signal and diboson MC (with the exception of the
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Figure 8.17: Schematic of the neural network architecture with the input kinematics, rotational
layers, three hidden fully-connected layers and the final output score.

b-jet veto in the WH channels). We then separate into a training, validation, and test set with a 70/15/15%
split, respectively. In the training set, we drop all events with a negative MC weight, but keep those events
in our test and validation sets. We train on unweighted, with respect to MC weights, events. MC weights
are typically used to enable data and MC to be directly compared, but their inclusion here can negatively
impact the training of the neural network. However, we do apply a class weighting on the events to even
out the importance of the signal and background events. We have many more background training events
so without class weighting a network could achieve decent accuracy by classifying all events as background.

The input variables are a mix of low-level kinematic information for the final state particles and higher-
level event information. I chose the input training variables that had the greatest separation power between
signal and background. The input variables included in training for all channels and the additional ones
for each specific channel are listed in table 8.10.

A baseline neural network was created for all channels consisting of just one fully-connected hidden
layer with ten nodes using the ReLU activation function with an output layer of one node using the sig-
moid activation. This baseline network was used to compare the performance of the more optimized

neural network architectures.

192



‘S[puuEyd UEMUDQm 93 10] U3yl puUE S]oUUTYD [[B Ul PapN[IUI JI0MISU [BINIU Y] I0J SO[qELIEA uSQCH :0I'g 9IqeT,

ssew uoadai(y

¢V dopa ¢ LAN

Ld 323(qo jo umg (LA L)V (LA L)V Ld TN
Yy neng Ld [y wng oy dopg ¢ uoadoy Surpea]

by neng by neng by nenQg (v uoaday urpeay

SSeJA BT s10( jo # SSew NeI(] ¢ uoado urpesjqng | Ld uoaday Surpea]

yv dopg ssew NeI(] wns Ld nel(q ¢ uoardoy s331y (v uoaday 3urpesjqng (suoado))y v

ypm-12( L Surpea yapm-12 L Surpea] |apm-12 L Surpea] lyuorday s33ry | Ld woadoy Surpesjqng (doy‘1)yv
by dopiq Ly dapiq Ly dapgq ¢+ 3urpeaqng .Ld uoaday s33ry ¢ 1 3urpeaqng ¢ 1 3uipea]

¢ uordo] urpesiqng | ¢ uoado] urpesiqng | ¢ uoads] Jurpesiqng L2 3utpes[qng | ¢ uoaday Surpesjqng lv 1 3urpes[qng lv 1 Surpea]
(v uordap urpearqng | L uoadop urpesiqng | L uoads] Jurpeaqng Ld1 3urpesiqng | L uoada] Jurpesqng Ld 1 3urpeaqng Ld 1 3uipea]
.Ld uoadap Burpesjqng | Ld uoaday urpesjqng | Ld uoiday Surpesjqng | sduoig # L Surpeaqng | Ld uoirdoy Surpesqng | sSuoi # L Surpesiqng | s3uox # L Surpea]
nwnw peydojgA\ | nwdpeydagm 25" peydafH A PEYPEYH A\ peyddHZ PeYPEYHZ spuuEy [y

193



83.1 W — pv/ev, H — TjepThad NEURAL NETWORK

Originally, we just trained four neural networks, one for each of the channels. When we separated the
WHIlephad category into three final states based on the flavor of the light leptons, the WHIephad neural
network did not perform well. This can be seen in figure 8.18 where the left hand side shows the former
neural network performance on all three categories (‘ee’ - di-electron, ‘emu’ - electron & muon, ‘mumu’
- di-muon) combined on the left and the di-electron channel alone on the right. When the old score was

applied to all three categories at once there was clean signal/background separation, but that power was

lost once the neural network score was applied to all three channels at once.
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Figure 8.18: Neural network score for the original WHIlephad channel when applied to all three
final states (‘ee’ - di-electron, ‘emu’ - electron & muon, ‘mumu’ - di-muon) simultaneously with
clear signal and background separation (left) and on just the WHIephad_ee, di-electron, channel
where the background (dibosons) has a flattened distribution and some of the separation has

disappeared (right).

8.3.1.1 WHLEPHAD_EE NEURAL NETWORK

The training set for the di-electron final state of the WHIephad channel had 5,722 signal and 42,081 back-
ground events. We weighted the signal 7.4 times more than background. For the final optimized model,
we had 40 nodes in the three hidden layers and used the optimizer SGD. The test AUC was 0.867. There
was no demonstrated over-training as shown in the similar performance of the test, train, and validation
sets and their ROC curves (see figure 8.19). The validation set had an AUC of 0.870 and the training set
had an AUC of 0.884.
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Figure 8.19: ROC curves for the training, test, and validation set for the WHIephad channel with
the di-electron final state. The similar performance for all three samples demonstrates there is not
signiﬁcant over-training occurring.

Figure 8.20 shows the performance of the neural network at preselection on the test set without
weights to correct for MC cross-sections on the left. The plot on the right shows the final performance of
the neural network score on the signal and diboson MC that passes the full signal selection. The separation
in the unweighted, with respect to MC weights, and normalized preselection test set is very clear between
signal and background. In the final signal selection, the background distribution has the triangular shape
we are aiming for, with the peak at a NN score of 0. The signal is less peaked than the background, but

the majority of signal events are classified as more signal-like (NN score > 0.5).
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Figure 8.20: Neural network score distribution at preselection for the WHIlephad_ee (di-electron
channel) test set, not weighted by MC weights (left) and neural network score for full signal and
diboson MC after signal selection weighted by all scale factors (right).

There were many studies performed to tune the network. First, we varied the number of nodes in
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the three hidden layers, while sticking to the general guideline to have ten times more training events than
trainable parameters. Trainable parameters are the weights connecting the layers/nodes and the biases at
each node. Thus adding in more nodes increases the number of trainable parameters. It was seen that 40
nodes in the three hidden layers had the best AUC score on the test set (top left of figure 8.21).

