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Preface

There’s something special about the human race that drives us not just to exist but to understand

the reason for our existence. A part of the mechanistic answer to this question creates a desire to

understand what are the fundamental building blocks of nature. As we moved away from the earth,

fire, air, water understanding of the fundamental elements to a more modular understanding of

matter’s components, in 400 BC, Democritus thought that he “had it” when he coined the term

“atoms” to describe what we now understand as the elements of the periodic table. Atom means

“uncuttable”, and is a now hilarious misnomer as the structure of the periodic table hinted at an

underlying structure, experimentally verified when J.J. Thompson discovered the electrons popping

o↵ of the atom. The progression of the scientific revolution has involved us uncovering ever smaller

and smaller distance scales, unfolding a fascinating and ever more intricate microcosm. In my PhD,

I’ve been working at SLAC, one of the institutes where the charm quark was discovered, initiating

the “1974 revolution” which culminated in an understanding of the parton model that helped secure

the footing of the Standard Model of particle physics.

This thesis submission marks a decade since the Higgs boson discovery, and we expect to observe

the SM process of two Higgs bosons with another 10 years of LHC data. Although the Higgs

mechanism is now an old theory, with the massively large datasets we’re collecting at the LHC, we

can unlock new ways of answering these questions with the big data developments in the burgeoning

field of deep learning. This thesis explores the properties of the Higgs through the lens of the Run 2

dataset in this journey of understanding the microscopic realm, This is now a quest for a whole new

generation of scientists to uncover as we continue to ask ourselves the question, What will be next?
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Summary of Contributions

The ATLAS experiment that I worked on for my PhD is a large collaboration with more than three

thousand scientific authors. The physics focus of my thesis is the HH ! 4b analysis, and I’ve also

been heavily involved in optimizing the classification algorithms that identify b-jets. As these are

both large group e↵orts, below I summarize my main contributions to each of these projects.

Flavor tagging
Recurrent Neural Network (RNN) classifier for b-tagging

• Provided the first recommendations for the RNN-based b-tagger (RNNIP) that was included in

the high-level DL1r discriminant (Chapter 6.4).

– Optimized the NN for PFlow jets extending the training to jets with pT up to 5 TeV

(Chapter 6.4.1).

– Produced the first dedicated b-tagger trainings for variable radius track jets (Chapter 6.4.2).

– The improvements from including the RNN classifier gave a 10% significance improvement

in the HH ! 4b analysis (Chapter 10.2.2).

– This work results in both public plots [1, 2] and a paper submitted to the European

Physical Journal C [3].

• Compared flipped RNN tagger definitions needed for the light-jet calibration (Chapter 6.5).

– The recommended DL1r tagger has been now successfully calibrated for light jets with

this flipped RNNIP definition [4].

R&D with Deep Sets classifier (Chapter 7)

• Applied a Deep Sets algorithm called DIPS (Deep Impact Parameter Sets) to supersede RNNIP.

• Decreased the training time by a factor of four.

• Added more low-level features and optimized the track selection to improve the light jet rejection

by a factor of 2 compared to RNNIP.

• Produced ML-motivated metrics (saliency maps) to understand what the physics features the

NN was learning.

• Produced both an ATLAS public note [5] and conference proceedings [6] .
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HH ! 4b
Non-resonant Run 2 analysis

• Designed the algorithm for pairing b-jets into Higgs candidates (Chapter 10.3.2)

– This pairing algorithm reduced the number of background events by > 70%.

– Also investigated novel attention-based transformer architectures for jet! parton assignment.

• Proposed the categorized final discriminant for hypothesis testing (Chapter 10.5) and contributed

to the statistical analysis framework.

• Proposed and organized studies for new validation regions to test the robustness of the data-

driven background modeling uncertainties (Chapter 11.4).

• Internal note editor responsible for coordinating the more than 400 pages of documentation for

collaboration review.

• Analysis optimization and better b-taggers improved the analysis by 30% compared to just

luminosity scaling the previous analysis strategy (Chapter 12.4).

• Result public in a conference note [7], and paper submission to Phys. Rev. D [8].

Flows for HH ! 4b background estimation (Chapter 13)

• Developed a novel machine learning method to interpolate into a blinded signal region.

• Implemented a neural spline flow density estimator to model smoothly varying background

kinematics across the (mH1,mH2) massplane.

• Optimized the input variables and training procedure.

• Performed validation tests comparing to the neural reweighting method used in HH ! 4b.

• Paper in progress.
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1

Introduction

Until taught by prolonged exposure that the universe contained anomalous cards, they saw

only the types of cards for which previous experience had equipped them. Yet once experience

had provided the requisite additional categories, they were able to see all anomalous cards

on the first inspection long enough to permit any identification at all . . .

– Thomas Kuhn, The Structure of Scientific Revolutions

Particle physics is the study of the fundamental particles of nature and their interactions. The

Standard Model (SM) encapsulates our current understanding of these fundamental particles, shown

in Figure 1.1. Much like the periodic table organizes the properties of the sundry atoms given by the

electron configurations, Figure 1.1 similarly organizes the particles with similar properties together.

There are two types of particles: the quarks and leptons are fermions (or spin 1

2
particles) that make

up the matter in the universe. The gauge bosons are the spin 1 particles that mediate these forces:

the familiar photon mediates electromagnetism, the gluon mediates the strong force which holds both

nucleons and the nucleus together, and the W and Z bosons mediate the weak force responsible

for radioactive decay. We now understand the electromagnetic and weak forces as coming from an

underlying electoweak theory, and the process of electroweak symmetry breaking gives mass to the

W and Z bosons. A prediction of this process is a scalar Higgs boson, and its discovery in 2012 was

the SM particle to be experimentally discovered [10, 11],

The SM has been developed and tested through a suite of experiments in the past half a century,

and thus far it has been an enormously successful theory with precise tests for a range of di↵erent

processes, including an impressive suite of analyses from the last decade probing the Higgs sector.

Despite being a successfully predictive theory, there are some aspects (which Thomas Khun would

call “anomalous cards”) that the SM can currently not explain, such as: what the nature of dark

matter is, why the SM fermions are organized into three generations, whether there is any underlying

structure to the masses and couplings of the SM, and whether a consistent model can also incorporate

1



1. INTRODUCTION 2

Figure 1.1: Particles in the Standard Model of particle physics [12].

gravity. Our hope with LHC searches is to find examples where the data doesn’t “fit” the SM which will

inform us how to extend the theory to Beyond the Standard Model (BSM), as illustrated in Figure 1.2.

Figure 1.2: The goal for our physics
searches: to find a model that better fits
the data. Artist, Brendan Hartman.

There are clues that the electroweak sector might provide

the key for unlocking these mysteries. The confirmation

of neutrino oscillations by the Super-Kamiokande

experiment 25 years ago means that neutrinos have mass

[13]. However, KATRIN [14] constrains the scale of

neutrinos masses to be eleven orders smaller than other

SM masses such as the top quark, and it’s currently

an open question what mechanism gives neutrinos their

masses. Other anomalies from weak the weak sector

include the 4.2� tension from the recent g� 2 result [15]

and the 7� tension with the latest W mass measurement

[16].

An ansatz for the whole paradigm of electroweak symmetry breaking is the form of the Higgs

potential, and the SM is the simplest solution that can give masses to the vector bosons. To test this

formulation for the Higgs potential, we need to look for events with two Higgs bosons, or HH (read

as “di-higgs”) – and this is what this thesis is all about. This thesis takes advantage of the leading

HH decay mode into four b-quarks. Although an advantage of this channel is the higher number of

signal events to start with, it is complicated by a large background that is di�cult to simulate from
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first principles. But, as the size of our dataset grows, so too do the opportunities to come up with

novel techniques that make HH ! 4b increasingly more powerful. With the complex, multi-modal

data that we have from our colliders, integrating recent developments from Machine Learning (ML)

into physics analyses and object reconstruction is a hot-topic, and also a large part of this thesis

work, both in terms of identifying the objects formed by b-quarks and for modeling the background

processes.

This thesis is organized as follows. Part I reviews the introductory material for the thesis including

the Standard Model (Chapter 2), collider (Chapter 3), experiment (Chapter 4), and general event

reconstruction (Chapter 5). Part II explains the b-tagging algorithms, both for Run 2 (Chapter 6)

and with future looking optimizations (Chapter 7). Part III details the HH ! 4b analysis with the

statistical procedure (Chapter 8), analysis design (Chapter 10), background estimation (Chapter 11),

and results. Finally, Part IV (Chapter 13) introduces a novel background estimation procedure which

could o↵er vital improvements for future iterations of this analysis. Chapter 14 summarizes with our

conclusions.



Part I

Foundations

Here we review the introductory material for this thesis work. Chapter 2 introduces electroweak

symmetry breaking and the Standard Model, and summarizes the experimental status of Higgs

physics. Chapter 3 and Chapter 4 introduce the Large Hadron Collider and the ATLAS detector,

respectively. Finally Chapter 5 describes how the electronic signals from the detector are

reconstructed into physics objects.

4



2

The Standard Model

Surveying the rich experimental literature from which these examples are drawn makes one

suspect that something like a paradigm is prerequisite to perception itself.

– Thomas Kuhn, The Structure of Scientific Revolutions

Particles and their interactions are characterized by group theory. A Lagrangian is specified

which respects a set of symmetries, and the resulting physics minimizes the action as specified by

the Lagrangian. The SM is the most general dimension 4 Lagrangian respecting the U(1) x SU(2) x

SU(3) symmetries. The U(1) interactions correspond to electromagnetism (described in Chapter ??),

while U(1) x SU(2) describe the unified electroweak interactions (described in Chapter 2.2), and

SU(3) describes QCD (described in Chapter 2.4). The SM Lagrangian in its most concise form is

given by:

LSM = �
1

4
Fµ⌫F

µ⌫ + i ̄�µD
µ +

�
yij ̄i j + h.c.

�
+ |Dµ�|2 � V (�). (2.1)

Feynman diagrams are the technology to the Lagrangian terms into a prediction. The Feynman

terms for each of these Lagrangian terms are shown in Figure 2.1. The first term is the kinetic

energy of the vector bosons. The second terms is the coupling the fermions to the corresponding

gauge bosons. The third term is the Yukawa couplings (which will be described in Chapter 2.3.1

and Chapter 2.3.2) and the 4th is the Higgs interaction with the vector bosons. The last term is the

Higgs potential – the part of LSM that is most crucial for this thesis.

5



2. THE STANDARD MODEL 6

Figure 2.1: The Feynman diagrams corresponding to the terms in the Lagrangian [17].

2.1 Quantum Electro Dynamics

Photons

Photons are massless spin 0 particles. A non-interacting photon has a kinetic term with two

derivatives:

Fµ⌫ = @µA⌫ � @⌫Aµ (2.2)

where Aµ is the four-vector potential from electromagnetism, which is also the photon field.

Aµ = ✏µ(p)e
�ip·x (2.3)

The QED Lagrangian transforms under U(1) transformations:

Aµ ! Aµ(x) +Q@µ↵(x). (2.4)
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Spin 1/2 particles

The Dirac equation governing the dynamics of a spin 1/2 particle is

(i�µ@µ �m) = 0, where �µ =

 
0 �µ

�̄µ 0

!

, and

�µ = (I,�1,�2,�3), �̄µ = (I,��1,��2,��3).

In the Weyl represnetation, the four component field  gets broken down into two 2-component

spinors  =

 
 L

 R

!
,, where the L and R subscripts denote the spinors that are the left and right-

handed spinors. So in the Weyl representation, the Dirac equation can be written as two separate

equations,

i�µ@µ R �m L = 0 (2.5)

i�̄µ@µ L �m R = 0, (2.6)

where the fermion mass term mixes the left and right-handed fields and couples these equations.

The corresponding Dirac Lagrangian for a free fermion is:

LD = i +

R�
µ@µ R �m +

R L + i +

L �̄
µ@µ L �m +

L R (2.7)

Then for interacting fermions with the photon field, the gauge invariance is preserved when we

replace the derivatives with the covariant derivatives:

Dµ = @µ + iQAµ. (2.8)

2.2 The Higgs mechanism

The following section gratefully borrows from the pedagogical introductions in [18] and [9].

The weak force governs nuclear decay. In 1957, an avant-garde experiment by Chien-Shiung

Wu demonstrated that parity was violated in weak interactions [19]. Additionally, the weak force

maximally violates parity, and these interactions can be described by a “V-A” (or vector-axial) theory

with the weak force’s charged current only coupling left-handed spinors. This V–A theory is an

e↵ective field theory with a four-point interaction term. The coupling of this four-point interaction

term, is Fermi’s constant GF = 1.17 · 10�5 GeV�2. The smallness of this coupling is understood as

being mediated by a massive particle with a coupling of the order: mW ⇠
1p
GF

= O(100) GeV. In

analogy with electromagnetism, the weak boson mediators should also be spin 1 particles.
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However, a naive introduction of a mass term for a spin 1 particle violates the gauge invariance that

we expect for physical solutions. The theory of superconductivity illustrates how a non-zero vacuum

expectation value (vev)1 can give rise to an e↵ective mass for the photon through an interaction term

with this vev. In direct analogy with the solution from superconductivity, we currently understand

the weak bosons acquiring their mass by the Higgs mechanism.

Consider the symmetry group of SU(2) x U(1) transformations. This gives four gauge fields,

which we will call: A1, A2, A3 (for the gauge fields of the SU(2) transformation) and B (corresponding

to the U(1) symmetry). An element of the SU(2) group is specified by ei↵·
~�

2 , where ↵ 2 [0, 2⇡].

Consider a new field �, which is a complex doublet that transforms under these SU(2) x U(1)

transformations as:

� =

 
�+

�0

!
! ei~↵·~�/2ei�/2

 
�+

�0

!
, (2.9)

where this suggestive notation for �+ and �0 will become apparent soon.

Suppose that this new field has a potential given by:

V (�) = �µ2
|�|2 + �(|�|2)2 (2.10)

Since each of the � components is a complex field with a real and imaginary component, this potential

V (�) actually is evaluated in 4d, but a visualization of the form of the potential for one of the

components is shown in Figure 2.2. The characteristic form of the potential is that the minimum

value for the field does not correspond to the zero coordinate, and there is a manifold of solutions for

non-zero coordinates that will minimize the potential.

Figure 2.2: The form of the Higgs potential for one of the components [20].

1
A non-zero vacuum expectation value (vev) can apply the destruction operator to the ground state and get a

non-zero solution.
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The minimum of this potential is:

V 0(�) =� 2µ2�+ 4��|�|2 = 0 (2.11)

=) |�|2 =
1

2

µ2

�
. (2.12)

We define the “vacuum expectation value” v of the Higgs field as v =
p
2 h|�|i = µp

�
. We then

reparametrize the field to expand around this minimum.

�(x) =

0

@
1p
2

⇣
⇡1(x) + i⇡2(x)

⌘

1p
2

⇣
v + h(x) + i⇡3(x)

⌘

1

A (2.13)

With the freedom of the 3 independent parameters specifying the parameters of the gauge field, we

choose a gauge that transforms away three of the degrees of freedom for the field components of the

� vector. We choose to leave the real piece of the second component of the � doublet as the final

remaining degree of freedom:

�(x) =

 
0

vp
2
+ h(x)p

2

!
(2.14)

Now we associate the remaining h(x) field as the Higgs field. We now insert this instantiation of �(x)

into the kinetic term of the Lagrangian to examine the coupling of the weak boson force fields with

this vev.

The covariant derivative for the weak field is:

Du

 
�+

�0

!
=
�
@µ � igIaAa

µ � ig0BµY
�
 

0
vp
2

!
(2.15)

where g is the coupling strength for the SU(2) subgroup, g0 is the coupling strength of the U(1)

subgroup, Ia are the weak isospin generators and Y is the U(1) hypercharge.

Next we plug in the generators of the SU(2) group: Ia = 1

2
�a for a = 1, 2, 3, and Y = 1

2
for the

Higgs doublet.

Du

 
�+

�0

!
=

✓
�ig

�a
2
Aa

µ � i
g0

2
Bµ

◆ 
0
vp
2

!
+ · · · (2.16)

where the partial went go away from of the choice of setting the Higgs field to 0.

We simplify by plugging in the Pauli matrices:

g
�a
2
Aa

µ +
g0

2
Bµ =

 
g

2
A3

µ + g
0

2
Bµ

g

2
(A1

µ � iA2

µ)
g

2
(A1

µ + iA2

µ) �
g

2
A3

µ + g
0

2
Bµ

!
, (2.17)
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then multiply in the Higgs field:

Dµ� = �i

 
g

2
A3

µ + g
0

2
Bµ

g

2
(A1

µ � iA2

µ)
g

2
(A1

µ + iA2

µ) �
g

2
A3

µ + g
0

2
Bµ

! 
0
vp
2

!
=

 
vp
2

g

2
(A1

µ � iA2

µ)
vp
2
(� g

2
A3

µ + g
0

2
Bµ).

!
(2.18)

The mass term from the interaction with the vev, will not depend on the coupling with the Higgs

field, so we can set h(x) ! 0 in the following. So the kinetic term of the electroweak force in the

Lagrangian is:

LK = |Du�|
2 =

v2

2

g2

4

⇣
|A1

µ|
2 + |A2

µ|
2

⌘
+

v2

2

✓
�
g

2
A3

µ +
g0

2
Bµ

◆2

. (2.19)

Now we can identify the weak components of the weak isospin field with the charged W bosons:

W+

µ ⌘
A1

µ � iA2

µ
p
2

, W+

µ ⌘
A1

µ + iA2

µ
p
2

, (2.20)

which together give the corresponding mass term in the Lagrangian:

LK �

⇣vg
2

⌘2
W+

µ Wµ,�. (2.21)

This means the W mass is mW =
gv

2
.2

To express this field mixing succinctly, let tan ✓W ⌘ g0/g, so that cos ✓W = gp
g
2
+g

02 and

sin ✓W = g
0

p
g
2
+g

02 . Then we can associate the last term mixing the two fields with the last massive

boson.

Zµ = cos ✓WA3

µ � sin ✓WBµ, (2.22)

which has a mass of mZ =
1

2
v
q
g2 + g02

We can find the linear combination of the fields that corresponds to the massless photon by

orthogonality with the Zµ field.

Aµ = sin ✓WA3

µ + cos ✓WBµ (2.23)

Then we can invert these equations to write down the covariant derivative in terms of the W , Z and

� fields of the broken theory.

2
Normally there is a factor of

1
2 in the mass term of the Lagrangian that we associate with the mass, i.e, for the

Klein Gordon equation L =
1
2@

µ
@µ�� 1

2m
2
�
2
, and the mass of the field is �. However, since this term is giving a

mass to the W
+

boson and it’s antiparticle, this why this coupling is twice as large as if this was the term for a field

that was also its own anti-particle (such as the Z-boson or the Higgs boson.
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A1

µ =
W+

µ +W�
µ

p
2

, A2

µ =
iW+

µ � iW�
µ

p
2

(2.24)

A3

µ = cos ✓WZµ + sin ✓WAµ

Bµ = � sin ✓WZµ + cos ✓WAµ

Inserting these into Dµ = @µ � i g
2

⇣
�1A

1

µ + �2A
2

µ + �3A
3

µ

⌘
� ig0 Y

2
Bµ and grouping together the

physical fields gives:

Dµ = @µ � i
g
p
2

�1 + i�2
2

W+

µ � i
g
p
2

�1 � i�2
2

W�
µ

� i

✓
g cos ✓W

�3
2
� g0 sin ✓WY

I
2

◆
Zµ � i

✓
g sin ✓W

�3
2

+ g0 cos ✓WY
I
2

◆
Aµ. (2.25)

And finally, we substitute the g and g0 couplings back in for ✓W .

Dµ = @µ � i
g
p
2

�1 + i�2
2

W+

µ � i
g
p
2

�1 � i�2
2

W�
µ

� i

0

@ g2q
g2 + g02

�3
2
�

g02q
g2 + g02

Y
I
2

1

AZµ � i

✓
�3 + Y I

2

◆
gg0q

g2 + g02
Aµ (2.26)

Since Aµ is the photon, we can see that e =
gg0q

g2 + g02
, is the fundamental unit of charge from

EM. For the Higgs doublet Y = 1, so �3+I
2

=

 
1 0

0 0

!
gives the electric charge of each component of

the 2 Higgs doublet model. The vev v can be written down in terms of GF , which is measured from

the muon lifetime experiments.

Although the symmetry of the underlying solutions is no longer manifest, the structure of the

underlying symmetries makes this a highly predictive theory. Now we know almost everything. The

last step is knowing mH , which we don’t know without � a priori:

mH =
p

2�v. (2.27)

We’ll revise the Higgs mass discovery and studies of the Higgs sector in Chapter 2.5. But first, we’ll

go through the rest of the SM, starting o↵ with how the Higgs doublet also gives mass to the fermions

(quarks and charged leptons).
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2.3 Electroweak interactions with Fermions

2.3.1 Leptons

Yukawa interactions

With the Higgs doublet, we additionally will have the coupling between the fermions and gauge

bosons via this covariant derivative.

L � �ye
⇣
⌫†
eL

e†
L

⌘ �+

�0

!
eR � yµ

⇣
⌫†
µL

µ†
L

⌘ �+

�0

!
µR � y⌧

⇣
⌫†
⌧L

⌧ †
L

⌘ �+

�0

!
⌧R + h.c. (2.28)

We set � to its vev and simplify:

L �� ye
⇣
⌫†
eL

e†
L

⌘ 0
vp
2

!
eR � yµ

⇣
⌫†
µL

µ†
L

⌘ 0
vp
2

!
µR � y⌧

⇣
⌫†
⌧L

⌧ †
L

⌘ 0
vp
2

!
⌧R + h.c.

=
yev
p
2
e†
L
eR +

yµv
p
2
µ†
L
µR +

y⌧v
p
2
⌧ †
L
⌧R + h.c. (2.29)

The vev is only couples to the lower component of the left-handed doublet , and this gives the the

charged leptons masses, while leaving the neutrinos massless. This description is valid for the physics

analyses at the Large Hadron Collider, so we’ll leave the neutrinos as massless for the rest of this

presentation.3

We can write these terms more succinctly with a diagonal matrix:

L � (e†
L

µ†
L

⌧ †
L
)

0

BB@

yevp
2

yµvp
2

y⌧vp
2

1

CCA

0

BB@

eR

µR

⌧R

1

CCA+ h.c.. (2.30)

This diagonal matrix has the Yukawa couplings that give the leptons their mass m` =
y`v
p
2

Weak interactions

To find the interaction with the weak bosons, we use the term i ̄�µD
µ , where the  are in the

Weyl representation. We start from Eq. 2.7 and replace the @µ with the covariant derivative Dµ to

preserve gauge invariance. Below, we just focus on the terms of the W-boson weak interactions with

the weak isodoublet, so the terms of Dµ = @µ � i gp
2

⇣
�1+i�2

2
W+

µ + �1�i�2
2

W�
µ

⌘
+ · · ·

3
Neutrino oscillations means that (at least two) neutrinos do have a non-zero mass. Including neutrinos would

give another flavor / mass unitary mixing matrix (the PMNS matrix), adding 3 angles and one complex phase to our

accounting of the number of SM parameters.
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L �

⇣
⌫†
eL

e†
L

⌘
i�̄µ

✓
�i

g
p
2

◆✓
�1 + i�2

2
W+

µ +
�1 � i�2

2
W+

µ

◆ 
⌫eL

eL

!
(2.31)

We can simplify the Pauli matrices:

�1 + i�2
2

=

 
0 1

0 0

!
,

�1 � i�2
2

=

 
0 0

1 0

!
(2.32)

L �

⇣
⌫†
eL

e†
L

⌘
i�̄µ

✓
�i

g
p
2

◆ 
0 W+

µ

W�
µ 0

! 
⌫eL

eL

!
=

g
p
2
⌫†
eL
�̄µW+

µ eL +
g
p
2
e†
L
�̄µW+

µ ⌫eL (2.33)

Note - each of these terms individually has a neutral electric charge since each of these interactions

respect charge conservation. Since there are also terms for the rest of the lepton generations, all six

of these terms can be expressed succinctly with an inner product over the generations:

L �
g
p
2

⇣
⌫†
eL

⌫†
µL

⌫†
⌧L

⌘
�̄µW+

µ

0

BB@

eL

µL

⌧L

1

CCA+ h.c. (2.34)

The above took the same flavor basis (for the interactions with the gauge bosons) as the mass

eigenbasis. In general (as we’ll see next for the quarks) these two bases are not simultaneously

diagonalizable. However, when the neutrino masses are zero, we are free to choose any unitary matrix

to mix the flavor states of the neutrinos, which we choose such that the flavor and mass matrices are

simultaneously diagonalizable – justifying the above presentation.

2.3.2 Quarks

Yukawa interactions

Both the up and down type quarks are massive, so we need the vev to interact with both components

of this field. Since the W + takes a positive unit of charge to turn a positron into a neutrino (or an

up-type quark into a down-type quark), by analogy, we can see that we will need a W � boson to

turn a down-type quark into an up-type quark, which guides how to set up the Lagrangian for the

quark Yukawa terms:
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L ⇢� yd
⇣
u†
L

d†
L

⌘ �+

�0

!
dR � ys

⇣
c†
L

s†
L

⌘ �+

�0

!
sR � yb

⇣
t†
L

b†
L

⌘ �+

�0

!
bR (2.35)

� yu
⇣
u†
L

d†
L

⌘ �0

��

!
uR � yc

⇣
c†
L

s†
L

⌘ �0

��

!
cR � yt

⇣
t†
L

b†
L

⌘ �0

��

!
tR + h.c. (2.36)

We can still expand about the vev for �0 = vp
2
, �+ = �� = 0. This gives:

L ⇢�
ydv
p
2
d†
L
dR �

ysv
p
2
s†
L
sR �

ybv
p
2
b†
L
bR �

yuv
p
2
u†
L
uR �

ycv
p
2
c†
L
cR �

ytv
p
2
t†
L
tR + h.c. (2.37)

or in the mass diagonal basis:

L � �(d†
L

s†
L

b†
L
)

0

BB@

ydvp
2

ysvp
2

ybvp
2

1

CCA

0

BB@

dR

sR

bR

1

CCA� (u†
L

c†
L

t†
L
)

0

BB@

yuvp
2

ycvp
2

ytvp
2

1

CCA

0

BB@

uR

cR

tR

1

CCA+h.c. (2.38)

Again, we have the fermions getting their masses from interaction with the Higgs vev, and mq =
yqv
p
2

.

Weak interactions

For the weak interactions, now we will denote the quark flavor eigenstates with an “F” subscript.

Similar to what we saw for the leptons, the interactions with the W bosons can be expressed as:

L �
g
p
2

⇣
u†
L,F

c†
L,F

t†
L,F

⌘
�̄µW+

µ

0

BB@

dL,F

sL,F

bL,F

1

CCA+ h.c. (2.39)

The mass and flavor bases for the up and down type quarks can be related by a unitary transformation:

0

BB@

dL,F

sL,F

bL,F

1

CCA = Ud

0

BB@

dL

sL

bL

1

CCA ,

0

BB@

uL,F

cL,F

tL,F

1

CCA

†

= U†
u

0

BB@

uL

cL

tL

1

CCA

†

. (2.40)

We can plug these expressions back into the Lagrangian to get:

L �
g
p
2

⇣
u†
L

c†
L

t†
L

⌘
VCKM�̄

µW+

µ

0

BB@

dL

sL

bL

1

CCA+ h.c., (2.41)
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where VCKM = U†
uUd is the Cabibbo-Kobayashi-Maskawa (CKM) matrix. Since both generations of

quarks are massive, this matrix is non-diagonalizable and dictates the degree to which the flavor

interactions couple the quarks between each other. This VCKM is a 3⇥ 3 unitary matrix, which in

general would need to be represented by 9 numbers, the three Euler angles, and 6 complex phases.

However, five of these phases can be absorbed by redefining the phases on the quark fermion fields.

This still leaves one phase left over since the Lagrangian needs to stay real.

The common parametrization of the CKM matrix is:

VCKM =

0

BB@

1 0 0

0 cos ✓23 sin ✓23

0 � sin ✓23 cos ✓23

1

CCA

0

BB@

cos ✓13 0 e�i� sin ✓13

0 1 0

�ei� sin ✓13 0 cos ✓13

1

CCA

0

BB@

cos ✓12 sin ✓c 0

� sin ✓c cos ✓c 0

0 0 1

1

CCA (2.42)

These angles and phases are measured to be: sin ✓12 = 0.2245, sin ✓23 = 0.042, sin ✓13, and � = 1.2.

The left-over phase � causes the particle and anti-particle interactions to be di↵erent, resulting in

CP violation in the quark sector. The size of the CP violation term is controlled by sin ✓13, so since

sin ✓13 is small, the CP violation in the quark sector isn’t large. When these angles and phases are

plugged in and the matrices are multiplied out, the CKM matrix is:

VCKM =

0

BB@

0.972 0.225 0.003

0.225 0.973 0.041

0.009 0.040 0.999

1

CCA (2.43)

It’s nearly diagonal, which means that the quarks couple most strongly within a generation.

2.4 Quantum Chromodynamics

There is one last force for the interactions of quarks, which is Quantum Chromodynamics (QCD),

which has some interesting phenomenology for collider events.. The mediator of the strong force is

the gluon, a massless, spin 1 particle:

Aa

µ(x)! Aa

µ(x) +
1

gs
@µ↵

a(x)� fabc↵b(x)Ac

µ(x), (2.44)

where gs is the coupling of QCD, also often called ↵S QCD in some sense is similar to QED, except

it is a non-Abelian gauge theory (the fabc
6= 0 in QCD), which gives gluon self-interaction vertices,

as shown in Figure 2.1. Just as the generator for fermions (in the SU(2) group) are the Pauli spinors,
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the generators for the QCD group are given by the eight Gell-Mann matrices:

�1 =

0

BB@

0 1

1 0

0

1

CCA , �2 =

0

BB@

0 �i

i 0

0

1

CCA , �3 =

0

BB@

1

�1

0

1

CCA , �4 =

0

BB@

1

0

1

1

CCA , (2.45)

�5 =

0

BB@

0 �i

0

i 0

1

CCA , �6 =

0

BB@

0

0 1

1 0

1

CCA , �7 =

0

BB@

0

0 �i

i 0

1

CCA , �8 =
1
p
3

0

BB@

1

1

�2

1

CCA .

The group describing the strong force is the SU(3) group, and the unit of charge that it carries is

the color charge. Although many experiments tried to isolate a quark, they all proved unsuccessful.

Each of the quarks carries a color, which could be red, green, blue.4 We now understand the result

of not seeing any free quarks in nature by a postulate, the confinement principle, that says there

are no free objects with color. In analogy with light, the combination of all three of these colors

gives a colorless particle. Experimentally, this means we observe either a baryon with three quarks

carrying the red, green, and blue color or a meson, a quark anti-quark pair carrying the color and

corresponding anti-color. A hadron is either a meson or a baryon.

Q (GeV)
5 6 7 8 10 20 30 40 100 200 300 1000 2000

(Q
)

S
α

0.08

0.1

0.12

0.14

0.16

0.18

0.2

0.22

0.24
 -0.0043
+0.0060) = 0.1164z(MSα = 8TeV, sCMS Incl.Jet, 

 = 8TeVsCMS Incl.Jet, 
 = 7TeVs , 32CMS R

 = 7TeVsCMS Incl.Jet , 
 = 7TeVs , tCMS t

 = 7TeVsCMS 3-Jet Mass , 
D0 Incl.Jet
D0 Angular Correlation
H1
ZEUS

 0.0011±) = 0.1181 z(MSαWorld Avg 

CMS

Figure 2.3: Collection of measurements illustrating the running of ↵S [21]. The strength of the
coupling decreases as the energy, Q, increases.

Figure 2.3 shows how the strength of the coupling decreases as the energy scale increases. So the

mechanics of perturbation theory will only be valid for high energies. This also means that the force

increases with distance (exactly opposite to the the 1

r
2 force field from gravity and electromagnetism).

Two aspects in which QCD is important for this thesis are: (1) how quarks are observed

experimentally as jets and (2) how we search for new physics with the collisions of the constituents of

4
Calling this property color is purely whimsical as it doesn’t have to do with the colors from the reflectivity of light.
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protons, which are described by the parton distribution functions. These topics are briefly explained

in the following subsections.

2.4.1 Jets

Figure 2.4(a) illustrates what happens to a quark as it gets pulled away from another quark. The

force between the two quarks increases with the distance, until it becomes energetically favorable for

quark / anti-quark pairs to pop out of the vacuum to balance the color charge imbalance by forming

color-neutral hadrons.

For the quarks produced by electroweak interactions at the LHC, the energies are high and

GeV range. The strength of the coupling at the Z mass is ↵S(mZ) = 0.12, so the mechanics of

perturbation theory are valid, and we can treat the quarks and gluons like useful quasiparticles [22].

Additionally, at high energies, QCD is a conformal field theory, which means the force doesn’t have

an intrinsic scale. (Strictly this is not true, because Figure 2.3 shows the running of the coupling

with the energy scale, but at high energies the slope of ↵S is close enough to horizontal that this is a

useful approximation to understand the jet formation.)

A quark flying away from the collision point will radiate a gluon and then the gluon will pair

produce a quark / anti-quark pair.5 This process continues in a cascade reaction until the energy of

the final quarks and gluons is low enough (below a cuto↵ scale of ⇤QCD ⇡ 100 GeV) that they will

form stable hadrons. These final hadrons give a collimated stream of particles going in the direction

of original quark, as shown in Figure 2.4(b). A clustering algorithm defines the jet, which is a proxy

for the kinematics of the original quark, and Chapter 5.3 describes how these jets are defined.

(a) (b)

Figure 2.4: Left: Confinement principle illustration [24]. As two quarks are pulled apart, there
will be a new quark / anti-quark pair to keep each object color neutral. Right: Illustration of the
formation of a jet.

5
A gluon also creates a similar signature in the detector, but the first step has the gluon splitting into a qq̄ pair.

The discrimination of jets initiated by quarks and gluons is an active area of research in collider physics [23].
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2.4.2 Parton distribution functions

This thesis works with a dataset created from proton

collisions. A proton is made up of two up quarks (charge + 2

3
)

and one down quark (charge � 1

3
), which are called “valence

quarks” and dictate the quantum numbers of the proton

(such as charge and spin). The strong force holds the proton

together via the gluons. In the midst of these gluons, there

are also numerous “sea quarks” which can pop into existence

out of the vacuum, as shown in Figure 2.5. Figure 2.5: Partons in the proton, with the
valence quarks in color, and the sea quarks
in white [25].

Each parton, quark and gluon constituent i in the proton, will only carry a fraction xi of the

proton’s momentum. Summing over the partons in each proton gives the total pp cross-section:

�A,B!X =
X

a,b

Z
1

0

dx1dx2f
A

a (x1)f
B

b (x2)�a,b!X , (2.46)

where A,B are the protons, a and b are the constituents, and the functions fA

a (x1) and fB

b (x2) are

the parton distribution functions (pdfs). These pdfs depend on the momentum transfer, Q, of the

interaction, as shown in Figure 2.6. At Q2 = 10 GeV2 the peaks for the valence (up and down) quark

pdfs at high xi are clear. At high x, fu(x) is approximately twice as large as fd(x). Higher energies

probe shorter distances, and at Q2 = 104 GeV2 the sea quarks and gluons start to carry more of the

proton’s momentum.
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Figure 2.6: The proton’s pdfs for Q2 = 10 GeV2 (left) and Q2 = 104 GeV2 (right) [26].
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The partons carry a range of momenta, making a proton collider an ideal discovery machine as a

range of energies can be probed with one machine setting.

Figure 2.7 summarizes the steps described in the previous two subsections. The partons collide

and the electroweak ttH event is shown in the red blob in the top hemisphere of the event. Also

visible at this hadron collider are the high number of jets that are produced, making these complex

events to reconstruct and analyze, which will be further described in Chapter 5.

Figure 2.7: Event from a Monte Carlo generator [27]. The protons come in from the left and right,
and the top red circle shows two gluons giving a ttH event. The lower purple blob is another parton
collision coming from the same protons. The quarks and gluons fragment into other quarks and
gluons. The light green blobs show the circles condensing into hadrons, while the dark green circles
show the hadron decays.
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2.5 What we’ve learned about the Higgs

The final free parameter of the SM to be measured was the Higgs mass, but a priori, there was little

theoretical guidance for what mass scale it might be at. This is underscored by a quote from John

Ellis, et. al. back in 1975:

We should perhaps finish our paper with an apology and a caution. We apologize to

experimentalists for having no idea what is the mass of the Higgs boson, . . . , and for not

being sure of its couplings to other particles, except that they are probably all very small. [28]

Figure 2.8(a) indicates how the Higgs mass impacts the modes of particles it can decay into. Over

the past half-century, the experiments started chipping away at the allowed parameter space. In the

e+e� collisions at LEP, searches from the Higgs produced in association with the Z boson gave a

lower bound of the Higgs mass of 114.5 GeV. Searching for the Higgs in H !WW decays at the

Tevatron (and early ATLAS and CMS LHC results) gave upper limits on the Higgs mass around

130 GeV [18]. Additionally, fits to the electroweak data (including the W mass and electroweak

precision observables) as a function of the Higgs mass indicated the plausible range for mH , and

these constraints from the beginning of 2012 are summarized in Figure 2.8(b). It was becoming

increasingly clear that there was a narrow allowed mass range for the SM Higgs.

(a) (b)

Figure 2.8: Left: The Higgs branching ratio for the leading decay modes as a function of the Higgs
mass [29]. The dashed line indicates the measured Higgs mass at 125 GeV. Right: Allowed mass
range for the Higgs boson at the beginning of 2012 [28]. The yellow regions are excluded by LEP and
the Tevatron and LHC, while the parabolas indicate the ��2 = �2

� �2

min from the electoweak fits.
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On July 4th 2012 that the ATLAS and CMS experiments o�cially announced their discovery of

the Higgs boson with a mass of 125 GeV [10, 11]. These discoveries were made in the clean decay

modes with H ! ZZ ⇤
! 4` and H ! ��, and updated versions of these discovery plots with the

latest dataset from ATLAS are shown in Figure 2.9.
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Figure 2.9: The invariant mass in the two channels used for the Higgs discovery: H ! ZZ ! 4` [30]
(left) and H ! �� [31] (right).

After determining the Higgs mass, the e↵ort began to test the sundry SM predictions to see if

the new particle was the SM Higgs boson, or indicative of BSM physics. One such test is the Higgs

production modes, which are shown in Figure 2.10.
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Figure 2.10: Higgs production modes at the LHC: (a) ggF, (b) VBF, (c) VH, (d) ttH, and (e) tH [32].

The leading production mode is gluon-gluon fusion (ggF) accounting for 87% of the overall cross-

section. The massless gluon has no direct coupling with the Higgs, but this production is dominant

because of the large top Yukawa coupling in the loop, and also because of the large gluon pdfs (as

shown in Figure 2.6). The next leading production modes involve couplings to the electroweak bosons

with vector boson fusion (VBF) accounting for 7% and higgsstrahlung, with a Higgs radiating o↵

a W or Z vector boson (VH), accounting for 4%. The last production modes take advantage of

the large top Yukawa coupling with ttH and tH accounting for 1% and 0.05% of the cross-section,
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respectively.6 In the 10 years since the Higgs discovery, Figure 2.11(a) shows we have now observed

the four leading production modes consistent with the SM expectation, and the observed (expected)

upper limit on tH production is 15 (7) times the SM prediction.
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Figure 2.11: The Higgs production (left) and decay (right) modes. In the subpanels, the vertical line
delineates the processes with a 5� observation and the process that have lower significance [32].

Furthermore, Figure 2.8(a) shows that a 125 GeV Higgs mass fortuitously opens up a large

number of decay modes with non-negligible branching ratios to test the Higgs sector. In the past

10 years, we’ve started searching for almost all of these decay modes shown. Figure 2.11(b) shows

we’ve observed the decays to the kinematically accessible 3rd generation fermions, as well as the

electroweak bosons. Excitingly, in Run 2 we’ve also started to gain sensitivity to the rarer modes,

with H ! µµ having an observed (expected) significance of 2.0� (1.7�), and H ! Z� having an

observed (expected) significance of 2.3� (1.1�).

Additionally, as described earlier in this chapter, the SM predicts that the fermion couplings

scale linearly with the masses, and with the square of the vector boson masses. Figure 2.12 shows

good agreement with the SM prediction. However, the log-log on plot does mean that the errors

on the couplings to 2nd generation particles are quite a bit larger, and currently, there are observed

(expected) upper limits for the charm coupling of 5.7 (7.6) times less than the SM value.

6
The corresponding associated production with b-quarks, bbH, is experimentally indistinguishable from ggF as

there is a lower e�ciency for identifying the b-jets in the forward region of the detector. The bbH production mode is

added to ggF in the signal strength fit (adding 1% to the ggF cross-section) and these signal strengths are fit together,

as noted in the label on Figure 2.11(a).
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Additionally, the SM predicts that the Higgs is a spin 0, CP even7. The SM hypothesis has been

tested against the other BSM possibilities, and we have evidence that the Higgs is indeed spin 0, and

CP even [33].