Then I checked whether including more variables aimed at increasing the discrimination power of the
network actually improved performance. I saw that adding higher-level variables, like the sum of the tau
pr and A¢ between the tau and MET improved the AUC score (as seen in the top right). I also confirmed
that adding in the rotational layers improved performance as seen in the bottom left of figure 8.21. Finally,
I changed the optimizer of the network to Adam[116], but performance was slightly worse than when

training with SGD as the optimizer.
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Figure 8.21: The top left plot shows the ROC curves for different numbers of nodes in the three
hidden layers, with 40 nodes having the best test set performance. The top right shows the im-
provement to the AUC when including in the new variables for training the WHIephad_ee net-
work. The bottom left plot shows the effect of removing the rotational layers at the start of the
network. The test performance is better when the layers are included. The bottom right plot
shows the performance of two optimizers: SGD (our default) and Adam on the training and test
sets.
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As a check to see whether the neural network was learning something beyond the Higgs boson mass
discrimination Mo to separate signal from background events, I did a test where I arbitrarily applied a
0.5 NN score cut, i.e. selecting the more signal-like events. I checked to see whether the Moy distribu-
tion changed, or was shaped, by the neural network. If there was a dramatic change or if the distributions
for signal and diboson ended up overlapping more, then the neural network could be relying on Mot to
separate the signal and background. However, as seen in figure 8.22, the normalized distributions of Mor
before and after a NN cut look very similar. This demonstrates that the neural network is learning some-
thing other than Mo to separate signal from diboson background and thus is enhancing the separation

power of our analysis.
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Figure 8.22: Normalized distribution of My for signal and diboson MC for full signal selection
(left) and for the events passing a NN score cut of 0.5 (right) for the WHIephad_ee category.

8.3.1.2 WHLEPHAD_EMU NEURAL NETWORK

The training set for the electron-muon final state of the WHlephad channel had 16,732 signal and 69,407
background events. We weighted the signal 4.1 times more than background. For the final optimized
model, we had 58 nodes in the three hidden layers and used the optimizer SGD. The test AUC was 0.869.
There was a little over-training as shown in the better performance of the training set as opposed to the
validation and test sets based on their ROC curves (see figure 8.23). The validation set had an AUC of
0.871 and the training set had an AUC of 0.895. To try to remove some of the over-training effect, I
doubled the validation size to 30% and used that to help tune the network, but that did not do much to

improve the over-training. I also shortened the patience of the network. Patience is how long the model
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will keep training after no improvement in the validation loss. A shorter patience should stop the model
from over-fitting, however no major change to the difference between test and training set performance
when using various levels of patience was seen. While there was slightly more over-training seen in this
channel as compared to the other channels, it is not something to worry too much about based on the

performance we see in our signal region. The test AUC is higher than in other channels, as well.
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Figure 8.23: ROC curves for the training, test, and validation set for the WHIephad channel with
the electron/muon final state. There is a bit of over-training occurring, but test set performance
is still comparable to our other models.

Figure 8.24 shows the performance of the neural network at preselection on the test set without
weights to correct for MC cross-sections on the left. The plot on the right shows the final performance of
the neural network score on the signal and diboson MC that passes the full signal selection. The separation
in the unweighted and normalized preselection test set is very clear between signal and background. After
signal selection, the neural network score still cleanly separates signal from background with the dibosons
peaking at 0 and the signal MC peaking at 1.

There were many studies performed to tune this network as well. First, I compared the performance
of the neural network using an abbreviated list of training variables to the baseline one-hidden layer model
(top left of figure 8.25). The optimized model outperforms the baseline model as shown by the AUC and
ROC curve. Then after adding in more variables to improve discriminating power, I varied the number of
hidden layers. I reduced the number of nodes in each layer so that the total number of trainable parameters
stayed within our guideline. I found that the performance did not change much with the various numbers
of layers and I implemented three layers in my final network.

After deciding on three layers, I varied the number of nodes in those three layers. I found that 58
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Figure 8.24: Neural network score distribution at preselection for the WHlephad_emu test set,
not weighted by MC weights (left) and neural network score for full signal and diboson MC after
signal selection weighted by all scale factors (right).

nodes in the three layers gave the highest AUC value. Finally, I varied the learning rate and found that se-4
was the optimal one (bottom right of figure 8.25).

As a check to see whether the neural network was learning something beyond the Higgs boson mass
reconstruction variable Ma7, I did a test where I arbitrarily applied a 0.5 NN score cut, i.e. selecting the
more signal-like events. I checked to see whether the Mor distribution changed, or was shaped, by the
neural network. If there was a dramatic change or if the distributions for signal and diboson ended up
overlapping more, then the neural network could have been primarily using Mor to separate the signal
and background. However, as seen in figure 8.26, the normalized distributions of Mo before and after
a NN cut look similar, though the NN cut did remove a few of the low Mar background events. This
demonstrates that the neural network is learning something other than Ma7 to separate and thus is en-

hancing our separation power.

8.3.1.3 WHLEPHAD_MUMU NEURAL NETWORK

The training set for the initial training of the mumu final state of the WHlephad channel had 9,441 sig-
nal and 208,597 background events. We weighted the signal 22.1 times more than background. For the
optimized model, we had 96 nodes in the three hidden layers and used the optimizer SGD. The test AUC
was 0.939. The optimized model, before additional variables were added, performs much better than the

baseline one-layer model (left side of figure 8.27).
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Figure 8.25: The top left plot shows the ROC curves for the baseline model and the optimized
model with an abbreviated variable list for the WHIephad_emu channel. The top right shows
the similar performance of the model when trained with different numbers of hidden layers. The
bottom left plot shows the minimal effect of varying the number of nodes in the three layer model.
The bottom right plot shows the similar performance of the model with various learning rates.
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Figure 8.26: Normalized distribution of My for signal and diboson MC for full signal selection
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Figure 8.277: Comparison of the baseline one-layer model and optimized three-layer model (right).
ROC curves for the training, test, and validation set for the WHIephad channel with the di-muon
final state (right) after adding in more discriminating variables.

The performance at preselection was good for this model, however, once the full signal selection was
applied, the separation power was not as good. The background distribution is flat for the NN score as
shown in figure 8.28. To solve this, I added an additional cut to the training set that requires same-sign
leptons. By including this in training and evaluation, the model needs to learn other things to separate

signal from background.

NN Scores after Signal Selection WHIephad_mumu
Unweighted MC Weighted

[ Signal 1 7 [ Signal
[ Background [ Background

; fgl Bl i

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
NN Score NN Score

10

# of Events
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Figure 8.28: NN scores on unweighted (left) and weighted (right) distributions of signal and
diboson Monte Carlo for the di-muon WHIephad channel. While the signal distribution peaks
at 1, the background distribution for NN score is flat.

After applying the same-sign leptons selection, we have 4,474 signal and 18,388 background events.
We weight the signal 4.1 times more than the background. The optimized model has 26 nodes per layer.
We get a final test AUC of 0.863 and the three ROC curves for train, test, and validation can be seen in

figure 8.29.
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Figure 8.29: ROC curves for the training, test, and validation set for the WHIephad channel with
the di-muon final state after the same-sign lepton selection is performed. Lower training set sizes
lead to the noise seen in the curves.

Figure 8.30 shows the performance of the neural network at preselection on the test set without
weights to correct for MC cross sections on the left. The plot on the right shows the final performance of
the neural network score on the signal and diboson MC that passes the full signal selection. The separation
in the unweighted and normalized preselection test set is very clear between signal and background. After
signal selection, the neural network score still cleanly separates signal from background with the dibosons

peaking at 0 and signal peaking at 1.

8 O02ATLAS Preliminary + sorw
) S ...
Unweighted @ 018513 Tev, | Ldi=138210"
35 & DiBoson
=3 Signal 2 0.167WH. Hoty,t,,
Background ] W
3.0 0.14
WHlephad_mumu
25 0.12
- E
§ 201 ‘ j o1 +
w + <+
w — 0.08[— _+_
f: 154
L g 0.06]— ++ ++
1.01 e S rr 0.04 *—‘*f++:%
m| g | + i = —“++
05{ J-1 [ L 002 41 B.o
- . -+
oorﬂ el & Borealiesils ‘ . 1 . " . :
. . g , ) 4 0. 7 1
0% 3 o4 06 o6 10 0 01 02 03 04 05 06 07 08 09
NN Score NN score

Figure 8.30: Neural network score distribution at preselection for the WHIlephad_mumu test
set, not weighted by MC weights (left) and neural network score for full signal and diboson MC
after signal selection weighted by all scale factors (right).

As a check to see whether the neural network was learning something beyond the Higgs boson mass

discrimination variable Mo, I did a test where I arbitrarily applied a 0.5 NN score cut, i.e. selecting
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the more signal-like events. I checked to see whether the Map distribution changed, or was shaped, by
the neural network. If there was not a dramatic change in the distributions, then the NN is able to tease
discriminating information out beyond Moy to separate the signal and background. As seen in figure 8.26,
the normalized distributions of Ma7 before and after a NN cut look very similar. This demonstrates that
the neural network is learning something other than Ma to separate signal from the diboson background

and thus is enhancing our separation power.
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Figure 8.31: Normalized distribution of My for signal and diboson MC for full signal selection
(left) and for the events passing a NN score cut of 0.5 for the di-muon WHIephad channel (right).

83.2 W — pv/ev, H — ThaaThad NEURAL NETWORK

The WHhadhad channel NN was trained by (at the time) Yale graduate student Mariel Pettee. The training
set had 19,873 signal events and 41,955 diboson events. Class weights of 2.1 were used to weight the signal
more than the background during the training. The optimized network had 128 nodes in each of the three
hidden layers. The network achieved an AUC (area under curve) score of 0.877.

Figure 8.32 shows the performance of the neural network at preselection on the test set without
weights to correct for the MC cross sections on the left. The plot on the right shows the final perfor-
mance of the neural network score on the signal and diboson MC that pass the full signal selection. This
also shows a nice separation between signal and background with both peaking in their respective sides, 0
for background and 1 for signal. While the signal does not peak exactly at 1, it is still peaking on the correct

side and very few signal events are classified as being background like (< 0.5 NN score).
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Figure 8.32: Neural network score distribution at preselection for the WHhadhad test set, not
weighted by MC weights (left) and neural network score for full signal and diboson MC after
signal selection weighted by all scale factors (right).

8.3.3 Z — pujee, H — TiepThaa NEURAL NETWORK

I retrained the network for ZHlephad so that we could investigate the impact of training when removing
the events that end up in the overflow bin for the dilepton mass variable. We do not cut on dilepton mass
in the preselection cutflows that are used to train the network, but do remove those errant events in our
signal selection. Two networks were optimized concurrently, one with the entire dilepton mass window
and one with a mass window of 20 — 140GeV. With the mass window applied we had 15,834 signal and
60,377 background events in the training set. We weighted the signal 3.8 times more than the background
and aimed for 7,621 trainable parameters. For the full (no mass selection) training set, we had 20,210 signal
and 71,287 background events. We weighted the signal 3.5 times more than the background and aimed
for 9,149 trainable parameters. The optimized model for the mass window had 55 nodes per layer and the
tull selection has s8 nodes per layer.

To compare the two models’ performances, we can look at the AUC for their train and test sets. Figure
8.33 shows that the test and train performance of the mass window is slightly better than the full selection.
The test AUC was 0.842 for the full data set and 0.863 for the mass window selection. However, if we
look at the performance of the model at separating signal from background in our final selection, the op-
posite result emerges. The full window has a mean NN score for the signal of 0.813 and 0.410 for the
background, while the mass window selection has an average NN score of 0.804 for the signal and 0.420

for the background. The mass window does a worse job of separating the signal from background as seen
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with the closer average scores and the distributions shown in figure 8.34
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Figure 8.33: The ROC curves for the training and test sets for the ZHlephad neural networks
trained on the full data set and the selected mass window.
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Figure 8.34: Neural network score distribution at preselection (normalized and unweighted) for
the ZHlephad test set on the full mass range (left) and neural network score for the mass window
training set for signal and diboson MC after preselection (right).