Finally, the SM predicts that the Higgs width is �H = ~
⌧H

= 4.14 ± 0.02 MeV, which is much

smaller than the O(GeV) detector resolution. However, the ratio of the on-shell and o↵-shell cross-

sections in H ! ZZ is proportional to the Higgs lifetime [34, 35]. ATLAS recently used these

cross-section measurements to constrain �H = 4.6+2.6

2.5 MeV at the 68% confidence level [36].

Given this slew of recent results, thus far the Higgs is seeming consistent with the picture built

up by the SM. Central to the whole Higgs of the is the �4 potential elaborated on in Chapter 2.2. So

another crucial test for the higgs sector is to probe the form of the Higgs potential, V (�), for which

we need events with two Higgs bosons. Since the Higgs boson has direct interactions with almost all

of the SM particles, it’s exciting to test this model of electroweak symmetry breaking, and see if the

Higgs sector gives clues to some of the big open questions in physics described in Chapter 1. We save

a discussion of the phenomenology of the HH signals which probe form of the Higgs potential in

Chapter 9.

7
Symmetric under charge conjugation and parity transformations.
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The Large Hadron Collider

Every act of creation begins with an act of destruction.

– Pablo Picasso

The Large Hadron Collider (LHC) is a 27 km circumference particle accelerator straddling the

border between France and Switzerland, as shown in Figure 3.1 [37]. It is 100 m underground, and

accelerates bunches of protons to nearly the speed of light before smashing at the four collision points

where the ATLAS, CMS 1, LHCb, and ALICE detectors are located.

Geneva

CERN

ALICEATLAS

LHC

SPS

PS

BOOSTER

LHCbCMS

ALICE

ATLASLHCb

CMS

~100 m

Figure 3.1: Illustration of the LHC [38]

1
ATLAS and CMS are the two general-purpose detectors with similar physics goals: discovering the Higgs boson

and searching for BSM particles.
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This chapter summarizes the basics of the LHC including the accelerator complex (Chapter 3.1),

how the size of the dataset is quantified (Chapter 3.2), and describes relevant data-taking runs. The

concept of pile-up is introduced in Chapter 3.3.

3.1 The accelerator complex

The dipole magnetic field in the ring provides the centripetal force to keep the protons moving in a

circular trajectory.

q~v ⇥ ~B = �
mv2

R
r̂ =) p = qBR (3.1)

The acceleration happens in radio-frequency (RF) cavities, in straight segments along the ring. As

the beam energy increases, the magnetic field correspondingly increases to keep the protons exactly

in the ring. The LHC uses 1232 8 T superconducting dipole magnets to supply the magnetic field

for the centripetal force. The dipole magnets are made of NbTi cables and cooled to 1.9 K with

superfluid helium to keep them at the superconducting temperature. Higher-order magnets focus the

beams for a total of almost 10,000 LHC magnets. A given magnet can only support a O(100) range

in energy, so the sequence of rings is needed to accelerate the protons beam in stages.

The protons come from hydrogen by stripping o↵ the electrons, and then they are accelerated to

50 MeV in the Linac2 [39]. They are then injected into the Booster and accelerated to 1.4 GeV. The

Proton Synchrotron (PS) ring increases the energy to 25 GeV, while the Super Proton Synchrotron

(SPS) ring accelerates the protons to 450 GeV. Finally, the protons are injected into the LHC ring

and accelerated to 6.5 TeV for the dataset in this thesis. The LHC has two bunches of protons with

one accelerating clockwise, and the other accelerating counter-clockwise. The circular collider allows

the proton beams to use the same ring to accelerate the particles and then recycle the beams to

collide the bunches for up to a day before refilling the ring. In the LHC, one proton beam goes

clock-wise and the other goes counter-clockwise, and the two beam pipes are immersed in the same

magnetic field. Each proton bunch has 1011 protons, and the LHC can hold 2808 bunches in each

ring.

3.2 Luminosity

The rate is measured by the instantaneous luminosity, Li:

Li =
fNbn1n2

A
, (3.2)

where f is the frequency of a bunch circulating around the ring, Nb is the number of bunches in

the ring, n1 and n2 are the number of protons in the colliding bunches, and A is an e↵ective area

measuring the overlap of the two bunches. The units of the instantaneous luminosity are inverse area
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per unit time, and the common unit of area that we use in particle physics is a barn: 1 b= 10�22 m2.

The size of the dataset is quantified by the integrated luminosity, L, the integral of the instantaneous

luminosity over time:

L =

Z
T

0

Lidt. (3.3)

Then the number of predicted events is the product of L and the physics cross-section �:

N = L�. (3.4)

Figure 3.2 sets the scale for the cross-sections relevant at the LHC. At 13 TeV, the total cross-section

is ⇡ 100 mb – 18 orders of magnitude larger than the HH signal that the thesis searches for.
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dashed grey line indicates the Run 2 energy, while the dotted lines indicate other past or planned
collider energies [40].
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Since the physics processes of interest have cross-sections that are so rare compared to the overall

event rate, the beam parameters have been modified over the years of data taking to increase the

instantaneous luminosity. Figure 3.3 outlines the schedule for the LHC data taking. Data taking for

the LHC started in 2011 at an operating energy of 7 TeV, increasing to an energy of 8 TeV in 2012.

This was the Run 1 dataset used for the Higgs discovery [10, 11]. The Run 2 period of data taking

went from 2015 – 2018 at an energy of 13 TeV, and is the dataset used for this thesis. Although

the LHC’s designed peak instantaneous luminosity was Li = 1034 fb�1, in Run 2 the instantaneous

luminosity was increased to up to twice this design luminosity. The LHC is currently taking data

at 13.6 TeV for Run 3, which will double our dataset size. Then in the next seven years after a

substantial upgrade to both the detectors and collider, the HL-LHC will collect data at 14 TeV and

at a rate of up 7.5 times larger than the design instantaneous luminosity. The HL-LHC will increase

the dataset size by another factor of 10.
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Figure 3.3: Schedule for the LHC data taking [41]. The center of mass energy is indicated by the red
horizontal lines above the timeline, while the instantaneous luminosity is shown in the red graphs
below.

Figure 3.4 tracks the increase in the

integrated luminosity during Run 2.

While the LHC delivered L = 156 fb�1

of data, it’s only the data that was

recorded by the detector with all of the

corresponding subsystems operational is

usable for physics. Hence, most LHC

Run 2 analyses use the main trigger

stream with L = 139 fb�1.
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3.3 Pileup

While increasing the instantaneous luminosity does increase the number of signal events, it also

increases the number of extraneous collisions, called pile-up (PU). There are two types of PU that

we deal with. The first is in-time PU created from the additional proton-proton collisions in a single

bunch crossing. This is characterized by hµi, the average number of collisions per bunch crossing,

and Figure 3.5 shows the hµi distribution in Run 2, and demonstrates how we were able to increase

the instantaneous luminosity as we understood the collider and detectors better through the run.

The proton collisions happen every 25 ns, but this is faster than the readout time for some of the

detector subsystems. The out-of time PU refers to the pile-up from other bunch-crossing that can

have overlap with the current readout chain.
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The ATLAS detector

I never watch the stars – there’s so much down here.

– Lorde “Yellow Flicker Beat”

The ATLAS detector records the data from the proton-proton collisions, and is a 45 m long, 25

m tall cylinder, as shown in Figure 4.1. It has nearly hermetic coverage around the interaction point.

Figure 4.1: The ATLAS detector [43]. The people depicted on the left indicate the detector scale.

29
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The detector elements are organized in layers to give a rich, multi-dimensional view of the

reconstructed event. Individual subsystems are optimized to identify the sundry stable particles that

come out of the collision, as depicted in Figure 4.2. This chapter enumerates the relevant details of

these subsystems for the object identification and subsequent physics analysis most pertinent to this

thesis work.

Muon
Spectrometer

Hadronic
Calorimeter

Proton
¡Neutrino

Thedashedtracks
areinvisibleto
thedetector

Neutron
Muon

Electromagnetic
Calorimeter

Tracking

Electron

Solenoidmagnet
Transition
Radiation
Tracker

Pixel/SCTdetector

Photon

Figure 4.2: Schematic of di↵erent detector subsystems optimized for di↵erent particles [44].

The inner detector provides charged particle tracking information closest to the interaction point.

It is immersed in a 2 T solenoidal magnetic field to bend the trajectories of charged particles and

measure the momentum. The subsystems of the inner detector are described in Chapter 4.1 Energy

measurement is made in two parts: with an electromagnetic and hadronic calorimeter described

in Chapter 4.2. Finally, the outermost layer of the detector is the muon spectrometer, with a 4 T

toroidal magnetic field Chapter 4.3. The trigger system decides which events to write to disk, and is

summarized in Chapter 4.4.
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ATLAS Coordinate System

ATLAS uses a right-handed coordinate system with the z-axis parallel to the proton beam, the x-axis

pointing into the center of the LHC, and the y-axis vertically up. Then a cylindrical coordinate

system is used. The azimuthal angle, � = arctan( y
x
), is defined in the plane transverse to the beam,

and the pseudorapidity, ⌘, measures the polar angle in the detector:

⌘ = � ln

✓
tan

✓
✓

2

◆◆
. (4.1)

Figure 4.3 shows the relation between ✓ and ⌘. In the relativistic limit (m << |p| – relevant for the

final state stable particles such as electrons, muons and pions), the pseudo-rapidity approaches the

rapidity y = 1

2
ln E+pz

E�pz

. This is a natural variable for hadron colliders as di↵erences in rapidity are

invariant to boosts along the z axis.

Figure 4.3: Relation between ⌘ and ✓ [45].

As the momentum in the z direction of the colliding partons is not known, momentum is only

conserved in the transverse plane. Thus, relevant momentum for object reconstruction is the

transverse momentum:

pT =
q
p2x + p2y. (4.2)

When the momentum is defined from a calorimeter measurement, ET (transverse energy) is used

instead of pT . These detector variables are related to four-momentum components using the relations:

(E, px, py, pz) = (E, pT cos�, pT sin�, pT sinh ⌘) (4.3)

p = pT cosh ⌘ (4.4)

Each of the detector subsystems consists of a cylindrical barrel and the ⌘ coverage is extended by

including endcaps, which detectors shaped like circular disks oriented transverse to the beamline.
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4.1 Inner Detector

Cutaway views of the inner detector (ID) for ATLAS are shown in Figure 4.4. With hundreds of

tracks emerging from the interaction point every 25 ns [46], the ID is divided into three di↵erent

regions to optimize the pattern recognition and momentum measurement algorithms [43]. The pixel

detector has the most precision, and is the subsystem closest to the interaction point. The pixel

detector also has the highest cost per unit area, so the next least expensive tracking option is the

silicon microstrip trackers (SCTs), at the next farthest region away from the interaction point. Finally,

the Transition Radiation Trackers (TRTs) compose the outermost region of the inner detector. The

inner detector is immersed in a 2 T magnetic field pointing along the z direction and the momentum

of the charged particles is measured from the curvature of the tracks in the magnetic field.

(a) (b)

Figure 4.4: Illustration of the subsystems in the ATLAS Inner Detector with the full layout including
the endcaps (left) and just the barrel at ⌘ = 0.3 (right) [43, 47]. The IBL is not pictured here as it
was installed at the end of Run 1.

Table 4.1 enumerates the positions of the barrel and endcaps layers for each subsystem, and the

following subsections go into more detail for each component.

Subsystem Barrel Endcap

# layers r [mm] z [mm] # disks r [mm] z [mm]

IBL 1 33.25 330.15 – – –
Pixel 3 50.5 – 122.5 400.5 2 ⇥ 3 88.8 – 149.6 495–650
SCT 4 299 – 514 749 2 ⇥ 9 275 – 560 839 – 2735
TRT 73 563 – 1066 712 160 644 – 1004 842 – 2710

Table 4.1: List of the dimensions of the subsystems in the ID [43, 48].



4. THE ATLAS DETECTOR 33

4.1.1 Pixel Detector

The pixel detector uses the interaction of charged particles in

silicon to identify the trajectory, as illustrated in Figure 4.5. As a

particle passes through the pixel sensor, it creates electron-hole

pairs that are separated by the electric field and accelerated to

the metal contacts where the charge is read out by the electronics.

The charged particle is not stopped but will continue to leave hits

in the subsequent layers of the tracker which can then be used

to reconstruct the charged particle trajectory using algorithms

described in Chapter 5.1.

Figure 4.5: How a silicon detector
tracks incident particles [49].

The ATLAS pixel detectors use silicon wafers with “n+-in-n” regions to create the sensors [47],

as shown in Figure 4.6(a). The n+ is an electron-rich region is created by infusing the bulk silicon

(which has 4 valence electrons) with nitrogen atoms (which have five valence electrons), and the

positive charge comes from the di↵usion of electrons away from the region. The “in” region is the

intrinsic (or un-doped) region. The other side of the wafer has n-type contacts, which are also created

by doping with nitrogen atoms, but with a lower doping level than the n+ region at the bottom of

the wafer. To prevent the flow of electrons away from these n-type contacts, a voltage di↵erence

is applied across the two contacts grounding the n-contacts and using a negative voltage at the n+

contact to create an electric field to keep the electrons in the n-region. The electron-hole pairs are

created when an incident particle crosses through the intrinsic region and the signal is read out by

the electrons which travel to the grounded n-region contacts.

(a) (b)

Figure 4.6: ATLAS pixel sensors [47]. Initially they have an n+-in-n configuration (left figure), but the
irradiation creates a “type-inversion” and subsequently the sensors operate in a p-in-n configuration
(right figure). [47]
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The holes from the signal are drawn to the n+ region, and the surplus of holes will eventually

balance and become greater than the number of electrons. The n+ region will turn into a p-type

region, a phenomenon called “type inversion”, illustrated in Figure 4.6(b). Since now the sensor has

both p and n-type regions, it is now a reverse-biased diode. This type inversion happens after a

particle fluency of �eq ⇡ 2 · 1013 cm�2. As the sensor becomes more irradiated, the size p-type region

grows, and once it grows large enough that a conductive channel forms between the two contacts,

the sensor can no longer separate electrons and holes to detect incident particles. This rate of charge

carrier increase is moderated by using oxygen-infused silicon to create a sensor that will be able to

last longer [47].

The original ATLAS pixel detector (from Run 1) has 80 million [50] rectangular 50 µm⇥400 µm

where the longer dimension of the pixel is in the z direction and the shorter dimension of the pixel is

in the transverse direction. These 80 million channels are divided into three cylindrical layers, shown

in Figure 4.4(b) and three endcap disks on each side of the cylinder. The pixel detector fits in a

1.442 m long cylinder with a 0.43 m radius [47]. The pixel detector has coverage for |⌘| < 2.5 [50].

Since the pixel detector is so close to the interaction point, its electronics must be able to withstand

high radiation doses of up to 500 kGy. The p-n diodes can experience a leakage current when an

electron-hole pair has enough energy to overcome the potential barrier. The detector is cooled to

-�6�C to minimize the spontaneous generation of electron-hole pairs.

Between Run 1 and Run 2 of data taking an Insertable B-Layer (IBL) [51, 52] was installed to

add an additional layer at a radius of 33.25 mm to cope with the increased luminosity in Run 2.

The IBL pixels have a size of 50 ⇥ 200 µm2, and adds more than 12 million additional readout

channels. The smaller pixel size in the z direction helps improves the longitudinal impact parameter1

resolution. The proximity to the interaction point mitigates the impact of multiple scattering, which

also improves the track’s impact parameter resolution, with the corresponding improvement shown

in Figure 4.7. This directly improves our ability to tag b-jets, improving our e�ciency of rejecting

light (charm) jets by up to a factor of four (1.8) [52], with largest improvements at low pT where the

multiple scattering is more impactful. The b-tagging algorithms presented in Chapter 6–7 all benefit

from this improved track resolution.

1
The track’s impact parameter is the point of closest approach to a reference point, and will be further elaborated

on in Chapter 5.1
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(a) Transverse impact parameter resolution
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(b) Longitudinal impact parameter resolution

Figure 4.7: Impact of the IBL on the track’s momentum resolution, as a function of track pT. The
2012 data is from Run 1 and does not include the IBL, while the 2015 data from Run 2 shows the
lower (better) resolution with the IBL included [53].

4.1.2 Silicon Microstrip Trackers

The Silicon Microstrip Trackers (SCTs) also use silicon technology, except the readout is only in 1d

instead of 2d using an 80µm ⇥ 12 cm strip channel area. The strips are read out on both sides of

the silicon modules which are rotated at a stereo angle of 40 mrad relative to each other. These two

2d measurements are combined to recreate the incident particle location. There are four barrel layers

and 9 disks in each of the two endcaps with 6.3 million read-out channels. The SCT sensors use

p-in-n sensors directly and have an e↵ective operating voltage determined by the e↵ective doping

level, and their leakage current also increases linearly with radiation dose. Initially the operating

voltage was 150 V, but increased up to 250 to 350 V to compensate for the radiation dose after 10

years of operation.

4.1.3 Transition Radiation Tracker

The Transition Radiation Tracker (TRT) is the outermost region of the ID and composed of 4 mm

diameter polyimide drift tubes (straws) filled with gas with an admixture of 70% Xe, 27% CO2, and

3% O2 [43]. In the center of the tube is an anode with a 31 µm diameter cylinder of tungsten wire,

as shown in Figure 4.8. The anode is grounded and connected to the front-end electronics, while

the inside of the tube are cathodes coated with gold and held at �1.5 kV. Each tube operates as a

proportional drift chamber where an incident particle in a straw ionizes the gas molecules to free

electrons and create positive ions. These electrons accelerate through the electric field to the anode

to create an avalanche as these electrons ionize other atoms with a gain of 2.5⇥ 104. Although the

silicon trackers need to be cooled between �5 to �10�C, the TRTs operate at room temperature.

The straws are 1.44 m long in the barrel and arranged parallel to the beamline, as shown in
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Figure 4.8: Principle of operation for the TRT [54]

Figure 4.4(b). The barrel straws are read out at each end of the tube, and the middle of the tube is

insulated with a glass layer to reduce the occupancy of the hits. The straws in the endcap are 37 cm

long, and are arranged radially outward, as shown in Figure 4.4(a). The endcap tubes readout the

signals at the outer radius of the tube. The TRT has a total of 420 thousand readout channels. The

barrel of the TRT only gives (r, z) information while the endcaps only have (z,�) information. An

outgoing particle will hit about 36 TRT tubes, and although the TRT hits are less precise than the

silicon ones, having more hits improves the momentum resolution.

“Transition radiation” is emitted by a relativistic particle as it traverses a boundary between

materials with di↵erent permittivities. Electrons emit more transition radiation than pions, and

this di↵erence in the transition radiation is measured by the TRT and helps the electron and pion

discrimination.

During its lifetime, a straw detector can track 1015 particles, and a total integrated charge of

1000 C, which corresponds to 20 years of the LHC’s operation. With the HL-LHC upgrade, the TRT

tracker will be replaced with the ITk – an inner detector entirely made of silicon.

4.1.4 Tracker Resolution

The resolution of the tracker is given by:

�

✓
1

pT

◆
= 0.036%pT

M
1.3%. (4.5)

Lower momentum tracks have a tighter radius of curvature, so we generally have better momentum

resolution for low pT tracks. However, for tracks with pT below a GeV, the multiple scattering will

start to degrade the track resolution.
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4.2 Calorimeter

Calorimetry literally means “heat measurement.” The incident particle interacts with the material

in the detector to form a shower of particles that are decelerated and absorbed in the detector

material to reconstruct the original particle’s energy. The ATLAS calorimeter (shown in Figure 4.9)

is divided into two parts: the electromagnetic calorimeter (ECAL) and the hadronic calorimeter

(HCAL). The ECAL has higher precision than the HCAL and is designed to measure (and contain)

the electromagnetic interactions. The hadronic interactions happen in both ECAL and HCAL, but

longer interaction length for the particles interacting by the strong force means their showers are

generally stopped in the HCAL.

Figure 4.9: Calorimeter system at ATLAS [43].
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4.2.1 ECAL

EM shower

Figure 4.10: The development of an
electromagnetic shower [55]. The dashed
lines and numbers indicate the number
of radiation lengths, X0.

Incident electrons (and positrons) emit a photon by

Bremsstrahlung radiation in a distance characterized by

the radiation length, X0. The photons in turn pair-

produce electrons and positrons in an average distance of
9

7
X0. This process continues as electromagnetic shower

develops in a cascade process, as illustrated in Figure 4.10.

The showering process once the final particle’s energy

falls below the critical energy, Ec = 610 MeV

Z+1.24
, and the

signal is then read out by the electronics. The shower

length is logarithmic with the particle energy, allowing a

single calorimeter to measure several decades of incident

energies.

The radiation length is given by:

X0 =
716.4 g · cm�2A

Z(Z + 1) ln 287p
Z

, . (4.6)

where A is the number of nucleons and Z is the atomic number of the detector material [56].2

Figure 4.11: Schematic illustrating how a sampling
calorimeter causes an incident particle to form a
shower more quickly. [58]

A sampling calorimeter divides the calorimeter

into absorber and active slabs, shown in

Figure 4.11. The absorber slabs use a high

Z material with a smaller radiation length so

the shower develops more quickly. The energy

deposited in the active region of the calorimeter

is measured, and the total energy is the energy

deposited in the absorbing region divided by a

scale factor, fsampling = Evisible/Edeposited. A

sampling calorimeter contains the shower in a

smaller detector to help minimize the cost of the experiment. However, the sampling method is not

as precise as only a fraction of the energy is measured, and fluctuations proportional to
p
E for

Poisson statistics introduce extra errors into the measurements.

2
The units of X0 are [density] ⇥ [length], so dividing by the density corresponds to the particle’s distance traveled

in the material before undergoing an interaction [57].
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Liquid Argon Detector

The ATLAS ECAL is a sampling calorimeter arranged in an accordion structure. Figure 4.12 justifies

this accordion shape design choice. If the sampling slabs were perpendicular to the incident particle –

which allows us to accurately measure the particle energy. However, the ECAL cylinders are very

large (6.4 m long, with an outer (inner) radius of 4 m (2.8 m)). The long cables needed to read

out the signals from the sides of the detectors add an extra 10 – 20 ps to the signal collection time,

which would degrade the resolution due to out-of-time pile-up (PU). Alternatively, placing the plane

parallel to the incident particles would give very poor energy resolution if the particle happened to

hit the absorber material of the sampling layer. Thus the accordion structure presents a goldilocks

solution that minimizes the cable length while preserving the reconstructed energy resolution.

Figure 4.12: Motivation for the accordion structure [59]

The high Z material (Z = 82) lead creates the shower, while the energy is measured in liquid

argon (LAr), a low Z material (Z = 18). The LAr scintillators are read out with wavelength-shifting

photosensors. The calorimeter is arranged in a tower structure with modules forming wedges pointing

back to the interaction point, shown in Figure 4.13. An electron or photon shower is contained within

a few modules or cells.

There are two calorimeter sections: the barrel covering |⌘| < 1.475 and the endcaps covering

1.375 < |⌘| < 3.2. Each of these sections has four layers: a pre-sampler (which helps discriminate

between electrons and pions), and three sampling layers. The segmentation in the barrel is �⌘ ⇥��

is 0.025⇥ 0.1 in the pre-sampler region, 0.0031⇥ 0.1 in the strips, 0.25⇥ 0.25 in the main region,

and 0.5⇥ 0.025 in the back region. This gives an energy resolution of the ECAL of:

�(E)

E
=

10%
p
E

M
0.7%

M 0.1%

E
. (4.7)

The first term (/ 1/
p
E) is the stochastic noise from the randomness in the number of particles

created in the shower and absorbed in the active material. The second (constant) term is due to
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Figure 4.13: Wedge with the accordion structure in the LAr calorimeter [60].

calibration errors and the inactive material present. The last term (/ 1/
p
E) is the noise term due

to the underlying PU and the electronics noise.

PU is more relevant in the calorimeter as the

signal collection time is 450 ns, which is a

factor of 18 longer than the bunch crossing

rate of 25 ns. To mitigate the impact of pile-

up, the calorimeter signals are reshaped, as

shown in Figure 4.14. The integral of a signal

pulse is zero to give a first-order cancelation of

the impact from out-of-time pile-up (described

in Chapter 3.3). The bunch crossing of the

signal can be deduced by fitting the sampled

pulse shape.
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Figure 4.14: Signal in the EM barrel calorimeter [61].
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4.2.2 HCAL

Hadronic showers develop similarly to the EM, but are characterized by the interaction length,

� = 37.8A0.312g · cm�2, the average distance that a particle travels before undergoing a nuclear

interaction. Since � is generally 5-10 times larger than X0 the hadronic showers take longer to

develop than the EM ones. The hadronic calorimeter (HCAL) is the layer just outside of the ECAL,

and measures the energy of the hadron shower. It is divided into three parts: the tile calorimeter,

the LAr hadronic end–cap calorimeter, and the LAr forward calorimeter, also shown in Figure 4.9.

As hadronic showers have higher intrinsic response fluctuations, the resolution of HCAL is coarser.

While the ECAL has over 180 readout channels, the HCAL adds only about 14 thousand readout

channels. The HCAL has an energy resolution of [62]:

�(E)

E
=

50%
p
E

M
3.4%

M 1%

E
, (4.8)

a factor of 5–10 worse than the ECAL energy resolution (from Eq. 4.7). The reconstructed energy

from the hadronic calorimeters is important for reconstructing quark and gluon pT, as will be

described in Chapter 5.3. The components of the HCAL are summarized in the following.

Tile Calorimeter

The tile calorimeter is just outside ECAL and has

an inner radius of 2.28 m and an outer radius

4.45 m. The barrel covers |⌘| < 1.0, while the

extended barrels cover 0.8 < |⌘| < 1.7. It is a

sampling calorimeter with a steel absorber and

scintillating tiles read out with wavelength-shifting

fibers and photomultiplier tubes, as shown in

Figure 4.15. Azimuthally divided into 64 modules,

the barrel is segmented into three regions at

1.5�, 1.8�, and 4.25�, while the extended barrel

has 1.5�, 2.6�, and 3.3� depth segmentation. At

⌘ = 0, the HCAL has a depth of 9.7� [43]. Figure 4.15: An element of the tile calorimeter
[43].

LAr hadronic end–cap calorimeter

The LAr hadronic endcap calorimeter has two wheels per endcap just behind the ECAL endcap and

is housed within the same LAr cryrostats. The wheels have two depth segments, 25 mm parallel

copper plates for the wheels closest to the interaction point, and 50 mm plates for the wheels farther

from the interaction point. The wheels are divided into 32 wedges, with inner and outer radii of
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0.475m and 2.03m, respectively. The copper plates are used as the absorbing material, and are filled

with LAr as the active sampling volume [43].

LAr forward calorimeter

The forward calorimeter covers 3.1 < |⌘| < 4.9 and is approximately 10 interaction lengths deep.

Each side has three modules, the first of copper for extending the ECAL, and the second two of

tungsten for the HCAL.

4.3 Muon Spectrometer

Although muons interact and deposit some of their energy in the calorimeter, they are minimum

ionizing particles and are not absorbed by the calorimeter and the muon spectrometer adds additional

hits for the muons to improve the muon track precision. The muon momentum is measured by the

deflection of their tracks in a 4 T toroidal magnetic field [43]. The muon detector is a gas detector

like the TRT, and operates according to similar principles.

Monitored Drift Tubes

The Monitored Drift Tubes (MDTs) are drift chambers that provide precision measurements of the

muon track. Each tube is made of aluminum with a 3 cm diameter (shown in Figure 4.16(a)) and

length between 0.9 and 6.2 m. The tube is filled with a 93% Ar, 7% CO2 gas mixture, at a pressure

of 3-bar [43]. It has a gain of 2⇥ 104 [43], similar to the TRT drift chambers (see Chapter 4.1.3). To

control the precision, the sag of the wires is minimized by three kinematical mounts to minimize

distortion due to the support, as shown in Figure 4.16(b). There are 1174 MDTs in the barrel of

ATLAS (|⌘| < 2).

(a) Illustration of how an MDT

works [43].

(b) Multi-layer MDT chamber with the support

structure [43].

Figure 4.16: Monitored Drift Tubes: MDTs
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Cathode Strip Chambers

For larger pseudorapidities (2 < |⌘| < 2.7), Cathode Strip Chambers (CSCs) are used for their higher

granularity in the endcap region [43]. This is a multi-wire proportional chamber with strip readout

with a sense wire pitch of 2.54 mm and a read–out strip pitch of 5.08 mm resulting in a 60 µm track

resolution [43].

The MDTs and CSCs together provide almost 40 thousand extra readout channels to give

high-precision hits for o✏ine track reconstruction.

Muon Trigger Subsystems

The hardware-based muon trigger identifies muons with high pT pointing back to the interaction

point [43]. Di↵erent subsystems are used for di↵erent regions of the muon detector to account for the

varying muon rates. In the barrel region, Resistive Plate Chambers (RPCs) are used. They’re

operated in avalanche mode, which allows large current outputs to be generated by a slight current

input. Each chamber has two gas-volumes read out with four planes of read-out strips to provide a

read-out on each end for each gas volume. The detector uses two RPCs surrounding the innermost

MDT layer tuned to detect a low pT threshold, and then a third outermost RDC tuned to detect

a high pT threshold as illustrated in Figure 4.17. The time–resolution of these devices is 2 ns. In

the endcaps, Thin Gap Chambers (TGCs) are operated in the saturation mode, which gives a

constant gain per unit of input current. The low and high momentum resolutions are ⇡ 30% and

⇡ 20%, respectively. The low pT muon measurement is limited by the multiple scattering and energy

fluctuations, while the high pT muon resolution is limited by the interaction region’s length.

Figure 4.17: Muon trigger system [43].
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4.4 Trigger system

Collisions every 25 ns give a data rate of more than 40 TB per second, and it is practically infeasible

to save all of these events. ATLAS utilizes a two stage of trigger that determine which events to save

and write to disk [43], with an overview in Figure 4.18.

Figure 4.18: Illustration of the data acquisition chain – a sequence of decisions in hardware (L1) and
software (HLT) which determines which events get saved [63].

The first stage is the Level I (L1) trigger takes a very coarse view of the detector and has a µs

to decide whether to keep the event. This prohibits computationally expensive algorithms (such as

tracking) being run, so L1 only looks at trigger objects using information from the calorimeter and

muon systems. Since these algorithms need to be very fast, they’re implemented in hardware using

field programmable gate arrays (FPGAs) before the electronic signals are read o↵ of the detector. It

reduces the rate by almost three orders of magnitude (to 100 kHz) for sending the electronic signals

o↵ of the detector.

The second stage is High Level Trigger (HLT) is the software based trigger system, that implements

an event reconstruction very similar to the o✏ine algorithms. At this stage, tracking information is

available, so b-tagging information can be used in the trigger decision (of particular importance for

the HH ! 4b analysis). There are several di↵erent “trigger streams” or combinations of selections

applied to the trigger objects to collect datasets of interest to the diverse physics program. Events

passed from all of these trigger steams get saved at a rate of 1 kHz while data is being taken.
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Event Reconstruction

The things which are seen are not made of the things which do appear.

– Hebrews 11:3

The task of event reconstruction involves taking electronic read-out signals from the 100 million

sensors in the detector to reconstruct the physics objects to use in high-level physics analyses. Since

the LHC collides protons, we produce lots of quarks and gluons in the final state, with an example of

the collimated spray of particles, or jet, produced in the detector shown in Figure 5.1. The HH ! 4b

analysis in this thesis also has a final state with a large number of jets, so this chapter emphasizes

the reconstruction of jets ad the tracks that are most important for this thesis work.

Figure 5.1: Illustration of what a jet looks like in our detector [64].

45



5. EVENT RECONSTRUCTION 46

This chapter is organized as follows. Chapter 5.1 discusses the reconstruction of the charged

particle trajectories in the inner detector. The tracks that originate from the same location are

then reconstructed into vertices, as described in Chapter 5.2. The unsupervised learning algorithms

that reconstructs the quark and gluon decay products into the “jets” are described in Chapter 5.3.

Finally, we conclude with the reconstruction of other objects less directly related to the HH ! 4b

analysis: electrons and photons in Chapter 5.5.1, muon tracks in Chapter 5.5.2, hadronic ⌧ decays in

Chapter 5.5.3, and the missing energy in Chapter 5.6.

5.1 Tracks

Inner detector (ID) tracks are reconstructed from the hits (or charge depositions) in the pixel, SCT,

and TRT detectors. With a set of spatial track hits, the parameters of the track can be defined with

a Kalman filter [65, 66]. A Kalman Filter extends the Hidden Markov Model for a continuous vector

space for the hidden state. The term Markovian means the full state of the system is encapsulated

by the track’s state, which is given in the perigee representation:

✓
q

p
, ✓,�, d0, z0

◆
, (5.1)

where the first three variables are the track’s momentum in polar coordinates, and the d0 and z0 are

the impact parameters which define how this track is displaced from a reference point, which is

either the center of the beam spot or the “primary vertex” (defined in Chapter 5.2). These track

parameters in three dimensions are illustrated in the graphic, Figure 5.2

Figure 5.2: Visualization of the track helix with the perigee parameters indicated [67].



5. EVENT RECONSTRUCTION 47

The Kalman Filter fits these perigee parameters minimizing the residuals, or the mean squared

error between the measurements and the prediction. It is a recursive estimator, so we iteratively

add measurements to the state vector, and also remove outliers. The fit returns both the perigee

parameters and the associated errors.

We also often consider two transverse projections which are shown in Figure ??. The relevant

variables on the graphic are also enumerated below.

Figure 5.3: The track in the transverse (left) and ⇢� (right) planes. The track in the perigee
representation is defined at the point of closest approach, P, relative to a reference position, R [68].

• R: reference position at which the tracks are defined, i.e, for b-tagging we use the primary

vertex of the collision as the reference point.

• d0: The transverse impact parameter, point of closest approach (POCA) in the transverse

plane with respect to R.

• z0 sin ✓: The longitudinal impact parameter, or the longitudinal displacement from the POCA

(defined in the transverse plane). The multiplication by sin ✓ term is included because it

characterizes the 2d distance from z0 to the closest point along the track trajectory.

5.1.1 Track reconstruction

The “hits” of the track are the space points used to reconstruct the track’s trajectory, as indicated

by the yellow dots in Figure 5.4. The pixel clusters directly give three-dimensional space points. The

strips readout is a 2d position, so the two strips from the front and back of the module need to be

combined with the 40 mrad stereo angle to give a 3d space-point. The TRT readout gives a 2d space

point with (r,�) in the barrel and (r, z) in the endcaps.
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Figure 5.4: Graphic for the ATLAS inside-out track reconstruction steps [69].

The primary ATLAS track reconstruction algorithm is the inside-out algorithm with starts

searching for hits in the silicon detector [70], with the steps enumerated below:

• Seed finding : Triplets of hits in the silicon detector are used to seed the track reconstruction.

The track seeds are indicated by the blue circles in Figure 5.4. With these three hits and

assuming a uniform magnetic field, a first estimate of the track parameters is obtained.

• Hit collection: The track is extrapolated into the other silicon layers and the hits are collected.

This is shown by the dashed blue circle in Figure 5.4.

• First track fit : A combinatorial Kalman filter uses these hits to refine the estimate of the track

parameters which is the Silicon Track Candidate. At this stage, there can be several track

candidates for each track seed.

• Ambiguity solving : A collection of NNs which decides whether a given cluster is shared between

two tracks and how to split the energy deposition between these multiple tracks [71]. We will

elaborate more on this step in the following section, Chapter 5.1.2. The result of this step is

the “silicon track”, shown in red in Figure 5.4.

• TRT extension: The silicon track is extended to the TRT and the compatible TRT hits are

included to improve the track’s momentum resolution.

To improve the e�ciency for tracks from decays displaced from the original collision point, an

outside-in track reconstruction algorithm is also used [70]. The track is seeded with hits from the

TRT. The track is extended to include hits from the silicon detector, with an ambiguity solver again

applied to mitigate the hit sharing between two tracks.
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5.1.2 Challenges in Dense Environments

A single charged particle can deposit its energy in multiple pixels due to a few di↵erent e↵ects [71]:

(1) an incidence angle for the particle, (2) the di↵usion of the electrons and holes as they drift to

the read-out electrodes, and (3) the drift of the electrons caused by the B-field. A track cluster is

between 1.4 – 3 pixels in the transverse direction and 1 and 3.5 pixels in the longitudinal direction

[71].

In the dense environment at the core of the jet, the corresponding charged particles will be more

collimated, and it can become more di�cult to reconstruct the trajectories as the charge depositions

are overlapping. Figure 5.5(a) shows how the energy depositions of the charged particles can make

it di�cult for the track reconstruction algorithm to reconstruct the individual particle trajectories.

Additionally, more energetic jets will have more fragmentation tracks, thus decreasing the distance

between the tracks becomes smaller. Figure 5.5(b) shows the average distance between the closest

two particles in the jet as a function of jet pT. For jets with pT > 200 GeV, the average longitudinal

separation is smaller than the size of the pixel detector1. The pixel feature size is smaller in the

transverse direction, but jets with pT > 1 TeV will also have constituents closer than the pixel size.

(a) (b)

Figure 5.5: Illustration of the challenges for reconstructing the charged particle trajectories in the
dense environments at the core of jets [71]. Left: In the core of a jet, several charged particles can
be reconstructed in a single cluster. Right: The average separation (both in the transverse, x, and
longitudinal, y directions) of the closest stable particles in jets as a function of jet pT. Also shown on
the figure is the pixel size for the standard pixels and the IBL pixels.

To enhance the track reconstruction for high pT jets, ATLAS uses a set of NNs to (1) determine

if the cluster is more likely to be due to more than one incident particle and then (2) estimate the

positions and errors of the clusters. A cluster (or hit) can be “shared” between several tracks, and if

1
The IBL pixels are 200⇥50 µm

2
, and the subsequent pixel layers are 400⇥50 µm

2
(see Chapter 4.1.1)
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the probability is high enough the charge deposition of the cluster is split to give multiple “hits” to

provide separate track measurements for the final track fit.

5.2 Vertexing

5.2.1 General problem formulation

This formulation of the vertexing problem follows from the discussion in Section 5.3 of [68].

The task of vertex fitting is the pattern recognition task of identifying which tracks came from a

common origin point. This task has (broadly speaking) two steps, which are illustrated below.

The step of vertex finding involves the pattern recognition task of determining which tracks

might come from the same origin. The vertex fit then estimates the position and corresponding

covariance matrix for the intersection of the tracks in a common vertex. The contribution of a track

to the vertex error can be used to assess the compatibility of each track with the fitted vertex. Thus,

these two steps are tightly connected. We’ll begin by detailing the a vertex fit.

From the perigee fit, each track has a measure of its error, and the location of the track in space

can be specified by the Gaussian probability tube:

P (~r) =

Z
d�p exp


�
1

2

�
~r � ~r(�p)

�T
COV�1

3x3(�p)
�
~r � ~r(�p)

��
, (5.2)

where COV �1

3x3 is the inverse projection of the 5x5 covariance matrix in the track perigee representation

into the 3x3 subspace represented by the Cartesian coordinates, �p characterizes the location along

the extrapolated track.

Given these individual track probability tubes, we can assess the combined probability by
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integrating over the probabilities of all N of the tracks:

P (~r) =

Z
d�p,1d�p,2 . . . d�p,N

NY

i=1

exp


�
1

2

�
~r � ~ri(�i,i)

�T
COV �1

3x3,i(�p,i)
�
~r � ~ri(�i,i)

��
, (5.3)

where ~r is vertex location maximizes the likelihood of Eq. 5.3, and ~ri(�p,i) is track i at the point �p,i

along the trajectory [68].

The integral above is only non-zero when all of the terms are non-zero. Each track is a sparse

representation (zero for most of the space), thus the integrand does not have a strong dependence on

the product, and the integrands factorize. Then we can evaluate of the integrals. As each integral is

only non-zero for a very small range of �p,i, we replace it with �̂p,i the point of closest approach of

the track to the proposed vertex location ~r:

P (~r) =
NY

i=1

exp


�
1

2

⇣
~r � ~ri(�̂p,i)

⌘T
COV �1

3x3,i(�̂p,i)
⇣
~r � ~ri(�̂p,i)

⌘�
. (5.4)

Finding the ~r that maximizes P (~r) is equivalent to finding the ~r that minimizes the �2 test

statistic:

�2(~r) =
NX

i=1

⇣
~r � ~ri(�̂p,i)

⌘T
COV �1

3x3,i(�̂p,i)
⇣
~r � ~ri(�̂p,i)

⌘
. (5.5)

Since we already have the tracks in the perigee representation, we can consider a transformation of

variables to write the �2(~r) in the perigee representation.

�2(~r) =
NX

i=1

�
~qpred,i(~r)� ~qmeas,i)

�T
COV �1

5x5,i

�
~qpred,i(~r)� ~qmeas,i

�
, (5.6)

where the ~qpred,i(~r) are the track parameters if the track actually passed through the vertex location

~r. The projection from 3-dimensions to 5-dimensions is undefined, so the track momenta at the

vertex location are also added as inputs to the fit so that the fit becomes defined.2

Two fast ways to find the ~r that minimizes this �2(~r) are the Billoir method [72] and using the

kalman filter [66]. In the Kalman filter approach, tracks parameters are iteratively added to the

vertex fit, and the “state vector” includes our best knowledge of the vertex location.