Figure 8.35 shows the performance of the neural network at preselection on the test set without

weights to correct for MC cross sections on the left. The plot on the right shows the final performance

of the neural network score on the signal and diboson MC that passes the full signal selection. This also

shows a nice separation between signal and background with both peaking in their respective sides, 0 for

background and 1 for signal. While the background peaks at around 0.2 and not 0, it is still peaking on

the correct side. Meanwhile, the signal peaks at 1 very cleanly and dwarfs the background in that region.
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Figure 8.35: Neural network score distribution at preselection for the ZHlephad test set, not
weighted by MC weights (left) and neural network score for full signal and diboson MC after
signal selection weighted by all scale factors (right).

83.4 Z — upjee, H — ThaaThaa NEURAL NETWORK

The ZHhadhad channel NN was trained by (at the time) Yale graduate student Mariel Pettee. The training
set had 15,215 signal events and 51,508 diboson events. The signal was weighted 3.4 times more than the
background during the training. The optimized network had 5o nodes in each of the three hidden layers.
The network achieved an AUC (area under curve) score of 0.899.

Figure 8.36 shows the performance of the neural network at preselection on the test set without
weights to correct for MC cross sections on the left. The plot on the right shows the final performance of
the neural network score on the signal and diboson MC that pass the full signal selection. This shows a nice
separation between signal and background with both peaking in their respective sides, O for background

and 1 for signal.
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Figure 8.36: Neural network score distribution at preselection for the ZHhadhad test set, not
weighted by MC weights (left) and neural network score for full signal and diboson MC after
signal selection weighted by all scale factors (right).
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“I want to do something splendid...something beroic or
wonderful that won't be forgotten after I'm dead. I don’t
know what, but I'm on the watch for it and mean to

astonish you all someday.”

“I'd rather take coffee than compliments just now.”

Louisa May Alcott Little Women

Analysis Sensitivity Projections

WHILE THE ANALYSIS FOR THE V H, H — 77 MEASUREMENT IS STILL ONGOING, WE HAVE A FEW
WAYS TO PREDICT WHAT WE EXPECT TO SEE WITH THE DATA FROM RUN 2. The search from Run 1
had an observed combined signal strength of /gy = 2.3 & 1.6, and set upper limits on cross sections
for each category [42]. We can extrapolate from the Run 1 results to create a Run 2 prediction. In addition,
we can estimate an upper bound on the number of events produced in our channels using the SM cross-
sections and branching ratios for our events. Finally, we can use the Run 2 simulation to estimate the

number of events that pass our selection, and Asimov data sets to make sensitivity predictions.

9.1 RuUN1RESULTS

Table 9.1 shows the total observed counts in Run 1 data, and then how that breaks down in to signal,
background from mis-identified objects (fakes), and dibosons categories. The final column is the observed
significance. The WH channels had the highest yield, but they also had the most background. The highest

significance channel was the Z — pp/ee, H = ThadThad-
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Channel ‘Observed‘ Signal ‘ Fakes ‘ Diboson ‘Signiﬁcance

W — pv/ev, H = TiepThad 35 1.95F0.05 | 13.1F+1.3 | 13.547F0.35 0.440
W — uv/ev, H = ThadThad 33 1.8410.04 | 28.11+2.4 7.4F1.2 0.600
Z — ppjee, H = TiepThad 24 1.14to0.03 | 17.1t1.5 | 7.28%+0.16 0.290
Z — ppjee, H = ThadThad 7 0.64to0.02 | 47%1.2 | 2.09t0.09 1.380

Table 9.1: Results from the Run 1 analysis for V H, H — 77, including final observed counts
(broken down into signal, diboson, and fake contributions) and the observed significance. [42]

For a simple estimate of what we would expect to see in Run 2 for our signal, we can scale up from
the observed signal counts from Run 1. The luminosity increased from 20.3 fb™1 in Run 1 to 139 fb~!
in Run 2, giving a scale factor of 6.85. The increase in center of mass energy to 13TeV from 8TeV also
increases the cross-section for Higgs boson production. The cross-section for a 125GeV Higgs boson pro-
duced via W H, increased to 1.373pb from 0.7065, leading to a scale factor of 1.94 for the W H channels.
Similarly, the ZH production mode cross section increased to 0.8839pb from 0.4208, leading to a scale
factor of 2.1 for the ZH channels. Thus, we would expect to see 13.29 times more W H events (25.9
for WHlephad and 24.4 for WHhadhad), and 14.39 times more Z H events (16.4 for ZHlephad and 9.2
for ZHhadhad) than in Run 1. This approximation does not account for different trigger efficiencies, the
removal of the opposite-flavor lepton restriction in the WHIlephad channel, and other improvements to
the analysis including the neural network targeting dibosons.

Another way we can estimate the potential reach of our analysis is to produce an estimate of produced
events using Standard Model predictions of cross-sections and branching ratios. This serves as a sort of
upper bound since it would assume we perfectly select every expected signal event in our detector, while

our actual event acceptance is on the order of a percent. The equation is:

Nvyg = Lt * ovg * BR(V — leptons) * BR(H — 77) (9.1)

where .Z, the integrated Luminosity is 139fb~ ' and the oy 7 are 0.8839pb for ZH and 1.373pb for WH.
The branching ratio of Z — [l is 0.0336 for each of the ee and pp channels (0.067 combined), and the
branching ratio of W — [v is 0.105 for either ev or v (0.201 combined). It is possible for events to
enter our analysis from the leptonic decays of the W and Z to taus where the taus either go on to decay to

leptons or could be tagged as hadronic taus in the events. However, these objects have lower p7 than the
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prompt objects so should not affect my final prediction values too much. Finally, the branching ratio of
H — ThadThad is 0.4225 % 0.06272 and H — TjepThaq is 0.455 * 0.06272. Putting all of this together,
we get estimates of 1198 events for WHIephad, 1120 events for WHhadhad, 23.5 events for ZHlephad,
and 22 events for ZHhadhad.

The third way I will show for predicting the Run 2 expectations is using the signal MC. Table 9.2
shows the predictions using the projection from Run 1, the Standard Model theory and Run 2 Luminosity,
and the Run 2 MC. As you can see, the SM model is an upper bound and the Run 1 projection should serve
as a lower bound that our Run 2 MC is in between, with the exception of the prediction for ZHlephad

that needs further investigation.