Adaptive vertex fitting

The vertex fit described above will always return a fit under the hypothesis that all of the input

tracks originated from the same vertex. However, the result of vertex fit can be influenced by outliers,

which could be poorly reconstructed (or fake) tracks, or good quality tracks that originated from

another location which could pulled the vertex fit. Since the full �2 is the sum of the contributions

2
This works b/c the perigee representation is the track momenta + a spatial location.
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of the individual tracks, we can look at the �2 of an individual tracks to determine if it is an outlier

using Prob(�2) = 1�
R
�
2

0
f(�̃2)d�̃2. Outlier tracks are removed and the vertex fit is repeated.

Adaptive vertex fitting methods assign a weight to each track in the vertex fit to integrate the

track selection into the vertex fit. This weight is given by the !(�̂2

i ), updating the vertex �2(~r) below:

�2(~r) =
NX

i=1

!(�̂2

i )
�
~qpred,i(~r)� ~qmeas,i)

�T
COV �1

5x5,i

�
~qpred,i(~r)� ~qmeas,i

�
. (5.7)

To allow the fit to progressively update the weights during the fitting procedure, we use a

temperature-dependent Fermi function:

!(�̂2) =
1

1 + exp

✓
�̂
2��

2
cutoff

2T

◆ , (5.8)

Figure 5.6(a) shows this function for a few representative values of T . As T !1, this function is

uninformative and flat (just 0.5). As T decreases, this function gets an increasingly sharp turn-o↵,

where !(�̂2) = 1 includes the track is included in the fit, and !(�̂2) = 0 removes it.

At the beginning of the fit, a high temperature gives a low certainty for all the track weights, and

then an annealing schedule will make the weights increasingly more deterministic as the temperature

is decreased. Figure 5.6(b) shows the track weights at the beginning (T=1), middle (T=4) ad ed

(T=64) of the fit annealing procedure. At the end, tracks below a �2

cutoff of nine are removed from

the fit.3

� � �� �� ůư�
���

���

���

���

���

���
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(a) (b)

Figure 5.6: Left: Fermi function (Eq. 5.8) for a range of di↵erent temperatures, T = 1, 4, 64. Right:
Corresponding track weights for the same three temperatures [73].

3
�
2
cutoff = 9 is the �

2
value corresponding to approximately three standard deviations.
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5.2.2 Primary vertex reconstruction

The Run 2 primary vertex reconstruction algorithm uses and iterative vertex finder, with the steps

outlined below [73]:

1. Seed the vertex position using the center of them beam spot for the x, y position, and the half

mode sampling algorithm [74] to find regions with a high density of tracks along the z axis .

2. Then the vertex is fit using an adaptive vertex fit [75]. The annealing temperature schedule

starts at T = 64 and converges at T = 1.

3. The final weights for the tracks are used in the final vertex fit, only tracks with a �2 values

incompatible by more than seven standard deviations are considered as “outliers” and removed

from this vertex fit.

4. To find the rest of the vertices, steps 1 – 3 are repeated to create vertices until all of the tracks

have been associated to vertices.

Figure 5.7 shows the result of this vertex reconstruction. Of the vertices with at least two tracks,

the primary vertex (PV) is defined as the reconstructed primary vertex with largest
P

p2T of the

associated tracks. After the primary vertex is found, the track parameters are refit including the PV

as an additional constraint for the fit. However, for b-tagging (described in Chapter 6), we use tracks

that don’t include this PV constraint.

ATLAS
EXPERIMENT

RunNumber:266904,EventNumber:25884805

Date:2015-06-0313:41:54CEST

Figure 5.7: Event display from one of the first Run 2 events. In the left image shows the (r,�) view,
and the colored dots show the hits in the Silicon detectors (IBL, pixel and SCT). In the lower right
image, the z axis is oriented horizontally, and there are set of recoinstructed vertices from a single
bunch crossing [76].
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5.3 Jets

5.3.1 Anti-kt jet clustering algorithm

Quarks and gluons produce a collimated spray of particles in the detector, and a jet is a proxy for

the kinematics of the original quark or gluon. A clustering algorithm groups together constituents in

the event (which could be calorimeter energy deposits, tracks, or particle flow objects) to define the

jets. Infrared and collinear (IRC) safety is a nice property for a jet definition, where an infrared-safe

algorithm is robust to additional soft particles which have E ! 0, and a collinear-safe algorithm is

robust for a single particle with energy E splitting its energy into two particles in the same direction.

Sequential jet clustering algorithms are a set of IRC-safe algorithms which cluster jets based on

distance metrics:

dij = min
⇣
p2p
Ti
, p2p

Tj

⌘ �Rij

R2
di = p2p

Ti
. (5.9)

where �R2

ij = (yi � yj)
2 + (�i � �j)

2, R is the jet-radius, and p balances the energy and geometric

scales of the event. p = �1 defines the anti-kt algorithm [77] which is now the standard jet clustering

algorithm in collider physics. Other choices of p correspond to other jet clustering algorithms

considered in the past: p = 1 is the kt algorithm which clusters the jets by undoing the fragmentation

process, and p = 0 is the Cambridge/Aachen algorithm which just uses the angular distances to

cluster the jets. The clustering algorithm proceeds by the following steps:

• The dij and di are calculated for all particles in the event. Then d ⌘ min
�
dij , di

�
.

– If d = dij , jet i and jet j are combined.

– If d = di, then jet i becomes a final jet.

• The previous steps are repeated until all particles in the event are been clustered.

The anti-kt algorithm starts by clustering the

radiation around the hardest particles in the

event since the leading pT particle will define the

min

✓
1

p
2
Ti

, 1

p
2
Tj

◆
term in the dij definition. This allows

jets in the event have a stable direction early on in the

combination. The anti-kt algorithm is preferred to

other sequential jet algorithms since jets have regular

boundaries which are approximately conical, as shown

in Figure 5.8. It’s also a “greedy” algorithm since if

two jets have a distance R < �R(j1, j2) < 2R, the

higher pT jet will be conical while the subleading jet

will have a semi-circle shape, as seen by the green and

pink jets in Figure 5.8.

Figure 5.8: Illustration of the shapes jets
created by the anti-kt algorithm [77].



5. EVENT RECONSTRUCTION 55

5.3.2 Calorimeter Jets

One way to reconstruct jets is based on energy deposits in the calorimeter. A 3d reconstruction

algorithm first clusters the signals from the calorimeter cells into topo-clusters, which approximates

the energy deposits of individual hadrons [61]. For each calorimeter cell, a “significance” is defined:

⇣i =
Ei

�noise,i
(5.10)

where �noise includes both the contributions to the noise from the electronics noise and pile-up. The

clustering is done with the prescription below.

1. Topo-clusters are “seeded” with cells that have |⇣i| > 4.

2. Then the topo-clusters are grown by including the cells adjacent to the seed cells with ⇣i > 2.

3. Finally, all adjacent cells are added to the topo-cluster.

Then there’s a splitting step where a topo-cluster is allowed to split into two if there are two local

energy maxima inside of the topo-cluster.

The cells are clustered with |⇣i| as the calorimeter read-out signals are shaped so that the total

integral of the signal is 0 (see Figure 4.14). Negative energy contributions in the topo-cluster

reconstruction thus cancel the contributions of in-time PU and out-of-time PU. The jets clustered

from topo-clusters with a distance parameter of R = 0.4 are called EMTopo jets, and are the proxies

for the individual quarks and gluons. In the jet reconstruction, only the topo-clusters with positive

net energy are included.

5.3.3 PFlow Jets

As Eq. 4.5 and Eq. 4.8 emphasize, the resolution the tracker is better for low pT, while the resolution

of the charged energy components improves at high pT. To maximally benefit from the strengths

of the separate subsystems, the tracks can be used to estimate charged hadron energy in the jet

[62]. To avoid double counting the energy from the tracks and clusters, a charged energy subtraction

scheme is needed to remove the associated charged hadron clusters. A schematic of what this process

looks like is shown in Figure 5.9.

Tracks are matched to topo-clusters using proximity in (⌘,�) space, also accounting for the size

of the topo-cluster. The tracks are only “matched” if the cluster carries more than 10% of the

track’s momentum. Sometimes the topo-cluster fails to cluster all of the hadron’s energy in a single

topo-cluster. In cases where the expected energy of the track is less than the expected track’s energy,

a “split shower recovery” combines nearby topo-clusters to form a topo-cluster set. (This step has no

impact in Figure 5.9 as both of the hadrons are already reconstructed as separate topo-clusters.)

From this topo-cluster set, the expected energy of the track is subtracted from the topo-cluster’s
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Figure 5.9: Illustration of the charged energy subtraction algorithm for reconstructing the PFlow
objects for two hadrons ⇡+ and ⇡� with have been reconstructed in two topo-clusters (shown in the
dashed blue and black lines). The pre-sampler, three ECAL layers, and first two TileCal layers are
shown, and the energy of the ⇡+ is in red and the energy of the ⇡0 is in green [62].

cells, starting with high-energy density cells. If the residual energy is consistent with the resolution

of the expected track energy, the residual energy is also subtracted in the last step called“remnant

removal”.

The result of this algorithm is a set of tracks, modified and unmodified topo-clusters which are

the particle-flow (PFlow) objects. The PFlow objects can also clustered with the anti-kt algorithm

and the same R = 0.4 to form PFlow jets.

Figure 5.10: Steps of the 4-momentum calibration for PFlow jets [78].

Figure 5.10 enumerates the steps by which the 4-momentum of these reconstructed jets is corrected

to match the kinematics of a truth jet4. The first three corrections account for contamination from

the underlying pile-up distribution and fluctuations due to the origin of the jet [78]. The the

4
The truth jets come from the anti-kt clustering of the stable final state truth particles (hadrons and charged

leptons) in simulation.
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Global Sequential Calibration improves the jets pT resolution (and associated uncertainties) by

sequentially removing the dependence of the reconstructed jet response (R = Ereco/Etrue) on key

event observables. Finally, the residual di↵erences between data and MC are accounted for by

measuring the momentum imbalance in Z+jets, �+jets and multi-jet events [78].

The corresponding resolution on the jets pT and � is compared in Figure 5.11. The better pT

resolution of the tracker at low pT translates into a better resolution for low pT jets in Figure 5.11(a).

Additionally, the better angular resolution of the tracker also translates into a better angular resolution

on the jet, in Figure 5.11(b) shown for the jet � – which again has a larger impact at low jet pT.
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Figure 5.11: Improvement due to the PFlow jet reconstruction algorithm.

5.4 Pileup jet rejection

We are interested in the jets coming from the quarks and gluons in the hard scatter (HS) process,

which will be called HS jets. As mentioned in Chapter 3, in Run 2, there are on average 34 collisions

per bunch crossing, and we want to identify the HS jets in the midst of the jets that originate from

the background pile-up (PU) vertices, called PU jets.

There are two types of PU jets we try

to reject. The first are jets from quarks

and gluons that originate from a vertex

other than the primary vertex, as depicted

by the red jet in Figure 5.12. The

second type of PU jet can be formed from

clustering hadrons that originated from

several di↵erent vertices, as illustrated by

the orange jet in Figure 5.12. This type of

PU jet is also called a “stochastic jet”.

Figure 5.12: Schematic of a hard scatter jet (in
blue) and the two types of pile-up jets that we try
to reject (in red and orange).
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The Jet Vertex Fraction (JVF) probes whether a jet came from the primary vertex:

JVF =

P
k
ptrkk

T
(PV)

P
k
ptrkk

T
+ pPU

T

.

The numerator,
P

k
ptrkk

T
(PV), is the scalar sum pT of the tracks in the PV, while the denominator

is the scalar sum pT of the tracks in the PV and PU vertices, as the second term is defined as

pPU

T =
P

n|vtxn 6=PV

P
l
ptrkl

T
(vtxn). Since pPU

T increases with the number of pile-up vertices in the

bunch crossing, we use a corrected JVF (corrJVF) to ameliorate the PU dependence by dividing pPU

T

by the number of PU tracks, nPU

trk :

corrJVF =

P
k
ptrkk

T
(PV)

P
k
ptrkk

T
+ p

PU
T

↵·nPU
trk

,

where ↵ = 0.01, which is the slope of
D
pPU

T

E
versus nPU

trk [80].

To help reject stochastic jets, the variable RpT
measures the charged energy of the jet that

originated from the PV:

RpT
=

P
k
ptrkk

T
(PV)

pjet
T

.

PU jets have an RpT
peaked at zero and steeply falling, while HS jets have higher RpT

values. RpT

only considers the tracks from the PV, and is independent of the number of PU vertices to first order.

These two variables, corrJVT and RpT
, are used together to define the Jet Vertex Tagger (JVT).

corrJVT and RpT
are rescaled so they have the same range, and a kNN algorithm uses the 100 nearest

neighbors (by the Euclidean metric) approximates the likelihood that the jet is from a HS, which

defines the JVT discriminant [81]. As the jets that don’t originate from the HS are generally softer,

the JVT cut is only applied for jets with pT < 60 GeV and |⌘| < 2.4. The default JVT working point

is 96% e�cient for hard scatter jets.

5.4.1 Boosted jets

Jets clustered from calorimeter clusters with a distance parameter of R = 1.0 are used as a proxy

for boosted Higgs, W, and Z bosons. Large-R jets are clustered with topo-clusters calibrated to the

hadronic energy scale.

The contribution from pile-up collisions, initial state radiation, and the underlying event gives an

approximately uniform distribution of energy in the calorimeter, and a “trimming” procedure is used

to mitigate the impact of this uniform energy inside of the large-R jet [82]. The constituents of the

large R jet are reclustered into “sub-jets” with a distance parameter of R = 0.2. Sub-jets with a pT

less than 5% of the large R jet pT are removed from the large-R jet [83].

Higgs and vector bosons decay into two particles which give two hard prongs inside of the large-R
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jet. Searching for the substructure of the number of prongs inside of the large-R jet has been a

sub-field of intense study in recent years (see [23] for a recent review). To identify the hard prongs

in the large-R jet, ATLAS uses jets clustered from the tracks, called “track jets” as illustrated in

Figure 5.13 [83].

R=1.0 Trimmed Calo Jet

R=0.2 Track Jet
R=0.2 Track Jet

C

hBeamline

Primary Vertex

BB

Figure 5.13: Illustration of the large-R jet defined from the calorimeter clusters, and the track-jets
which identify the two hard prongs inside the jet. The provide a jet axis for b-tagging algorithms [83].

5.4.2 Variable Radius track jets

Additionally, we can form jets using the anti-kt algorithm to cluster tracks, which are called track jets.

These are useful for identifying boosted Higgs bosons based on the contained sub-jets inside. Running

b-tagging on track jets presets a nice application, as tracks provide the most relevant information

for b-tagging. In early Run 2, track jets clustered with an R = 0.2 distance parameter were used

for identifying boosted Higgs bosons [84]. However, as we produce Higgs bosons that are even more

energetic, the decay products become increasingly more collimated until the b-hadrons are no longer

reconstructed into separate subjets, as illustrated in the left image Figure 5.14.

A modification to the anti-kt algorithm that allows for the flexibility to account for a finer track

jet resolution as the b-hadrons become more collimated uses Variable Radius (VR) for reconstructing

the jets [85]. The distance parameter of the anti-kt is inversely proportional to the pT of the proposed

jet:

Reff (pT) =
⇢

pT
, (5.11)

where ⇢ is a parameter that sets the scale of the jet radius. Additionally, to avoid the reclustered jets

from becoming unphysically large or small, minimum and maximum radii, Rmin and Rmax, bound
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R=0.2 Track Jets VR Track Jets

Figure 5.14: Illustration of the motivation for VR track jets The left depicts that with fixed radius
track jets, for high enough boosts the products become so collimated that separate small-R jets
cannot be reconstructed. The right figure illustrates how the decreasing radius with increasing sub-jet
momentum can allow the separate sub-jets reconstruction of the individual b-hadron decays [83].

the range of Reff . The parameters that ATLAS uses for the VR track jet collection are ⇢ = 30GeV,

Rmin = 0.02 and Rmax = 0.02, which were optimized to maximize the probability that reconstructed

sub-jets are within �R < 0.3 of the b-hadrons.

Figure 5.15 illustrates that the R=0.2 fixed radius track jets (in the red curve) have a very poor

e�ciency for matching to both of the b-hadrons as the Higgs jet gets boosted beyond a TeV. The

VR track jet alternatives are able to keep a mostly e�ciency at these higher boosts The blue line of

⇢ = 30GeV is the parameter that was adopted by ATLAS. Track jets and variables radius track jets

are relevant to my contributions to b-tagging and will be discussed in Chapter 6.4.2.
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Figure 5.15: Comparison of the truth labelling e�ciency for the fixed R=0.2 track jet, and the VR
radius track jets with di↵erent choices of ⇢. The truth labelling e�ciency is the probability that each
of the b-hadrons is within �R = 0.3 of the sub-jet axis [83].
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5.5 Leptons and Photons

The reconstructed leptons: electrons, muons, and ⌧s play a less central role in this thesis, and are

described briefly in this section. Since photons have a nearly identical signature to electrons, their

reconstruction is described simultaneously in the following subsection.

5.5.1 Electrons and photons

As illustrated in Figure 4.2, both electrons and photons deposit most of their energy in the calorimeter.

The energy of the electron or photon is defined by a corresponding “super-cluster” [86]. The topo-

clusters (described in Chapter 5.3.2) are defined similarly here. The topo-clusters considered for

electron and photon reconstruction are only considered further if more than half of the energy of

the topo-cluster is in the EM calorimeter. This set of topo-clusters are used as “seed clusters”, and

close-by satellite clusters are added to naturally account for the larger cells from Bremmstrahlang

photons or the electrons from photon converstions. The combined seed and satellite clusters form

the super-cluster. If the super-cluster matches to a track, then the objects is an electon. Photons are

reconstructed either from no corresponding electron tracks, or if the super-cluster is matched to an

e+e� conversion vertex. For cases that could be ambiguous, the shower shape information and the

associated track(s) is included to distinguish between electrons and photons [86].

5.5.2 Muons

Muons are minimum ionizing particles, so they make it to the outer (appropriately named) muon

spectrometer. This muon system measuring the trajectory far away from the interaction point allows

for a large lever arm to improve the momentum resolution.

The muon spectrometer (MS) tracks are reconstructed by searching for consecutive hits that

lie along the same line in a single muon station. The tracks segments between muon stations are

combined, now taking into account the curvature from the muon spectrometer’s magnetic field. The

MS track is then combined with an inner detector (ID) track to get a global �2 fit of the track’s

parameters, accounting for the energy lost by the muon in the calorimeter. After this global �2 fit,

hits from outliers are removed and the fit is redone.

The “Medium” (default) muon identification working point also reconstructs muons from ID

tracks extrapolated to the muon spectrometer that have at least three consecutive hits in the first

muon station. This improves the e�ciency for low pT muons that stop before reaching the second

muon station. In in t t events, 98% of the “Medium” muons come from combined muon with a

combined ID and MS track [87].



5. EVENT RECONSTRUCTION 62

5.5.3 Taus

A ⌧ lepton has a mass of 1.777 GeV, a proper decay length 87µm, and can decay either leptonically

or hadronically. The leptonic tau decays have ⌧ ! ⌫⌧⌫``, where ` = e, µ, and the ⌧ is inferred from

the electron or muon in the final state.

(a) 1 prong (b) 3 prong

Figure 5.16: Examples of hadronic ⌧ -decays [88].

The majority (65%) of the ⌧ decays are in the

hadronic decay mode, with most of these decays

with either one or three charged pions in the

final state. To reconstruct the ⌧ decay topology,

a BDT classifies the tracks in the jet into core

and isolation tracks, where the number of core

tracks the jet defines the number of “prongs”

or charged pions in the tau decay. Figure 5.16

shows examples of these one and three-prong ⌧

decays. There can also be a number of neutral

pions in the final state.

In Run 1 and early Run 2, a BDT was used

to discriminate between hadronic ⌧ decays from

other jets, but In Run 2, a recurrent neural

network (RNN) hadronic ⌧ classification algorithm

was employed [89]. Since the tau-tagger closely

follows the b-tagger, we will hold the discussion of

RNNs for particle identification until Chapter 6.3.2.

Figure 5.17 shows the general architecture for

⌧s. Two RNNs process the tracks and the topo-

clusters in the jet, where the topo-clusters include

information about the photons from the ⇡0
! ��

decays into the ⌧ jet. Di↵erent NNs are trained

for one and three-prong ⌧ decays, with slight

di↵erences in the high-level variable set to account

for the uniqueness of the two topologies. This

switch from the BDT to the RNN-based classifier

improved the jet misidentification rate by 50% –

75% [89].

Figure 5.17: Set up for the hadronic ⌧
identification. An LSTM is a type of RNN
architecture.
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5.6 Emiss
T

Since the partons collide head-on, the momentum is conserved in the transverse plane. The presence

of particles that don’t interact in the detector (such as neutrinos in the SM) can be inferred by a

momentum imbalance. This is quantified by the negative vectorial sum over the calibrated physics

objects and the rest of the tracks in the hard scatter (HS) vertex [90]:

~Emiss

T = �
X

i2{e,�,⌧,µ,jets}

~p (i)

T
�

X

unusedtracks

~p track

T . (5.12)

The first term corresponds to the hard objects in the event - and an overlap removal scheme ensures

the included objects don’t double count calorimeter energy deposits. The last term includes the

transverse momentum for the tracks in the PV that were not included in the reconstruction of the

other hard objects. Only including the HS tracks in this vertex helps suppress the impact of PU in

the ~Emiss

T calculation. Then Emiss

T = | ~Emiss

T |, and is by definition non-negative. Large Emiss

T values

are expected from neutrinos or other weakly interacting BSM particles, but non-zero Emiss

T values

can also arise from miscalibrated physics objects, the limited acceptance for the physics objects, or

detector noise. The resolution on Emiss

T is between 10% – 25% for tt events [90].



Part II

Flavor tagging

Here we introduce the algorithms for identifying the jets from b-quarks. Chapter 6 reviews the

algorithms used for the Run 2 b-taggers, with an emphasis on the RNNIP optimization, which is a

contribution of this thesis work. Chapter 7 describes a novel tagger, DIPS, designed to replace

RNNIP, and we present further input optimizations which improved the performance of this

track-based b-tagger.
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ATLAS Run 2 b-taggers

Technical expertise is the mastery of complexity – creativity is the mastery of simplicity.

– Michael Nielson, Neural Networks and Deep Learning

For studies of the Higgs boson properties, identifying the jets initiated by b-quarks (or, b-tagging)

is a fundamental tool. The b-hadron decay to a c-hadron is mediated by the weak force with a

characteristically “long” lifetime of 1.5 ps, which is long enough to reconstruct the secondary vertex,

as shown in Figure 6.1. We seek to identify b-jets in presence of two types of background jets. The

first is light jets (or jets initiated by gluons, up, down, or strange quarks) that have most of the

tracks originating from the primary vertex (PV), which are called “prompt tracks”. The second

background is c-jets which also have a weakly decaying c-hadron with a 0.6 ps lifetime, and are the

more challenging background to reject.

Jet

Jet

Primary 
Vertex

Prompt 
Tracks

Displaced 
Tracks

b-jet

d0

Secondary 
Vertex

Lxy

Figure 6.1: Schematic for the characteristic “long” lifetime of a b-hadron [91].

In addition to the long lifetime of the b-hadron, we have a few other handles for b-jet identification.

65
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The fragmentation function for the b-quark gives the b-hadron ⇡ 70% of the initial b-quark’s

momentum. Thus, the displaced tracks from the heavy flavor decay are more energetic than the

fragmentation tracks in light jets. The b-quark has a large mass of ⇡ 5 GeV, so the reconstructed

displaced vertex gives a high-mass hadron. Figure 6.2 shows such a displaced b-hadron decay (with

the cyan tracks) in the ATLAS detector, and the reconstructed vertex mass is 2.5 GeV. b-jets have

a large number of displaced tracks from the heavy flavor decay, with the b-hadron decaying on

average into five charged particles. These tracks from the long-lived hadron decay are displaced

from the PV have a large impact parameter (IP) when the track is extrapolated back to the point

of closest approach to the PV. Information about the quality of the tracks helps determine if the

tracks’ displaced IP is trustworthy or due to mismeasured tracks that actually originated from the

PV. Figure 6.2 indicates the hits and holes on one of the displaced tracks, and information about the

hit patterns in the inner layers is used by some of the b-tagging algorithms.

Figure 6.2: Illustration of what a b-decay looks like in the ATLAS detector. The cyan colored lines
illustrate the tracks from the b-hadron decay, and in the inset figure shows the displacement of these
tracks from the primary vertex. Only three pixel layers are shown as this is a Run 1 event, and the
IBL was not yet installed [92].
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Light jets can fake a b-jet signal either through mismeasured tracks causing the track to have a

large IP or “fake tracks” formed from the random combination of hits seeming to have a large IP.

c-jets are the more challenging to reject, because, in addition to being long-lived, the c-hadron also

has a heavy mass of 1.8 GeV. The c-quark additionally also has a hard fragmentation function giving

high pT tracks from the displaced decay.

This chapter is organized as follows: Chapter 6.1 describes the datasets and selections used

to train and evaluate the algorithms. Chapter 6.2 details how we will evaluate the performance.

Chapter 6.3 revises the low-level algorithms which rely on the displaced tracks or reconstructed

displaced vertices, including the recurrent neural network (RNN) optimizations central to this thesis

work. Chapter 6.4 introduces the high-level DL1r classifier which uses the outputs from the low-level

algorithms. Finally, Chapter 6.5 summarizes with the calibration of these taggers.

6.1 Datasets

6.1.1 Hybrid sample creation

PFlow jets

ATLAS recently switched from using EMTopo jets (which reconstruct a jet from the topo-clusters

in the calorimeter) to using PFlow jets (which cluster a jet using particle flow candidates to take

advantage of the better resolution of the tracker for lower momenta objects). This improves the jet

reconstruction by improving both the jet pT and angular resolution (shown by Figure 5.11). The

latter is crucial for b-tagging as the lifetime signing of the tracks uses the jet axis to approximate the

b-hadron flight direction (more details in Chapter 6.3.1). This e↵ort of optimizing the b-taggers on

the new PFlow jets collection also included the first time the RNN training was recommended to the

collaboration.

For these newly optimized taggers to be maximally useful for ATLAS’s diverse physics program,

the training sample was designed to cover a large pT range for b, c, and light jets. To get a b-jet

enriched physics sample to train the taggers and evaluate the performance, t t is often used since the

large CKM element of Vtb = 0.999 means the top almost always decays to a b-quark. The tt training

statistics are limited for jets pT above ⇡ 300 GeV, so the tt MC training sample was combined with

a BSM Z’ sample to increase our coverage for very high pT jets [93]. To validate the robustness of

these trainings, two di↵erent Z’ samples were considered:

• Standard Z’ sample: Jets are produced up to 1.5 TeV

• Extended Z’ sample: Jets are produced up to 5 TeV.

The Z’ sample is combined with t t to produce a “hybrid sample”. The b-jets of this sample are split

based on the b-hadron pT where jets with a b-hadron pT < 250 GeV are taken from the tt sample
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and otherwise b-jets are taken from the Z’ sample. The c and light-jets are sampled from the t t and

Z’ samples with a 250 GeV jet pT cut. Two hybrid samples were considered: a hybrid 1.5 TeV

sample built from the 1.5 TeV Z’ sample and another hybrid 5 TeV sample built from the 5 TeV Z’

sample. Our recommendation uses the hybrid 5 TeV training sample, with the resulting pT spectrum

shown is in Figure 6.3. The cut-o↵ at 250 GeV due to the trade-o↵ between the two samples is

clearly visible, and the maximum pT starts falling o↵ beyond 5 TeV pT jets – close to the maximum

jet pT that could be produced by a heavy resonance decay in 13 TeV pp collisions.

Figure 6.3: The pT spectrum for training the Run 2 b-tagger recommendations (RNNIP and DL1r).

VR track jets

Additionally, we provided the first dedicated track jet retraining recommendations for the b-taggers.

Physics analyses with track jets is a recent innovation, with [84] detailing the studies of boosted

Higgs tagging applying b-tagging for fixed radius track jets. Here the b-taggers are optimized for the

variable radius jet collection (described earlier in Chapter 5.4.2). Further details on the VR hybrid

sample are in Chapter A.1.

6.1.2 Sample details

The simulated tt̄ events are for
p
s = 13 TeV proton-proton collisions, and at least one of the W

bosons from the tops decays leptonically. Events are generated at next-to-leading order using the

PowhegBox [94–97] v2 generator and interfaced to Pythia 8.230 [98] to model the parton shower,

hadronization, and underlying event, with parameters set according to the A14 tune [99]. The decays

of b- and c-hadrons are performed by EvtGen v1.6.0 [100]. Particles are passed through the ATLAS

detector simulation [101] based on GEANT4 [102].
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In the sample generation, the Z’ is set to decay to b, c, and light quarks with equal probability.

The matrix element for the Z’ propagator was additionally modified to produce a sample with a flat

pT spectrum.

6.1.3 Jet selection

PFlow jets have pT � 20 GeV, |⌘| < 2.5, and are required not to overlap with a generator-level electron

or muon from W boson decays. Additionally, the contamination of jets from other interactions in the

beam crossing (pile-up) is suppressed by applying the jet vertex tagger optimized for particle flow

jets (see Chapter 5.4). Jets are labeled as b-jets if they are matched to at least one b-hadron having

pT � 5 GeV within �R(b-hadron, jet)< 0.3 of the jet axis. If this condition is not satisfied, then

c-hadrons and then ⌧ leptons are searched for, with similar selection criteria. If a jet is matched to a

c-hadron (⌧ -lepton), it is labeled a c-jet (⌧ -jet). A jet that does not meet any of these conditions is

called a light-jet.

The track features are crucial for b-tagging, and tracks are associated to jets using a�R association

cone that is a function of jet pT (in GeV):

�R(track, jet) < 0.239 + exp
h
�1.220� 1.64⇥ 10�2

· pT
i
. (6.1)

The maximum association �R(track, jet) is approximately 0.45 for a jet with pT = 20 GeV, and

�R(track, jet) is at 0.25 (close to the plateau) when the jet pT = 200 GeV. If a track is within the

association cones of more than one jet, it is assigned to the jet which has a smaller �R(track, jet).

6.2 Evaluating tagger performance

A multi-class classifier with three output nodes for the b, c, and light jet probabilities (denoted pb,

pc, and pl, respectively) can be combined into a single b-tagging discriminant:

Db = log
pb

(1� fc)pl + fcpc
, (6.2)

where fc is a parameter that balances the light versus c-jet rejection, and is chosen after training

the tagger. An example Db distribution for each jet flavor is shown in Figure 6.4. Clear separation

between the distribution of b-jets and light jets can be seen, as well as a strong but smaller separation

between b-jet and c-jets because of the similarities between b-hadron and c-hadron decays.

The performance of taggers can be examined and compared through a Receiver Operator

Characteristic (ROC) curve: a scan is performed for a discriminant threshold d on Db, and the

e�ciency for b-jets at each threshold is computed as the fraction of b-jets with Db > d, while the

rejection of c-jets and light jets is computed as one over the mistag e�ciency for c-jets or light jets,
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Figure 6.4: Distributions of a b-tagging discriminant as defined in Eq. 6.2 with fc =0.07, for b, c,
and light-jets [5].

respectively. The b-jet e�ciency and light (or c) jet rejection for the same d are then plotted.

A working point (WP) is defined with the b-jet e�ciency in a tt sample, and the ATLAS working

points are 60%, 70%, 77%, and 85%. The calibration for each of the jet flavors are done with

pseudo-continuous (PC) bins defined from these working points, as given in Table 6.1.

Pseudo-continuous bin b-tagging e�ciency

1 > 85%
2 77% – 85%
3 77% – 85%
4 77% – 85%
5 < 60%

Table 6.1: Pseudo-continuous (PC) working points definitions. PC bin 5 is the highest b-jet purity
bin, and PC bin 1 fails all of the b-tagging WPs.

While ROC curves give a global view of an algorithm’s performance, the behavior of the b-tagging

e�ciency and the background rejection as a function of key kinematic variables is also vital for

understanding the performance within analyses. To explore this metric, after a “fixed WP” threshold

is determined, the b-jet e�ciency and background rejections with this threshold are examined as

a function of kinematic quantities, such as jet pT or ⌘. We also look at the “flat WP” where the

b-tagging discriminant threshold is adjusted for each pT (or ⌘) bin, and then examine background

rejection as a function of the jet pT or ⌘.
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6.3 Low level taggers

To best identify the key physics features of b-jets, ATLAS b-taggers utilize two types of “low-level

algorithms”: (1) impact parameter based (such as IP2D, IP3D an RNNIP) which use the individual

track features (such as IPs) to classify the jet, and (2) vertex based algorithms (such as SV1 and

JetFitter) which iteratively reconstruct the topology of the displayed decay. This section details

these low-level algorithms, as shown in Figure 6.5. The outputs of these low-level algorithms are fed

into another classifier, DL1r, which will be described after this section.

Figure 6.5: Types of b-taggers used on ATLAS

6.3.1 IP2D and IP3D

The IP2D and IP3D taggers look for tracks significantly displaced from the PV to identify b-jets.

Crucial for identifying tracks from a long-lived decay is the “lifetime

sign” assigned to the impact parameters of the track, where a positive

lifetime indicates that the track is consistent with the hypothesis of being

downstream of the flight path. The track is extrapolated back to the

point of closest approach to the PV, and the displacement vector from

the PV (�~rIP ) is projected along the jet-axis. The sign of this projection

vector is the “lifetime sign”, and the positive IP for a b-hdaron decay

is indicated by the red track in Figure 6.6. The tracks in light jets that

originate from the PV are equally likely to be extrapolated above or

behind the jet axis and are equally likely to have positive or negative

lifetime sign. This positive lifetime sign from long-lived decays leads to

an asymmetric IP distribution for the tracks in heavy flavor jets, shown

in Figure 6.7.

Figure 6.6: Lifetime signage

illustration, positive for displaced

decays [103].
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Figure 6.7: Lifetime signed transverse (a) and longitudinal (b) significances for b-jets, c-jets and
light-flavor jets [5].

This lifetime sign can be calculated either in 3d, or with two 2d projections as given below [68].

3d sign

sign
3D

= sign
�⇥
~ptrk ⇥ ~pjet

⇤
· [~ptrk ⇥�~rIP ]

�
(6.3)

2d sign

sign
r�

= sign
�
sin
�
�jet � �trk

�
· d0,trk

�
(6.4)

sign
z
= sign

��
⌘jet � ⌘trk

�
· z0,trk

�

Mathematical motivation

In a classification problem for a collection of n tracks, X = {X1, . . . , Xn}, we want to learn the

probability to have a given jet flavor, Y = {b, c, light} through the discriminative model

p(Y |X1, . . . , Xn). Sometimes it is more natural to learn the generative model of the track features

given the jet class, with the likelihood p(X1, . . . , Xn|Y ). These probabilities are proportional by

Bayes rule:

p(Y |X1, . . . , Xn) =
p(X1, . . . , Xn|Y )P (Y )

p(X1, . . . , Xn)
⇠ P (X1, . . . , Xn|Y ). (6.5)

The Näıve Bayes model makes a strong assumption that the tracks are independent of each other,

given the jet class. This is expressed by Eq. 6.6. Independence is a strong restriction on the model’s

expressivity, but increases the predictive power by decreasing the number of parameters. Only the

probability template of a single track p(Xi|Y ) needs to be learned.
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Figure 6.8: Di↵erent modeling assumptions for probabilistic graphical models. A Näıve Bayes model
is a generative model that assumes that the tracks’ features are independent [104].

p(Y |X1, . . . , Xn) ⇠ P (X1, . . . , Xn|Y ) ⇡
nY

i=1

p(Xi|Y ) (6.6)

IPXD algorithms

The IP2D and IP3D algorithms are Näıve Bayes models which define the likelihoods p(Xi|Y ) based

on the lifetime signed significances: sd0 = d0/�d0 and sz0 = z0 sin ✓/�z0 sin ✓ [105]. The likelihoods

also include 14 exclusive categories defined by the hit patterns of the tracks, shown in Table 6.2.

IP3D builds three-dimensional likelihood templates from the tracks’ sd0 and sz0, and category, while

IP2D builds the template based on the tracks’ sd0 and category. On a technical note, these IP2D

and IP3D significances use di↵erent definitions of the lifetime sign. IP2D uses the d0 sign based on

the 2d (x,y) projection, while IP3D uses d0 signed with the 3D vectors, and z0 signed based on the

2d projection. The inclusive distributions of the IP3D d0 and z0 sin ✓ lifetime signed significances for

the di↵erent jet flavors are shown in Figure 6.7. The IPXD uses a high purity track selection with

|d0| < 1 mm, |z0 sin ✓| < 1.5 mm, and pT > 1 GeV.

The jet-level likelihoods can be constructed by multiplying the individual probabilities, the IP3D

b-tagging discriminants are therefore defined as:

DIP3D,l = log
Y

i2tracks

pib
pil

DIP3D,c = log
Y

i2tracks

pib
pic

. (6.7)

The IP2D discriminants are defined analogously with the corresponding IP2D templates.

Figure 6.9 shows the correlation between the largest two |sd0|s tracks in b-jets (left) and light jets

(right). Although these track significances are uncorrelated in light jets, there is a strong correlation

in the track significances in b-jets since we expect five displaced tracks from the heavy flavor decay.

The RNN-based IP algorithm (presented in the next section) is a compact way to represent the

probability distribution p(Y |X1, . . . , Xn), and alleviate the need for the independence assumption
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Fractional contribution [%]
# Category b-jets c-jets light-jets

0 No hits in first two layers; expected hit in IBL and b-layer 1.9 2.0 1.9
1 No hits in first two layers; expected hit in IBL and no expected hit in b-layer 0.1 0.1 0.1
2 No hits in first two layers; no expected hit in IBL and expected hit in b-layer 0.04 0.04 0.04
3 No hits in first two layers; no expected hit in IBL and b-layer 0.03 0.03 0.03
4 No hit in IBL; expected hit in IBL 2.4 2.3 2.1
5 No hit in IBL; no expected hit in IBL 1.0 1.0 0.9
6 No hit in b-layer; expected hit in b-layer 0.5 0.5 0.5
7 No hit in b-layer; no expected hit in b-layer 2.4 2.4 2.2
8 Shared hit in both IBL and b-layer 0.01 0.01 0.03
9 At least one shared pixel hits 2.0 1.7 1.5
10 Two or more shared SCT hits 3.2 3.0 2.7
11 Split hits in both IBL and b-layer 1.0 0.87 0.6
12 Split pixel hit 1.8 1.4 0.9
13 Good quality 83.6 84.8 86.4

Table 6.2: Categories for defining the IP2D and IP3D templates [106].
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Figure 6.9: Correlation between the two leading significance tracks in b-jets (left) and light-jets
(right) [93].

Additionally, IPXD scales poorly with adding more features for each track, since the number

of bins for histograms defining the p(Xi|Y ) templates scales exponentially with the number of

dimensions of Xi. Alleviating this curse of dimensionality problem is a natural introduction for

ML-based solutions.
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6.3.2 RNNIP

Recurrent Neural Networks (RNNs) operate on sequences by iterating over the elements and at

each step, updating a fixed dimensional hidden state, as shown illustrated in Figure 6.10. The final

fixed-dimensional vector can be used for classification. A common use case for RNNs is natural

language processing, where the sequence elements are given by the order of the words in a sentence,

so the sequence elements are often referred to as “time steps”. An RNN is a compact representation

since the weights are shared between the time steps of the input processing. This also allows the

RNN to operate natively over a variable number of inputs. A Long Short Term Memory (LSTM) cell

for an RNN additionally adds a context to preserve long-range correlations between the elements

of the sequence and avoid the problem of vanishing gradients for the update steps through the

computational graph [107].

Figure 6.10: Illustration of how an RNN works. The X1, X2, X3 . . . are the inputs, the hi, i = 1, . . . T
is the hidden state of the RNN while the fW is the function that updates the hidden state with
the new input. The W are the weights which are common across the timesteps Xi. The sequence
outputs a classification label y [108].

We use an RNN for b-tagging, by treating the tracks in the jet as a sequence where each track

has a set of features Xi. The RNNIP is a b-tagging algorithm that uses an LSTM [109] to natively

operate variable length tracks in a jet while taking into account the correlations between the tracks.

As shown in [93], the accounting for these correlations allows the RNN to be more performant than

IP3D even when trained on the same inputs. But with using NNs instead of histograms – we avoid

the “curse of dimensionality” and can use additional variables sensitive to the kinematics of the

b-hadron decay which significantly improves performance [93]. To represent the jet as a sequence, we

needed to specify an ordering for the tracks, and the significance of the tracks, sd0, was empirically

found to be a good ordering for the track inputs. RNNIP uses the same tight track selection as IPXD

with |d0| < 1 mm, |z0 sin ✓| < 1.5 mm, and pT > 1 GeV.

We’ve included further optimizations to the RNNIP algorithm with respect to [93]. We’ve
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hits
Sd0

Figure 6.11: RNNIP architecture (modified from [93]).

increased the architecture size, and included a dropout layer [110] with a dropout fraction of 0.2 to

improve the network’s generalization to the test set. Previously, the track category (Table 6.2) was

used as an RNNIP input by encoding this category in a 2-dimensional embedding vector. The track

category is defined based on hit patterns in the IBL and the next-to-innermost pixel layer (PIX1)

due to their strong impact on the IP significance distributions. Now instead of using the category

embedding, the “hits variables” which defined the IPXD categories are included as additional inputs.

This additional low-level information led to an O (10%) improvement in the l-jet background rejection.

Table 6.3 summarizes the input features for the RNNIP tracks. Since the pfrac
T

and �R variables

have a tail at larger values, the natural log of the value for these variables is used as the feature to

improve the time for the training to converge. Variable normalization to zero mean and unit variance

is frequently used to preprocess features in ML algorithms. As many of our input variables already

have near zero mean, only a subset of the track features are normalized: log pfrac
T

, log�R, nPixHits,

nSCTHits.

To avoid classifying the jets just based on the di↵ering kinematics of b, c, and light jets in tt , the

RNNIP training reweights the pT spectra for b-jets and c-jets to match light jet pT spectrum. These

weights are then passed to the loss function in the RNNIP training. For the Db definition for the

RNNIP evaluations, fc = 0.07 is used as the fraction of c-jets relative to non-b-jets in tt̄ events.

RNNIP PFlow optimization

Figure 6.12 illustrates why b-tagging becomes harder at high pT. As the jet pT increases, there are

more tracks from the fragmentation process. Additionally, as the b-hadron becomes more boosted, its

decay products become more collimated making reconstructing the tracks in the dense environment

at the core of the jet more challenging (as shown earlier in Figure 5.5). Finally, as the b-hadron



6. ATLAS RUN 2 B-TAGGERS 77

Input Description

sd0 d0/�d0: Transverse IP significance
sz0 z0 sin ✓/�z0 sin ✓: Longitudinal IP significance

log pfrac
T

log ptrackT /pjet
T

: Logarithm of fraction of the jet pT carried by the track
log�R Logarithm of opening angle between the track and the jet axis
IBL hits Number of hits in the IBL: could be { 0, 1, or 2 }

PIX1 hits Number of hits in the next-to-innermost pixel layer: could be { 0, 1, or 2 }

shared IBL hits Number of shared hits in the IBL
split IBL hits Number of split hits in the IBL
nPixHits Combined number of hits in the pixel layers
shared pixel hits Number of shared hits in the pixel layers
split pixel hits Number of split hits in the pixel layers
nSCTHits Combined number of hits in the SCT layers
shared SCT hits Number of shared hits in the SCT layers

Table 6.3: Track features for the RNNIP algorithm.

becomes increasingly boosted, it can travel past the first layers of the detector before decaying, as

shown in Figure 6.13. Missing the first hits on the track hurts the track reconstruction e�ciency. The

conflation of these factors is shown in Figure 6.12, where heavy flavor track reconstruction e�ciency

decreases as the jet pT increases. The RNNIP track selection keeps less than one heavy flavor track

(on average) for multi-TeV jets, making training maximally e�cient taggers over a broad dynamic

range a challenging problem.

Figure 6.12: The evolution of heavy flavor compared to the number
of fragmentation tracks that have pT > 1 GeV, |d0| < 1 mm,
|z0 sin ✓| < 1.5 mm (the IP3D and RNNIP track selection).

Figure 6.13: As the b-hadron
becomes increasingly boosted, it
will travel farther in the decay
[111]
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To produce an optimal tagger over this broad dynamic range, we trained RNNIP on five samples:

• tt ,

• 1.5 TeV hybrid sample ,

• 5 TeV hybrid sample,

• 1.5 TeV Z’ sample, and

• 5 TeV Z’ sample.

The model size was optimized to ensure the extended hybrid training performed as well as the

dedicated tt and Z’ trainings for both the t t and Z’ sample evaluations. This optimal model had 400

hidden units in the LSTM cell, an increase from the 50 hidden units of [93]. The training was done

with the adam optimizer [112] with a learning rate of 0.001. Five million jets were used with 20%

held out as a validation set, and the training was stopped when the validation loss had not improved

in the last 20 epochs.

Figure 6.14 shows the result of the training evaluating the performance on the Z’ 5 TeV sample.

The training on only tt has very poor performance when evaluated on this high pT sample. The

training with the hybrid 1.5 TeV sample gives better background rejection, while the hybrid 5 TeV

sample gives the best performance.

Figure 6.14: ROC curves for for light rejection (left) and charm rejection (right) evaluated on the 5
TeV Z’ sample.

Figure 6.15 shows the “flat e�ciency” background rejection as a function of the jet pT. The

dashed black boxes emphasize the high pT region and demonstrate the robustness of the hybrid model

to push the performance at high pT. Both the hybrid 5 TeV and Z’ 5 TeV samples are performing

similarly for the highest pT jets, as expected from an optimized tagger.



6. ATLAS RUN 2 B-TAGGERS 79

Figure 6.15: RNNIP performance as a function of pT with the flat 70% WP for light rejection (left)
and charm rejection (right). NN tainined on 5 di↵erent samples are compared.

6.3.3 SV1

Given a set of tracks, a vertex fit calculates the vertex (x, y, z) location and fitted covariance matrix.

This is done by minimizing the �2 of the residuals of the tracks extrapolated to the vertex location.

SV1 is a vertexing algorithm that reconstructs displaced decays with the assumption that all of

the displaced tracks come from a single secondary vertex. Although this assumption is not strictly

true as there’s an underlying b ! c cascade decay, in practice it helps make the problem tractable

when the b and c hadron decays are close to each other, or when one of the weakly decaying b or

c-hadrons only has a single track from the decay. Figure 6.16 shows jet displays which highlight three

typical vertexing possibilities1. The top panel shows a b-jet where the B and D hadron decays are

each separately resolvable. The middle panel motivates the SV1 “single secondary vertex” assumption

as the B and D hadron decays are not separately resolvable. The bottom panel shows a c-jet, where

the c-hadron decay also results in a single secondary vertex, albeit less displaced from the primary

vertex than was the case for the b-hadron decays in the b-jets.

The set of input tracks for SV1 have |d0| < 3.5mm, |z0 sin ✓| < 5mm and pT > 500 MeVs [68].

To reduce the rate of fake vertices, additional track cleaning cuts are applied for jets with ⌘ > 1.5,

since these tracks pass through more material. To limit the fake rate in high pT jets, only the 25

highest pT tracks inside of the jet are considered [113]. These track pre-selection cuts are looser than

the IPXD (and RNNIP) algorithms because the probability for these tracks to be attached to the

fitted vertex provides an additional track selection criterion.

All possible pairs of 2-track vertices are formed which have a fitted �2 probability larger than

3.5%. These two track vertices require each track to have a 3d significance larger than 2� and the

sum of the 3d track significances to be larger than 6�. Finally, the 2-track vertex needs to have a

positive lifetime sign (i.e, a positive projection along the jet axis) [68]. Two track vertices consistent

1
Many thanks to Jonathan Shlomi for the nice track extrapolator code.
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Figure 6.16: Visualization of the (x,y) and (z, ⇢�) 2d views of the tracks for reconstructing the secondary

vertex (or vertices). The arrow on the figure indicates the jet axis, and a ? shows where each weakly decaying

hadrons. The solid lines are tracks from the heavy flavor decays, while the dashed lines show the other tracks

associated to the jet.
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with Ks and �0 decays and e+e� conversions are vetoed by looking at the m
⇡
+
⇡
� , m

p⇡
� , and mee

distributions, respectively.2 Two track vertices from hadronic material interactions are vetoed if

vertex position overlaps with the detector material.

This set of two track vertices gives a “cleaned” set of tracks that are then used to fit a single SV.

The vertex fit is done, and the mass of the SV is calculated using a ⇡± mass for the tracks then using

the four-vector sum of the tracks to calculate an invariant mass. If the �2 probability of the fit is less

than 0.1%, or the SV mass is larger than 6 GeV, the track with the largest track-vertex association

�2 is removed. This vertex fit is repeated iteratively, removing tracks until the convergence criterion

is satisfied.

For a true displaced decay, this secondary vertex will have properties consistent with a B or D

hadron, and some key discriminating variables include the mass of the secondary vertex, the energy

fraction of the vertex relative to the jet, the displacement of the fitted SV from the PV, and the

track multiplicity of the fitted vertex. The list of the eight SV1 inputs that are fed into the high

level b-tagger is enumerated in Table 6.4, and a subset of these features are shown in Figure 6.17.

Input Description

m Invariant mass of the tracks reconstructed in the secondary vertex
fE The energy of the SV over the energy of the jet
�R(~pjet,~rSV � ~rPV ) Opening angle between the jet and the SV flight axis
Lxy SV transverse distance from the PV
Lxyz SV distance from the PV
Sxyz Significance of the displacement of the SV: Lxyz/�xyz
Ntrk Number of tracks in the SV
N2�trk�vtx Number of 2 track vertices before the vertex fit

Table 6.4: Features from the SV1 reconstruction that are fed as input to the DL1r tagger.

2
The tracker only measures the momentum of the particle, so to reconstruct a mass, we need to make an particle

ID assumption for the track’s mass to get the 4-vector. The meson (or lepton) mass used for each track to reconstruct

the 2-track vertex invariant mass is denoted by the subscripts. For the ⇤
0 ! p⇡

�
reconstruction, the leading pT track

is taken as the p track.
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(a) (b) (c)

(d) (e) (f)

Figure 6.17: A selection of the SV1 features that are inputs for the high-level DL1r b-tagger [3].
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6.3.4 JetFitter

JetFitter (JF) is the other ATLAS vertexing algorithm that fits multiple secondary vertices to

better represent the underlying cascade topology visualized in Figure 6.18. The key assumption this

algorithm makes to limit the complexity of the multi-vertex fit is that all of the displaced vertices lie

on the same flight axis. This is well motivated as the B-hadron carries a large portion of the initial

quarks momentum which causes the B (and subsequent D) hadron to have their momentum aligned

with the original b-quark.

ATLAS Simulation Preliminary
s = 13 TeV, tt

Figure 6.18: Visualization of the cascade topology of B0
! D0 decay. The axes on the plot are in

mm. The hadron decays are shown with grey circles. The common B0 / D0 flight axis is shown in
the orange line, which is initialized with the jet axis, shown by the purple dashed line. [114]

The tracks input to the JF algorithm have a loose selection criteria of |d0| < 3.5 mm and

|z0 sin ✓| < 1.5 mm, and pT > 500 MeV [68]. Tracks compatible with originating from the PV are

vetoed, with a harder cut for the tracks with a negative lifetime sign. The track’s �2

i contribution

to the PV fit is used to calculate the �2 probability for the PV compatibility, Prob(�2). For

positively signed tracks, Prob(�2) < 10%, and Prob(�2) < 5% for negatively signed tracks [114].

All 2-track vertices are fromed with a �2 fit probability > 3% (5%) and a 3d signed significance

L3D/�3D > 1.5(1).3 Tracks consistent with hadronic interactions are vetoed by removing tracks in

3
The parentheses indicate the tighter vertex fit probability cut for smaller 3d significances.
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2-track vertices that overlap with the detector material.

The multi-vertex fit extends the Kalman Filter formalism with the extended state vector of the

Hidden Markov Model given by Eq. 6.8. The common flight axis is characterized by the (�, ✓), and is

initialized with the jet axis. Then the N displaced vertices are identified by the distance along this

flight path from the PV (denoted by the d1, d2, . . . dN distances).

~d = (xPV , yPV , zPV ,�, ✓, d1, d2, . . . , dN ) (6.8)

Initially, N is the number of input tracks. After the first fit for the (�, ✓, d1, d2, . . . , dN ), the vertices

with a �2 vertex fit probability less than 0.1% are removed. Then the probabilities for any two

vertices to be merged are computed by redoing the vertex fit merging each pair of vertices and

computing �2merged vertex fit probability. This defines a “table of probabilities” for all two vertex

combinations. An iterative clustering procedure merges the vertices with the highest probability,

refits the state vector, and then updates the table of probabilities with the updated vertex list. This

vertex clustering continues until all the merging probabilities are above a threshold.

The JetFitter algorithm additionally has the flexibility to reconstruct the B and D-hadron decays

from single track vertices with a second “track-reattachment” step. This step considers tracks

not in the two-track vertices, but which satisfy a stricter selection criteria of |d0| < 1.5 mm and

|z0 sin ✓| < 3 mm, and pT > 750 MeV. To reduce pile-up tracks, tracks with |z0 sin ✓|/�z0 sin ✓ > 5 and

d0/�d0 < 2 are additionally vetoed. The (�, ✓, d1, d2, . . . , dN ) from the above fit is then extended with

these extra single track vertices, and the vertex clustering procedure is repeated until convergence.

The set of input variables that characterize the result of the multi-vertex fit are listed in Table 6.5.

There are two types of input variables. The first 8 variables listed in Table 6.5 characterize the

properties of the tracks in the full cascade fit. The mass of the tracks associated to the displaced

vertices, mJF , includes a conservation of momentum constraint to account for the neutral tracks and

improve the mass resolution (see Appendix A.2 for further details). A subset of these JF variables is

shown in Figure 6.19.

The second block of variables enhance the sensitivity for c-tagging. For c-jets, only one displaced

vertex is expected so these variables are only calculated when JF finds exacly one displaced vertex.

These variables quantify the (2d and 3d) distance of the SV, its invariant mass, the energy of the

trakcs and track muliplicity of the displaced vertex. Additionally, since the c-hadron has a lower

decay multiplicity than the b-hadron decay, each of the c-hadron tracks carry a larger proportion of

the energy and hence have a wider opening angle [106]. The min, max, and avg ⌘ of the tracks in the

jet and the tracks in the displaced vertex and the tracks in the jet characterize this wider opening

angle.
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Input Description

mJF Invariant mass of the tracks attached to displaced vertices
fE Fraction of the energy in the displaced vertices compared to the jet’s

energy
�R(~pjet, ~pvtx)
Sxyz Average significance of all of the displaced vertices
Ntrk Number of tracks associated to the fitted displaced vertices along the

cascade decay chain
N2�trk-vtx Number of 2 track vertices (before the decay chain fit)
N1�trk-vtx Number of the single track vertices (after the decay chain fit)
N�2�trk-vtx Number of the multi-prong displaced vertices (after the decay chain fit)
Lxyz(SV) 3d distance from the first displaced vertex
Lxy(SV) transverse distance from the first displaced vertex
mtrk(SV) Mass of the tracks associated to the first displaced vertex
Etrk(SV) Energy of the tracks in the first displaced vertex
fE(SV) Energy fraction of the tracks in the first displaced vertex compared to

the energy of the jet
Ntrk(SV) Number of tracks attached to the first displaced vertex
⌘max, min, avg

trk
(SV) The maximum, minimum, and average pseudorapidity of the tracks in

the displaced vertex
⌘max, min, avg

trk
The maximum, minimum, and average pseudorapidity of the tracks in
the jet

Table 6.5: Features from the JF reconstruction that are fed as input to the DL1r tagger. The first
block of variables quantifies the global properties of the displaced vertices and decay topology. The
second set of variables just looks at the properties of the first displaced vertex which capture the
di↵erences between b-jets and c-jets.

6.3.5 Low-level tagger comparison

Figure 6.20(a) compares the performance of the newly retrained RNNIP against some other low-level

taggers. The SVKine (JFKine) line shows a small NN retrained with the jet pT, ⌘, and the SV1

(JF) inputs. RNNIP is the most e�cient low-level algorithm at the highest e�ciencies, although

at the tightest e�ciency 60% WP, SVKine has slightly better at light rejection and JFKine is

slightly better at charm rejection. The blue line shows the DL1r performance and illustrates the gain

from aggregating the complementary information of the di↵erent low level algorithms’ assumptions.

Figure 6.20(b) shows the corresponding evaluation on the Z’ 5 TeV sample, demonstrating that

RNNIP drives the performance at high momentum as the vertexing algorithms su↵er when the HF

track reconstruction e�ciency is so low and the fragmentation tracks proliferate.
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(a) (b) (c)

(d) (e) (f)

Figure 6.19: A selection of the JF features that are inputs for the high-level DL1r b-tagger [3].

(a) tt evaluation (b) Z’ 5 TeV evaluation

Figure 6.20: Comparison of the performance of the low-level taggers [3].
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6.4 DL1r High Level tagger

The Run 2 ATLAS b-tagger is the DL1r algorithm4. It is a feed-forward NN which includes inputs

from the low-level taggers described previously, with the DL1r inputs summarized below:

• The jet pT and ⌘: to use the correlations between the jet’s kinematics and the low-level taggers

• IP2D and IP3D: The log pb/pc, log pb/pl, and log pc/pl are the DL1r NN inputs (2 IP taggers

x 3 inputs = 6 inputs)

• RNNIP: After optimizing the RNNP hyperparameters , the DL1r algorithm accepted as inputs

the RNNIP outputs: pb, pc, and pl (3 inputs)

• SV1: vertex information (variables in Table 6.4) (8 inputs)

• JF: displaced vertices characteristics, Table 6.5 (20 inputs).

The low-level algorithms don’t always “succeed” or have a non-trivial output (i.e, for some jets,

no tracks are selected by the tight IPXD selection cuts, or the vertex fit could fail to find a secondary

vertex). When a low-level algorithm has a trivial output, default values are defined by setting the

variable to the mean of the distribution (to be uninformative for the NN discrimination). The default

value is set to zero if that is more physically meaningful, such as the mass or the energy of the SV

is zero if no SV is found. To let the DL1r NN know if default values are used, boolean variables

inputs are added for each low-level algorithm: IP2D_isDefault, IP3D_isDefault, SV1_isDefault,

JF_isDefault, and JFc_isDefualt (since the c-tagging variables are only calculated when JF finds

exactly one SV. The DL1r tagger thus has 44 inputs:

# DL1r inputs = 2 (jet pT, ⌘) + 6 (IPXD) + 3 (RNNIP) + 8 (SV1) + 20 (JF) + 5 (boolean defaults) = 44.

These inputs are then pre-processed to have zero mean and unit variance (except for the boolean

default indication variables).

The architecture has eight hidden layers with 256, 128, 60, 48, 36, 24, 12, and 6 hidden nodes per

layer, and ReLU non-linearities.5 A softmax output layer has three output nodes for the b, c, and

light jets. The categorical cross-entropy loss is used, and the parameters of the NN are optimized

with a stochastic gradient descent optimizer adam [112] with a learning rate of 0.01, and a batch size

of 15,000 jets.

The DL1r training ameliorates the jet class kinematic dependence by resampling the input jets.

The input training sample is discretized into bins of jet pT and ⌘, and di↵erent jet flavors. Samples

are drawn from this histogram to give a uniform number of jets across the (pT, ⌘) spectrum.22 million

jets are used for the input training for DL1r, with an equal proportion of b, c, and light jets. Then

fc was optimized to increase the charm rejection, while avoiding any degradation in the light jet

4
The “r” in the DL1r algorithm name refers to the inclusion of the RNNIP information

5
The performance was stable for a range of choices in the number of nodes and number of layers.
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rejection relative to the EMTopo DL1 training. The DL1r performance plots thus use fc = 0.018 in

the Db definition.

The comparisons of the DL1r tagger are made against two other taggers: (1) DL1, which uses the

same inputs as DL1r except for the RNNIP variables, and (2) MV2, which uses the same inputs as

DL1, but is a BDT instead of a NN. The DL1r tagger also has a reduced memory footprint compared

to the previous MV2 tagger [3].

6.4.1 PFlow optimization

Figure 6.22 shows the inclusive ROC curves of the high-level taggers evaluated on tt . All three of

these taggers have been retrained on the PFlow jets, but the DL1r curve includes the RNNIP outputs

from the extended hybrid training. The gains from RNNIP are up to a factor of 2 increase in the

light jet rejection and up to 50% better at charm jet rejection. In Figure 6.21(a) the stars emphasize

that the light jet rejection at the 70% WP for MV2 is similar to the charm rejection for DL1r at

the 77% WP. All of the latest HH analyses use this new DL1r algorithm, and were able to take

advantage of the better signal e�ciency with this looser WP, translating into a direct improvement

in the physics results.

(a) light rejection (b) charm rejection

Figure 6.21: The ROC curves for light and charm rejection evaluated in t t comparing the PFlow
retrained high-level taggers: MV2 (BDT-based), DL1 (NN based, RNNIP not included), and DL1r
(Run 2 recommendation) [115]. The stars indicate the 77% WP for DL1r and the 70% WP for MV2.

Figure 6.22 shows the performance at the fixed 77% WP as a function of the jet pT. In the t t pT

range, the b-tagging e�ciency increases with the jet pT. The b tagging e�ciency is defined for each

of the MV2, DL1, and DL1r taggers, giving these taggers similar b-tagging e�ciency profiles. The

gains of the DL1r tagger are seen with the background rejection. The RNNIP algorithm contributes
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the most at high pT as the improvement of DL1r is most evident for jets with pT above 50 GeV.

(a) b e�ciency (b) charm rejection (c) light rejection

Figure 6.22: The pT dependence of the b-tagging e�ciency and background rejection in tt for the
fixed 77% WP for the PFlow retrained high-level taggers [115].

For the flat 77% WP, the DL1r shows an uncontroversial outperformance of the DL1 and MV2

taggers. Although the “flat e�ciency” plots are useful to understand the performance of the tagger,

these flat working points are not calibrated.

(a) charm rejection (b) light rejection

Figure 6.23: Background rejection in t t for the flat 77% WP for the PFlow retrained high-level
taggers [115].

Figure 6.24 shows the DL1r performance in the 5 TeV Z’ sample to examine the tagger performance

extended to higher pT. The blue curve shows the new DL1r training, while the orange compares

to an older training. The newly retrained tagger has improved the b-jet e�ciency up to 5 TeV

jets (Figure 6.24(a)). The light jet rejection decreases as the jet pT increases, as expected from the

increase in the fragmentation tracks. Above 5 TeV, the b-jet rejection degrades, but helps the b vs

light jet discrimination power as both the b-e�ciency and light rejection improve.
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(a) b e�ciency (b) charm rejection (c) light rejection

Figure 6.24: The pT dependence in the 5 TeV Z’ sample of the b-tagging e�ciency and background
rejection for the fixed 77% WP for the PFlow retrained high-level taggers (blue) compared to the old
DL1r tagger in orange.

6.4.2 VR track jets optimization

Here we show the same performance plots for the high-level taggers. The comparison shows all the

high-level taggers retrained for the VR track jet collection – which means all of these taggers are

novel as the first time these taggers had dedicated b-tagging optimizations for this track jet collection.

The comparison is still interesting to highlight the gains specifically from RNNIP. Figure 6.25 shows

the ROC curves comparing these VR track jet trainings. The DL1r tagger again o↵ers a factor of 2

improvement in the light rejection and up to 50% improvement for the charm rejection compared to

the BDT-based MV2 tagger in a tt sample.

(a) light rejection (b) charm rejection

Figure 6.25: The ROC curves light and charm rejection comparing the VR retrained high-level taggers:
MV2 (BDT-based), DL1 (NN based, RNNIP not included), and DL1r (Run 2 recommendation) [1].
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The performance plots versus pT for the fixed and flat WPs are shown in Figure 6.26 and

Figure 6.27, respectively. We again see a more dramatic improvement o↵ered by the RNN at the

higher jet pTs.

(a) b e�ciency (b) charm rejection (c) light rejection

Figure 6.26: The pT dependence of the b-tagging e�ciency and background rejection for the fixed
77% WP for the VR retrained high-level taggers [1].

(a) charm rejection (b) light rejection

Figure 6.27: Background rejection for the flat 77% WP for the PFlow retrained high-level taggers [1].
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Impact of FTAG improvements on analyses

Finally, the physics improvements from this VR track jet retraining is highlighted by the HH ! 4b

boosted analysis search in Figure 6.28. The 36 fb�1result (shown in the dashed gray line) used fixed

R=0.2 jets with the (EMTopo trained) MV2 algorithm at the 70% WP [116]. The recent result from

the 139 fb�1full Run 2 data set is shown in the blue dashed line which improves on the old result

by using variable radius track jets, and a new dedicated track jet b-tagger training for the DL1r

tagger. The signal e�ciency was improved by using the looser 77% WP. This result is compared

to what is expected just from the dataset scaling shown in the dashed black line. There is a nice

improvement over our luminosity scaling expectations for scalar masses above 1250 GeV (where the

boosted analysis drives the sensitivity). This improvement is larger as the heavy scaler mass increases,

emphasizing the gains from the shrinking radii as the b-quarks from the Higgs decay become more

collimated.
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Figure 6.28: Demonstration of The grey line shows the 36.1 fb�1result with fixed radius R = 0.2
track jets from [116]. The black line shows the expected improvement of this result expected just
from the larger size of the 139 fb�1dataset. The blue line shows the 139 fb�1result from [117] which
shows gains over the expectation from the dedicated b-tagger retraining for VR track jets.
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6.5 FTAG Calibrations

While simulation gives the truth labels for the jet to train and evaluate the algorithm’s performance,

e�ciency must ultimately be calibrated to data. Control samples are built with selections targeting

a jet flavor, and the observed and simulated e�ciencies are compared. The correction factors are

called scale factors (SF) and defined as:

SFf (pT) =
"f,data(pT)

"f,MC(pT)
, (6.9)

where f = b, c, or light, as these SFs are derived separately for each jet flavor, and these calibrations

are summarized below.
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(b) c-jet SFs

Figure 6.29: SFs for the b and b-jets for the DL1r tagger at the 77% operating point [2].

b-jet calibration

A dedicated t t selection is used to get a high purity sample

of b-jets, illustrated in Figure 6.30. Exactly two jets are

required, and di-leptonic decays are targeted by requiring

exactly two leptons with opposite charge and opposite flavor.

The invariant masses of the lepton, jet pairs, mj1,` and mj2,`,

are used to define CRs to constrain the flavor fractions in

the fit [105]. These SFs are measured in nine pT bins and

the result is shown in Figure 6.29(a).

Figure 6.30: t t signature for the b-jet
calibration. The green cones indicate the

calibration b-jets.
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When tt sample runs out of statistics for jets with pT > 400GeV, the central value of the last pT bin of

the calibration is used for higher pT jets, and the error bar is inflated with an MC-based extrapolation

to account for (1) the decreased track reconstruction e�ciency in the denser environments, (2) the

jet energy scale and resolution, and (3) the b-hadron interaction model in the detector [118].

c-jet calibration

A dedicated semi-leptonic tt selection selects a sample of

c-jets coming from the hadronic W decay, as shown in

Figure 6.31. Exactly one muon or lepton is required with an

Emiss

T > 20, and a kinematic likelihood method matches the

jets to the partons [119]. The c-jet SFs are extracted in four

pT bins, and the result is shown in Figure 6.29(b).
Figure 6.31: t t signature for the c-jet
calibration. The orange cone indicates

the calibration c-jet.

light-jet calibration

To select a pure sample of light-jets, a Z +jets sample is used where

the Z is identified from decays to electrons or muons [4]. Figure 6.32

gives a representative diagram for light jets produced in association

with the Z . However, it is di�cult to get a pure sample of light-jets

after applying a b-tagging cut because of how powerful the b-taggers

are at rejecting light jet backgrounds. Figure 6.21(a) shows that

for at the (tightest) 60% WP, only 1 out of 2000 light-jets will be

mis-tagged. This makes it impossible to measure light-jet yield in

data directly as the sample becomes dominated by heavy flavor jets

after applying a b-tagging cut.

Figure 6.32: Z+jets

representative diagram for the

light jet calibration. The blue

cone indicates the calibration

light jet.

Instead of calibrating the light mistag rate directly, a “flipped” tagger is calibrated which has:

1. the same performance for light jets, but

2. reduced e�ciency for tagging b and c-jets.

A large fraction of light-flavour jets are wrongly classified as b-jets when there is a track with

a large significance. This could come from the track being mismeasured because of the detector

resolution, or because the tracks originated from a pile-up vertex. Both these e↵ects have an equal

probability to give a track with positive or negative lifetime sign, leading to mostly symmetric IP

distributions (as seen in Figure 6.7). A data augmentation procedure called flipping can be applied

whereby the sign of track IPs (and that of secondary vertices) is multiplied by -1, without a↵ecting the

overall light-jets IP distributions [120]. The tagger evaluated on flipped inputs, the flipped tagger, has

approximately equal performance for light-jets as the nominal tagger. However, for b-jets and c-jets
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with real large IP tracks, the flipping will lead to large changes in their asymmetric IP distribution,

with significantly fewer large IP tracks, causing the flipped tagger to be ine�cient for identifying

heavy flavor jets. Since RNNIP was a new low-level tagger, we wanted to ensure its design allowed a

good flipped tagger definition. Compared to [93], the ordering of the tracks was from |sd0| to sd0

to preserve the lifetime sign information and enhance the flipping performance. Then the flipped

RNNIP (RNNIPFlip) multiplies the IP signs of the sd0 and sz0 inputs by -1. Figure 6.33 shows the

RNNIP discriminants of b-jets, c-jets and light-jets with nominal and flipped inputs. The dashed

vertical lines represent the discriminant requirement for 85%, 77%, 70% and 60% b-jet e�ciencies.

The desired properties are found: the flipped distribution for light-jets is nearly unchanged, while

there is a significant decrease in flipped b-jets and c-jets at high discriminant values. Using these

distributions, the e�ciencies of the di↵erent jet flavors as a function of the discriminants are examined

in Figure 6.34. There is a large reduction in the e�ciency for selecting b-jets and c-jets for a fixed

light-jet rejection as desired.
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Figure 6.33: Db discriminant distributions for the nominal and flipped taggers. The vertical dashed
lines correspond to the discriminant requirements for 85%, 77%, 70%, and 60% inclusive b-jet
e�ciencies, corresponding to the e�ciency benchmarks used at the analysis level. [5]

Given these promising results for the light-jet calibration, a corresponding DL1Flip tagger was

defined using this RNNNIP flip definition and the DL1r light-jet calibration was performed . In the

Z+jets sample, the leading pT jet in the event is the one considered for the b-tagging calibration,

and a 2d fit with the pseudo-continuous b-tagging bins and the SV1 mass, where the SV1 mass helps

constrain the flavor fractions. The light-jet distributions for the the nominal and flipped DL1r tagger

is shown in Figure 6.35(a) [4]. Again the nominal and flipped taggers have similar distributions, and

the residual di↵erences are included as a systematic in the calibration. The result of the calibration

as the 70% WP is shown in Figure 6.35(b), and the SF is within 20% of the nominal value.



6. ATLAS RUN 2 B-TAGGERS 96

�� � � �� �� ��
'E

���

���

���

���

���

���

���
��
��&

XP
XO
DW
LY
H�
HI
ILF
LH
QF
\

$7/$6�6LPXODWLRQ�3UHOLPLQDU\
0
V � ����7H9��W űW 511,3��/LJKW�IODYRXU�MHWV

511,3)OLS��/LJKW�IODYRXU�MHWV
511,3��F�MHWV
511,3)OLS��F�MHWV
511,3��E�MHWV
511,3)OLS��E�MHWV
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Figure 6.35: Performance of the Z +jets light jet calibration with the DL1rFlip tagger.
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b-tagger R&D: DIPS

She raised one leg and gave me all her weight as I dipped her. She either trusted me or

wanted to fall.

– John Green, Paper Towns

In this chapter, the Deep Impact Parameter Sets (DIPS) b-

tagging algorithm is presented. It is based on the Deep Sets

architecture [121], which is an alternative to the RNN b-tagging

approach described in Chapter 6.3.2, but instead treats the

tracks in the jet as an unordered, variable-sized set rather than

as a sequence. This avoids the need to specify a track ordering,

which for b-tagging was empirically driven rather than dictated

by the problem. DIPS is demonstrated to be as performant as

RNNIP but faster to train, which reduces turn-around time for

optimization. As such, track selection criteria and extra track

feature optimization studies are presented. Finally, diagnostic

studies from the machine learning literature are included to

demonstrate the characteristics from the b-quark fragmentation

and hadronization process that the network has gleaned.

Figure 7.1: Logo for the DIPS algorithm.

The couple is featured doing a dance move

called a “dip” and the tan axes overlay the

impact parameter definitions. Logo artist,

Brendan Hartman.

7.1 DIPS Algorithm

The Energy / Particle Flow Network is first application of Deep Sets architecture to particle physics

[122], and the motivation for this study. Let Xi be the vector representing the inputs associated with

the ith track in the jet. The Deep Set applies a neural network (NN) � to each track, sums over the

tracks, and then applies additional processing on the summed representation with a feed-forward NN

F , as described in Eq. 7.1,

97



7. B-TAGGER R&D: DIPS 98

O ({X1, . . . , Xn}) = F

 
nX

i=1

� (Xi)

!
, (7.1)

where O ({X1, . . . , Xn}) represents the b-, c-, and light-jet class probabilities derived from the inputs

for the n tracks in the jet. The architecture bifurcates the problem into operations over inputs

and operations over sets, where the track-network � extracts the relevant track features, and the

jet-network F accounts for the correlations between the tracks. The permutation invariance of the

set is encoded with the permutation invariant sum operation, although other permutation invariant

operations such as the max or average could be used as well.

DIPS o↵ers the same advantages as RNNIP but encodes permutation invariance between the

tracks in the jet, giving a more natural representation of the data and allowing the algorithm to be

trained more e�ciently with fewer parameters and less data [123]. In addition, Deep Sets o↵ers a

major additional advantage over RNNs in that the operation of processing the tracks in the jet with

the � network can be easily parallelized. This allows training and evaluation to make significantly

more e�cient use of the GPUs compared to the non-parallelizable iterative processing of the RNN.
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Figure 7.2: Architecture for the DIPS algorithm. The number of hidden units in the di↵erent neural
network layers correspond to the final optimized architecture.

A simplified scheme of the DIPS architecture is shown in Figure 7.2, which is based on the

architecture in [122]. A grid search over the hyperparameters including the number of layers in the �



7. B-TAGGER R&D: DIPS 99

and F networks, the number of nodes in the � and F networks, and the dimension of the track latent

space revealed similar performance for several di↵erent choices of these hyperparameters. A batch

normalization layer is included before the non-linearities, which is a regularization technique that

normalizes the activations to have zero mean and unit variance [124]. This encourages the hidden

representation to stay close to the turn-on of the non-linearities and learn more e�ciently. We found

batch norm was helpful for the DIPS b-tagging performance while dropout was not.

In this chapter, algorithms are just trained on tt̄ simulated events (described in Section 6.1). For

the baseline DIPS and RNNIP comparisons, the same input features (specified in Table 6.3) are used

for both algorithms, and the same “nominal” track selection (|d0| < 1 mm, |z0 sin ✓| < 1.5 mm, and

pT > 1 GeV) is applied. The tracks are ordered by decreasing sd0, and the first 15 tracks are kept for

training and evaluation. Figure 7.3 justifies that keeping a maximum of 15 tracks is a conservative

choice for as this is on the plateau for the average track multiplicity in the jet.

Figure 7.3: The track multiplicity (black) in the jet given the cut on the maximum number of tracks
cut. b, c, and light jets are inclusively considered, with the nominal track selection. The track
multiplicity by the track origin is also shown for heavy flavor tracks (green), fragmentation tracks
(purple), tracks from material interactions (red) and tracks from other vertices (blue).

The RNNIP and DIPS trainings are performed with 3 million jets, with 20% of these jets held

out as a validation set to determine when to stop the training. The training is terminated when the

validation loss has not improved in the last ten epochs, and the model with the best validation loss

is selected. Both the RNNIP and DIPS architectures are implemented in Keras [125] and trained

with the TensorFlow backend [126]. Algorithms were trained with the Adam optimizer [112] with

a learning rate of 10�3 and a batch size of 256. The performance metrics shown in the following

sections use a statistically independent dataset of 3 million jets.
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7.2 Baseline performance

Each model is trained five times and for a given b-jet e�ciency, the mean of the rejections is used as

the nominal value and the standard deviation of the rejections gives the width of the curve. This

ensemble of trainings assesses the predictive uncertainty of machine learning-based algorithms [127].

The ROC curves for b-jet e�ciency versus light-flavor jet rejection and for b-jet e�ciency versus

c-jet rejection of the DIPS and RNNIP algorithms are shown in Figure 7.4. The DIPS algorithm

provides up to a 15% additional light-flavor jet rejection and a 5% additional c-jet rejection at a

given b-jet e�ciency over the RNNIP algorithm.
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Figure 7.4: Light-flavour jet rejection as a function of b-jet e�ciency (left) and c-jet rejection as a
function b-jet e�ciency (right) of the RNNIP (green) and DIPS (purple) algorithms. The central
curves and error bands show the mean and standard deviation, respectively, of the rejection at each
b-jet e�ciency for 5 trainings. The ratios are computed with respect to the RNNIP ROC curve. [5]

This similar performance comes with a significant decrease in training and evaluation time. The

training time limits the ability to perform optimization tests that compare model variants, while

the evaluation time impacts the ATLAS reconstruction time for deploying the model at scale, and

the ability to use such algorithms in low-latency environments such as the trigger. The DIPS and

RNNIP models with similar numbers of parameters are compared in terms of their speed of training

and evaluation in Table 7.1. Training comparisons are done on an NVIDIA 2080 Ti GPU, while

evaluation comparisons are performed on an NVIDIA Titan X GPU. Five versions of each model are

trained and evaluated, and the mean and standard deviation of the training and evaluation time is

reported. There is a significant speed-up of more than a factor of 2 for the DIPS algorithm compared

to RNNIP. For the evaluation times, DIPS is nearly a factor of 4 faster than RNNIP.
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Model Parameters Time / epoch [s] GPU eval time [s] CPU eval time [s]
RNNIP 47k 241± 14 170± 2 685± 84
DIPS 49k 78± 4 46± 2 206± 98

Table 7.1: Timing metrics for trainings on an Nvidia 2080 Ti GPU and evaluations on an NVIDIA
Titan X GPU. The nominal value denotes the mean of five independent trainings, while the error bar
is the standard deviation. These metrics are for the inference and evaluation are for the full test
datasets of 3 million jets each [5].

7.2.1 Interpretability

To explore what DIPS is learning in the correlations between features that aids the classification

performance, the average saliency map for b-jets with 8 associated tracks and failing a threshold

corresponding to 77% b-tagging e�ciency is shown in Figure 7.5. The saliency map is computed as

@Db

@xik

=
1

N

NX

j=1

@D(j)

b

@x(j)

ik

, (7.2)

and is the gradient of the discriminant value D(j)

b
with respect to each track feature input x(j)

ik
,

averaged over jets (j) in a sample of N jets [128]. The feature inputs normalized to zero mean and

unit variance in the training use the same preprocessing in this evaluation. The saliency map is a

first-order view of the discriminant’s response to the inputs. Figure 7.5 thus shows how this sample

of b-jets that failed tagging could be modified to make them more b-jet-like. There are reasonably

strong positive gradients for the significances (sd0 and sz0) extending up to 5 tracks, which is the

average number of charged particle tracks in a b-hadron decay. Beyond 5 tracks, the gradients for

all the features are either nearly zero or negative, indicating that either these tracks provide no

further information, or that tracks with large IPs are more indicative of background. In addition,

DIPS is highly sensitive to the log pfrac
T

and log�R of the leading sd0
track, which is consistent with

the harder fragmentation of b-quarks compared to light and charm jets. Interestingly, this strong

correlation with log pfrac
T

and log�R for the highest sd0
track also indicates that simply enlarging

the IPs of a track in a jet would not directly lead to a jet passing a tagging threshold, as the track

must also be consistent with the kinematic expectations from b-jet fragmentation. The gradients

for the shared and split hits of the high sd0 tracks are strongly negative since tracks formed from

random combinations of hits are more likely in highly dense environments. Also, the correlation

with the overall number of hits in the innermost pixel layers, IBL and PIX1, is positive but small.

Such features are of high importance to the estimate of the IP and IP resolution. However such

information is also encapsulated in the IP significance features which are strongly correlated with the

discriminant. We suspect the IBL and PIX1 gradients are relatively small due to the discriminator

heavily relying on the IP significance for the first-order estimate of the track’s quality.
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Figure 7.5: Saliency map for b-jets with 8 tracks. The track features are shown on the y-axis, the
tracks (ordered by sd0

) are listed on the x-axis. The colors in each pixel represent the gradient
defined in Equation 7.2 [5].

7.2.2 Calibratability

Chapter 6.5 emphasized the importance of designing new taggers with a valid “flipped definition” for

the light jet calibration. We designed a “DIPSFlip” tagger similar to what was done for RNNIPFlip

by modifying the inputs to multiply the IP significances by -1. The same metrics are shown as

were considered before for RNNIPFlip. Figure 7.6 shows the discriminants for DIPS and DIPSFlip

for the light, c, and b-jet distributions. These distributions are again largely the same for light

jets, while the performance for c, and b-jets are reduced (the distribution is shifted to the lower Db

values), as desired for the flipped tagger definition. This is further exemplified in the integral of these



7. B-TAGGER R&D: DIPS 103

distributions in Figure 7.7. DIPSFlip has similar performance for light jets, but lower e�ciencies for

c and b-jets. Since the DIPS tagger has a permutation invariance over the tracks, while RNNIP uses

the lifetime signed sd0 for the track ordering, DIPSFlip is not quite as performant as RNNIPFlip:

the heavy flavor jet e�ciency is slightly larger for DIPSFlip compared to RNNIPFlip (Figure 6.34).