Channel Run 1 Projection ‘ Total SM Events | Run 2 Signal MC
W — uv/ev, H = TiepThad 25.9 1144 33.4410.42
W — pv/ev, H = ThaaThad 24.4 1062 24.367F 0.34
Z — ppfee, H = TiepThad 16.4 236 7.66* +o.11
Z — pplee, H = ThaaThad 9.2 219 10.98 0.14

Table 9.2: Predictions for signal counts for each of the channels in the Run 2 analysis. The SM
Prediction will serve as a higher bound as it does not take into account our analysis acceptance.
We need to further investigate the unexpectedly low Run 2 Signal MC prediction for ZHlephad.

9.2 HyroTHESIS TESTING

The goal of this analysis is to observe the V. H, H — 77 channel. To do this we need to conduct an
experiment with a null hypothesis (no Higgs boson in this channel) and also run our analysis with the SM
hypothesis for our signal. We can think of our expected events n as n = us + b where p is the signal
strength, s is the number of signal events, and b is the number of background events. The null hypothesis,
which we designate with H, refers to the background-only hypothesis. This null hypothesis means that
we expect to see all SM physics processes with the exception of our signal. Here f, the signal strength, is
equal to 0 and our expected event count is simply the number of background events b. Our hypothesis, H,,,
is then where 1+ = 1, so our expected events should then be sgs + b. Further background information

on these topics and for the following sections can be found in [138] and [139].

To test our hypothesis, we use a binned histogram of the NN score in each of our signal channels. The
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number of counts (n;) in each bin (¢) is expected to be:
Eln;) = psi +b;

where the SM prediction, ¢ = 1, and the null, ;z = 0, are tested by varying values of 1 until we have the
best fit for our data.

As we are doing a counting experiment with very large N (total events) and very small p (probability
of signal events) over a fixed window of time with a known probability of an event occurring, which are
independent of one another, we can use Poisson statistics to get our probability for the expected number
of events:

E[n;]™ el

Pois(n;, En;]) = I (9:2)

9.2.1 LIKELIHOOD FUNCTION

The procedure we will follow in this analysis is to calculate a frequentist significance using a likelihood
ratio as a test statistic. This likelihood will depend on the nuisance parameters in addition to the rate of
the signal and background processes.

If x, the observable, is frequentist in nature, replicating the experiment many times leads to different

values of . This creates a probability density function:

/f(x)da: =1.

Now, if we have discrete quantities, like the counts of events, this integral is replaced by a sum. In our
experiment, we need to look at f(|cr), where v is the hypothesis and  is the set of measurements. o(, 0)
then depends on both our parameter of interest ;4 and nuisance parameters . We can then use this o to
calculate our likelihood function £(x|). To recap, the probability density function is a function of
given a fixed v, and the likelihood function is a function of « given fixed .

Since we are doing a binned likelihood, the final likelihood function is constructed from the individual

N
probabilities for each bin: £ = [] £;. We can take our Poisson probability equation from above and
i=1
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incorporate our dependence on both j and 6 to get a final expression for our binned likelihood:

T
£ 0)=1]

=1

p1si(0) +'bz‘(9))m o (15:(6) +b:(6)) (9.3)
n;.

The nuisance parameters for our analysis include systematic uncertainties from theory predictions and
working point efficiencies for identification, energy scales, triggers, etc. These will be detailed in section
9.3.

We calculate this likelihood for all six of our orthogonal channels individually. The final overall like-
lihood is obtained by multiplying the individual likelihoods. By performing a maximization of the like-
lihood function, we determine the best estimates for y and 6. This is usually done via minimizing the
negative log-likelihood.

We then define a profile likelihood ratio (), that is only dependent on pi. We can obtain an approxi-
mate dependence on 6 by profiling the nuisance parameters and defining them in terms of the parameter

of interest. The Neyman-Pearson lemma states that the likelihood:

A(p) = (9.4)

is the optimal discriminator for testing hypothesis H,, vs. Hy. 6 denotes the conditional maximum-
likelihood estimators of the nuisance parameters, otherwise known as the value for the 0s that maximizes
L for the specified value of 1. The denominator is the unconditional likelihood, where £ is maximized via
ascan of both 1 and 6.

A(ft) can vary from 1, meaning there is maximum compatibility between the data measurement and

the hypothesis H,, and 0 meaning no compatibility.

9.2.2 TEST STATISTICS

The test statistics needed for a statistical test of compatibility are defined from A(p). A test statistic is then

defined as:

t, = —2In\(p) (9:5)
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where higher values of ¢, represent more incompatibility between data and hypothesis. A p-value is calcu-
lated from ¢, by:

P = / F(tal)dt, (6:6)
t

14,0b5
where f(t,|x) is the probability density function of ¢,, with p as the assumed signal strength. This helps
us quantify the level of disagreement between the hypothesis and the data. Smaller p-values are greater
evidence against the corresponding hypothesis.

The test statistic for making a discovery comes from A(f) as well. Here we need to reject the null

hypothesis of j1 = 0. The test statistic is defined as:

—2InA(0) A >0

I
—
0
N
~

4q0
0 a4 <0
where A(0) is the profile likelihood ratio for p1 = 0. Because a discovery will only be claimed if we have
more events than the background hypothesis predicts (i.e. ji > 0), we set gg to O for fi < 0. As the number
of events measured above expected background increases, the value of g also increases, which corresponds
to a higher level of incompatibility between the data and the null hypothesis.

We can get a corresponding p-value for this test statistic:

Po = / f(q0]0)dqo (98)

40,0bs

where f(qo|0) is the distribution of test statistics. According to Wilks’ Theorem, for large statistics data
samples (even on the O(10) events in a sample), we know the distribution of the test-statistic: a x? distri-
bution with a parabolic shape around the minimum. This means we can directly calculate the significance
po and get an uncertainty on 4 [140].