However, we still believe that the DIPS performance metrics are still promising for calibrating the

high-level tagger with the DIPS with the same “flipped tagger” methodology.
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Figure 7.6: Db discriminant distributions for the nominal and flipped DIPS taggers. The vertical
dashed lines correspond to the discriminant requirements for 85%, 77%, 70%, and 60% inclusive b-jet
e�ciencies, corresponding to the e�ciency benchmarks used at analysis level. [5]
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7.3 Track Selection Optimization

A major benefit of the reduced training time for DIPS is that it facilitates optimization studies which

require retraining the algorithm with many configurations. Two optimizations are presented here:

(1) loosening the input track selection, and (2) providing additional features per track.

The DIPS implementation described so far uses the same nominal track selection (|d0| < 1 mm,

|z0 sin ✓| < 1.5 mm, pT > 1 GeV) as the IP3D and RNNIP algorithms. This high purity selection

keeps the number of mismeasured and pile-up tracks low, as the IP3D algorithm can be sensitive to

such tracks, and Na ive Bayes models perform worse as the number of inputs increases [129].

However, the nominal selection removes some of the key tracks from heavy flavor decays vital for

classification. With the greater expressivity of the DIPS NN compared to the IP3D model, DIPS

can learn which tracks are useful for tagging to be less sensitive to poor-quality tracks. A loose

selection is examined, defined as |d0| < 3.5 mm, |z0 sin ✓| < 5 mm, pT > 0.5 GeV. DIPS with the

loose selection examines up to the 25 highest sd0
tracks, and Figure 7.8 justifies that keeping a max

of 25 tracks is a conservative choice as this is well on the plateau for the average number of tracks in

the jet.

Figure 7.8: The track multiplicity (black) in the jet given the cut on the maximum number of tracks
cut. b, c, and light jets are inclusively considered, with the nominal track selection. The track
multiplicity by the track origin is also shown for heavy flavor tracks (green), fragmentation tracks
(purple), tracks from material interactions (red) and tracks from other vertices (blue).

The average number of tracks per jet in t t is shown in Table 7.2 for the nominal and loose

selections, and is shown separately for each jet flavor. The total number of tracks (ntrk), the number

of tracks from heavy flavor decays (nHF

trk ), the number of tracks from hadronization, excluding

those from heavy flavor decays (nhadr

trk ), and the number of tracks from mismeasurement, material

interactions, and pile-up (nother

trk ), are compared. The highlighted block emphasizes that the loose

selection increases the average number of heavy flavor tracks per b-jet by ⇡ 15% over the nominal

selection. There is also a 6% increase in the number of heavy flavor tracks in c-jets. The loose



7. B-TAGGER R&D: DIPS 105

selection did increase the number of fragmentation and other tracks per jet. However, the higher

heavy flavor track e�ciency was more impactful. As can be seen in the ROC curves in Figure 7.9,

DIPS with the loose selection (shown in cyan) outperforms the nominal DIPS (shown in purple) by

up to ⇡ 40% for light-jet and charm jet rejection.

Jet Flavour Track selection ntrk nHF

trk nhadr

trk nother

trk

b-jets
nominal 5.9± 2.7 3.4± 1.8 2.0± 1.9 0.4± 0.8

loose 8.1± 3.2 3.9± 1.8 2.5± 2.1 1.7± 1.7

c-jets
nominal 5.1± 2.5 1.7± 1.0 2.9± 2.2 0.4± 0.8
loose 7.1± 3.1 1.8± 1.0 3.6± 2.4 1.7± 1.7

Light-flavour nominal 4.6± 2.6 - 4.1± 2.5 0.5± 0.9
jets loose 6.8± 3.3 - 5.0± 2.7 1.8± 2.0

Table 7.2: The average per jet total number of tracks (ntrk), the number of tracks from heavy flavour
decays (nHF

trk ), the number of tracks from hadronisation, excluding those from heavy flavour decays
(nhadr

trk ), and the number of tracks from mismeasurement, material interactions, and pile-up (nother

trk ),
are shown for the nominal and loose selections for each jet flavor [5].
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Figure 7.9: Light-flavour jet rejection as a function of b-jet e�ciency (left) and c-jet rejection as a
function of b-jet e�ciency (right) of the nominal DIPS setup, DIPS with loose track selection, and
Optimized DIPS with the loose track selection and additional IP inputs. The central curves and error
bands show the mean and standard deviation, respectively, of the rejection at each b-jet e�ciency for
5 trainings. The ratios are computed with respect to the DIPS ROC curve. [5]

Beyond the loose selection, adding more per-track features is also examined, namely the impact

parameters d0 and z0 sin ✓. DIPS with the additional features and the loose track selection is called

“Optimized DIPS”, and is shown in orange in the ROC curves in Figure 7.9. It is compared to the
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RNNIP and nominal DIPS references. The Optimized DIPS outperforms the nominal DIPS by up to

a factor of 2 in light-jet rejection and a factor of 1.5 in the c-jet rejection.

The b-jet e�ciency as well as the c-jet and light-flavour jet rejections versus jet pT and ⌘ are

shown in Figure 7.10, for the RNNIP, DIPS, and Optimized DIPS algorithms. The behavior of

DIPS and RNNIP are nearly the same across the pT and ⌘ range, with DIPS providing a slightly

higher light-jet rejection. The Optimized DIPS delivers a factor of 1.5 to 2.5 additional light-jet

rejection and up to ⇡ 33% additional c-jet rejection. Loosening the track requirements for Optimized

DIPS could potentially have the drawback of increasing the performance dependency on pile-up. We

therefore check the b-jet e�ciency, c-jet and light-jet rejection as a function of the average number of

proton-proton collisions per bunch crossing hµi, also shown in Figure 7.10. The Optimized DIPS

performance dependency on hµi is not found to be significantly stronger than the baseline DIPS or

RNNIP.

A comparison of the c-jet and light-jet rejections as a function of pT and ⌘ for the DIPS, RNNIP,

and Optimized DIPS algorithms with a flat 77% b-tagging e�ciency can be seen in Figure 7.11.

Optimized DIPS shows more than a factor of 2 increase in light-jet rejection and up to ⇡ 30%

additional charm jet rejection compared to RNNIP, for jets with pT between 50 and 300 GeV.

7.4 A look to the future

Since the studies presented in [5], the DIPS has been retrained with a seven-fold increase in the

training set size. With this more sophisticated training regime, the improvements compared to

RNNIP became even more dramatic, giviing more than a factor of three improvement for the light-jet

rejection and up to two times better for charm jet rejection in tt evaluations. When this improved

DIPS training was propagated to a high-level DL1d tagger1, these DIPS improvements led to an up

to 50% improvement in DL1d relative to the DL1r presented in Chapter 6.4.1. The b-tagging

performance has not saturated yet, as a Graph Neural Network approach, called GN1, is showing very

promising results [130]. This is similar to the DIPS algorithm as the tracks in the jet are modeled as

a set, but the architecture additionally allows the flexibility to have “edge features” for the pair-wise

connections between all of the tracks, conceptually similar to how the vertexing algorithms always

start with all pairs of two track vertices. GN1 adds auxiliary terms to the loss to (1) determine if

tracks belong in the same vertex, and (2) classify the origin of the tracks. GN1 uses all of the input

features that we found useful for the Optimized DIPS, but add additional inputs, such as the rest of

the perigee inputs. The result is a 2x improvement in both light and charm rejection. GN1 will be

the new b-tagger for Run 3, but it’s exciting for DIPS to have been an optimization along the way

for such strong b-tagging results.

1
The “d” in DL1d refers to the DIPS input for the high-level tagger
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Figure 7.10: Performance plots using a fixed cut with 77% b-jet e�ciency. Plots (a), (b) and (c)
show the b-jet e�ciency as a function of jet pT, ⌘ and average number of proton-proton collisions
per bunch crossing hµi. Plots (d), (e) and (f) show the light-jet rejection as a function of the same
quantities, while plots (g), (h) and (i) show the c-jet rejection. [5]



7. B-TAGGER R&D: DIPS 108

�

���

���

���

���

���

/L
JK
W�I
OD
YR
XU
�MH
W�U
HM
HF
WLR
Q

$7/$6�6LPXODWLRQ�3UHOLPLQDU\0
V � ����7H9��W űW

IODW�����:3

511,3
',36
2SWLPLVHG�',36

��� ��� ��� ��� ���
MHW�S7�>*H9@

���

���

���

5
DW
LR
�WR
�5
1
1
,3

(a)

�

��

���

���

���

���

���

���

���

/L
JK
W�I
OD
YR
XU
�MH
W�U
HM
HF
WLR
Q

$7/$6�6LPXODWLRQ�3UHOLPLQDU\0
V � ����7H9��W űW

IODW�����:3

511,3
',36
2SWLPLVHG�',36

�� �� � � �
MHW�Ơ

���

���

���

5
DW
LR
�WR
�5
1
1
,3

(b)

�

�

�

�

�

��

F�
MH
W�U
HM
HF
WLR
Q

$7/$6�6LPXODWLRQ�3UHOLPLQDU\0
V � ����7H9��W űW

IODW�����:3

511,3
',36
2SWLPLVHG�',36

��� ��� ��� ��� ���
MHW�S7�>*H9@

���

���

���

5
DW
LR
�WR
�5
1
1
,3

(c)

�

�

�

�

�

��

F�
MH
W�U
HM
HF
WLR
Q

$7/$6�6LPXODWLRQ�3UHOLPLQDU\0
V � ����7H9��W űW

IODW�����:3

511,3
',36
2SWLPLVHG�',36

�� �� � � �
MHW�Ơ

���

���

5
DW
LR
�WR
�5
1
1
,3

(d)

Figure 7.11: Performance plots using a requirement where the b-jet e�ciency is 77% in each bin.
Plots (a) and (b) show the light-jet rejection as a function of jet pT and ⌘, while plots (c) and (d)
show the c-jet rejection as a function of the same quantities. [5]



Part III

HH ! 4b analysis

This part reviews the non-resonant HH ! 4b analysis – the key physics contribution of this thesis.

In Chapter 8 we begin by describing the statistical analysis framework that will be used to interpret

the results. Chapter 9 then motivates HH physics as a way to probe the form of the Higgs potential,

and describes the signal parametrization with  framework and other e↵ective field theory

frameworks. Chapter 10 describes the selections of the ATLAS HH ! 4b analysis, and the final

discriminant used for hypothesis testing. Chapter 11 elaborates on the fully data-driven background

estimate, the systematics assessed for the method, and the suite of validation studies performed to

verify the procedure. Chapter 12 concludes with the HH ! 4b results, also including the subsequent

impact in the combination with the other main channels.
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8

Statistical techniques

The theory of probabilities is at bottom nothing but common sense reduced to calculus; it

enables us to appreciate with exactness that which accurate minds feel with a sort of instinct

for which ofttimes they are unable to account.

– Pierre Simon Laplace

In a physics analysis, we search for a signal amidst background processes. We formalize this

search through hypothesis testing by defining both null (H0) and alternative (H1) hypotheses. In

a hypothesis test, all we can do is reject the null hypothesis in favor of the alternative [131]. The

p-value is the probability of the observed data if the null hypothesis were true, and we reject the

null if this p-value is less than a pre-defined threshold, ↵. Figure 8.1 gives a simple signal and

background model, and shows the two di↵erent hypothesis testing scenarios commonly considered.

For a discovery (i.e, the Higgs discovery), the null hypothesis is that there is no signal, and the

Figure 8.1: Hypothesis testing cases used in particle physics. Shown are histograms for a background and

signal models for an invariant mass mX . The left image shows a data distribution for observing the signal

processes, while the right shows a data distribution for setting limits on the signal strength.

alternative is that the signal exists. The standard in particle physics to claim a disclaim a discovery
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is a “5 �” significance, meaning that the probability under the Gaussian more than 5� away from the

mean, which corresponds to ↵ = 2.7 · 10�7. When the signal is too small to see, the null hypothesis

is that the signal exists with a signal strength (or normalization factor) µ, and we test how large µ

can be before the probability of the data is less than ↵ = 0.05, which is a less strict threshold for

limit setting than discovery. This chapter outlines the statistical methodology used for setting the

limits for the physics results presented in Chapter 12.

8.1 The likelihood

The central quantity for these statistical tests is the likelihood which describes the probability of the

data under the null hypothesis. For a counting experiment, the probability of having a n events if

the expectation was � is given by the Poisson distribution:

Poisson(n|�) =
�n

n!
e��.

The expected number of events, �, is the sum of the signal (s) and the background (b) yields:

� = E[n] = µ · s(✓) + b(✓). where µ is the signal strength (or parameter of interest, PoI) and ✓ are

nuisance parameters (NPs), a part of the model we must estimate but is not of primary interest.

For example, SFs that correct the b-tagging e�ciency from simulation to data have an associated

uncertainty that enters the likelihood by a NP that can a↵ect the signal and background models.

The power of our analysis can be increased by binning (or categorizing) with a variable that

o↵ers additional signal-versus-background discrimination power so that n, s,b 2 RN representing

values in each of the N bins. Each histogram bin is an independent counting experiment with

E[ni] = µsi(✓) + bi(✓). The likelihood of the full histogram is thus the product of the Poisson

probabilities in each bin. The NPs are often constrained by auxiliary measurements with E[mi] = ui(✓)

for i = 1, . . .M , where u(✓) is a model in a control region which also depends on the NPs, and m

are the observed data yields in the M entries of the control region histogram. These constraints are

multiplied in as additional Poisson probabilities so that the full likelihood becomes:

L(µ, ✓) =
NY

i=1

µsi(✓) + bi(✓)

ni!
e�(µsi(✓)+bi(✓))

MY

j=1

uj(✓)
mj

mj

e�uj(✓) (8.1)

8.2 Test statistic

To set up a hypothesis test, we use the profile likelihood ratio:

�(µ) =
L(µ, ˆ̂✓(µ))

L(µ̂, ✓̂)
, (8.2)
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where ˆ̂✓(µ) are the “profiled” nuisance parameters that maximize the likelihood for the signal strength

µ, and the µ̂ and ✓̂ are the unconstrained fitted values for the maximum likelihood estimates. This

µ̂ is the best-fit signal strength. Note, �(µ)  1, and small values for �(µ) correspond to unlikely

signal strengths. As multiplying small numbers can be numerically unstable – the log of the profile

likelihood ratio is used to define a test statistic:

tµ = �2 log �(µ), (8.3)

where now larger values of tµ are the less likely signal strengths. The distribution over the best-fit

signal strength can be described by the probability distribution function (pdf) f(tµ|µ), and tobs is

the test-statistic for the observed data. Then we can calculate the p-value for this observation as:

pµ =

Z 1

tobs

f(tµ|µ)dtµ.

For setting upper limits, we use a one-sided test statistic qµ:

qµ =

8
<

:
�2 ln L(µ,

ˆ̂
✓(µ))

L(µ̂,✓̂)
µ̂  µ,

0 µ̂ > µ.
(8.4)

where the one-sided means only µ̂ < µ are considered incompatible with the null hypothesis that a

signal with strength µ exists. The p-value for this test statistic is defined similarly as:

pµ =

Z 1

qobs

f(qµ|µ)dqµ. (8.5)

Additionally, we often want to consider the distribution of the test statistic qµ under a di↵erent

signal hypothesis µ0 with the pdf f(qµ|µ
0). For example, the pdf f(qµ|0) is used to find the upper

limits for the signal strength under the hypothesis that no signal exists.

8.2.1 Asymptotic approximation

The p-value can not, in general, be calculated analytically. They can be estimated using Monte

Carlo techniques. This involves (1) sampling the ~n and ~m from the Poisson probabilities defining the

likelihood, (2) for each sample, calculating µ̂, ✓̂, ✓̂(µ), and then (3) using these profiled the parameters

to construct the test statistic from Eq. B.1. The histogram of the qµ samples approximates the pdf

f(qµ|µ). This brute-force approach can be very time-consuming, especially as for hypothesis testing,

we care about accurately modeling the tails of the distributions to calculate the probability under

the null hypothesis (as given in Eq. 8.5).

To avoid this time-consuming procedure – [132] identified closed from solutions valid as the
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number of events K is large enough. This comes from Wald’s Theorem [133], which says that in the

limit of large N, the profile likelihood ratio test statistic can be written as:

tµ =
(µ� µ̂)2

�2
+O(

1
p
K

)

with µ̂ distributed normally with mean µ0 and variance �2. We use this asymptotics approximation in

the HH ! 4b analysis (presented in Chapter 10). The expression for f(qµ|µ
0) is given in Appendix B,

along with a toy study from [132] comparing with the analytic pdf with the sampling approach.

8.3 Setting limits: CLs

Hypothesis testing directly with the probability under the null (Eq. 8.5) can lead to pathological

cases when we observe fewer events than expected. The CLs modifies this p-value to avoid these

pathologies [134]. The probability under the null, ps+b is the same as before, but we additionally

calculate pb, the probability the data could be less extreme than the observed qµ if there were no

signal (µ = 0).

Figure 8.2 visualizes these integrals defined below

for qµ = q1:

ps+b=

Z 1

qobs

f(qµ|µ
0 = µ)dqµ

pb=

Z
qobs

�1
f(qµ|µ

0 = 0)dqµ.

CLs normalizes ps+b by pb:

CLs =
ps+b

pb

We reject the null if CLs < ↵, and Appendix B.2

shows how this avoids the pathologies that can

come when using ps+b directly. Since pb < 1,

CLs > ps+b, CLs sets more conservative upper

limits than ps+b – but is a convention used across

LHC analyses.

Figure 8.2: The solid and dashed lines show the pdfs

for q1 under the µ0
= 0 and µ0

= 1 hypotheses, while

the dotted line shows an observed q1. ps+b is the

probability under f(q1|1) shaded to the right of the

observed q1, while pb is the probability under f(q1|0)
to the left of the observed q1. Then CLs = ps+b/pb.
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Expected limits

Before unblinding the analysis and looking at the observed data, we calculate expected sensitivity

based on the distribution over µ̂. Figure 8.3 illustrates this procedure which is summarized below.

1. The colored solid lines in Figure 8.3(a) indicate the f(qµ|0) pdfs for µ = 0.7, 1, and 1.5. qµA is

taken as the median of the f(qµ|0) distribution, so pb = 0.5 by definition. As µ increases, large

qµ are less compatible with the µ0 = 0 hypothesis, and qµA shifts to the right as µ increases.

2. Then ps+b =
R1
qµA

f(qµ|µ
0 = µ)dqµ. f(qµ|µ) is shown in the black dashed line, and does not

depend on µ, but the µ dependence ps+b enters in the lower limit on this integral.

3. Then we can calculate the CLs =
ps+b

pb

for each µ, shown by the colored dots in Figure 8.3(b).

4. Steps (1) – (3) are repeated for a range of µ, and the black dashed line of Figure 8.3(b) shows

the result of this µ scan. The expected 95% Confidence Level upper limit (95% CL limit) on µ

is when CLs = 0.05, and indicated by the “X”.

5. The distribution over µ̂ gives a variation over the µs which we use to cite an uncertainty on the

95% CL µexp upper limit

The prescription for the observed upper limits on µ is the same, except the qµ,obs test statistic is

used for the CLs calculation.

(a) (b)

Figure 8.3: On the left are shown the the f(qµ|µ), f(qµ|0) and qµA for µ = 0.7 (blue), µ = 1 (red),
and µ = 1.5 (green). The colored dots in on the right show the CLs for each of these µs. The
expected 95% CL upper limit on µ is indicated by the “X” The turquoise (yellow) bands show the
±1� (2�) errors, and the the black error bars indicate the 95% CL µexp limit uncertainty.
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8.4 Model implementation for analyses

We consider a few di↵erent types of NPs which we call the analysis “systematics”. A normalization

systematic just scales the overall rate of the process. A Poisson constraint adds a NP for each bin of

the histogram.

A shape systematic defines “variation templates” to

encode how much to penalize deviations from the

expectation Gaussian constraint term in the likelihood.

A single nuisance parameter correlates this post-fit

prediction across the bins, as visualized in Figure 8.4.

The pre-fit templates are shown in the pink and blue

histograms (the choice of what defines the ±1� is

arbitrary). The data are visualized in the black points,

and the best fit NP to this data is shown in the grey

histogram, which corresponds to a variation of �0.5�.

Figure 8.4: Gaussian constraint graphic
(description in text).

We test if the fitted NPs are consistent with our constraints with the pull :

pull =
✓̂ � ✓0
�✓

, (8.6)

where the ✓̂ are the post-fit NPs (which could also be ˆ̂✓(0) for the maximum likelihood fit with PoI

fixed to 0), and ✓0 is the expected value from the constraint, and �✓ is the error on the NP from the

curvature of the likelihood.

The nuisance parameters are sometimes factorized as ✓ = [✓s, ✓b], where ✓s are the nuisance

parameters that only impact the signal model s, and ✓b only impact the background model b. The

background only fit is the likelihood fit to the data with µ = 0, so only the background nuisance

parameters influence the fit.
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HH Physics overview

The Higgs boson is a lynchpin of essentially the entire Standard Model.

– Dick Teresi, The God Particle (documentary of the Higgs discovery)

As introduced in Chapter 2, the terms in the SM related to EWK symmetry breaking are:

Lh = |Dµ�|
2
� V (�), V (�) = �µ2

|�|2 + �|�|4 (9.1)

When � is expanded for perturbations h(x) about the vacuum expectation value (vev or v), the

potential becomes:

V (�) �!
1

2
m2

Hh(x)2 + �vh(x)3 +
1

4
�h(x)2 (9.2)

Measuring the Higgs mass and vev tells us everything about the SM Higgs sector, with �SM =q
m

2
H

2v
2 = 0.129.

This V (�) is the simplest solution to give

the vector bosons masses, but if nature does

not have this simplest solution, then � could

deviate from this value. This is illustrated

in Figure 9.1, where the blue line is the SM

V (�) and the yellow dot shows the broken

symmetry state. The green and pink lines

show expansions of V (�) about the vev for �

di↵ering from the SM expectation. Measuring

� independently of the Higgs mass allows us

to test if the local curvature of the potential

agrees with the SM.

���� ���� ���� � ��� ��� ���
ƴ�>*H9@

���

���

���

���

���

���

9�ƴ�
�H�

Ƥ60  P�
+

�Y�
YHY
Ƥ ��� NƤ60
Ƥ ̯��� NƤ60

Figure 9.1: Impact of � on the electroweak potential.

116



9. HH PHYSICS OVERVIEW 117

We can directly probe this �vh(x)3 interaction term by looking for the events where one Higgs

boson produces two other Higgs bosons, called “di-Higgs production” or HH . Table 9.1 compares

the dominant single and di-Higgs production cross sections for pp collisions at
p
s = 13 TeV. In the

SM, HH events are three orders of magnitude rarer than single Higgs events, therefore we won’t be

sensitive to the SM HH until our dataset grows by an order of magnitude with the HL-LHC dataset

[135, 136]. We could see HH sooner if the Higgs self-coupling � deviates from the SM expectation.

Prod mode �(pp! H +X) [pb] �(pp! HH +X) [fb]

ggF 48.57 31.05

VBF 3.782 1.73
Higgs-strahlung 2.267 0.865
ttH(H) 0.5071 0.775

Table 9.1: Cross-sections for single H and H production at
p
s = 13 TeV. The single Higgs cross-

sections are in pb while the HH cross-sections are in fb. [137, 138]

Figure 9.2 delineates the main production modes for HH decay. While the Higgs boson was

discovered in the clean decay channels of H ! ZZ⇤ and H ! �� [10, 11], since the HH cross-section

is so much lower, all of the major HH channels include at least one of the Higgs bosons decaying to

a bb̄ pair. The HH ! 4b analysis takes advantage of the leading HH branching ratio with 36.9% of

the total cross-section, and the highlighted cross-sections in Table 9.1 indicate the HH production

modes considered for the 4b analysis.

Figure 9.2: HH branching ratios.
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This chapter is organized as follows. In Chapter 9.1 details the  framework used for the non-SM

signal interpretations, and Chapter 9.2 details the signal reweighting procedure used to express

these coupling variations. Chapter 9.3 introduces the E↵ective Field Theory interpretations also

considered.

9.1  framework

In the SM, the dominant gluon-gluon-fusion (ggF) cross-section is �SM

ggF HH = 31.05 ±3% (PDF+↵s)
+6%

�23%
(Scale + mtop) fb for a next-next-to-leading order (NNLO) calculation in the infinite top mass

limit [139]. Figure 9.3 shows the two leading order (LO) diagrams for ggF production. In the box

diagram (Figure 9.3(a)), the top loop radiates two separate Higgs bosons. The triangle diagram

(Figure 9.3(b)) is mediated by the Higgs self-coupling as one Higgs produces the two other Higgses.

g

g

H

H
t

t

(a) The box diagram.

g

g H

H

H

t �

(b) The triangle diagram.

Figure 9.3: The leading order gluon-gluon fusion di-Higgs production Feynman diagrams.

The SM HH cross section is small partially because of a destructive interference between the

box and triangle diagrams. Figure 9.4 show the di↵erential cross section versus the invariant mass of

the HH system for the box and triangle contributions as well as their interference. The contribution

from the triangle diagram (in red) peaks at low mHH . The box diagram has a harder spectrum with

the rate increasing above mHH > 350GeV = 2mt when the top-quarks in the loop are on-shell. The

destructive interference between these two is shown in green and the lower di↵erential cross section

is indicated in the black line.

We search for non-SM � couplings as deviations from the the SM value parametrized as � =

�/�SM . Increasing the |�| increases the contribution of the triangle diagram, and can cause non-

trivial interference shapes. Figure 9.5(a) illustrates how as |�| becomes large, the total cross-section

also increases as the triangle diagram dominates and its size increases. Figure 9.5 emphasizes how the

interference terms translate into the mHH shape. The SM contribution is shown in pink, but when

� = 2 (in yellow), the destructive interference is close to maximal which induces a characteristic

double-peak mHH structure. For �=10 (in turquoise) the triangle diagram dominates and the mHH

spectrum becomes softer.

We also search for vector boson fusion (VBF) HH production, which has a SM cross-section
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Figure 9.4: Impact of the interference of the box and triangle diagrams for ggF HH production, as a
function of mHH [138].

(a) Cross-section for ggF production versus �. (b) Impact of the destructive interference for the �variations.

Figure 9.5: Impact of �variations on the ggF rate (left) and mHH shape (right.

of �SM

VBF HH = 1.726 ±2.1% (PDF+↵s)
+0.03%

�0.04%
(Scale) fb at N3LO [140]. This is over an order of

magnitude smaller than the ggF HH cross-section. The LO VBF Feynman diagrams are shown

in Figure 9.6, and we again interpret non-SM couplings in the  framework, by parametrizing the

deviations from the SM couplings. VBF production is also impacted by �(Figure 9.6(a)), but

additionally gives us sensitivity to couplings of the vector bosons 2V and V . Single Higgs analyses
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already constrain V , but HH production is the only place where we directly probe the 2V coupling.

H

H

q q

q q

H

V

V

�V

(a) M�

H

H

q q

q q

V

V

2V

(b) M2V

H

H

q q

q q

V

V

V

V

(c) MV

Figure 9.6: The three tree-level vector boson fusion di-Higgs production Feynman diagrams. A
convention the matrix elements names is given in the captions of the respective diagrams.

Figure 9.7 shows the total cross section versus �(top) and 2V (bottom), again increasing with

|�| or |2V |. The impact of these variations on these couplings on the VBF production mHH shape

is shown in Figure 9.8. The SM di↵erential cross-section is shown in pink, and the �variations are

shown in yellow (�=2) and turquoise (�=10). The �variation samples still have a softer mHH

spectrum. This is contrasted to the 2V variations in navy (2V =0) and green (2V =1.5), which

have much heavier tails for high mHH values.

Figure 9.7: VBF production cross-

sections versus �(top) and 2V

(bottom).

Figure 9.8: truth mHH shape for selected VBF production
signals with sm (pink), the �variations (�=2 in yellow and
�=10 in turquoise), and 2V variations (2V =0 in navy and
2V =1.5 in green).
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9.2 Signal parametrization

Although it is possible to generate a signal sample for any �, it is computationally too expensive

to simulate these samples for every signal point in a �scan. We can generate the di↵erential

cross-section for any process by exchanging the parametrization for the three terms ( box, triangle,

and interference ) that characterize the cross-section for three “basis functions”. This is done by

solving a set of three linear equations. We work through the math in Chapter 9.2.2 for the ggF case.

To characterize the variations of the three VBF couplings, the same principle can be applied, but

involves solving a set of six linear equations, and we just state the result for VBF production.

9.2.1 ggF: histogram based reweighting

Although Figure 9.3 shows the LO Feynman diagrams, there is a fully di↵erential next-to-leading-order

(NLO) calculation. The terms in the NLO calculation still break down into diagrams in the box and

triangle families. The sum of the terms in the box and triangle diagrams will be referred to as B

and T , respectively. The impact from non-SM couplings come as a multiplicative factors for the

corresponding vertices, allowing us to write down a combined amplitude (parametrized by t and �

as:

A(t,�) = 2tB + t�T. (9.3)

The ggF cross section is obtained by squaring this amplitude:

�(pp! HH) = |A(t,�)|
2 =

⇣
2tB

⇤ + t�T
⇤
⌘⇣

2tB + t�T
⌘

(9.4)

= 4t

"
|B|

2 +
�
t

(B⇤T + T ⇤B) +

✓
�
t

◆2

|T |2
#
. (9.5)

The 4t term scales the rate of the process. The 2nd order �/t polynomial dictates the way these

diagrams interfere, so with three di↵erent �values, we can get any arbitrary �value. Consider the

basis functions with � = 0 (no triangle diagram), � = 1 (SM), and a final (now arbitrary) � = 0.

We keep t = 1 because HH searches are not as sensitive to the top Yukawa as ttH analyses.

Plugging these basis points into Eq. 9.5 we get three di↵erent di↵erential cross-sections:

|A(1, 0)|2 = |B|
2 (9.6)

|A(1, 1)|2 = |B|
2 + (B⇤T + T ⇤B) + |T |2 (9.7)

|A(1,0)|
2 = |B|

2 + 0(B
⇤T + T ⇤B) + 20|T |

2 (9.8)

Now we solve for |B|
2, (B⇤T+T ⇤B), and |T |2 as a function of |A(1, 0)|2, |A(1, 1)|2, and |A(1,0)|

2.
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Define 8
>>><

>>>:

x = |B|
2

y = (B⇤T + T ⇤B)

z = |T |2

and

8
>>><

>>>:

a = |A(1, 0)|2

b = |A(1, 1)|2

c = |A(1,0)|
2

(9.9)

and write this as a system of linear equations:

2

664

a

b

c

3

775 =

2

664

1 0 0

1 1 1

1 0 20

3

775

2

664

x

y

z

3

775 =) a = x and

"
b� a

c� a

#
=

"
1 1

0 20

#"
y

z

#
(9.10)

Then we take the inverse of this matrix to solve for the remaining two terms.

"
y

z

#
=

1

0(0 � 1)

"
20 �1

�0 1

#"
b� a

c� a

#
(9.11)

y =
1

0(0 � 1)

h
20(b� a)� (c� a)

i
= �

0 + 1

0
a+

20
0(0 � 1)

b�
1

0(0 � 1)
c (9.12)

z =
1

0(0 � 1)
[�0(b� a) + (c� a)] =

1

0
a�

1

0 � 1
b+

1

0(0 � 1)
c (9.13)

Now we are ready to plug these expressions for the box, triangle, and interference terms (x, y, and

z) to solve for |A(t,�)|
2 in terms of Eq. 9.5 in terms of three known cross-sections (a, b, and c):

|A(t,�)|
2 =2t


2t |A(1, 0)|2

+ t�

 
�
0 + 1

0
|A(1, 0)|2 +

20
0(0 � 1)

|A(1, 1)|2 �
1

0(0 � 1)
|A(1,0)|

2

!
(9.14)

+ 2�

✓
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1

0 � 1
|A(1, 1)|2 +

1

0(0 � 1)
|A(1,0)|

2

◆�

We reshu✏e to put the coe�cients in front of the basis functions together:

|A(t,�)|
2 = 2t

 
2t +

2�
0
�

1 + 0
0

t�

!
|A(1, 0)|2+

0t� � 
2

�

0 � 1
|A(1, 1)|2+

2� � �t
0(0 � 1)

|A(1,0)|
2

�
.

(9.15)

The ATLAS HH analyses use the above prescription with 0 = 20 as the last basis function. So

simplifying Eq. 9.5 for the combination formula for our implementation:
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|A(�)|
2 =

✓
1�

21

20
� +

1

20
2�

◆
|A(1, 0)|2 +

�(20� �)

19
|A(1, 1)|2 +

�(� � 1)

380
|A(1,0)|

2

�
.

(9.16)

Although Eq. 9.16 is fully di↵erential, we just use the truth mHH di↵erential distribution to

derive reweighting functions mapping from the SM (� = 1) to each other � signal we test. These

signal reweighting functions are derived at the parton level, before the hadronization, and interaction

with the detector e↵ects. These �reweighting functions were derived with over a million truth events

simulated with Powheg Box v2, in the full phase space. This is a simplification to just take into

account the mHH performance of the fully di↵erential cross-section, but it is an advantageous one

because it means we don’t need to simulate three large statistics basis samples with the full detector

simulation analysis chain, and instead can just use the SM sample (which had 3.8 million simulated

events) to get the rest of the �points. To check the veracity of this assumption and the validity in

the phase space of the analysis, a �= 10 sample (with 1.9 million simulated events) was produced

and passed through the whole simulation chain, and the modeling of the reconstruction level variables

was checked. Figure 9.9 shows the signal reweighting performance for the reconstructed mHH (left)

and pseudo-rapidity between the Higgses (right) in the 4b signal region (i.e, after the analysis cuts

which will be described in Chapter 10). The truth mHH reweighting is shown in turquoise, and

matches well with the simulated �= 10 prediction shown in navy. Also, the limits for � = 10

sample versus the reweighted � = 10 sample were consistent with each other at the %-level, which

justified this choice of expressing all of the kinematics with the truth mHH parametrization.

(a) (b)

Figure 9.9: Impact of the signal reweighting for the �=10 sample for the reconstructed mHH (left)
and pseudo-rapidity between the reconstructed Higgs bosons (right). The SM that we reweighted from
is shown in pink, while the reweighted distribution for �=10 is shown in turquoise and compared to
true �=10 distribution in navy. The error bars are statistical only.
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Figure 9.9 also shows the SM distribution (in pink) which is the source distribution for the

reweighting. The statistical error on the reweighted templates gets larger in regions of low support

for the SM distribution, as seen by the larger turquoise error bars for the lowest mHH values. For

the ggF signal, these reweighting errors didn’t impact the analysis, but this choice of basis functions

to avoid unphysical signal templates was a more challenging task for the VBF analysis.

9.2.2 VBF: event level reweighting

For the VBF di↵erential cross-section at arbitrary couplings, the methodology is the extended for the

case of three diagrams . These are shown in Figure 9.6, where |M�| is the diagram that depends on

�, |M2V | is the diagram that depends on 2V , and |MV | is the diagram with two Higgses radiations

o↵ of the vector boson mediated by V .

Writing out the di↵erential cross-section and taking into account the scalings with respect to the

couplings gives:

�(�,2V ,V ) =
���V �M� + 2V M2V + 2V MV

���
2

(9.17)

= 2V 
2

�|M�|
2 + V �2V (M�M

⇤
2V +M

⇤
�M2V ) + 3V �(M�M

⇤
V +M

⇤
�MV )

+ 22V |M2V |
2 + 2V 

2

V (M2V M
⇤
V +M

⇤
2V MV ) + 2V |MV |

2.

With the six terms, we need six linearly independent (�,2V ,V ) couplings for basis functions

to express the kinematics. Although with infinite statistics we would be free to choose any 6 linearly

independent couplings to find a basis, with finite statistics, it’s important to choose a set of basis

functions that is well representative of the BSM phase space to avoid non-physical signal templates.

The chosen basis samples are shown in Table 9.2.

� 2V V

1 1 1
1 1.5 1
2 1 1
10 1 1
1 1 0.5
-5 1 0.5

Table 9.2: Coupling values defining the basis functions for the VBF signal reweighting.

Solving the system of linear equations with these couplings as bases gives the di↵erential cross-section
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for arbitrary couplings:
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Although the ggF signal reweighting had good closure for a one-dimensional truth mHH

parametrization, for the VBF analysis mHH didn’t capture the full kinematics of the event with the

analysis cuts and final discriminant. Thus, the VBF signal reweighting is done at the event level

using this linear combination of signal samples.

9.3 EFT interpretations

In addition to the -framework for parametrizing the new physics, we also considered more generic

signals predicted by E↵ective Field Theory (EFT) frameworks. If the new physics is at an energy

scale ⇤ large enough that the new particles can’t be observed directly, the additional diagrams can

still give residual corrections at lower energies which will give deviations from the SM expectation.

The E↵ective Field Theory framework is a way to systematically parametrize the new physics that

could give rise to such lower energy deviations. We set constraints in both the SMEFT and HEFT

frameworks, which are briefly outlined below.

9.3.1 SMEFT

The Standard Model EFT (SMEFT) organizes the extra terms that can be added in terms of their

mass dimensions [141]. For the Lagrangian density to stay dimension 4, the extra higher dimensional

operators come accompanied by powers of 1/⇤d�4. The dimension 5 operator violates lepton number

conservation, so we begin by considering operators with mass dimension six giving the first SMEFT

extension of the Lagrangian as:

LSMEFT = LSM +
1

⇤2

X

i

ciO
(6)

i
+ · · · (9.18)
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where the ci are the Wilson coe�cients, or couplings naturally of order 1, and the O
(6)

i
are the

dimension six operators. For analyses probing the mH scale, variations due to ⇤ = 1 TeV scale new

physics will lead to O(10%) e↵ects in analysis observables. 10% is already lower than the present

HH sensitivity to coupling variations, which justifies only using dimension six operators for the HH

interpretations.

In SMEFT, the Higgs field is still an SU(2) doublet, and the full SMEFT Lagrangian is invariant

under the SU(2)⇥U(1) transformations. When assuming the deviations only impact a single fermion

generation, there are 59 independent dimension-six operators. For HH analyses, we only consider

the five (CP-conserving) terms that directly impact the HH cross-section. We’re considering the

SMEFT parameters in the Warsaw basis [142], with the EFT couplings characterized by: cH , ctH ,

ctG, cHG. The dimension six piece of the SMEFT Lagrangian is given in Eq. 9.19,

�L
(6)

SMEFT
=
cH⇤
⇤2

@µ(�
†�)@µ(�†�) +

cH

⇤2
(�†�)3 +

ctH

⇤2
(�†�Q̄L�̃tR + h.c.) (9.19)

+
cHG

⇤2
�†�Ga

µ⌫G
a,µ⌫ +

ctG
⇤2

igs(Q̄L�µ⌫T
a�̃tRG

µ⌫

a )

where “h.c.” is the Hermitian conjugate, and �̃ ⌘ i�2�. cH directly shifts the HHH vertex, while

cH⇤ rescales all of of the Higgs couplings. These two can be related to the shift caused in �as:

� = 1� 2
v4

m2

H⇤
2
cH � 3

v2

⇤2
cH⇤ (9.20)

Figure 9.10 shows the Feynman diagrams for the new couplings and modifications.

Figure 9.10: Illustration of the coupling modifications in the SMEFT framework [143].

9.3.2 HEFT

Another way to parametrize the new physics is using the Higgs E↵ective Field Theory (HEFT)[144,

145]. The electroweak sector is now a non-linear realization of a U(1) x SU(2) x SU(2) symmetry.
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The mechanism of electroweak symmetry breaking is now guided by chiral perturbation theory, and

the Higgs field is now a singlet of the unbroken U(1) x SU(2) symmetry. The anomalous couplings

factorize to allow for a simplified treatment for the HH contributions in a 5d parameter space with

Wilson coe�cients: chhh, ctth, cggh, cgghh, and ctthh . The chhh and ctth, correspond to the dimension

4 operators in Figure 9.3, with chhh = � and ctth = t. There are additionally other diagrams

corresponding to dimension 6 operators that don’t exist in the SM, shown in Figure 9.11. The

extended Lagrangian corresponding to these HEFT couplings is:

�LHEFT = �mt

 
ctth

h

v
+ ctthh

h2

v2

!
t̄t� chhh

m2

h

2v
h3 +

↵s

8⇡

 
cggh

h

v
+ cgghh

h2

v2

!
Ga

µ⌫G
a,µ⌫ . (9.21)

In the SM, chhh = ctth = 1 and cggh = cgghh = ctthh = 0.

g

g H

H

H

cggh chhh

g

g H

H

cgghh

g

g H

H

ctthh

Figure 9.11: Illustration of the coupling modifications for the BSM (dimension 6) diagrams in the
HEFT framework [146].

HEFT is a strictly more general framework than SMEFT, which can make it more challenging

to disentangle which operator might be generating the new physics (i.e, distinguishing whether an

enhancement in the HH production rate is coming from ctthh or chhh). In practice, to probe the 5

dimensional parameter space, we use the set of benchmarks from the cluster analysis [147]. The

cluster analysis for the benchmarks in Table 9.3 uses an NLO HEFT calculation with the full mt

mass dependence included [148]. Coe�cients of the 5d Wilson coe�cients are sampled from the

allowed ranges, and then used to search for which of the coupling choices have similar mHH shapes.