We can then convert this p-value into an equivalent significance,

Z=9"'1-p) (9.9)

which is a Gaussian distributed variable with ® ! as the quantile of the Gaussian distribution. Z repre-
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sents the number of standard deviations away our observed signal strength is from the null hypothesis. In
particle physics, we consider a Z of 5 to represent a “discovery” (p-value around 2.87 x 10~")anda Z of

3 to signify an observation (p-value of 0.03).

9.3 SYSTEMATICS

In this section I discuss some of the systematic uncertainties considered in our final fit result.

9.3.1 EXPERIMENTAL UNCERTAINTIES

The uncertainties for experimental quantities are estimated by following the recommendations provided
by dedicated groups within ATLAS that study the identification of various Standard Model particles. Each
uncertainty is varied within the recommended 10 The uncertainty on the integrated luminosity for all

four years combined is +1.7% [141].

Muon and Electron Uncertainties

The estimate of the values for the muon uncertainties are described in [103] and the electron uncer-
tainties are in [27]. They are mainly calculated via tag-and-probe techniques that use Z bosons decaying to
electron or muon pairs in order to select unbiased electrons or muons from the data. These values include
shifts based on the identification algorithm, energy scale calculations, reconstruction efficiencies, isolation

efficiency, and trigger uncertainties.

Hadronic Tau Uncertainties

The tau uncertainty estimates are calculated as described in [40]. The uncertainties associated to the
tau identification and energy scale are found with the tag-and-probe technique that uses Z bosons decaying
to tau pairs in order to select unbiased taus from the data. The algorithm’s performance is evaluated in a
data sample enriched in Z — 7,744, where one tau decays leptonically to a muon and the other decays
hadronically. The events are then triggered by the muon, the tag particle, and contain the tau, the probe
particle. The identification efficiency is calculated by performing a template-fit based on track multiplicity.
The main background for the tau signal is quark- and gluon-initiated jets that are misidentified as taus. The

ratio of signal events before and after the identification criteria are applied is used to calculate the efficiency

214



of each working point. The energy scale systematic uncertainty is derived from a x? fit of the visible mass in
the tag-and-probe events and from the difference between the energy and momenta measurements. The
effect of the systematic uncertainty for the tau energy scale on the shapes of the signal and ZZ MC for

the ZHlephad channel are shown in figure 9.1. The uncertainty from the eVeto is calculated ina e — 7

tag-and-probe analysis by comparing the efficiencies for the eBDT identification algorithm.
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Figure 9.1: Plots of the NN score distribution in the ZHlephad with the up, down, and nominal
variations of the tau energy scale uncertainties. The left plot shows the shape variation in the
signal MC and the right shows the shape variation in the simulation of the ZZ background.

Jet and b-tagging Uncertainties

Uncertainties for jets come from recommendations by the jet performance group in [142]. These in-
clude uncertainties for energy scale and energy resolution, along with jet flavor and vertex tagging. While
we do not select jets directly in our analysis, the jet resolution, and energy scale are included in the calcu-
lations for missing transverse energy. There is also a dedicated uncertainty for b-tagging efficiency related

to the various flavors of jets.

Missing Transverse Energy Uncertainties

Missing transverse energy (MET) is calculated using clustered energy in the form of jets, electrons,
muons, and taus, which is designated as the “hard-terms”, and unclustered energy, which is designated as
the “soft-term”. We include uncertainties related to the soft-term of MET based on calculations described
in[143]. Additionally, the energy scale and resolution of the objects included in the MET calculation, such

as electrons, muons, taus, and jets, impact the final value for the hard component of the MET calculation.
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9.3.2 DATA-DRIVEN FAKE UNCERTAINTIES

The uncertainties related to misidentified objects (the fakes) include a statistical uncertainty and an uncer-
tainty related to varying the MC subtraction, as described in section 7.3. The eftect of the MC subtrac-
tion systematic uncertainty is shown for the WHhadhad and WHIephad di-electron channels in figure
9.2. Additionally, we derived a closure uncertainty from the same-sign taus region for all channels except
WHlephad, for which we derived the uncertainty in the all-same-sign region. We chose these regions as
they have very high purity of fakes and strongly resemble the signal region, while being orthogonal due
to the same-sign requirement. We create just two bins of the neural network score to reduce statistical
fluctuations, where we have 80% of the signal in the high-side bin. The ratio of the data and background
counts in these two bins is used to create the 1o closure uncertainty. Figure 9.3 shows the distribution of
the neural network score in two bins in the same-sign tau control region for the ZHhadhad channel and

the ratio plot used to calculate the fake-closure uncertainty.
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Figure 9.2: Plots of the NN score distribution in the WHIlephad di-electron channel (left) and
WHhadhad channel (right) with the up, down, and nominal variations of the fake MC subtrac-
tion on the background component from misidentification of jets.

9.3.3 THEORY UNCERTAINTIES

Theory uncertainties, arising from uncertainties in values used in our MC modeling and theories, such as
g (fine-structure constant) and the parton distribution function (PDF) used in simulation, are relevant
to include in both our signal and background modelling.

Signal and Higgs Boson Background Uncertainties
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Figure 9.3: Distribution of neural network score with two bins in the same-sign tau control re-
gion for the ZH, H — ThqqThaa channel with ratio plot of data/background. This is used to
calculate the closure uncertainty for the fake background contribution.

The main contributions to our uncertainties in measuring the Higgs boson components in our signal
are the QCD scale uncertainty, non-perturbative components such as the underlying-event, and the un-
certainty on experimental input parameters such as ag and PDFs. In our fit model, we are counting the
number of events in each bin of our neural network score distribution. This means our uncertainty comes

from the variance of the events (140t ) in each bin:

Niot = Opot X L X A X fpin, (9.10)

where 0 is the total cross-section, £ is the Luminosity, A is the acceptance of the total sample in the
signal region, and fy, is the fraction of events in a certain bin in the final distribution.