A “benchmark model” is chosen to define the representative shape in each cluster, and the coupling

choices for the seven benchmark models are shown in Table 9.3. The mHH shapes for each of these

benchmarks are visualized in Figure 9.12.

EFT signal parametrization

Both the SMEFT and HEFT signal variations are characterized by the truth mHH based reweighting

derived at the parton level. Only the ggF signal is considered in the EFT interpretations.
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Benchmark chhh ctth cggh cgghh ctthh

SM 1 1 0 0 0
BM 1 3.94 0.94 1/2 1/3 -1/3
BM 2 6.84 0.61 0 -1/3 1/3
BM 3 2.21 1.05 1/2 1/2 -1/3
BM 4 2.79 0.61 -1/2 1/6 1/3
BM 5 3.95 1.17 1/6 -1/2 -1/3
BM 6 5.68 0.83 -1/2 1/3 1/3
BM 7 -0.10 0.94 1/6 -1/6 1

Table 9.3: The coe�cient values corresponding to the BSM templates, as proposed by [148]
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Figure 9.12: The SM and HEFT benchmark signals The benchmarks correspond to the coupling
values shown in Table 9.3.
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Analysis selection

In total, inclusive dihiggs production with decay to four b quarks has a signal-over-background

ratio S/B which is too bad to be a suitable search channel. . .

– Matthew Dolan, Christoph Englert, and Michael Spannowsky (2012) [149]

While the above quote sets the stage for the challenging prospects of this final state – the last

decade of work on both ATLAS and CMS has firmly established 4b as a strongly contributing channel

for the HH combination. Figure 10.1 illustrates the analysis steps and the variables will be discussed

and described in this chapter. Chapter 10.1 discusses the triggers, while Chapter 10.2 describes the

jet selection (Steps 2–3). Chapter 10.3 summarizes the event reconstruction with the the VBF / ggF

channel orthogonalization, Higgs Candidate reconstruction, and background rejection cuts.

(1)  
Pass trigger class 

(2)  
≥ 4 central jets

(4)  
≥ 6 central or 
forward jets

(5)  
VBF Jets  
|Δηjj| > 3,  

mjj > 1 TeV

(6)  
(∑pj)T < 65 GeV Yes

Yes

Yes

Yes

(7. ggF) 
|ΔηHH| < 1.5 

No

No

No

(7. VBF)  
XWt > 1.5Yes

(8. ggF)  
XWt > 1.5

(9. ggF)  
XHH < 1.6

(8. VBF)  
XHH < 1.6

(3)  
≥ 4 b-tagged 
central jets

Yes

Yes Yes Yes

ggF Selection

VBF Selection

VBF SR

ggF SR

Yes

(9. VBF)  
mHH > 400 GeV

Yes Yes

Figure 10.1: Flow chart for the HH !4b analysis. The first three steps need to be passed for an
event to be in either analysis category. Events passing steps (4) – (6), go in the “VBF Selection”
channel, while any events failing these cuts go in the “ggF Selection” channel. (7) – (9) are the final
cuts that define the VBF and ggF SR.

129
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Chapter 10.4 summarizes the cutflows of this workflow, and the discriminant categorization is

discussed in Chapter 10.5.

10.1 Triggers

This analysis uses a combination of multi b-jet triggers. The pT thresholds and b-tagging working

points vary slightly by the year of data taking (with the specific cut values delineated in Table 10.1).

Only 2 b-tags are required in the trigger to avoid creating a bias in the 2b the control region used to

define the background estimate (to be described in Chapter 11.1. The b-tagging SFs are derived for

each trigger chain individually, so we define “trigger categories” to apply the trigger SFs, described

in Chapter 10.1.1. Also, the trigger are not fully e�cient with respect to the o✏ine analysis cuts,

illustrated as the e�ciencies are less than 100% in Figure 10.2, and also this e�ciency varies as a

function of the reconstructed 4-jet invariant mass. To account for this feature of “operating on the

turn on curve” the SF accounts for the trigger e↵ects from the online b tagging (Chapter 10.1.2) and

the ET kinematic di↵erences (Chapter 10.1.3).

Trigger
Type

Year HLT thresholds L1 thresholds

2016 pT > 100 GeV jet & two pT > 55 GeV

60% WP b-jets
five pT > 15 GeV jets

2b1j 2017 one pT > 150 GeV jet and two pT > 55 GeV

70% WP b-jets
one pT > 85 GeV jet and two

pT > 30 GeV jets

2018 one pT > 150 GeV jet and two pT > 55 GeV

70% WP b-jets
one pT > 85 GeV jet and two

pT > 30 GeV jets

2016 four pT > 35 GeV jets, two 60% WP b-tags

2b2j 2017 four pT > 35 GeV jets, two 40% WP b-tags four pT > 15 GeV, |⌘| < 2.5 jets

2018 four pT > 35 GeV jets, two 60% WP b-tags

Table 10.1: Triggers used for non-resonant searches. For b-tagging in the trigger in Run 2, the MV2
version of the b-tagger is used. Also, an L1 |⌘| < 3.2 cut is assumed where not specified.

Figure 10.2: Trigger e�ciencies of the 2b1j, 2b2j and combined for the MC16a/d/e corresponding to
years 2016-2018 for the SM ggF �=1 signal. Significantly lower e�ciency for 2017 2b2j compared to
other years is due to tighter b-tagging requirement (40% for 2017, 60% for 2016 and 2018.



10. ANALYSIS SELECTION 131

10.1.1 Trigger buckets

Since the trigger chains are built up from the pT and b-tagging cuts on the jets, the event level SFs

is the product over the jet level SFs, as shown in Eq. 10.1: with two contributions:

Multi b-jet trigger SF =
NY

i

SF b�tag

jet
(i)⇥

4Y

j

SF kinematic

jet (i), with (10.1)

• b-jet trigger SFs (described in Chapter 10.1.2)

• Kinematic ET HLT and L1 SFs (described in Chapter 10.1.3)

To reconstruct the trigger decision and define the jet level SFs, o✏ine jets are matched to the

online jets using a �R matching criterion. These online jets are then checked to pass the (online)

thresholds given in Table 10.1, and if this many jets and b-jets pass this selection, the event passes

this trigger.

The online jet b-tagging WPs can vary by the trigger type, for example, the 2018 triggers use the

70% b-tagging WP for the 2b1j trigger, but the 60% WP for the 2b2j trigger. To decide whether

to use the 70% or 60% online b-tag SF, “trigger buckets” are created which separate the events

based on the o✏ine jet pTs to decide which trigger chain to check. The cuts defining the buckets

are designed to mimic the trigger kinematics to retain maximal e�ciency. Trigger bucket 1 mimics

the 2b1j trigger by cutting on the o✏ine jets pT,1 > 170 GeV and pT,3 > 70 GeV, with the jets are

ordered by pT. An event that fails these jet cuts goes in trigger bucket 2. In trigger bucket 1, we

keep the event if the 2b1j trigger passes, and in trigger bucket 2, we check the 2b2j trigger. Then

based on the trigger chain that was checked the corresponding b-tagging SF is applied. Figure 10.3

summarizes this procedure.

Yes
pT

(1st) ≥ 170 GeV 
and 

pT
(3rd) ≥70 GeV 

passed
2b +1j 
trigger ?

passed 
 2b + 2j
trigger?

Event

Discard event

Discard event

No

No

Yes

Yes
Bucket 1

Bucket 2

Apply 2b + 1j
s.f.

Apply 2b + 2j
s.f.

No

Figure 10.3: Trigger bucket strategy for the HH ! 4b non-resonant search.
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Figure 10.4: The bucket composition of mHH for the SM ggF (left) and 2V = 0 VBF (right) HH
MC simulation in the 4b Signal Regions. Bucket 1 corresponds to the 2b1j trigger and Bucket 2
corresponds to the 2b2j trigger.

Figure 10.4 shows how this strategy of using a combination of two triggers gives us sensitivity to

complementary phase spaces in the analysis. The 2b1j trigger drives our acceptance for the high

mHH events, while the 2b2j trigger provides our low mHH acceptance.

10.1.2 b-jet SF

The o✏ine and online b-tagging decisions are highly correlated, so the online b-tagging SF are derived

conditionally based on the o✏ine b-tagging decision [91]. The online b-tagging SFs derivation follows

the recipe of the o✏ine b-jet calibration Chapter 6.5 with a fully leptonic tt decay with opposite sign

electrons and muons to increase the purity. Denoting passing the online working point as “on” and

passing the o✏ine e�ciency as “o↵”, the e�ciency for passing the online b-tag WP given the o✏ine

working point is passed is: "(on|o↵). The online or o✏ine WP could also fail, and these cases are

denoted as: on and o↵. The combination of o✏ine and online b-tagging decisions gives four cases:

• Case 1: Pass online and o✏ine b-tagging:

"(on ^ o↵) = "(on|o↵)"(o↵)

• Case 2: Fail the online b-tag, but pass the o✏ine b-tag:

"(on ^ o↵) = [1� "(on|o↵)]"(o↵)

• Case 3: Pass the online b-tag, but fail the o✏ine b-tag:

"(on ^ o↵) = "(on)� "(on|o↵)"(o↵)

• Case 4: Fail the online and o✏ine b-tagging:

"(on ^ o↵) = 1� "(o↵)� "(on) + "(on|o↵)"(o↵)
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Then for each e�ciency, we still apply SF = "data/"MC . For o✏ine jets that are not matched to

a corresponding online HLT jet, just the o✏ine SF is applied, just the o✏ine b-tagging SF is applied.

The data quality of b-jet triggers dictates SFs dictates the Run 2 dataset usable in this analysis.

1. In 2016 there was an issue in the online beam spot calculation, which impacted the primary

vertex calculation for the HLT b-tagging. This results in a loss of 8.3 fb�1from the 32.8 fb�1of

the full 2016 dataset.

2. For 2017 and 2018, the first luminosity blocks of data taking where the beam spot has yet

updated are also discarded. This gives ⇡ 1.5% lower luminosity in these years than the baseline

luminosity [91].

3. The 2015 triggers are not included in Table 10.1 as the 2015 conditional b-jet trigger SFs were

not available for DL1r b-tagger.

When accounting for the above three points, Table 10.2 is the luminosity for each year of the 4b

analysis, with a total luminosity is 126.0 fb�1.

Year Luminosity [fb�1]
2016 24.6
2017 43.7
2018 57.7
all 126.0

Table 10.2: Luminosity by year for the HH ! 4b analysis.

10.1.3 Kinematic SF

To account for the analysis operating on the turn-on curve, kinematic SFs are derived to account

for the di↵erences in the L1 and HLT e�ciencies in data and MC. The HLT (or L1) trigger can be

described through a sequence of decisions for each of the jets passing the corresponding pT thresholds

(delineated in Table 10.1). For example, the 2017 2b1j trigger decision can be decomposed into three

sub-decsions for each jet passing a trigger threshold: the leading jet passing pT > 100 GeV, and

the 2nd and 3rd leading jets pass pT > 55 GeV. The jet pT SFs are derived separately and then the

event level kinematic SF is the product over the jet pT SFs. For each jet, both an HLT and L1 SF is

derived.

These SFs were derived in muonic tt decays, with the following selection:

• A single muon trigger is used with exactly one o✏ine pT > 25 GeV µ.

• Four o✏ine pT > 30 GeV jets are required with at least 2 b-tags.

• To enhance the t t purity, Emiss

T > 20 GeV and Emiss

T +mT,W > 60 GeV, where

mT,W =
q
2pT,`E

miss

T (1� cos��`⌫) is the transverse mass between the lepton and the neutrino

4-vector approximated by Emiss

T .
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The e�ciency in data (mc), "data ("MC), is how often the trigger fired given the pT. These are

measured both for the L1 and HLT triggers as a function of the n o✏ine jet pTs, ordered by pT.

The ratio of these e�ciencies is taken as the SF, and Figure 10.5 shows these SFs for the 2017 2b1j

trigger. SFs are applied to the MC signals, and the error bar on the measurement is taken as an

analysis systematic.
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(b) 2nd jet at L1
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(c) 3rd jet at L1
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(d) 1st jet at HLT
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(e) 2nd jet at HLT
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(f) 3rd jet at HLT

Figure 10.5: Online jet kinematic scale factors of 2b1j trigger as a function of o✏ine jet pT in 2017.
Vertical error bars include statistical uncertainties on the data, while the green bands correspond to
the quadrature sum of statistical and systematic uncertainties.

10.2 Analysis jets

10.2.1 Jets

This analysis uses particle flow jets in the fully resolved state with R = 0.4 jets. To suppress the

contribution of jets formed by pile-up processes, jets are required to pass the JVT cut as described

in Chapter 5.4. Jets produced by cosmic-rays, beam-induced background, and out-of-time pileup

are reduced by imposing a set of quality criteria on variables characterizing the jet profile [150].

This analysis uses PFlow jets with |⌘| < 4.5 and pT down to 30 GeV. Since the Jet/ETMiss group

provides calibrations down to 20 GeV, jets with a lower pT cuto↵ were studied, but not found to

improve the analysis’s sensitivity due to the exponential increase of multi-jet background.
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Jets are separated into two groups based on their kinematics:

Central jets: |⌘| < 2.5, pT � 40 GeV – jets used for triggering and the Higgs-candidates;

Forward jets: |⌘| � 2.5, pT � 30 GeV – extra jets which improve the acceptance of jets produced

in the vector boson fusion production process.

10.2.2 b-jets

For the b-tagging working-point optimization, both the MV2c10 and DL1r algorithms used dedicated

trainings on the newly recommended PFlow jet collection [115]. Figure ?? shows the ggF SM signal

and expected background in the 4b analysis for the MV2 and DL1r taggers retrained on the PFlow

jet collection for the range of available working points.1 The improvement of DL1r relative to MV2

is from the RNN tagger described in Chapter 6.4.1. The corresponding significance improvement

with respect to the older tagger is summarized in Table 10.3. The higher background rejection of

DL1r allowed for a loosening of the b-tagging working point from 70% to 77% with a corresponding

10% improvement in the stat-only ggF SM limits.

Tagger
qP

i
s2i /bi Improvement w/r.t. old tagger

MV2 70% WP (old: trained on EMTopo) 0.102 –
MV2 70% WP 0.116 14%
DL1r 70% WP 0.125 23%

DL1r 77% WP 0.128 25%

Table 10.3: Improvements from the newly retrained taggers compared to the older tagger on the
EMTopo collection. Highlighted is the improvements from the optimized tagger and WP.

The other analyses saw similar improvements with moving to the new tagger and the 77% working

point, and all the channels used this working point for ease in the subsequent combination. Since the

majority of the HH analyses include b-jets in the final state, other channels are vetoing events with

three DL1r b-tags at the 77% WP jet in the combination. This conservatively vetoed the 4b events,

allowing us to explore a 3b analysis category (with the study in Appendix D).

10.2.3 b-jet corrections

The central jet calibrations focus on corrections for light-quark and gluon-initiated jets, and

systematically underestimate the energy of b-jet as shown by the blue line in Figure 10.6. This is

due to two main e↵ects:
1
This b-tagging optimization study was done with an older analysis configuration with a di↵erent Higgs pairing

algorithm, a di↵erent center for the signal region, and only a single training for the background estimate.
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1. When the b decays semi-leptonically with a W ! µ⌫µ interaction in the cascade (which happens

21% of the time [106])

• the neutrino energy is invisible in the jet reconstruction, and

• the muonic energy is only partially accounted for in the jet’s energy estimate since the

muon (µ) is not stopped in the calorimeter.

2. The b-jet fragmentation is wider than that of the corresponding light-jets2, meaning fewer

final state hadrons from the b-quark fragmentation are included in jet clustering (“out-of-cone”

e↵ect).

The blue line in Figure 10.6 shows this underestimate of the b-jet pT with the standard jet calibrations.

To correct for these e↵ects, the HH analyses use a µ-in-jet + pT-reco correction, which is shown in

the yellow line.

Figure 10.6: Illustration of the standard jet correction (blue), the µ-in-jet + pT-reco used by the
HH analyses (yellow),and a NN based regression (green) [151].

µ-in-jet

A search for a µ is performed in a variable radius cone �R(µ, jet) < min (0.4, 0.04 + 10/pµ
T
GeV)3

from the jet axis to account for the increasingly collimated decay products of more energetic jets. If

a µ is identified at the medium working point with pT > 4 GeV, |⌘| < 2.5 is within this �R cone

of the jet axis, its 4-vector is added to that of the jet. If there are multiple µs passing the above

criteria, only the µ closest to the jet-axis is added. Then the expected energy that the µ lost in the

calorimeter is subtracted as this contribution was already included in the jet energy estimate.

2
The tracks from the heavy flavor decay carry ⇡ 70% of the b-quark’s momentum. This makes the fragmentation

tracks correspondingly softer. The opening angle of the decay products of a particle of mass m follows the relation

�R ⇠ 2m/pT, giving softer fragmentation tracks in b-jets have a wider opening angle.
3
The min avoids adding a µ farther away from the jet axis than the jet clustering distance parameter.
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pT-reco

This step accounts for the missing neutrino energy and out-of-cone e↵ects that the standard jet

calibrations don’t capture. This correction factor is derived in tt̄ events to correct the reconstructed

pT of the b-jets in logarithmic bins of the truth jet pT. Since the correction is larger for b-jets

decaying semi-leptonically, these correction factors are derived separately for b-jets with and without

a µ.

Figure 10.7 illustrates the improvement achieved by the b-jet corrections in the mH1 and mH2

resolution. The blue line shows the reconstructed Higgs Candidate (HC) masses from the two b-jets

with the standard jet calibration, while the red line shows the reconstructed Higgs masses with the

µ-in-jet + pT-reco b-jet correction applied. This increases the central value of the reconstructed

HCs, with the subleading (in pT) HC central value shifting from 114.5 GeV to 120.2 GeV. This

also improves the resolution on the reconstructed Higgses by sharpening the signal peaks. The

reconstructed width improves by 5.2% for the leading HC and 18.5% for the subleading HC. With

this improvement in the reconstructed central value of the Higgs mass and resolution, we optimized

the signal region to improve the signal e�ciency while decreasing the background.
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Figure 10.7: Comparisons of mH1 and mH2 distributions before the b-jet corrections (blue) and after
the b-jet corrections (red). These distributions are fitted using Bukin function, and the peak, the
peak resolution, and the relative improvement are shown in the legend.
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10.3 Event reconstruction

10.3.1 ggF and VBF Channel orthogonalization

This analysis targets the ggF and VBF production modes two channels. In the combined set of the

central and forward analysis jets that are not b-tagged, the pair of jets with the highest invariant

mass (or largest mjj) are the candidate VBF jets. These VBF jets are used to define three cuts to

decide whether this event has VBF-like kinematics. The VBF jets need to have an mjj > 1000 GeV

and a pseudo-rapidity gap �⌘jj > 3. Additionally, the four-vector sum of the VBF jets and the four

jets of the HH system needs to have pT < 65 GeV. Figure 10.8 shows distribution for these three

variables and the VBF channel cuts. The dashed pink line show the SM ggF signal, and the solid

lines show the two VBF signals (pink for VBF SM and navy for VBF 2V =0). If an event passes

these three cuts, it goes into the “VBF channel”, and events failing any of these cuts are kept in the

“ggF channel”.

Only ⇡ 1.5% of the ggF signals go into the VBF category. Since the VBF cuts were optimized

for the significance (not the signal yield), only 13% – 17% of the VBF signal events go in the VBF

channel (seeTable 10.5 for the SM, �=10, and kvv=0 VBF signals).

Figure 10.8: Illustration of the variables to implement the ggF / VBF channel orthogonalization.
The purple lines and arrows indicate the three cuts for an event to pass the VBF selection.

10.3.2 Higgs candidate reconstruction

Higgs Candidate Jets

The HH system is reconstructed with four central b-tagged jets. If there are more than four b-tags,

the four leading (in pT) jets are chosen. The Higgs jet selection accuracy is the probability that all

four of the chosen b-jets are within �R < 0.3 of the truth b-quarks coming from the Higgs decays.

The jet selection accuracy is shown in Figure 10.9 for the �and 2V variations. For the ggF SM

signal with the ggF selection this accuracy is 74% with %-level variations across the �values of

interest. This accuracy loss is dominated by events where one of the b-quarks is out of acceptance.
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The 4b VBF selection has an average b-quark selection accuracy of 85% and 90% for the respective

�and 2V signal samples. Since the b-tagging e�ciency increases with the b-jet pT (as shown in

Figure 6.22(a)), the harder VBF signals have higher b-tagging e�ciency which gives a higher accuracy

for tagging the b-jets from the Higgs decays. Figure 10.10 shows the truth mHH distributions for

the case where the correct jets were selected (solid lines) and where one of the selected jets is not

matched to a b-quark from the Higgs decay (dashed). This is shown both for the ggF selection (left)

and the VBF selection (right) at a few signal points. The correct jets are less likely to be selected for

lower mHH . Although the signal shapes for the �and 2V variations are quite di↵erent, the ratios in

the sub-panels show the accuracy di↵erences are entirely due to the di↵erent mHH distributions.

Figure 10.9: The jet selection accuracy as a function of �(left) and 2V (right).

(a) ggF SM and �=10 signals (b) VBF SM, �=10 and 2V =0 signals

Figure 10.10: Truth mHH distributions for correctly and incorrectly selected jets, for the ggF (left)
and VBF (right ) signals.
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Higgs candidate pairing

These four jets are then paired to reconstruct Higgs Candidates (HCs). With four selected jets, three

pairings are possible, as sketched in Figure 10.11. The angular separation of decay projects a heavy

resonance are expected to follow:

�Rjj .
2m

pT
,

where m and pT are the is the mass and pT of the resonance. Since higher pT objects have more

collimated daughters, to define the pairing, we chose the pairing that had the smallest �Rjj between

the constituent jets for the Higgs Candidate with the higher pT. The correct pairing is defined

with generator-level information by requiring the b-quarks which have the same parent barcode ID

in the truth record.

Leading Higgs Candidate 
Subleading Higgs Candidate

pair # 1 pair # 2 pair # 3

ΔR
ΔR ΔR

Figure 10.11: The three possible pairing permutations of the four HH jets into the two Higgs
candidates. The opening angles between the jets in the leading Higgs Candidate are indicated, so
pair number 2 is the selected pairing.

The pairing accuracy is the fraction of correctly paired events among the events where the four

Higgs-decayed jets are correctly selected by the jet selection, which decouples the pairing accuracy

from the jet selection accuracy. The pairing accuracy is shown in Figure 10.12 as a function of �and

2V , and in Figure 10.13 as a function of mHH . Signals with harder pT Higgses have more collimated

jet pairs, leading to a corresponding accuracy loss for mHH events below 450 GeV (Figure 10.13).

This mean to the �variations having a lower accuracy than the SM, and the 2V variations have

higher pairing accuracies. We considered other pairing strategies that improved the low mHH

accuracy. However, algorithms with improved low mHH e�ciency also sculpted the background to

peak inside the SR, making it more challenging to derive a trustworthy background estimate. We

chose this min�R pairing algorithm to reject the low mHH backgrounds and optimize our sensitivity

for the harder signals. In Chapter ?? further motivates this choice in the discussion comparing the

strengths of the main HH channels.
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(a) Pairing accuracy vs � (b) Pairing accuracy vs 2V

Figure 10.12: The pairing accuracy as a function of �and 2V , given that the correct jets have been
selected.

Figure 10.13: Pairing accuracy as a function of truth mHH , given that the correct jets have been
selected. The ggF selection accuracy is derived from the ggF SM sample, and the VBF selection
accuracy is derived from the VBF 2V =0 sample.
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10.3.3 Background Reduction

�⌘HH

The pseudo-rapidity di↵erence between the reconstructed HCs, �⌘HH , also helps with signal versus

background discrimination. The triangle diagram for the ggF signals has an s-channel propagator so

the production rate for the ggF SM and �=10 signals decreases as �⌘HH increases (Figure 10.14(a)).

To compare this to the QCD background we show the blinded 4b data (events in the 4b SR, Eq. ??,

are not shown). The QCD background processes have more t-channel production, resulting in a

less steeply falling �⌘HH distribution [152]. The ggF channel applies a cut of �⌘HH < 1.5 to

reject this multi-jet background. Figure 10.14(b) shows that the SM VBF signal has a flat �⌘HH

distribution out till �⌘HH =3, and the majority of the SM signal is at �⌘HH > 1.5. The BSM

�and 2V variations peak at lower �⌘HH , so to retain sensitivity to both of these signals, the VBF

channel does not apply the �⌘HH cut. �⌘HH is a useful categorization variable for both the ggF

and VBF channels, as will be discussed in Chapter 10.5.

(a) ggF selection: purple denotes the cut (events to the

right of this line are removed)

(b) VBF selection: purple denotes categorization

Figure 10.14: The �⌘HH distribution for HH MC and blinded 4b data. The solid purple line
indicates the �⌘HH < 1.5 cut applied in the ggF selection (right). This cut is not applied for the
VBF channel, but denotes the categorization.

Top veto

A top veto suppresses backgrounds from hadronic top-quark decays. W candidates are formed from

any pair of central jets in the event, and top candidates are built by pairing W candidates with b-jets

that were selected for Higgs candidates. The discriminant XWt is constructed for each combination:

XWt =

s✓
mW � 80.4GeV

0.1 mW

◆2

+

✓
mt � 172.5GeV

0.1 mt

◆2

(10.2)
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We take the minimum XWt is the configuration most likely to reconstruct the top, and we cut on

XWt > 1.5. Figure 10.15 shows these XWt distributions for tt events and the benchmark signals,

with both for the ggF and VBF selections, and the tt signals peak at lower XWt values.

(a) 4b ggF selection (b) 4b VBF selection

Figure 10.15: XWt distributions with the 2018 dataset for the ggF (left) and VBF (right) channels.
The solid puple line indicates the XWt > 1.5 cut.

Signal region definition

The signal region definition uses XHH :

XHH =

s✓
mH1 � 124GeV

0.1 mH1

◆2

+

✓
mH2 � 117GeV

0.1 mH2

◆2

. (10.3)

The functional form of this variable is similar to the equation for an ellipse, except that the radius

is a function of the Higgs Candidate (HC) masses to allow harsher cuts for higher HC masses

where the jets’ resolution is better. The values (124 GeV, 117 GeV) in Eq. 10.3 correspond to the

mean reconstructed masses for correctly paired signal events. The SR is defined by XHH < 1.6.

Figure 10.16 shows the benchmark ggF and VBF signals peak nicely inside of this SR. Figure 10.17

shows XHH for correctly and incorrectly paired signal events and demonstrates that XHH < 1.6 has

a high purity for correctly paired signal.

Figure 10.18 shows the (blinded) 4b and 2b data (mH1,mH2) “massplanes” with the ggF selection.

The backgrounds for the 4b distributions will be built from reweighted 2b data using a data-driven

background estimate built from kinematically similar control regions (CRs). Two control regions are

defined:

• Control Region 1 (CR1): where we derive the data-driven background estimate

• Control Region 2 (CR2): where we assess an uncertainty for the extrapolation into the SR.
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(a) 4b SM ggF signal (b) 4b �=10 ggF signal (c) 4b 2V = 0 VBF signal

Figure 10.16: Selected Higgs Candidate signal mass planes.

Figure 10.17: Visualization of the XHH distribution for correctly and incorrectly paired events with
the SM ggF (left), ggF �=10 (center), and 2V =0 VBF (right) analysis selections. The purple line
indicates the SR defining cut.

These CR1 and CR2 regions lie within

CR boundary :
q�

mH1 � 1.05 · 124GeV
�2

+
�
mH2 � 1.05 · 117GeV

�2
< 45GeV. (10.4)

The 45 GeV CR radius comes from a trade-o↵ of having su�cient statistics to derive the background

estimate while being small enough for the CR to be kinematically similar to the SR. The CR center

is shifted by 5% relative to the SR center to keep the mH1,mH2 means similar to the SR means.

The CR1 and CR2 regions are defined with lines at 45� intersecting the SR. The union of the top

and bottom crescents creates CR1, and the left and right crescents compose CR2. The 45� for the

CR1 / CR2 definitions was chosen to minimize the non-closure of the background estimates in a

validation region with fewer b-tags (the “3b1f” region, described in Chapter 11.3.3).
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In Figure 10.18, there’s a deficit of events for mH1 or mH2 around 80 GeV showing up as

light-colored bands that stretch horizontally and vertically across the plot. The XWt cut is imposing

a W -mass veto for the constructed Higgs Candidates (HCs), and Figure 10.19 shows that these

bands are removed when the XWt cut is omitted.

(a) 2b data for ggF selection (b) Blinded 4b data for ggF selection, XWt > 1.5

Figure 10.18: The Higgs Candidate massplanes with the ggF analysis selection.

(a) 2b data for ggF selection, before the XWt cut(b) Blinded 4b data for ggF selection, before the

XWt cut

Figure 10.19: The Higgs Candidate massplanes with the ggF analysis selection, before applying
the XWt cut.
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10.4 Signal Cutflows

The acceptance times e�ciency plots for each of the analysis cuts are shown in Figure 10.20. Here we

show the ggF signals in the ggF channel and the VBF signals in the VBF channel. Figure 10.20(a)

(a) ggF MC: �variation (b) VBF MC: �variation

(c) VBF MC: 2V variation

Figure 10.20: HH ! 4b acceptance times e�ciency plots.

shows that the acceptance x e�ciency for the ggF signals is much lower for the �variations, and

is lowest for the softest �= 5 value. For the 4b non-resonant analyses, we optimized for the SM

sensitivity, as high mHH is the strength of the 4b analysis. Figure 10.21 illustrates this by showing

limits from a recent search for resonances X decaying to HH pairs for three main HH channels:

4b, bb̄⌧+⌧�, and bb̄�� [153]. Although the 4b channel dominates the combination’s sensitivity for the

high resonance masses (mHH > 700 GeV) for the lowest resonance masses (mHH < 350 GeV) the

4b channel is much less sensitive than the other two channels. This convinced us that even if we
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optimized for low mHH we still wouldn’t have an impact in the combination for low mHH relative to

bb��.

Figure 10.21: Impact of the HH channels in the combination for the resonant scalar mass mX search
[153].

To illustrate how this translates into the characteristics of the �variations, Figure 10.22 shows

the impact of the analysis cuts on for a few representative signals: SM, �=2, and �=10. For

the �=2 signal, we don’t reconstruct any of the events at low mHH of the double peak from the

destructive interference between the two diagrams. For the �=10 signal, we also don’t reconstruct

most of the low mHH events from the enhanced triangle diagram.

(a) SM (b) �= 2 (c) �= 10

Figure 10.22: Impact of the NR analysis selection for selected ggF signals.
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Table 10.4 gives the cutflows for the data, and cutflows for the ggF and VBF benchmark signals

are in Appendix C.2.

Yield Yield / Pre-selection Yield / Prior cut

Initial (Unweighted for MC) 1.59e+10 - -
Pass NTuple Preselection 5.697e+08 1 -
Trigger 2.807e+08 0.4927 0.4927
Trigger Buckets 2.49e+08 0.4371 0.8873
ggF channel 2.457e+08 0.4314 0.9868
� 4 central jets, � 2 b-tags 1.806e+08 0.317 0.7349
� 4 b-tags 1.886e+06 0.003311 0.01045
|�⌘hh| < 1.5 1.032e+06 0.001811 0.5469
Top Veto 7.506e+05 0.001318 0.7276

Signal Region 1.617e+04 2.839e-05 0.02154
Control Region 2 3.067e+04 5.383e-05 0.04085
Control Region 1 3.204e+04 5.625e-05 0.04268

(a) 4b data (ggF channel)

Yield Yield / Pre-selection Yield / Prior cut

Initial (Unweighted for MC) 1.59e+10 - -
Pass NTuple Preselection 5.697e+08 1 -
Trigger 2.807e+08 0.4927 0.4927
Trigger Buckets 2.49e+08 0.4371 0.8873
VBF channel 3.295e+06 0.005784 0.01323
� 4 central jets, � 2 b-tags 3.157e+06 0.005543 0.9583
� 4 b-tags 2.711e+04 4.759e-05 0.008586
|�⌘hh| < 1.5 2.711e+04 4.759e-05 1
Top Veto 2.175e+04 3.818e-05 0.8024

Signal Region 502 8.812e-07 0.02308
Control Region 2 906 1.59e-06 0.04165
Control Region 1 947 1.662e-06 0.04354

(b) 4b data (VBF channel)

Table 10.4: 2016-18 data yields at each step in the analysis event selection for 4b events in the ggF
(top) and VBF (bottom) channels, alongside the ratio of each yield to the initial yield and to the
yield for the previous cut. Highlighted are the yields in the 4b SRs.
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Table 10.5 shows the 4b SR yields for the ggF and VBF signals in the ggF and VBF channel SRs.

Approximately 1–2% of the ggF signal in the VBF channel SR, demonstrating that VBF veto does

not dilute the ggF sensitivity. Only 30% - 60% of the VBF signal yield lies in the VBF channel’s SR,

but the VBF channel has a much lower background, therefore better significance for the VBF signals.

ggF channel yield VBF channel yield % in VBF channel
ggF signals
SM 29.1 0.4833 1.63
� = 10 182.7 3.099 1.67

VBF signals
SM 0.2352 0.3265 58.1
� = 10 25.19 14.24 36.2
2V = 0 22.97 17.29 42.9

4b data 16,170 502 3.01

Table 10.5: Yields in the 4b ggF and VBF SRs for VBF and ggF HH signals normalized to 126.1fb�1.
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10.5 Analysis Categories

Previous iterations of this analysis used the invariant mass of the HH system (mHH ) as the

discriminating variable for extracting limits on the signal strength [116, 117, 154]. A multi-variate

algorithm (MVA) such as a BDT or NN would provide additional discrimination power. But with our

fully data-driven background estimate, we were concerned if we could model and validate all of the

variable correlations exploited by the MVA. As a compromise, a number of discriminating variables

are used to define extra categories of S/
p
B purity, as this gave a finite number of correlations to

check for the background estimate, which we were able to in several validation regions (described in

Chapter 11.3). Since the mHH distribution is steeply falling, a logarithmic binning is used to keep

the high mHH bins while keeping reasonable statistical uncertainties.

ggF categories

The ggF channels are categorized in �⌘HH and XHH , with the signal and background distributions

in the SR shown in Figure 10.23. The upper cuto↵s on these histograms correspond to previously

defined ggF channel cuts of �⌘HH < 1.5 for the QCD background rejection and XHH < 1.6 for the

SR definition. Since the background �⌘HH distribution is flat, three equally spaced �⌘HH bins were

chosen between 0 and 1.5. Additionally, two XHH bins were defined, with the boundary of 0.95

optimizing the SM S/
p
B significance.

(a) All year merged: 4b ggF �⌘HH (b) All year merge: 4b ggF XHH

Figure 10.23: Distributions of the categorization variables for the ggF channel. To visualize the
signals they are scaled by ↵ = 300 and 30 for the ggF SM and � = 10 signals, respectively.

The ggF background estimate is derived separately for each years, and the corresponding 4b ggF

discriminants are shown in Figure 10.24, with the SM and � = 10 signals overlaid. The sub-panels

on these plots show the S/
p
B significance. The signal peaks for the lower �⌘HH , XHH values, and

these are the high purity categories that drive the significance.
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(a) 2016: 4b ggF

(b) 2017: 4b ggF

(c) 2018: 4b ggF

Figure 10.24: 4b ggF background and selected signal histograms for 2016, 2017, and 2018 with the
proposed binning and categorization. To visualize the signals they are scaled by ↵ = 300 and 30 for
the SM NR and �=10 signals, respectively.
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VBF categories

The VBF channel uses two �⌘HH categories

with a boundary at �⌘HH = 1.5 that

maximized the significance. Figure 10.25

shows the �⌘HH background distribution

along with three VBF signals: � = 10, 2V =

0, and the SM. The �⌘HH distribution of the

non-SM couplings peaks close to �⌘HH = 0,

while the distribution corresponding to the

SM prediction peaks at approximately �⌘HH

= 2. The low �⌘HH < 1.5 category drives

the sensitivity to the non-SM couplings, while

the �⌘HH � 1.5 category is targetted for the

SM sensitivity.

Figure 10.25: �⌘HH categorization variable for the

VBF channel. The purple line indicates the �⌘HH =1.5

category boundary. To visualize these signals they are

scaled by ↵ = 1250 and 20, and 20 for the VBF SM,

� = 10, and 2V = 0 signals, respectively.

Figure 10.26 shows the mHH in these categories with the same three benchmark signals and the

background prediction. The significance in sub-panel demonstrates how the high �⌘HH bin drives

the SM sensitivity, while the low �⌘HH bin drives the BSM couplings sensitivity. Due to the low

significance below 400GeV and di�culties in the low mHH modelling, the bins of mHH < 400GeV

are not included in the final fit for either category.

(a) �⌘HH < 1.5 (b) �⌘HH � 1.5

Figure 10.26: 4b VBF background and selected signal histograms for 2016, 2017, and 2018 with the
proposed binning and categorization. To visualize these signals they are scaled by ↵ = 1250 and 20,
and 20 for the VBF SM, �= 10, and 2V =0 signals, respectively.
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Background estimation

This IS the analysis.

– Georges Aad (editorial board chair for collaboration internal review)

Although the 4b final state is tantalizingly attractive due to its maximal HH branching ratio,

the fully hadronic final state also means coping with larger background rates due to the plethora of

multi-jet events produced at a hadron collider, processes that are notoriously di�cult to simulate

from first principles.

Figure 11.1 emphasizes the degree of

discrepancy for the MC at estimating

the data yield in the background

enriched control region, CR1. The

simulated t t and Pythia 8.2 QCD

processes fail to accurately predict

the data, with errors up to 50% for

high mHH . This motivates us to

resort to other methods to form a

background prediction in the signal

region, and accurately estimating

this background and assigning an

appropriate error bar is the main

challenge of this analysis.
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Figure 11.1: The number of events per bin as a function of
di-Higgs candidate mass for the data and the Monte Carlo
estimates for multi-jet and top pair-production process with
4 b-jets in Control Region 1 (defined in Chapter 10.3.3).

Chapter 11.1 overviews the nominal background estimate strategy, while Chapter 11.2 describes

the expected composition of the background. Chapter 11.3 enumerates the errors assessed on this

estimate, and Chapter 11.4 concludes with tests of this prescription in di↵erent validation regions.

153



11. BACKGROUND ESTIMATION 154

11.1 Reweighting overview

The background estimate reweights distributions from a lower b-tag region into a higher b-tag region

by deriving reweighting maps in dedicated control regions. The lower b-tagged region consists of

events with exactly two b-tags (“2b” events), while the higher tag region contains events with four or

more b-tags (“4b” events). For the 2b events, the two leading in pT non-b tagged jets are taken for

the other jets, and the rest of the analysis cuts are applied.

Figure 11.2 shows the regions relevant in

this Chapter (with the equations defined in

Chapter ??) The nominal estimate derives

the reweighting maps are derived in a

kinematically similar control region, the navy

“Control Region 1” (CR 1) upper and lower

crescents in Figure 11.2. Extrapolating the

nominal estimate to apply it in the 2b SR

estimates the 4b SR data, like a generalized

ABCD method. An error on this estimate

from the choice of training region is evaluated

by rederiving the reweighting maps in the

alternative “Control Region 2” (CR 2), shown

in the turquoise left and right crescents.

The di↵erence between the CR1 and CR2

predictions gives an error bar, which will be

described in Chapter 11.3.2.
Figure 11.2: The regions in the 4b analysis.

The “reweighting” consists of deriving the maps w(x) such that

p4b(x) = w(x) · p2b(x), (11.1)

where p4b, p2b denotes the probability distribution over the 4b and 2b events, respectively, and x is a

set of features characterizing the kinematics of the event.

In past iterations of the analysis, this reweighting function w(x) was determined by iteratively

correcting each of the features in x by fitting the 4b/ 2b ratios of the 1d histograms [116]. This

sequential reweighting of the xi features fails to fully model for the correlations between the xi

features, which led to a large mismodeling of the low mHH events. This approach also didn’t scale

well for increasing the number of features, as x was just a 6-dimensional vector.

An alternative approach is to use the “Density Ratio Trick” where a classifier D(x) can be used

to discriminate between the 2b and 4b data. The 4b events are labeled as class 1 and the 2b events

as class 0, and a non-linear sigmoid function �(z) = 1

1+exp(�z)
ensures the classifier outputs are also
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between 0 and 1. The parameters of D(x) can be found by minimizing the logistic loss [155]:

L = �Ex⇠p4b
[logD(x)]� Ex⇠p2b

[1� logD(x)] . (11.2)

The minimum of this loss function is derived in Appendix E.1 and is:

D(x) =
1

1 + p4b(x)

p2b(x)

.

This allows us to solve for the reweighting maps given the classifier output.

w(x) =
p4b(x)

p2b(x)
=

D(x)

1�D(x)

By using classifiers to implement the reweighting, we can avoid the curse of dimensionality by

using more modern ML classifiers which scale favorably with higher dimensional inputs, such as

BDTs or NNs. This innovation was used in the HH (! 4b) + Emiss

T SUSY analysis where a BDT

classifier was used to implement the background reweighting [156].