The uncertainties for the cross-section are provided by the LHC Higgs Cross Section Working Group
[43]. One of the components of the cross-section uncertainty is the QCD scale uncertainty. We have un-

certainty here due to missing higher order terms in our simulations. These uncertainties will be larger for
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the Z H channels due to the presence of the one-loop gg — Z H contribution. The QCD uncertainties
are estimated by varying the input values for the factorization scale (1) and renormalisation scale (1),
first introduced in section 3.1.1.1. The default values are set to the Higgs boson mass, yur= i = 1, and
these are varied independently such that 0.5 < ug, ur < 2.0. We vary these values in the MC and mea-
sure the impact on the signal acceptance by setting the systematic uncertainty as the greatest deviation from
the default values. For the VH and ¢t H processes, the MC samples are generated with Powheg+Pythia8

at next-to-leading order (NLO) with the internal weights of Powheg being used for the scale variations.
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Figure 9.4: Plots of the NN score distribution in the WHhadhad channel (left) and ZHhadhad
channel (right) with the up, down, and nominal variations of the theory uncertainty from varying

(e and (o on the contribution from the signal MC.

The other main component to the cross-section uncertainty is from the PDFs, which are not known
precisely. Because we are scattering protons, we are actually colliding their constituents (quarks, gluons)
that carry an unknown proportion of the proton momenta. Asareminder, PDFs predict the probability of
gluons and quarks participating in the hard in-eleastic scatter and they depend on the momentum transfer
@ and the fraction x of the proton momentum the quark or gluon carries. The uncertainties again come
from the LHC Higgs Cross Section Working Group. They are calculated by using three different PDF sets,
known as CT10, NNPDF, and MSTW. CT 1o is set as the nominal distribution, and the uncertainty is the
quadrature sum of the differences between the nominal set and the variation sets, while also incorporating
two variations of ag. The uncertainties due to the QCD scale and PDF in our Higgs boson contributions
are shown in tables 9.3 and 9.4.

The final uncertainty in our signal comes from the contributions of the underlying-events and hadroniza-

tion. At ATLAS, high transverse momentum is a key component of our physics events of interest, however,
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Production Process ‘ + QCD scale - QCD scale

WH +0.5% -0.7%
ZH +3.8% -3.1%
ttH +5.8% -90.2%

Table 9.3: Total cross-section uncertainties due to missing higher orders (QCD scale variations)
from [43].

Production Process ‘ PDF Qg PDF + «
WH | £1.7% Z40.9%  +1.9%
ZH | £13% Z40.9%  +1.6%
ttH | 3.0% =42.0%  £3.6%

Table 9.4: Total cross-section uncertainties due to PDFs and «, from [43]

we also have soft interactions occurring in our detector. These can be from sources such as initial and final
state radiating and remnants from the beam. In addition, there can be multi-parton interactions that over-
lap. These contributions are hard to model in MC, and thus lead to uncertainty in the MET resolution and
momentum calculation for the Higgs boson. We also chose a certain model for the parton shower in our
simulation, which leads to potential uncertainties in our signal. Both the uncertainty from the underlying-
event and hadronization are derived by generating signal samples with the same matrix-element generator

but different parton-shower models.

Background Uncertainties

For our diboson backgrounds, uncertainties similarly come from the renormalization and factoriza-
tion scales (g, pr) and ag, which are varied in the same way as described in the signal uncertainties,
except using the event weights provided by the SHERPA generator. We also look at the PDF-alternating
value by comparing diboson acceptance using our nominal PDF set to the other PDF sets. Finally, we
include a contribution to the systematic uncertainty from the PDF central value. This is evaluated from
100 replicas of event-weights using our nominal PDF set in SHERPA. The mean is used for our central

value and the standard deviation becomes the uncertainty.

219



9.4 Asimov Fit RESULTS

The statistical analysis for this measurement is performed using an ATLAS software package that runs a
binned likelihood fit. The likelihood is constructed taking into account the product of Poisson probability
terms for each bin of the neural network score distribution in each analysis channel. The binned likelihood
function £(p, #) depends on the parameter of interest (POI), 11, and the set of nuisance parameters (NP),
6. The package allows us to perform histogram smoothing, uncertainty breakdowns, nuisance parameter
symmetrization and pruning, and creates many post-fit plots.

For our search the signal regions include:

s W —e/uv, H = ThadThads

* W = ev, H = TeThads

* W —e/uv,H = T, /eThads

* W = pv, H = TuThads

* Z — ee/pp, H = ThadThads

*Z— ee/u,u, H — TlepThad>

The backgrounds include:

¢ Events with misidentified objects (Fakes)
* Events with top quarks

* Tribosons

¢ Dibosons (primarily WZ and ZZ)

* ttH

Binning Optimization

I chose bin widths that maximized the number of bins, to provide as much information as possible
to the fit, while simultaneously staying within reasonable statistical uncertainties in each bin. I used the
provided gamma values as a measure of MC statistical uncertainty for each bin. The gamma values are

defined from the Poisson constraint term and are expected to have a value of 1. However, they can vary
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from 1 and this fitted error reflects the relative statistical uncertainty in that specific bin. The likelihood
fit automatically dropped any gamma contributing a statistical uncertainty of less than 1%. To handle the
other gammas, I combined bins with their neighbors in order to get the associated gamma values for each
resulting bin between 0.8 and 1.2. This statistical uncertainty is important to reduce because the sample
yields in each bin will eventually be scaled by the associated gamma value.

Once the value of all the gamma nuisance parameters is brought below a 20% deviation from 1 by
merging neighboring bins, one can perform a second stage of binning optimization to smooth out the

discontinuities in the NN distribution, as described below.

Symmetrization and Smoothing

Smoothing and symmetrization procedures remove fluctuations caused by our limited MC sample
sizes. For the fake closure, fake MC subtraction, g theory, jet , muon, tau, and electron systematic un-
certainties a two-sided symmetrization is performed. This is done bin-by-bin and is calculated as the (up-
down)/2 variation for the up variation and then mirrored for the down variation. For each of these sys-
tematics, histograms are provided with the up and the down variations, respectively. For the ptg, 1 and
PDF theory uncertainties a one-sided symmetrization is performed. Here, we only provide one upwards
fluctuation histogram and the down variation is added as a mirrored version. Some of the systematics are
combined using an “envelope method”, which combines sets of related uncertainties into a single nuisance
parameter in the fit after the symmetrization has been performed for the individual components.