For this analysis, instead of using a NN directly as a classifier, we instead learn Q(x) = logw(x),

as proposed in [157]. We do this by minimizing the loss function:

L[Q] = Ex⇠p2b


exp

✓
1

2
Q(x)

◆�
+ Ex⇠p4b


exp

✓
�
1

2
Q(x),

◆�
(11.3)

which results in a model learning Q⇤(x) = logw⇤(x) (proof in Appendix E.2).

This solution also avoids the curse of dimensionality while accounting for correlations, but there

is now no non-linearity on the output classifier score as Q(x) 2 R. This avoids the saturating

gradients problem inherent with using sigmoids in deep learning solutions. Also, learning the log of

the likelihood ratio naturally enforces positive weights as w(x) = eQ(x). Experiments in [157] show

that this exponential loss gives (slightly) better performance than the logistic loss – and our team

saw similar results in our analysis optimization.

The ggF (VBF) networks have 3 hidden layers with 50 (20) hidden units each and use ReLU [158]

non-linearities. The training is done using stochastic gradient descent with the adam [112] optimizer

with a learning rate of 0.001 and a batch size of 1024 events. 20% of the CR1 training events are

held out as a validation set, and the optimization continues until the loss on the validation set hasn’t

improved in the last 15 epochs1.

The input variables for the ggF and VBF reweightings are delineated in Table 11.1. While the

sequential reweighting from [116] was limited to x 2 R6, our ML solution could handle x 2 R12 for

ggF and x 2 R9 for VBF. These inputs were optimized to best characterize the di↵erences between

the 2b and 4b data. One sources of the heavy flavor multi-jet background is g ! bb̄ splitting [159],

1
An epoch is a single pass over the training dataset.
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which is more likely in 4b events than in 2b events since there are more b-jets. Enumerating the

b-quarks from the gluon by the indices 1, 2, the invariant mass of the gluon is m2

12 ⇡ 2E1E2(1�cos ✓).

As a bb̄ pair that are nearly collinear, the gluon will go on-shell. The smallest opening angle between

jets in the event, “�Rjj Close” is a reweighting input that identifies the gluon splitting kinematics

[160]. The opening angle between the other two jets in the event is another reweighting variable,

“�Rjj Not Close”. Since di↵erent triggers are used for each year of the data, the ggF background

estimate has a di↵erent background estimate derived for each of the three years. Since VBF has two

orders of magnitude less statistics than ggF, it was not as sensitive to these di↵erences, so the VBF

training was done inclusively for the years with the year passed as an extra input variable. For ggF,

the backgrounds were derived after the XWt cut, while the VBF background was derived after the

XWt cut.2

Variable description ggF VBF

log(�R1): between the closest two HC jets
log(�R2) between the other two HC jets
log(pT ) of the 4th leading HC jet
log(pT ) of the 2nd leading HC jet
h|⌘|i: average absolute value of the HC jets ⌘
Number of jets in the event
log(pT,HH)
�RHH

�� between the jets in the leading HC
�� between the jets in the subleading HC
log(XWt )
Trigger bucket index
Year index
Second smallest �R between the jets in the leading HC (out of
the three possible pairings)
Maximum di-jet mass out of the possible pairings of HC jets
Minimum di-jet mass out of the possible pairings of HC jets
Energy of the leading HC
Energy of the subleading HC

Table 11.1: Set of input variables used for the 2b to 4b reweighting for the ggF and VBF channels.
The variables included in the background estimate are denoted with a checkmark.

Figure 11.3 shows some features comparing 2b and 4b distributions before the reweighting, and

also evaluating the reweighting’s prediction for the 2018 background model with the ggF selection.

The NNs shown here are both trained and evaluated in CR1, so these metrics evaluate how well the

NNs have optimized in the training region, and don’t yet assess how well it will extrapolate into the

SR. There is good modlling both for the input variables �Rjj Close and �Rjj Not Close, and also

2
We saw for ggF that we had the same performance whether we trained before or after the XWt cut.
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for mHH , which was not one of the input reweighting variables. This gives us confidence that the

selected variable set is su�cient for capturing the relevant event kinematics.

Figure 11.4 shows the performance of the VBF channel reweighting for a couple of the reweighting

input variables, XWt and the energy of the leading HC, as well as the mHH discriminating variable.

The VBF channel is more statistically limited, and the impact of the reweighting correcting the mHH

(a) Before Reweighting (b) After Reweighting

Figure 11.3: Distributions of �R between the closest Higgs Candidate jets, �R between the other
two (training variables) and the invariant mass of the di-Higgs system (non-training variable) before
(left column) and after (right column) the CR 1 derived reweighting for the 2018 Control Region 1.
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distribution is not as dramatic as we see for the ggF channel, although the corresponding non-closure

is covered by the corresponding errors on the precision of these reweighting maps (which will be

discussed in Chapter 11.3.1).

$7/$6

$7/$6

$7/$6

(a) Before Reweighting (b) After Reweighting

Figure 11.4: Distributions of the top veto variable, XWt , the energy of the leading Higgs candidate
(training variables), and the invariant mass of the di-Higgs system (non-training variable) before (left
column) and after (right column)CR 1 derived reweighting for the VBF Control Region 1.
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Additional categorization was one of the key improvements from this analysis iteration, with

�⌘HH and XHH categories for ggF and �⌘HH categories for VBF. We checked the performance of

the reweighting in CR1 for the mHH distribution in each category. Both of these use a reweighting

derived inclusively and then apply it to all of the categories. The XHH categories are [0, 0.95, 1.6],

but XHH > 1.6 in CR1 (since XHH <1.6 defines the SR). So for the ggF background estimate in

CR1, we checked the �⌘HH categorization for each of the years in Figure 11.6. The modeling with

the VBF categorization is shown in Figure 11.5. Both of the channels have good closure in the CR1

training region.

Figure 11.5: Distributions in CR1 after the reweighting and �⌘HH categorization for VBF. Bootstrap
and Poisson errors are included.

11.2 Background Composition

11.2.1 tt̄

Although this background estimate is derived inclusively, tt̄ is ⇡ 10% of our anticipated background,

with proportions relative shown in Table 11.2. The relatively small contribution justifies our inclusive

treatment of the QCD and t t in the reweighting definitions, although as part of this thesis work

Appendix F shows how we could modify reweighting to account for these components separately in

future iterations as we gain more sensitivity to the SM HH signal.

ggF selection
2016 2017 2018 VBF

pre-XWt 19.5% 17.6% 18.2% 12.2%
post-XWt 10.4% 9.5% 10.4% 8.1%

Table 11.2: Percentage of the data-driven background estimate expected for tt events.
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$7/$6
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Figure 11.6: Distributions in CR1 after reweighting and �⌘HH categorization for each year of the
ggF background estimate, 2016 (top), 2017 (middle), and 2018 (bottom). Bootstrap and Poisson
errors are included.
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11.2.2 QCD flavor composition

Although we didn’t trust the precision of the Pythia QCD for defining the background model, it can

still give us a first-order estimate of the heavy flavor quark compositions in the 4b signal region.

Figure 11.7(a) shows the mHH QCD distribution, with the separate components showing the origin

of the four b-tagged jets that reconstruct the HH system. The yellow template shows that 70% of

the QCD background actually has 4b-quarks. When the analysis jets do not come from four truth

b-jets, 22% of the time a c-jet was mistagged as a b-jet, and the remaining 8% of the time a light jet

was mistagged as a b jet.

Figure 11.7(b) shows these same truth origin categories, but with each mHH bin normalized to

unity. We see an increase in the c-jets for mHH < 350 GeV, since Figure 6.22(b) shows that the

c-jet mistag rate for the DL1r tagger increases as the c-jet pT decreases. For higher mHH , we get a

higher proportion from the mistagged light jets, which is understood as Figure 6.24(c) shows that

the light jets mistag rate increases with jet pT.

These investigations show how improving the b-taggers will help the next iterations of this analysis.

As 30% of our background comes from mis-tagged jets, and reducing the c-jets is most important for

decreasing the “fake b-jets” background yield.
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Figure 11.7: The flavor composition from Pythia QCD of the leading four pT b-jets used to reconstruct
the HH system (“analysis jets”) in the ggF 4b SR, as a function of mHH . The left plots shows the
mHH distribution while the right plot normalizes each mHH bin to unity.
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11.3 Background systematics

This section describes the custom background modeling uncertainties we assess:

• stochasticity in the NN optimization (Chapter 11.3.1),

• choice of CRs for deriving these reweightings (Chapter 11.3.2),

• and (for ggF-only) a remaining extrapolation uncertainty from reweighting into another (lower)

b-tagged target distribution (Chapter 11.3.3).

Chapter 11.3.4 compares the relative size of each of these contributions in the background model.

11.3.1 Deep ensembles + bootstrap error

The loss landscape of NNs is non-convex with many local minima. Di↵erent initializations for the NN

weights will converge to di↵erent minima [161], as visualized in Figure 11.8. Averaging an ensemble

of randomly initialized NNs gives a more robust prediction for the nominal estimate, and the variance

over these predictions’ defines an uncertainty on the function, called the deep ensembles error [127].

Figure 11.8: One dimensional non-convex, multi-modal loss function. The turquoise dots are randomly
initialized weights wi, and the black arrows are the gradients updates that minimize the loss. Each
of the local minima (in the pink dots) is a di↵erent parametrized function, and the variance of these
functions’ predictions is the deep ensembles error. Modified from [161].

We also assess an error bar due to the finite training statistics. For a training dataset with N

events, sampling this dataset N times with replacement defines a bootstrap sample. Since for 4b the

training datasets are large (O(106) events), this sampling procedure can be simplified

lim
N!1

Binomial(N,
1

N
) = Poisson(N ·

1

N
) = Poisson(1),

so each bootstrap samples a weight for each event from w Poisson(1).. Each NN is trained on a

separate bootstrap, and the variation in the NN predictions from these bootstraps is the bootstrapping

uncertainty.
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For the 4b background estimate, each model is trained 100 times, and the nominal estimate is

the average of these predicted weights. The deep ensembles uncertainty dominates compared to

the bootstrapping uncertainty, but in the text and figures, “bootstrap” refers to the error from the

combination of these two sources. Figure 11.9 shows the predicted mHH distribution for each of

these 100 NN trainings, relative to the nominal estimate. Let hi refer to the histogram for a single

NN training, and ĥ denote the average of these histograms. In each bin, the standard deviation of

the yields from the 100 hi histograms defines the deep ensembles + bootstrap error bar. I.e, in bin j,

the error is:

�j =
1

100

100X

i=1

⇣
hij � ĥj

⌘2
.

This �/ĥ is shown in the pink line on Figure 11.9. The �j is then summed in quadrature with the 2b

statistical error for each bin,3 and this combined uncertainty is encoded in the profile likelihood fit

with a per-bin Poisson nuisance parameter.

(a) 2018 ggF background estimate
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(b) VBF background estimate

Figure 11.9: Illustration of the deep ensembles error, shown as a relative error with respect to the
nominal estimate. Each grey line is from the mHH prediction for a single NN training, and the solid
pink line shows the standard deviation of the gray histograms.

3
Although in practice these bootstrap trainings are correlated between the bins, these are ignored as including the

correlations did not have a significant impact on our results.
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11.3.2 Choice of control region

As introduced in Chapter 11.1, to account for the systematic bias associated with deriving the

reweighting function in CR1, an alternative background model is derived in CR2. The CR2-derived

model uses the same prescription of training 100 NNs and using the average of the 100 trainings for

the nominal estimate.

This yield in each bin of the CR2 estimate is additionally symmetrized:

ĥCR2,sym

j

ĥCR1

j

= 1�

 
ĥCR2

j

ĥCR1

j

� 1

!
= 2�

ĥCR2

j

ĥCR1

j

=) ĥCR2,sym

j
= 2ĥCR1

j � ĥCR2

j (11.4)

where ĥCR1

j is histogram of the average of the CR1 networks (the “nominal estimate”), ĥCR2

j is

histogram of the average of the CR2 networks (the “alternative estimate”) , and ĥCR2,sym

j
is the

symmetrized for the ratio of about unity. This prescription for defining these CR12 error templates

is summarized in Figure 11.10. We have four background estimates (three for each year of the ggF

selection, and one for the VBF selection), and this extrapolation uncertatinty is derived separately

for each of these reweightings. We also define the templates separately for each of the �⌘HH + Xhh

categories with the ggF selection, and the �⌘HH categories for the VBF selection.

Figure 11.10: Illustration of the derivation of the shape systematic. The top row shows the derivation
of the nominal estimate from the CR1 regions, and the bottom row shows the alternative estimate
derivation from the CR1 region. The ratio between these predictions is the “CR12 shape systematic”.
The symmetrized alternative model is shown in the pink variation histogram on the right plot. These
templates are defined for each of the �⌘HH (+ XHH for ggF) categories.
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SR Nuisance Parameter decomposition

The right plot in Figure 11.10 shows that the uncertainties become larger for at mHH – and are

smaller in the moderate mHH regime from 500 – 800 GeV that drives our analysis sensitivity. Since

di↵erent physics processes are relevant in these two regions – we allow the fit additional flexibility to

account for di↵erent contributions for the CR1 versus CR2 variations. We account for these separate

contributions by cutting on an event variable. In past iterations of the 4b analysis, HT = 300 was

used to factorize the low and high mHH variations [116, 117].

For this analysis, the separate contributions

are considered by dividing the 4b SR into four

quadrants, shown in Figure 11.11. The four

colors indicate the four separate quadrants in

the North, West, South and East directions.

A variation template is constructed for each

of these quadrants. For the QN template, the

alternative histogram applies the CR2 weights

for events in QN, and then applying the CR1

weights for events in QS, QE and QW. The

templates for the other quadrants are defined

similarly with the CR2 weights applied to the

relevant quadrant. Figure 11.11: SR quadrants chosen to derive the four

background variation NPs.

The ratio between the histograms from the nominal estimate and alternative histograms for each

of these four quadrants is used to define an uncertainty from extrapolating from the CR into the SR,

called the “CR12 extrapolation uncertainty”. The corresponding templates for each of for each of

these quadrants with the 2018 ggF background estimate are shown in Figure 11.12. Each plot shows

a separate SR quadrant, with the mHH distribution with both the �⌘HH and XHH categorization.

The histograms defined with nominal estimates are shown in black. Histograms using the CR2

estimate are shown in turquoise, and the symmetrized histogram is shown in pink. The subpanels

show the ratio of these alternative histograms to the nominal one. The QN template (in the top row)

captures most of the variation at low and moderate mHH , while the QE template accounts for most

of the variation in the high mHH tails.
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Figure 11.12: Templates for the CR12 extrapolation systematic for the 2018 ggF discriminant in the
SR NP quadrants for QN, QW, QS, QE (ordered top to bottom). The nominal histogram is shown
in navy, while the alternative histograms defining the ±1� variations are shown in the pink and
turquoise histograms. The ratio panel shows the ratio of these variation histograms to the nominal.
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Figure 11.13 overlays the templates for each of the �⌘HH and XHH kinematic categories. Each

row depicts a di↵erent SR quadrant and each column denotes a separate year of the ggF background

estimate. In each plot the colors show the �⌘HH categories, while the solid and dashed lines indicate

the XHH categories. The variations across the �⌘HH XHH categories have similar variations for

the mHH templates. Thus, in the profile likelihood fit, we correlate the NPs across the kinematic

categories.

Figure 11.13: Impact of background shape nuisance parameter variation onmHH in di↵erent kinematic
categories for the ggF channel. Each column is a di↵erent year for the ggF channel templates while
the rows show the SR NP quadrants.
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11.3.3 3b1f non-closure uncertainty

The 3b1f (3b + 1 fail) region has three jets b-tagged at the 77% working point, and all other jets

failing the (loosest) 85% b-tagging working point. The the highest pT non-b-tagged jet is used as

the 4th analysis jet. The background estimate procedure was repeated in this region, reweighting

2b events into 3b1f, and we saw a non-closure in the ggF channels that was not covered by the

bootstrap+deep ensembles and the CR12 extrapolation systematic uncertainties described in the

previous two sections. The statistical errors are larger VBF channel, and there was no non-closure

observed in the 3b1f VBF SR region. We included an uncertainty to cover the non-closure in the

3b1f ggF region, which is defined as follows:

• In each analysis category, the ratio of the 3b1f data and the reweighted 2b mHH histograms

was taken.

• If the deviation from unity is larger than the quadratic sum of the deep ensembles, bootstrap,

2d statistical error, the CR12 extrapolation systematic uncertainties, and the 3b1f Poisson

uncertainty, the bin-by-bin residual is taken as an uncertainty template.

• This template is smoothed by averaging each bin with its two neighboring bins and defines the

“3b1f non-closure uncertainty” (as will be shown in the red lines on Figure 11.14).

11.3.4 Summary of Background Modeling Uncertainties

The contribution of each uncertainties on the yield of background estimates are shown in Table 11.3.

4b SR Counts Relative [%]
ggF channel VBF ggF channel VBF

2016 2017 2018 2016 2017 2018

Bkg Yield 3211.1 4492.7 7720.0 354.6 – – – –

Total Stat Error 225.8 308.9 483.0 32.3 7.03 6.88 6.26 9.10

Shape Q
N

−25.3 −24.7 −141.3 −1.2 −0.79 −0.55 −1.83 −0.35
Shape Q

W
−12.1 −4.8 −55.8 −0.8 −0.38 −0.11 −0.72 −0.23

Shape Q
S

16.2 43.0 7.0 −0.5 0.50 0.96 0.09 −0.15
Shape Q

E
7.0 14.8 −87.1 −0.3 0.22 0.33 −1.13 −0.09

3b1f NC 6.8 17.6 42.6 – 0.21 0.39 0.55 –

Bkg Syst Error 33.9 54.9 180.4 1.6 1.05 1.22 2.34 0.45

Total Bkg Error 228.3 313.7 515.6 32.3 ‘ 7.11 6.98 6.68 9.11

Table 11.3: Magnitude of error components for the ggF and VBF channels in the Signal Region.
Total statistic error is the quadrature sum of bootstrap and 2b stat errors. The errors are just
showing the impact on the overall normalization without the categorization.

The impact of each of these uncertainty sources on the shape of the discriminant are shown in

Figure 11.14 for the ggF channels and Figure 11.15 for the VBF channels.
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Figure 11.14: Relative error contributions of the background for the ggF discriminant for the 2016
(top), 2017 (middle) and 2018 (bottom) background estimates.
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The statistical error dominates for high mHH while the shape systematic from the di↵erence in

the CR1 and CR2 estimates contributes more in the moderate mHH region that drives our analysis

sensitivity. Although the stat error (from the limited 2b data statistics) is negligible relative to the

bootstrap error in the bulk of the distribution, it becomes relevant in the high mHH tail.

Figure 11.15: Relative error contributions of the background for the VBF discriminant.

Table 11.4 summarizes the categories that we have for the ggF and VBF analyses, and how this

translates to the number of background NPs.

ggF channel VBF channel

Categories
3 years ⇥ 3 |�⌘HH | ⇥ 2 XHH

= 18 categories
2 |�⌘HH | categories

Deep ensembles, bootstrap,
and 2b stat nuisance parameters

# of bins # of bins

CR12 extrapolation
nuisance parameters

3 years ⇥ (QN, QE, QS, QW) = 12 (QN, QE, QS, QW) 4

3b1f non-closure
nuisance parameters

18 (1 per category) 0

Table 11.4: Summary of the categorization strategy and background-related nuisance parameters.
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11.4 Background validation

Since background estimation is the main challenge of this analysis, careful checks were done to

validate the procedure. In this section, we focus on the validation results for the ggF channel. In

Chapter 11.4.1 the �⌘HH ggF cut is inverted, and in Chapter 11.4.2 the SR is shifted around the

massplane to create validation regions. Chapter 11.4.3 concludes with evaluations in MC samples.

Since each of these validation regions have negligible signals, we could compare the validation’s “SR”

to the background estimate to test the background systematic prescription defined in Chapter 11.3. For

each of these test, the 100 NNs are retrained in both CR1 and CR2, and the background uncertainties

we show include the bootstrap and deep ensembles and the CR12 extrapolation systematic. The

3b1f non-closure systematic is not included here as these validation tests had satisfactory closure

without it.

11.4.1 Reversed |�⌘HH|

Since the ggF selection imposes a �⌘HH < 1.5 to suppress the QCD background, inverting this cut

gives a signal-depleted region. The corresponding 4b 2018 mHH and �⌘HH marginals are shown in

Figure 11.16, and shows good modeling within the background errors.

Figure 11.16: mHH and �⌘HH distributions for the rev �⌘HH 2018 ggF data sample.

To also validate the analysis with the ggF categories, we choose �⌘HH boundaries to keep equal

background statistics between each of the regions:

• 1.5 < |�⌘HH | < 2.5

• 2.5 < |�⌘HH | < 3.6

• |�⌘HH | > 3.6

The corresponding high-level discriminants for each of the years is shown in Figure 11.17. The 4b

data �⌘HH is consistent with the reweighted 2b background within the background uncertainties.
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Figure 11.17: The ggF 4b rev �⌘HH discriminants for the 2016 (top), 2017 (middle) and 2018
(bottom) background estimates.
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11.4.2 Shifted regions

The signal region (and associated CRs) was also modified to move it around the massplane, as shown in

Figure 11.18. The equation for the SR defining variableXHH =

r⇣
mH1�124GeV

0.1 mH1

⌘2
+
⇣

mH2�117GeV

0.1 mH2

⌘2

has a radius that depends on mH1, mH2. For this study the HC resolutions in the XHH formula were

modified so that the SR size stays compatible with the standard SR for shifts around the massplane:

Xhh,shift =

vuut
 
mH1 �mH1,center

�mH1
mH1

!2

+

 
mH2 �mH2,center

�mH2
mH2

!2

(11.5)

with �mH1
= 0.1⇥

124

mH1,center

, �mH2
= 0.1⇥

117

mH2,center

.

The CR boundaries shifts with the SR center, and the reweighting quadrants are defined analogously.

Figure 11.18: The shifted regions for the background validation, with the pink solid curve in the
center showing the standard SR. The SRs are shown in the solid lines, and the corresponding control
for deriving the background estimate and CR12 extrapolation error are shown in the dashed lines.

For the lower right SR, the lower quadrant for CR1 has a couple of issues. It (1) intersects with the

W-veto from the XWt cut and (2) overlaps with the kinematic threshold because there are essentially

no no mH2 values below 25 GeV to populate the full lower quadrant. This made the extrapolating

from the lower right CR1 quadrants into the SR more challenging than the extrapolation for the

nominal SR. Since the CR2 (left, right) quadrants did not su↵er from these two issues, in the following

the CR2-derived weights are shown as the nominal set. Table 11.5 enumerates the shifted SR centers,

and which CR is considered as the nominal.
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(Shifted) Signal Region mH1 center [GeV] mH2 center [GeV] nominal rw set
upper left 78 166 CR1

upper center 124 180 CR1
upper right 170 166 CR1
center right 188 117 CR1
lower right 170 68 CR2
standard 124 117 CR1

Table 11.5: Center locations for the shifted SRs validation study. The right-most column indicates
which quadrants form the “nominal” background estimate.

The reweighting functions were derived for each of these regions and for all of the years, and

Figure 11.19 shows the mHH predictions compared to the observed 4b data for 2018. In the ratio

panels, good agreement is seen with respect to the background uncertainties.

(a) Upper left (b) Upper center (c) Upper right

(d) Center right (e) Lower right

Figure 11.19: mHH distributions of reweighted 2b data and 4b data in the shifted SRs for the 2018
background estimates. The background error bar includes the 2b Poisson, bootstrap+deep ensembles,
and the CR1 / CR2 extrapolation systematics.
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A comparison of the predicted and observed yields for all of the years are shown in Table 11.6.

Shifted Region Year 4b Yield Background Prediction Deviation (µnorm)

2016 4068 ± 64 4101.6 ± 474.4 0.07
upper left 2017 5586 ± 75 5843.4 ± 514.3 0.50

2018 9421 ± 97 9559.7 ± 1051.2 0.13
2016 2197 ± 47 2086.3 ± 52.4 -1.57

upper center 2017 3017 ± 55 2987.9 ± 72.8 -0.32
2018 5161 ± 72 5058.6 ± 141.6 -0.65
2016 1182 ± 34 1125.8 ± 38.8 -1.08

upper right 2017 1738 ± 42 1684.4 ± 40.2 -0.93
2018 2831 ± 53 2732.7 ± 48.4 -1.37
2016 1305 ± 36 1310.2 ± 43.6 0.09

center right 2017 1922 ± 44 1951.2 ± 73.7 0.34
2018 3098 ± 56 3108.0 ± 98.6 0.09
2016 2658 ± 52 2664.2 ± 300.0 0.02

lower right 2017 3635 ± 60 3814.4 ± 326.7 0.54
2018 6084 ± 78 6241.1 ± 491.1 0.32

Table 11.6: 4b and background prediction in the signal region in the shifted regions in 2016. The
error of background prediction includes the 2b poisson statistic error, the bootstrap error and the
shape systematic error.

The agreement between the observation and the

prediction is quantified by:

µnorm =
(Nbkgd �Ntarget)

�stat
(11.6)

where �stat includes the statistical errors from

the 4b Poisson error (on the 4b data), the 2b

Poisson error (on the background template), and

the bootstrap and deep ensembles error – all

summed in quadrature. Figure 11.20 shows the

histogram of these µnorm the across years and

shifted regions. The Gaussian fit to the µnorms has

a mean of �0.08± 0.17, which is consistent with

zero indicating no bias in the yields. The standard

deviation of the µnorms is 1.19 ± 0.17, which is

consistent with zero and indicates that these errors

accurately describe the underlying uncertainties.

Figure 11.20: µnorm distribution in the shifted
regions. 4b normalizations (black) and the
gaussian fit (red) are shown.
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Finally, we tested the CR12 extrapolation systematics by taking each of these shifted SRs and

finding the best fit for the nuisance parameters. This allowed us to test whether these best-fit values

agreed with our expectations. In the pull plot in Figure 11.21, the blue bands correspond to the ±1�

variations and the yellow bands correspond to the ±2� variations. A pull towards +1� indicates that

the CR2-defined alternative model is a better description of the data than the CR1-defined nominal

model, and large pulls indicate that we have underestimated our uncertainties.

In Figure 11.21 we fit the likelihood to the observed 4b shifted SRs data. The background nuisance

parameters are allowed to vary within their constraints and the signal strength is fixed to µ = 0

. The nuisance parameters shown are for each of the years (16,17,18) and with the SR quadrants

(E,N,S,W). Since the best fit values are within the 1� error bands of the inputted templates, this

gave us confidence moving that we have a good description of these uncertainties. This also bolstered

our confidence in our SR quadrant nuisance parameter decomposition scheme.

(a) upper left (b) upper center (c) upper right

(d) center right (e) lower right

Figure 11.21: Pull plots for fits with background nuisance parameters floating for the five shifted
regions. The signal strength is fixed to µ = 0.
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11.4.3 MC validation

Finally, we used the MC QCD and tt samples to devise two additional tests of the reweighting before

unblinding. Although we didn’t trust the MC as a background model, testing the reweighting on the

MC sample allows us to test the SR extrapolation performance with the same cuts as the 4b SR.

Validation with data trained networks

The CR1 data trained NNs (a.k.a, the “nominal” background estimate) are evaluated on the MC 2b

SR, and compared to the MC 4b SR. This test isn’t perfect because of known discrepancies between

data and MC, but this allows a test of the nominal NNs since the 4b SR MC is more similar to the

4b data than the other validation tests that use di↵erent kinematic cuts.4 Figure 11.22 shows mHH

validation plots. The MC samples in the bulk of the distribution have 1/10 of the events expected

data (see Table 11.7), so some of the 4b errors are quite large, but overall the comparison seems

reasonable.

(a) mHH in 2016 (b) mHH in 2017 (c) mHH in 2018

Figure 11.22: mHH data reweighted events evaluated on the QCD and tt MC samples. The
background error includes the deep ensembles, 2b stat, and CR1/CR2 systematic errors.

4b CR1 events 2b CR1 events
2016 2017 2018 2016 2017 2018

Data 6,666 9,416 15,959 743,598 660,268 1,579,192
JZ2 (79.0 % of QCD) 752 922 1,445 82,723 61,484 150,628
JZ3 (20.4 % of QCD) 2,215 3,008 3,868 118,435 149,487 166,884
JZ4 (0.6 % of QCD) 2,142 3,315 1,755 43,480 71,732 57,301

Table 11.7: (Unweighted events) in CR1 for both data and the QCD samples. Indicated in the QCD sample

name is the contribution to the (weighted) event yield. The highlighted rows indicate that the JZ2 MC

sample has only 1/10 of the data statistics.

4
Inverting the �⌘HH cut makes the mHH distribution harder, and the shifted SRs with one or both of the HC

masses increasing also make the mHH distribution larger. The MC 4b SR, on the other hand, uses the exact same

kinematic cuts as the data 4b SR.
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Validation with MC (re)trained networks

Here the background estimates were retrained for the MC QCD + t t dataset. Figure 11.22 shows

mHH distributions for evaluating these MC trained networks on the 2b SR MC, and comparing to

the 4b SR MC prediction. The smaller training stats are reflected by the correspondingly larger

error bar on the background estimate, but overall the data and background model are in reasonable

agreement, and also compatible with the data trained estimate of Figure 11.22.

(a) mHH in 2016 (b) mHH in 2017 (c) mHH in 2018

Figure 11.23: mHH MC reweighted 2b events and 4b events for the QCD and t t MC samples.
The background error includes the deep ensembles, 2b stat, and CR1/CR2 systematic errors.

This suite of background validation tests together gave us confidence moving forwards that we

had a robust background estimate for trustworthy results.
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Results

If we knew what we were doing, it wouldn’t be research.

– Zhi’s sweatshirt (Michigan physics department swag).

This chapter presents the HH ! 4b results. In Chapter 12.1 the performance of the background

model in predicting the 4b SR data is shown, while Chapter 12.2 briefly reviews the uncertainties

a↵ecting the signal model. Chapter 12.3 shows the results for the non-resonant signals in both

the  EFT frameworks, while Chapter 12.4 concludes with the impact of 4b in the ATLAS HH

combination.

12.1 Background prediction

Figure 12.1 shows result the ggF background model fit to the 4b SR SR data (with µ fixed to 0),

our “post-fit background model”. The ggF fit has separate categories for each year, but Figure 12.1

shows the summed contributions from all of the years. The data is in good agreement with the

background model. The separate categories are shown in the individual plots, and also included are

the SM and �=6 ggF signals. VBF background reweighting was derived inclusively over all the

years and therefore the background fit and limits are also inclusive over the years. Figure 12.2 shows

the post-fit for the VBF background model for the two �⌘HH categories. Again good agreement is

seen between the background and the data.

The corresponding data, post-fit background and signal yields in the defined analysis categories

are shown in Table 12.1. For the SM ggF signal, the low XHH low �⌘HH are the most sensitive

categories, while for the SM VBF signal, there is more signal in the high �⌘HH category.

179
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Figure 12.1: The post-fit background model for the ggF selection, with the predictions from all years
combined. The post-fit error is shown in the dashed gray lines. The 4b data is shown in black, and
the sub-panels show good agreement with the post-fit background prediction. Also shown are the
ggF signals for the SM (scaled by a factor of 200) and �=6 (scaled by a factor of 100). Each plot
is a separate kinematic category with the top row showing XHH < 0.95, the bottom row showing
XHH > 0.95, and the columns showing the �⌘HH categories.

Figure 12.2: The post-fit background model for the VBF selection, with the post-fit error shown in
the dashed gray lines. The 4b data is shown in black, and the sub-panels show good agreement with
the post-fit background prediction. Also shown are the VBF signals for the SM (scaled by a factor of
1000), �=6 (scaled by a factor of 50), and 2V =0 (scaled by a factor of 10). Each plot is a separate
kinematic category with �⌘HH < 1.5 on the left and �⌘HH > 1.5 on the right.
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Category Data Bkg ggF SM VBF SM ggF SM
Bkg

VBF SM
Bkg

ggF signal region

�⌘HH < 0.5 1940 1940 ± 130 7.0 0.038 3.6 × 10−3 2.0 × 10−5

XHH < 0.95 �⌘HH 2 (0.5, 1.0) 1924 1870 ± 120 5.1 0.037 2.7 × 10−3 2.0 × 10−5

�⌘HH > 1.0 1880 1740 ± 120 2.9 0.043 1.7 × 10−3 2.5 × 10−5

�⌘HH < 0.5 3602 3620 ± 200 6.5 0.036 1.8 × 10−3 9.9 × 10−6

XHH > 0.95 �⌘HH 2 (0.5, 1.0) 3540 3490 ± 190 4.7 0.040 1.3 × 10−3 1.1 × 10−5

�⌘HH > 1.0 3285 3210 ± 200 2.8 0.041 8.7 × 10−4 1.3 × 10−5

VBF signal region

�⌘HH < 1.5 116 125 ± 12 0.37 0.090 3.0 × 10−3 7.2 × 10−4

�⌘HH > 1.5 241 231 ± 20 0.06 0.21 2.6 × 10−4 9 × 10−4

Table 12.1: The yields in each analysis category for the data, expected background (from the
background only fit), and SM ggF and VBF signals [7].

12.2 Overview of signal systematic uncertainties

While the background model was entirely data-driven, the signals come from MC, and these samples

have additional NPs which account for the known mismodellings of the simulation. Except for the

custom ET SFs (which were described in Chapter 10.1.3), these NPs follow the common procedure

used across the collaboration, and are summarized below.

Detector modelling uncertainties

To account for the di↵erence in the tagging probability in data versus MC, the dedicated FTAG SFs

for the b, c, and light-jets are applied using the variations measured by the calibrations (described

in Chapter 6.5). The variation on the jets’ energy scale and resolution (JES and JER) are applied,

as well as the uncertainty due to the pile-up veto JVT tagger. Since pile-up reweighting scale

factors correct the simulation to the pile-up distribution in data, we apply the uncertainty for these

reweighting factors. Trigger uncertainties from the HLT b-tag are prescribed by the b-jet trigger

group and the dedicated ET SFs derived for this analysis are also applied. The uncertainty on the

integrated luminosity is accounted for as a 1.7% on the signal normalization uncertainty.

Theoretical Uncertainties

Di↵erences due to assumptions for implementing the parton shower (PS) are assessed by comparing

the Pythia 8 sample (which uses the Lund string model) with an alternative Herwig 7 sample (which

uses the cluster hadronization model). This is the largest signal uncertainty with a 10% impact on

the ggF and VBF acceptances. The ±1� variation templates are derived for each category, and

treated as correlated in the fit.

The uncertainty in the matrix element is assessed by varying the renormalization and factorization
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scales (µR and µF ) up and down by a factor of 2. This uncertainty amounts to an ⇡ 2% di↵erence

for the signals, although it gets as large as 6% in some categories. The uncertainties due to the pdfs

of the colliding partons are calculated using the 1� error bar on a set of replicas sampled from the

underlying CT14, MHT14 and NNPDF3.0 pdf sets [162].

For the limits on the SM signal strength, 3.5% normalization uncertainty is included for the

H ! bb̄ branching ratio, and the uncertainties on the cross-section due to the pdf, ↵s, renormalization

scheme, and mt scale are accounted for with normalization uncertainty (with separate uncertainties

for ggF and VBF production). The uncertainty due to the finite top mass in the ggF calculation is

asymmetric (Chapter 9.1), so each production mode treats the top mass uncertainty with a separate

normalization factor. The cross-section and branching ratio uncertainties are only included for the

µSM limits, as the other results are given in terms of the experimentally measured cross-section.

The uncertainties and the assigned NPs are summarized in Table 12.2. The pulls for these signal

and background NPs when fit to the observed data are shown in Figure 12.3. In the upper left plot

showing the background pulls, the 2016 ggF background model has the largest pulls as this was the

year where we saw the largest discrepancy between the pre-fit background model and the observed

4b data (see Figure C.6). But most of the background pulls are between ±1.

Systematic identifier Description # of NPs

ggF: CR12 Extrapolation 3 years x 4 SR quadrants = 12
VBF: CR1 / CR2 Shape variations 4 SR quadrants

Background 3b1f unc (ggF only) 3 years

Bootstrap # of histogram bins
b-jet 3 eigenvariations and 1 extrapolation

FTAG c-jet eigendecomp 4 eigenvariations and 1 extrapolation
light-jet eigendecomp 4 eigenvariations

JES 30

JET JER 13
JVT 1

pile-up reweighting 1

Data taking Luminosity 1

HLT + L1 trigger SFs 2
PS, pdf, and scale uncertainties 3 (PS, pdf, scale) x 2 (ggF + VBF) = 6

Theory BR H ! bb̄ (*) 1

Cross-section uncertainties (*) 4

Table 12.2: Note: the (*) indicates these are only included in the µSM result.
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Background

Data taking

Theory

FTAG

JET

Figure 12.3: Pulls for the fit to the background template.
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12.3 HH ! 4b analysis results

The Parameter of Interest (PoI) for the scans is the signal strength µ = �/�SM , where the ggF and

VBF channels are fit simultaneously with the same signal strength. The 95% confidence level limit

on the SM signal strength is 5.4 (8.1) observed (exp). The limits just from the ggF analysis are 5.45

(8.09) observed (expected). The limit with only the statistical uncertainties included (the 2b stat

uncertainty and signal mc stat uncertainty), is 6.0. If only the background systematic uncertainties

are included, the limit is 7.1. Table 12.3 shows the impact of the dominant systematics on our SM

limit. From the experimental side, the data-driven background systematics drive the sensitivity, with

the deep ensembles + bootstrap uncertainty and the CR12 extrapolation systematic both giving an

⇡ 7% degradation in the final result. The current uncertainty on the theoretical HH cross-section

has a 9% impact on our result. The observed (expected) upper limit on the ggF+VBF cross section

is 5.02⇥ 32.776 fb = 164.49 fb (7.36⇥ 32.776 fb = 241.20 fb) when these theoretical cross sections

are excluded.

Source of uncertainty �µ/µ
Theoretial
Uncertainty on signal cross-setion �9.0%
All other theory uncertainties �1.4%
Background modeling
Deep ensembles + bootstrap �7.1%
CR1 / CR2 extrapolation �7.5%
3b1f non-closure uncertainty �2.0%

Table 12.3: Impact of the various uncertainties on the µggF+V BF limit. To test the impact of each
systematic, it’s profiled and then constrained to its best fit value as the upper limit is recalculated.
Only the systematics that have an impact larger than a % are shown. All of the experimental
uncertainties together had a sub-% level impact on the final result.

Figure 12.4(a) shows the result of the 95% confidence level upper limit on the �ggF+V BF cross-

section as �varies. At �=6 the observed limit has a positive fluctuation corresponding to +1�.

�=6 is one of the softest HH signals, and in the pre-fit background model plots in Figure C.6

shows that the background under predicts the yields at low mHH . At high mHH , the background

model tends to overpredict the yield, which is why our limits are stronger than expected for the SM

�=1 and the negative �values.

A constraint on �is extracted from the intersection of the cross-section limit with the theory

prediction. Table 12.4 shows the �constraint, and compares to the predictions for the ggF and VBF

channels separately. For the upper constraint on �, it is interesting that we get approximately equal

strength from the ggF and VBF channels. For the lower �constraint, the ggF channel dominates,

due to its much larger cross-section.
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(a) ggF and VBF HH production: �scan (b) HH production: 2V scan

Figure 12.4: The 95% Confidence Level upper limits on the HH production cross-sections with
respect to the �variations (left) and the 2V variations (right).

Channel Observed Interval Expected Interval

ggF Channel (ggF signal only) [�4.5, 13.3] [�5.0, 12.0]
VBF Channel (VBF signal only) [�10.0, 13.2] [�12.3, 15.6]
Combination (ggF+VBF signals) [�3.9, 11.2] [�4.6, 10.8]

Table 12.4: In the combined channel, the observed and expected limit intervals on the coupling
modifier �at the 95% CL for the ggF channel, the VBF channel and the combination of the two.

The 95% confidence level upper limit on the �V BF cross-section for variations in the 2V coupling.

For this result the SM ggF signal is treated as a background. There is good agreement between the

observed and expected limits. The observed (expected) constraints on 2V are [-0.03, 2.11] ([-0.05,

2.112]) – and we are very close to excluding the 2V =0 model.
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Limits on the 2 dimensional (2V , �) and (2V , V ) variations are shown in Figure 12.5.

(a) (b)

Figure 12.5: The observed (solid) and expected (dashed) limit intervals on the coupling modifiers
�vs 2V (left) and V vs 2V (right) at the 95% CL for the combination of the VBF+ggF channels.
The solid lines show the couplings excluded by the observed 95% CL limits, while the dashed lines
indicate the expected 95% CL limits. The blue (yellow) bands give the errors on the expected limits.
The shaded grey regions are excluded. The stars indicate the SM couplings ( = 1).

For the SMEFT and HEFT interpretations, only the ggF coupling variations are considered, and

the limits are extracted just using the ggF channel. The 1-dimensional scans are performed for these

five Wilson coe�cients, and the constraints are reported in Table 12.5, where in each scan, all other

coe�cients are set to their SM values. The limits extracted for the seven BSM benchmarks in the

HEFT parameter space are shown in Figure 12.6.