To smooth, we rebin the distribution until relative bin-to-bin MC statistical uncertainties are below
a tolerance that we define. We can repeat this process by halving the tolerance in cases where there are a
smaller number of variations than a defined maximum. In a final smoothing step we remove artificially

flat uncertainties.

Pruning

All bin-by-bin statistical uncertainties (gammas) on samples with less than 1% relative contribution
are removed from consideration. In addition, systematic uncertainties that impact either the shape or nor-
malization of distributions with a contribution of less than 1% are removed. These systematics prunings

are done per region and per sample.
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After all, tomorrow is another day!”

Margaret Mitchell, Gone with the Wind

10

Final Remarks

WE ARE AT AN EXCITING JUNCTURE IN THIS ANALYSIS. At the moment, we are finishing up our inter-
nal documentation and I am performing a Likelihood fit with an Asimov data set so we can estimate the
sensitivity for our analysis. I will look at the sensitivity we can obtain with all six channels combined and
with each one separately. We will also estimate the sensitivity we would achieve if we did not use our neural
network, which I helped train, in order to explicitly demonstrate its separation power.

We were recently assigned an internal ATLAS review board, which is a crucial step toward unblinding
the data in our signal region, which we plan to do this spring. That means we will finally get to look at
data in our signal region and perform a final likelihood fit to determine our measurement sensitivity. Our
research group is targeting a paper publication for the fall of 2022. I'am looking forward to the continued
contributions I will make, as an analysis contact and paper editor, before my graduation in May.

While I am, at least temporarily, stepping away from the field of particle physics, I see a bright experi-
mental future ahead. The HL-LHC is set to run until the late 2030s meaning there is much more data to

be collected and analyzed. The higher luminosity will allow for more precise measurements of the proper-
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ties of the Higgs boson and access to potential beyond-the-standard-model physics, such as charged lepton
flavor violation and CP violation of the Higgs boson.

Perhaps even more exciting to think about is what will happen after the HL-LHC. The Snowmass
process is currently ongoing, during which the US particle physics community, working with other com-
munities around the world, will decide what to build next. Will we have another circular collider in Europe
(the FCC) and will it collide protons or electrons? Will there be a linear collider built in Japan? There are
recent suggestions for a muon collider at Fermilab, the home of muon experiments Muze and Muon g-2,
which would be a different way to access new and interesting physics here in the US. The final decision
will need to involve thoughts about political considerations, budget constraints, environmental impacts,
and what physics is of most interest to the community.

Regardless of which path is chosen, machine learning and increased computational power will be a
large component of ensuring the data collected can be analyzed efficiently and effectively. I am eagerly
waiting to see where the field goes while I look to my own next steps contributing to advancements in Al

and computing.
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Author’s Individual Contributions

Ax VH,H — 77 ANALYSIS

* Ihelped produce simulation and data samples for the analysis with the xTauFramework
* Iassisted in processing the input ROOT files for all the simulation and data into pandas dataframes

* Icalculated fake rates for all three final state objects using data from all four years, incorporated the

MC subtraction, and determined the associated statistical and systematic uncertainties

* Iestablished our analysis code in python and laid the groundwork for our preselections, validation

regions, and signal selections.

* I optimized the signal selections for all four categories to maximize signal to background ratios

while keeping signal efficiency high
* Ire-optimized the Neural Network after key changes were made in our category definitions

* Ituned the binning and inclusion of systematics in our final likelihood fit
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A1

A

RELATED PRESENTATIONS

Machine Learning for Tau Identification and the Associated Production of the Higgs Boson,

Fermilab Research Seminar, Virtual Jan 2022
MVA in V(lep)H, Tau and HLeptons Workshop, Virtual Dec 2021
Status of the VH Analysis, Tau and HLeptons Workshop, Virtual Sep 2020

Associated Production of a Higgs boson with a vector boson, with the Higgs boson decaying

to two tau leptons, Yale Wright Laboratory Weak Interaction Discussion Group Nov 2019

MacHINE LEARNING FOR TAUS

I incorporated trigger-level track variables in the training of the Boosted Regression Tree that is

used to calibrate tau energy in MVATES

I demonstrated a proof of principle that including trigger-level track information improves perfor-

mance of MVATES for possible use in the trigger in future runs of ATLAS

I processed signal (tau) and background (jet) simulation samples into a weighted format for use in

the Lorentz Equivariant Network

I got initial results from using the Lorentz equivariant network and compared them to training

with a Deep Sets architecture

RELATED PRESENTATIONS

Improvements to the Tau Energy Scale (MVATES) at the Trigger Level, ATLAS Trigger Meet-

ing, Jan 2020

Energy Calibration in the ATLAS Tau Trigger, American Physical Society April Meeting, April

2020

Tau Energy Scale at the ATLAS Detector, USLUA Lightning Talk, Rice University, Oct2019
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Az

A4

OUTREACH AND LEADERSHIP

I ran the Women in Physics+ group at Yale for four years and led the group in advocacy efforts,

established an Allies group, and helped recruit more women to Yale

I co-chaired the Equity in the Job Search Symposium and led the planning of three symposia fo-

cused on increasing gender equity in STEM careers

I was an organizer for the Yale Physics Professional Development Organization and planned a year
of virtual seminars, workshops, and networking opportunities to prepare graduate students and

post-docs for both the academic and non-academic job search

I participated in two annual trips to DC to meet with congressional staff and advocate for continued

federal investments in basic science research
I volunteered at multiple Girl’s Science Investigations and Yale Physics Olympics

I was a graduate affiliate with Pierson College

TEACHING

Physics 526, Introduction to Elementary Particle Physics: Spring 2021

Physics 165/166, Instructional Physics Labs for Non-Majors: Fall 2017, Spring 2018, Summer

2020, and Fall 2020
Physics 118/ENAS 220/MUSI 187, Physics of Music and Instrument Design: Summer 2020
Physics 200/201, Fundamentals of Physics: Fall 2018, Spring 2019, and Fall 2020

Physics 206, Physics laboratory course for physics majors: Fall 2016 and Spring 2017
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