Parameter Expected Limit Observed Limit

cH⇤ [-9.3, 14.8] [-9.4, 13.9]
cH [-22.3, 10.5] [-19.9, 10.8]
ctH [-11.0, 6.4] [-10.1, 6.5]
cHG [-0.06, 0.06] [-0.05, 0.05]
ctG [-1.13, 1.17] [-0.96, 0.92]

Table 12.5: The extracted upper and lower limits on the SMEFT parameters to which the analysis is
sensitive. For each parameter, the constraints are provided assuming the other parameters are fixed
to 0.
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Figure 12.6: The extracted upper limits for the SM cross section, and the seven HEFT benchmarks.

12.4 Combination and analysis improvements

Figure C.7 shows the impact of combining these 4b resuts with the other main HH channels. Just

combining the bb̄⌧+⌧� and bb̄�� gave an (already impressive) observed and expected limit on the

SM signal strength of 3.1. Including our e↵orts from 4b improved on this combination by giving an

observed (expected) limit of 2.9 (2.4) – the world limit on the observed SM signal strength. The

CMS combination combined more channels also including bbZZ, multileptons, and boosted 4b, and

has an observed (expected) strength on the SM HH signal of 3.4 (2.5) [136].

Figure 12.7: The SM limit combining the ATLAS channels [153] [163]
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To give context for this latest 4b result, Figure 12.8 shows the results from our previous publications.

Just with the extra statistics with increasing dataset size, we would have expected our upper limit

to improve by 1
p
L. (indicated by the grey line). However, these publication results are fitted to

a curve µ = /L↵, we get superluminous scaling with a coe�cient of ↵ = �0.76, showing that we

consistently exceed our expectations. The improvements in the latest result include the new DL1r

tagger b-jet identification, and an improved analysis strategy with better background rejection and

categorization to improve the power of the final discriminant.

Our hope is that through more creativity and innovation we will continue to improve this

result beyond our expectations. The next chapter concludes by presenting one of these avenues for

improvement relevant for the Run 3 iteration of this analysis.
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Figure 12.8: Run 2 publications of the expected 4b non-resonant limit, in units of the HH ! 4b
cross section [164], [165], [116], [163]. For a fair comparison across the publications, the theoretical
cross-section uncertainties in [163], as these were not included in the earlier publications.



Part IV

Future developments

This final chapter presents one of the most promising future directions for the HH ! 4b analysis

from the ideas explored in this thesis work. A novel data-driven background estimation strategy is

presented, and initial studies show an improved performance compared to the Run 2 background

estimation described in Chapter 11.
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Generative models for data-driven

background modeling

Go with the flow. Force nothing. Let it happen, or not happen. . . trusting that whichever

way it goes, it’s for the best.

– Mandy Hale

As described in Chapter 11, QCD is 90% of the 4b background and needs to be estimated with

data-driven techniques. In the Run 2 4b analysis, reweighting maps were derived in dedicated CRs

and then extrapolated into the SR. The uncertainty on this background estimate limits analysis

sensitivity – in particular, the uncertainty from CRs extrapolating into the SR degrades the upper

limit on µSM by 7.5% (Table 12.3).

This chapter proposes an alternative background estimate which relies on a di↵erent set of

assumptions. Figure 13.1 shows that the mulit-jet background processes vary smoothly across the

(mH1,mH2) massplane. This smooth variation of the underlying physics is used as a key inductive

bias to train a generative model as a function of (mH1,mH2) to pose the background estimate as a

high dimensional interpolation. This is done with a two-step procedure where the Higgs candidate

masses and the HH kinematics (given by the vector x) are modeled separately. The joint probability

distribution is decomposed using the chain rule of probability as:

p(x,mH1,mH2) = p(x|mH1,mH2) · p(mH1,mH2), (13.1)

where x is a six-dimensional vector that models the rest of the Higgs candidates’ kinematics (as will

be elaborated on in Chapter 13.2.2). The p(mh1,mh2) is fit with a Gaussian process (GP, described in

Chapter 13.1) to constrain the predictions inside of the SR using the correlation with events outside of

the SR. Since GP does not scale well to high dimensional inputs [166], the rest of the event kinematics

190
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x are modeled with a conditional normalizing flow: p(x|mh1,mh2) (described in Chapter 13.2). Since

the smoothly varying (mH1,mH2) is a key modeling assumption, the interpolation is derived before

applying the XWt > 1.5 cut which induced structures in the massplane.

Figure 13.1: Illustration of the interpolation setup. The pink circle shows the nominal 4b SR, with
the purple dotted line showing the bounding box used to train the interpolation. The quadrants for
deriving the baseline reweighing method are shown in the navy blue dashed line crescents.

Here the ggF analysis background estimate is studied as this channel is more impacted by the

background systematics than the VBF analysis which is dominated by statistical uncertainties. The

selection here is identical to that outlined in Chapter 10, and the results for this interpolation are

compared to the reweighting strategy in both the 4b SR, and the suite of validation regions.

13.1 Gaussian Processes

13.1.1 Introduction

The p(mH1,mH2) model fits a GP to the blinded 2d histogram, inspired by the boosted 4b analysis

[117]. A GP is a Bayesian non-parametric ML method, which means that the model size grows with

the number of input data points [167, 168]. It generalizes the notion of the multivariate Gaussian

which describes distributions over random vectors, to describe the distributions over functions (to

allow evaluations on arbitrary inputs) – where here we want to evaluate the distribution in the

blinded SR. The GP specifies that the prior over any finite collection of points follows a multivariate

Gaussian probability distribution, as specified by:
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where x1, . . . , xm are the input points, and the f describes the prior over functions. As a pre-

processing step, the targets are normalized to zero mean and unit variance, so the mean of the GP is

set to zero. Therefore, the covariance function K defines the GP model. We will be using the squared

exponential kernel for the covariance function: K(x, x0) = exp
⇣
�

(x�x
0
)
2

2l
2

⌘
, where l the length scale

determines how strongly correlated close inputs are. The training data points be specified by the

matrix X and the vector y. Uncertainties on the i training observations can be included as:

y(i) = f(x(i)) + "(i), i = 1, . . . ,m, (13.3)

where " is the noise " ⇠ N (0,�2), and the (i) superscript denotes one of the i training examples.

Since the GP specifies a prior over functions, this length scale defining K is optimized by maximizing

the log marginal likelihood on the training inputs. The log marginal likelihood is:

log p(y|X) = log
1

(2⇡)n/2
���K + �2I
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1/2
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2
log |K + �2I|�

n

2
log 2⇡, (13.4)

The term “marginal” means that the Gaussian distribution over the finite number of training data

points doesn’t change if a larger set of data points is considered [167]. Maximizing log p(y|X) gives

the maximum likelihood estimator for the length scale, l.

The joint marginal over the training points and the test ( or interpolation) points X⇤ and y⇤ also

follows a multivariate Gaussian distribution:
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(13.5)

Marginalizing out the dependence over the training variables gives the “predictive posterior

distribution” as the (X⇤,y⇤) also follows a Gaussian distribution, with the mean and covariance

given by [167]:

µ⇤ = K(X⇤, X)(K(X,X) + �2I)�1y (13.6)

⌃⇤ = K(X⇤, X⇤)�K(X⇤, X)(K(X,X) + �2I)�1K(X,X⇤). (13.7)

Instead of just having a point prediction at each query point, there is a distribution described by

this multivariate Gaussian – which allows the model to also have a measure of its uncertainty.
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13.1.2 Application for the HH ! 4b analysis

The input to the GP is a 2d histogram of the massplane with a bounding box around the circle that

defined the reweighting CRs, as shown by the dotted purple line in Figure 13.2(a). This box has an

edge length of 90 GeV, and 25 bins for both the mH1 and mH2 axes. The (mH1,mH2) bin centers

are used to predict the number of events in the bin. The Poisson errors on the bin entries are the

uncertainties in the regression targets, and are included in the GP fit with the � in Eq. 13.3. The

targets are normalized to have zero mean and unit variance. Bins with any overlap with the SR are

not included in the training process.

The GP is fit with scikit-learn [166] using the squared exponential kernel with two length scales

for the mH1 and mH2 directions:

K
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. (13.8)

To account for the di↵erences in the triggers, a separate GP is fit for each year (2016, 2017, and

2018). Figure 13.2(b) shows the mean of predictive posterior for the GP fit to the blinded massplane.

The predicted massplane gives a smoothed prediction of the input massplane, while also providing an

interpolation for the bin entries into the SR since the fitted length scales (shown in Table 13.1) are

larger than the radius of the SR. The GP predictions are constrained by nearby observed data points,

so Figure 13.2(c) shows that the GP predicted error increases slightly as it interpolates into the SR.

To quantify the error compared with the observed data, Figure 13.3 shows pulls defined by the GP

mean prediction minus the observed yield, divided by the Poisson uncertainty on the observation

(the square root of the bin yields). The pulls for these bins lying outside (purple) and inside (pink)

the SR is shown in Figure 13.3(b). The mean and variance of these pulls in the SR are: µ = 0.08,

� = 0.93 – which is close to zero mean and unit variance. This indicates the model is providing a

good interpolation into the SR.

mH1 [GeV] mH2 [GeV]
2016 108.3 50.6
2017 106.1 64.4
2018 105.4 56.4

Table 13.1: The fitted length scales for 4b data.

Samples from the GP are used to condition the normalizing flow model’s SR prediction. Inverse

transform sampling [169] is used to draw the samples of the 2d histogram bin centers. The two-

dimensional (mH1,mH2) GP prediction is reshaped to a 1d histogram which is used to construct

the cumulative density function (CDF). Samples of z ⇠ [0, 1] are mapped to the bins of the CDF

to give samples of the (mH1,mH2) bin centers following the GP’s p(mH1,mH2) probability. The

(mH1,mH2) samples are then smeared uniformly with the bin width to give continuous predictions.
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(a) observed data (b) GP fit (c) GP error

Figure 13.2: GP fits for the 2018 4b SR. All the massplane fits are before the XWt cut.

(a) (b)

Figure 13.3: Left: non-closure of the GP fits for the 2018 4b SR region. Right: 1d histogram of the
pulls. The “¬ SR” (“not SR”) purple line shows the bins used to fit the GP, while the “SR” pink
line shows the bins that were blinded in the fit. These evaluation plots are before the XWt cut.

Since the number of samples drawn is arbitrary, the predicted SR event yields are rescaled using the

observed and sampled entries from the interpolation bounding box with the blinded SR:

nSR = nobs

¬SR ·
nsamples

SR

nsamples

¬SR

. (13.9)

13.2 Normalizing Flows

13.2.1 Intro

A normalizing flow is a generative model that transforms a known base density (such as a Gaussian)

into a target density by a sequence of invertible transformations, here denoted fi [170]. In the forward

mode of the flow (f = f1 � · · · � fL in Figure 13.4) samples from the Gaussian are transformed to

give samples from the target distribution. Since each of the steps of the flow steps are invertible, the

reverse mode of the flow f�1 lets us evaluate the probability of the samples using the chain rule of



13. GENERATIVE MODELS FOR DATA-DRIVEN BACKGROUND MODELING 195

probability:

px(x) = pz(z)

����
dz

dx

���� = pz(f
�1(x))

�����
df�1

dx

����� (13.10)

where pz(z) is the Gaussian base density, and x are the features we want to model. By estimating the

probability of training data points, we can optimize the flow’s parameters with maximum likelihood.

We define a loss as the negative log-likelihood of the training data (�
P

i
log px(xi)) and minimize it

by stochastic gradient descent.

Figure 13.4: Visualization of the normalizing flow paradigm. The forward mode (f = f1 � · · · � fL)
generates samples. The reverse mode (f�1 = f�1

L � · · · f�1

1 ) evaluates the density of a data point.

Since x 2 Rd, the fi transformations need to keep both the Jacobian and the f�1

i calculations

tractable. Various methods for flow architectures to maximize the expressivity while preserving

tractability are described in recent reviews [171, 172]. A trick is to use “coupling layers” which only

transform half of the variables at a time. The Jacobian becomes block diagonal and the inverse

operation goes from O(d3) to O(d) since we just need to take the product over the diagonal entries.

The RealNVP is a simple architecture with such coupling layers used in our early optimization

studies, and described in Appendix G.1.

Here we show results for a rational quadratic neural spline flow (RQ-NSF) [173] with their nflows

python package [174]. Since the only constraint needed to ensure the invertibility of fi is that the

fi are monotonic functions, this method uses a monotonically increasing function parametrized

by a spline with K bins between (B,B) as shown in Figure 13.5. Each “bin” on the domain is

parametrized by a rational quadratic transformation given by:

fjk(xi) =
aijkx

2

i + bijkxi + cijk

dijkx
2

i + eijkxi + fijk

where i is the dimension of the transforming variable, and j be the corresponding flow layer,

and k is the bin. To predict one step of a single transforming variable involves 6K constants:

aijk, bijk, cijk, dijk, eijk, fijk.
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But applying the additional constraints:

• Boundary conditions:

(x0, y0) = (�B,�B) and (xK , yK) = (B,B)

• Continuity at the internal knots (which

specify the bin boundaries):

2(K-1) constraints

• Continuous derivatives at the knots:

K-1 constraints

reduces the number of constants to

6K - [ 2(K-1) + 2K+1 + 2 + 2] = 3K - 1.
Figure 13.5: RQ-NSF parametrization

A NN then predicts the 2K widths and heights of the bins and the K � 1 derivatives at the

internal knots. The NN output is an unconstrained real vector in ✓i 2 R3K�1, and this the ✓i vector

is partitioned into three pieces [✓wi , ✓
h

i , ✓
d

i ]. Since the spline characterizes a transformation from a

domain (�B,B) into a range (�B,B), the ✓wi and ✓hi vectors are each passed through a softmax

function (with a range (0,1)) and then multiplied by 2B to give the widths and heights of the shifts

between the knot locations. Since the monotonicity of the fj is crucial for its invertibility, the ✓di

representing the knot derivatives are passed through a softplus1 function to ensure the derivative

stays positive. Outside of the range [-B,B] an identify transform is used. A batch norm layer [124] is

used between each of the flow steps to keep the modeling variables in the range where the spline has

its expressive power.

To allow mixing between the input variables, this architecture also uses a generalized permutation:

W = PLU, (13.11)

where P is the permutation matrix, L is a lower triangular matrix, and U is an upper triangular

matrix. The Jacobian stays tractable because det(W ) only takes O(d) time to compute. Inverting

this step involves solving two triangular systems, which is a O(d2) operation, which is the same order

as inverting the spline transformations.

To solve the interpolation problem, we predict the conditional probability distribution (as shown in

[173]) by passing (mh1,mh2) as additional variables to the NNs predicting the spline constants. This

preserves the nice properties of the bijection for each of the flow steps while keeping the Jacobians

tractable. The flow is trained inclusively over the years (2016, 2017, and 2018), and the year is passed

as an additional input.

1
Softplus(x) = log(1 + exp(x)): a smooth approximation to the function that ensures positive outputs [175].
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13.2.2 Implementation details

We found that it was easier to use the flow to model the Higgs Candidates’ 3-momentum instead of

modeling mHH and �⌘HH directly. The top row of Figure 13.6 shows the HC kinematics. We predict

the log of the HC pTs instead of the HC pTs directly since this gives a bell-shaped distribution which

is easier to model for the flow which transforms a base Gaussian distribution. In Figure 13.6(c),

the HC �s are shown. If the HC � were predicted directly, then the flow would not be able to tell

that � = ⇡ and � = �⇡ correspond to the same event. But the boundary condition is not the only

aspect that we need to encode as the problem can be further simplified with the azimuthal symmetry

in our events. We don’t need to predict both �H1 and �H2, but just the di↵erence ��HH as both

mHH and �⌘HH are symmetric with respect to azimuthal rotations of the event. Figure 13.6(d)

shows ��HH , which is peaked at ⇡ for the frequently back-to-back the di-jet pairs. The sharp cuto↵

would be very hard for the flow to predict with the smooth transformations from a base Gaussian

distribution. We instead consider ⇡ ���HH , to get a steeply falling distribution, and then take the

log to model log(⇡ ���HH). This transformation is more Gaussian-like, as shown in Figure 13.6(e).

This transformation also encodes a physicality requirement that the predicted ��HH are always

less than ⇡. There’s no corresponding guarantee that the predicted ��HH > 0 , but since this is

in the tail of the distribution, the flow predicts a negligible number of negative ��HH values (see

Figure 13.10(f)). All modeling variables are normalized to have zero mean and unit variance.
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Figure 13.6: Motivation for Higgs Candidate variables modeled by the flow. The flow models the
Higgs Candidates’ pTs (a) and ⌘s (b), the log(⇡ ���HH) (e), and XWt (not shown here).
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The a smooth massplane was a key modeling assumption, but the XWt cut induces structure in

the massplane (see Figure 10.18). Thus, the flow is trained before applying the XWt cut, but XWt is

passed as an additional modeling variable. When evaluating the SR predictions, the sampled events

that have XWt < 1.5 are removed to compare to the reweighting background estimate.

We optimized the hyperparameters for this problem by looking at the modeling in the 2b SR,

with Appendix G.2.3 giving the hyperparameter scan considered. We use a neural spline flow with 10

layers (or 10 fi spline transformation steps). Each spline used K = 4 bins, and the spline transform is

defined on the domain (�B,B) = (�3, 3). The ResNets [176] are used to predict the spline constants.

We use only needed a single ResNets block with 32 hidden units, and a dropout fraction of 10% [110]

To avoid overfitting, we found that using an L2 regularization with � = 1e� 6 was helpful, so the

loss function is the sum of two terms:

L = �
1

N

X

x⇠¬SR

log p(x|mH1,mH2, yr) + �
X

j

w2

j , (13.12)

where the first term is the negative log-likelihood of the training data, and the second term is the L2

regularization for the wj NN weights.

The flow was trained inclusively on all of the years using the data events in the interpolation

bounding box outside of the SR conditioning on mH1,mH2 and the year. We trained with the adam

optimizer with a learning rate of 10�3. Each flow is trained 25 times to assess an uncertainty from

the variation in the NN trainings [127].

Figure 13.7 shows how flow proceeds in 10 steps to gradually transform the base Gaussian density

into the Higgs candidate variables in the 4b SR.

Figure 13.8 visualizes the multi-dimensional density that the flow has learned by showing all of

the 2d correlations. The grey scatter plots in the lower left triangular block show the correlations in

the 4b SR data, while the pink scatter plots in the upper right triangular block show the analogous

correlations predicted by the flow samples. The histograms along the diagonal compare the one-

dimensional marginals. In the blue box the ⌘H1, ⌘H2 correlation is emphasizes that the flow has

learned to predict the �⌘HH < 1.5 cut.
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Figure 13.7: Demonstration of how the flow transforms unstructured noise into a structured prediction
in the 4b SR. These samples are conditioned on the SR (mH1,mH2, yr) data from the 2016, 2017
and 2018 datasets. The grey histograms in the left column are samples from a 6d Gaussian. Each
column to the right shows the transformation from one layer of the flow (i.e, a single invertible
transformation), with the right-most column showing the prediction of the final flow. This is a single
flow training, with the distributions are shown before applying the XWt. Variables have been scaled
to zero mean and unit variance.
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Figure 13.8: The correlation between the modeling variables for the SR data (grey) and the flow
prediction (pink) in the 4b SR. The blue box emphasizes the ⌘H1, ⌘H2 variables to show how the
flow has learnt the �⌘HH < 1.5 cut. The marginal plots along the diagonal are normalized to unity.
These samples are conditioned on the SR (mH1,mH2, yr) data from the 2016, 2017 and 2018 datasets.
This is a single flow training, with the distributions shown before applying the XWt cut. Variables
are scaled to zero mean and unit variance.
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After predicting the vector x =
�
log pT,H1, log pT,H2, ⌘H1, ⌘H2 log(⇡ ���HH), XWt

�
from the

flow, we combine this with the mH1,mH2 samples from the GP to reconstruct the HC 4-vectors:

pH1 = (pT,H1, ⌘H1, 0,mH1)

pH2 = (pT,H2, ⌘H2,��HH ,mH2).

These HC 4-vectors are then summed to get the mHH , and we also calculate �⌘HH = |⌘H1 � ⌘H2|.

Figure 13.9 is a summary of the background model presented in the previous two sections. In

evaluating the background model, 100,000 events are sampled from the interpolation box for each

of the GP massplanes for each year: p16(mH1,mH2), p17(mH1,mH2), p18(mH1,mH2), where the

subscripts denote the 2016, 2017, and 2018 GP fits, respectively (step 1a in Figure 13.9) . These

samples set the SR normalization (step 1b and Eq. 13.9), and are used to condition the flow samples

drawn in the SR (step 2). Although by modeling probability distributions both the GP and the

flow quantify an uncertainty, for the 4b background modeling the dominant uncertainty was the

Deep Ensembles uncertainty from the random initialization and optimization of the NNs ([127] and

Table 12.3). For the following results, we show the NSF flow model trained 25 times. The same

mH1,mH2 samples from the GP SR are used to evaluate the flow prediction, and we cite the standard

deviation of these 25 flow models as the interpolation error bar.

Reconstruct HC 4-vectors + event kinematics

1a Sample from p(mH1, mH2) massplanes

3 years

2

Condition on 
(mH1, mH2, yr) 
predictions

4

Sample from the flow

Samples of: 
pT,H1, pT,H2, ηH1,  
ηH2, XWt, Δ�HH

Sample 6d 
Gaussian

f1 f2 f3 f4 f5 f6 f7 f8 f9 f10

1b Set the SR normalization

pred(SR)
SR yield =

pred( ￢ SR)
obs( not SR)SR

mH1

m
H

2 not SR

Cut events with XWt > 1.5
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Figure 13.9: Demonstration of the background prediction algorithm for the upper right SR.

Comparisons are made to the reweighting method, and the reweighting error bars include the
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deep ensembles error, the error on the CR1 / CR2 shape di↵erence systematic, and the 2b statistical

uncertainty.

13.3 Results

Figure 13.10 shows the six variables that the flow models and compares to the reweighting prediction.

For the HC pTs, the flow is doing a better job modeling the peak of the distribution. Through

careful flow input optimizations, we have also learned non-trivial distributions, such as ��HH in

Figure 13.10(f). The interpolation also is better at modeling the decreasing XWt distribution in the

range XWt = (3, 6).
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Figure 13.10: The flow training variables in the 4b SR (after the XWt cut).

Figure 13.11 shows the modeling for for the high level variables reconstructed from the HC

kinematics. For both mHH and pT,HH we see a better modeling in the peaks of these distributions.

For �⌘HH , the flow sometimes predicts events with �⌘HH > 1.5, and in Figure 13.11(c) these

overflow events are included in the highest �⌘HH bin.
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Figure 13.11: High level variables reconstructed from HC kinematics in the 4b SR (after the XWt

cut).

Finally, Figure 13.12 shows mHH with the �⌘HH and XHH categories used as the discriminating

variable for setting the 4b analysis limits. Events in the overflow �⌘HH , mHH bins are included

in the highest bins here again. The flow again compares favorably here – making this a promising

method to use for the Run 3 iteration of the 4b analysis.
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Results for other background validation regimes

Since one of the achievements of the recent 4b result was the tour de force e↵forts for testing our

procedure in a suite of background validation regions, for the interpolation we also evaluated our

procedure on this same set of regions: 3b1f, reversed �⌘HH , and the shifted SRs. Figure 13.13 shows

the shifted SRs considered for the interpolation comparisons. Here we additionally also show results

for the challenging “lower left” SR.
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Figure 13.13: Illustration of the interpolation regimes. The pink (solid) circle shows the nominal 4b
SR, with the pink dotted line showing the interpolation bounding box. The quadrants used to define
the reweighing are also shown in the pink dashed crescents. The shifted regions used as validation
tests of the method are shown in the blue, orange, green, and purple overlays.

Table 13.2 shows the observed yield, the reweighting, and the interpolation predictions. The flow

enters in the interpolation’s yield prediction by modeling XWt as these results are shown after XWt

cut. In pink are highlighted the regions the flow is more accurate at predicting the normalization,

while the turquoise indicates the regions the reweighting does better.

obs rw flow 1 - rw / obs [%] 1 - flow / obs [%]

lower left 40578 48708.9 39252.2 -20.0 3.3

lower right 12377 14648.5 11982.7 -18.4 3.2

upper right 5751 5543.0 5825.9 3.6 -1.3

upper left 19075 19504.7 19833.4 -2.3 -4.0

3b1f 180044 175817.9 175416.8 2.3 2.6

rev �⌘HH 16113 16462.7 16185.9 -2.2 -0.5

4b 16171 15423.7 16564.8 4.6 -2.4

Table 13.2: Yields for the predictions after applying the XWt cut
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ThemHH modeling for each of these validation regions is also shown in Figure 13.14. Figure 13.14(a)

shows the lower left SR. In the reweighting validation, we excluded this from the reweighting tests

because we believed that it was more challenging than the 4b SR – as Figure 13.13 shows that the

lower left CR1 (in the dashed navy crescents) overlaps with the kinematic turn-on in the massplane.

It is more di�cult to derive a reliable background estimate when the underlying control region does

not smoothly vary into the SR, evidenced in Figure 13.14(a) as the non-closure is much larger than

the assessed error. The interpolation model, however, is showing a %-level error for the non-closure

in this challenging extrapolation regime.

The lower right SR in Figure 13.14(b) also has a larger non-closure for the reweighting compared

to the interpolation. In this region, we understood that the reweighting did have a good closure for

CR2. Since the error bar on the reweighting includes the variation from the alternative CR2 model,

we can see that the CR2 provides a good model as the lower edge of the reweighting error bar is

close to the observed data. There is still a benefit with the interpolation not needing to assess as

large of an error bar.

For the upper left SR in Figure 13.14(d), the reweighting has a better normalization prediction

than the interpolation, but since the di↵erence between CR1 and CR2 is quite large for this region,

this is reflected in a correspondingly larger error bar for the reweighting.

The reweighting also has a slightly better normalization in the 3b1f region, but Figure 13.14(e)

shows that both of these models give a good background model.

Finally, in Table 13.3 the �2 for the shapes of the kinematics are compared for the other validation

regions. The prediction histograms are normalized to the observed event yield. The same highlighting

scheme is used here as earlier, and overall the flow is showing good modeling iin these regions with

respect to the strong baseline provided by the reweighting.

lower left lower right upper right upper left 3b1f rev �⌘HH 4b
rw flow rw flow rw flow rw flow rw flow rw flow rw flow

3d disc 5.52 2.19 1.32 0.98 1.35 0.93 2.54 1.60 1.85 2.24 1.37 1.25 2.14 1.34

mHH 2.70 1.98 1.26 0.78 1.30 0.91 4.44 4.70 2.29 3.77 1.34 1.60 3.75 0.73

�⌘HH 6.95 1.37 1.52 1.07 1.51 1.63 1.99 0.98 1.38 1.94 1.16 3.90 1.19 0.99

pT,H1 1.76 0.95 0.70 0.58 1.07 1.14 2.85 1.77 1.61 1.58 1.42 1.48 2.48 1.88

pT,H2 2.81 1.83 2.83 1.17 1.82 1.06 0.92 1.49 2.64 2.50 1.74 1.51 2.24 1.00

⌘H1 2.33 1.54 2.24 0.87 1.45 0.82 2.36 1.74 1.99 2.07 2.74 1.51 1.13 1.25

⌘H2 2.62 1.35 4.93 1.11 0.85 0.75 1.33 1.16 1.37 1.36 2.07 1.17 1.26 1.16

��HH 9.64 1.46 18.81 1.04 3.23 2.61 2.24 1.40 1.88 1.85 2.08 1.16 2.63 1.08

XWt 17.64 1.27 5.29 0.79 1.39 1.45 1.33 0.82 2.49 3.73 1.74 1.71 3.10 1.01

pT,HH 6.06 1.13 1.76 1.00 1.50 1.23 1.80 0.80 2.54 0.93 2.35 0.87 2.00 0.79

Table 13.3: The �2 / (number of bins - 1) for the histograms after applying the XWt cut. In the top
row, “3d discriminant” refers to the mHH distribution with the �⌘HH and XHH categories.
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(c) Upper left SR
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(d) Upper right SR
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(f) reversed �⌘HH SR

Figure 13.14: mHH for the background validation regions, shown after the XWt cut.
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Outlook

This new paradigm for a robust background model is encouraging for the future of the 4b analysis for

Run 3 and beyond. Below As the interpolation models the (mH1,mH2) dependence, this removes the

need for the CR12 extrapolation systematic which is currently one of our limiting analysis uncertainties

(Table 12.3). The validation regions studied above could provide an additional systematic for the

interpolation method when propagating into an analysis. Another benefit of the interpolation is that

we can draw an arbitrarily large number of samples to construct these background templates. This is

important as the CMS 4b resolved analysis is currently limited by the statistical precision of their

background templates [177]. Furthermore, alleviating the necessity of reweighting from a 2b region

also helps the HL-LHC prospects where the higher rates make it impossible to collect a 2b sample

without draconian trigger thresholds. Finally, a more robust background model might allow us to

use ML-methods (i.e, NNs) for signal versus background discrimination to improve our sensitivity

in the future. These avenues of exploration that open up promise to make the future of HH ! 4b

quite bbbbright.
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Conclusions

Journey before destination.

– Brandon Sanderson, The Way of Kings.

This thesis has presented a search for HH in the challenging 4b final state. As b-tagging is

crucial for all HH searches, a part of this work included optimizing the latest recommendation

of b-taggers, where the addition of the RNNIP low-level tagger, o↵ered a 10% improvement to the

high-level DL1r tagger. Furthermore, a new low-level b-tagger, DIPS was developed, which is four

times faster to train than RNNIP, and further optimization shows a factor of two improvement

compared to RNNIP.

We improved the HH ! 4b analysis with an optimized event selection, physically motivated

pairing algorithm, and sophisticated final discriminant. Furthermore, as the data-driven background

estimate is the essential aspect of this analysis, a key innovation of this latest result is the array of

background validation tests developed. As a result of these optimizations and robustness checks,

our final observed (expected) limit on the HH SM signal strength is 5.4 (8.1), a 30% improvement

compared to the luminosity scaling from the previous dataset. Propagating this result forward into

the ATLAS combination gives an observed (expected) limit of the HH SM signal strength is 2.4

(2.9). HH ! 4b additionally constrains the Higgs self-coupling in the kappa framework with observed

(expected) limits of [-3.9, 11.1] ([-4.6, 10.8]), while the observed (expected) constraints for a HH

coupling to two vector bosons is [-0.03, 2.11] ([-0.05, 2.112]). Results are additionally interpreted in

both the SMEFT and HEFT frameworks.

As the quest for HH continues, so too do our opportunities for continued innovation, and to

that end we presented a promising avenue for improving our background estimate. Incorporating

these (and other) recent advancements from deep learning into the reconstruction and analysis allows

us to maximize the physics potential of our growing datasets.

Life is a journey, physics is a process, and Kuhn postulates a part of progress in science involves

208
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successively discarding old paradigms in lieu of new ones [178]. The past 60 years have shown the SM

to be enormously successful at predicting a range of phenomena. It will take time to tell whether HH

will be another confirmation of the SM paradigm, or herald deviations in the Higgs potential which

could unlock answers to the open questions in physics. Either way, we’ll have learned something that

we hadn’t known before, and this thesis analysis was a step forward along this path of exploration.



Appendix A

Additional FTAG optimizations

A.1 VR track jet optimizations

Hybrid sample modification

The track jet only uses charged constituents of the jet, so has a lower pT distribution than the

corresponding PFlow jets. Figure A.1 shows the correlation between the PFlow and corresponding

VR track jet pTs both in the tt and Z’ samples, and a linear fit shows that on average the track jet

pT is approximately half of the jet pT. The fitted slope is lower for the higher pT track jets in the Z’

sample since the VR jet clustering radius is inversely proportional to the jet pT.

Figure A.1: Comparison of the PFlow and VR track jet pT for jet reconstruction.
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For the calo jets, the hybrid sample was

created with a 250 GeV cut on the b-

hadron of light/c-jet pT. To account for

the di↵erence in the track jet pT spectrum,

a 125 GeV jet pT cut is used for light and

c-jets to separate the tt and Z’ samples.

The same b-hadron 250 GeV cut is used

for b-jets since this did not depend on the

jet definition. The corresponding hybrid

sample with the updated cut is shown in

Figure A.2.
Figure A.2: The VR track jet pT spectrum for the hybrid

sample with the 125 GeV light and c-jet pT cut.

Figure A.3 emphasizes how this updated cut improves our training performance. What is compared

here are four di↵erent trainings on the VR track jet collection:

• training on t t

• training on Z’

• training on a hybrid sample with a 250 GeV light and b-jet pT cut

• training on a hybrid sample with a 150 GeV light and b-jet pT cut : our recommendation.

With the hybrid definition with the 125 GeV cut, the hybrid training performs as well as the dedicated

t t training for the t t evaluation, and performs as well as the dedicated Z’ training for the Z’ evaluation.

This gave us confidence that the RNNIP was successfully optimized and ready for training DL1r.

Figure A.3: Performance for trainings on four di↵erent samples for the VR track jet collection. The
evaluations are done both on tt (left) and Z’ sample (right). The red arrows on the plots emphasize
the improved performance when the hybrid definition jet pT cut was changed from 250 GeV to 125
GeV. The subpanels show the ratio of the performance with respect to the tt training.
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How this improved on what we had before

Since this was the first time RNNIP was trained on the track jets, we compare the performance with

what we had before. The calo-jet trained RNNIP networks had suboptimal performance on the VR

track jet collection due to the domain shift of the underlying inputs. Figure A.4 compares three

di↵erent trainings:

1. EMTopo Rec: The old recommendation trained on EMTopo – what was being applied before

to VR track jets.

2. Extended hybrid Pflow: The new PFlow training (from Chapter 6.3.2), applied to VR track

jets.

3. New hybrid VR training: NEW dedicated VR training.

The improvements from the VR track jets training improved the light jet rejection by more than a

factor of 3 compared to what we had previously. The dedicated retraining also o↵ered significant

gains (in light rejection) compared to the PFlow training.

(a) light rejection (b) c rejection

Figure A.4: Improvement in the performance from the dedicated VR track jet trainings (purple).
The comparisons are to two previous calo-jet trainings: the old training EMTopo jets (orange) and
the improved PFlow training (pink).



APPENDIX A. ADDITIONAL FTAG OPTIMIZATIONS 213

Where are these improvements coming from?

The RNN inputs (Table 6.3) with largest the di↵erences from the PFlow inputs were the pfrac
T

and the �R(trk, jet). These two variables are visualized below comparing the PFlow distributions

(solid) with the VR track jets distributions (dashed). The �R(trk, jet) is lower because the track

jet provides a better resolution for the direction of the initial quark (or gluon). Also, since the jet

momentum is lower for track jets the pfrac
T

is correspondingly higher. This motivated testing out

the PFlow training, but rescaling pfrac
T

= p
trk

T

p
jet

T

!
1

2

p
trk

T

p
jet

T

. This modification recovers most of the

performance of the t t VR training on the tt sample (left). The pfrac
T

scaling also improves the Z’

evaluation, but does not recover the performance of the dedicated VR Z’ training.

Figure A.5: pfrac
T

= ptrkT /pjet
T

and the �R(trk, jet) in t t– the RNNIP inputs with the largest
di↵erence between the PFlow and VR track jet collections.

A.2 JetFitter mass constraint

The heavy hadron mass is especially crucial for b versus c-hadron identification, and including

the conservation of momentum constraint to account for the neutral particles in the heavy-flavor

hadron decay can help improve the mass resolution. This idea was first implemented by the SLD

collaboration [179, 180], and this appendix motivates such a mass correction, and explains how it is

encoded in the JetFitter algorithm. Let

• p : 4-vector of the charged particles

• q: 4-vector for neutral particles

• Let ptrue = p+ q be the true 4-vector of charged and

neutral particles.
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(a) light rejection (b) c rejection

Figure A.6: Illustration of where the improvements of the dedicated PFlow training are coming from
(for the light-jet rejection). The pink line is PFlow recommendation, while the cyan line is the same
NN, but modifying the pfrac

T
inputs pfrac

T
=! 1

2
pfrac
T

. This is compared to a VR t t track jet training
(left) and Z’ track jet training (right).

Then p = ptrue � q, which we can then square. We additionally make a simplifying assumption that

the neutral particles are massless:

p2 = p2true � 2p · q +◆
◆7
0

q2 (A.1)

Let p2 = m2

ch, the mass from the charged particles, and p2true = m2, the weakly decaying hadron

mass. Then evaluate the right hand side of Eq. A.1 in the hadron’s rest frame (~p CM

true = 0). Then q is

perpendicular to the hadron’s flight axis |~qCM
| = q?, where q? is the component of ~q perpendicular

to the hadron’s flight axis, which is invariant to boosts along the flight axis.

m2

ch = m2
� 2

 
mq? ����*

0
~pCM

true · ~q
CM

!
(A.2)

m2

ch + p2? = m2
� 2mp? + p2? = (m� p2?)

2 (A.3)

and solve for m:

m =
q
m2

ch + p2? + p? (A.4)

where we took the + solution of the p for the physical solution of the positive hadron mass.

Figure A.7 shows the impact of this correction at truth level comparing no correction (red), the

correction from Eq. A.4 (blue) and two di↵erent cuts to constrain the high mass tails from becoming

too large: restricting M < 2Mch (green) and p? < Mch (purple). All of the correction formulas
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significantly increase the reconstructed b-hadron mass, and therefore improve the b versus c-hadron

separation power.

Figure A.7: Reconstruction of the B-hadron (left) and D-hadron (right) masses from the truth
charged particles.

Given this truth-level intuition, we next show the correction formula in the JetFitter algorithm.

How JF applies the mass correction:

• It uses the scalar sum of the tracks, p? =
P

i
p(i)? , where i runs over the tracks in the jet. Then

the vector sum over the tracks is replaced with the scalar sum over the tracks in the formula

as: m =
q
m2

ch + p2? + |p?|.

• To constrain the tails, if m > 5, m 5 [1 + 2 arctan(⇡(m� 5))].

Although the intuition for using the scalar sum of the track pTs is not motivated by the conservation

of momentum argument above, Figure A.8 shows that using the scalar sum over the tracks for the

mass correction gave a gives a lower background mistag rate just computing the discrimination from

the JetFitter reconstructed mass.
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Figure A.8: Comparison of the ROC curves from the JF corrected mass whether the scalar sum for
p? is used (solid) or the vector sum for p? is used (dashed).
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The motivation for why the scalar sum does better is shown in Figure A.9. Using the truth

charged particles, the reconstructed masses are compared as one or more of the truth particles are

randomly dropped. As more tracks are lost, the scalar sum does increasingly better over the vector

sum, On average, JetFitter fails to find 2.15 of the truth particles, so using this form for mass

correction helps compensate for the limitations in the track selection e�ciency.

(a) B-hadron reconstruction (b) D-hadron reconstruction

(c) roc

Figure A.9: Reconstruction of the B (left) and D (right) hadron masses from the truth charged
particles. The solid lines show the masses reconstructed from the scalar sum, while the dashed lines
show the reconstruction from the vector sum. The purple (blue) lines show the result for randomly
dropping one (two) of the truth particle(s). The roc curve demonstrates that as we drop more tracks,



Appendix B

Further statistics details

B.1 Asymptotics approximation

As given by [132], Wald’s theorem allows us to write our test statistic as:

qµ =

8
<

:

(µ�µ
0
)
2

�
2 ,

0 µ̂ > µ.

f(qµ|µ
0) = �

 
(µ� µ0)2

�2
,

!
�(qµ) +

1

2

1
p
2⇡

1
p
qµ

exp

2

4�1

2

 
p
qµ �

(µ� µ0)2

�2

!2
3

5 (B.1)

The Asimov data sets the histograms ~n and ~m to their expectation values:

ni,A = µ0si(✓) + bi(✓) (B.2)

mi,A = ui(✓). (B.3)

This Asimov dataset is critical for finding the �2 that describes the distribution over µ̂. When the

likelihood is evaluated on the Asimov test statistic gives the Asimov test-statistic qµ,A.

qµ,A =
(µ� µ0)2

�2

A

= =) �2

A =
(µ� µ0)2

qµ, A

To compare the pdfs f(qµ|µ
0) reconstructed from samples and the result from the asymptotic

formula in Eq. B.1, consider a cut-and-count analysis where the signal region (SR) has s signal events,

and the background yield is specified by a nuisance parameter (NP) b expected background with b

events. Let the number of events that we observe in the SR be n, so then the expected value for the

observed event yield is: E[n] = µs+ b. We additionally consider that we have a measurement in a
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control region where m events are observed, and this control region where the background yield is

scaled by ⌧ relative to the SR, i.e, E[m] = ⌧b.

Since this is now just a single bin counting experiment, the likelihood from Eq 8.1 simplifies to

the form:

L(µ, b) =
(µs+ b)n

n!
e�µs+b (µs+ b)n

n!
e�µs+b (B.4)

Figure ?? compares the analytic asymptotic formula for the test statistic’s distribution to the result

from throwing toys. For the model with s = 6, b = 9, and ⌧ = 1, the red histogram shows samples for

f(q1|0) while the blue histogram shows samples for f(q1|0). The result from the asymptotic formula

are shown in the solid black lines and are in good agreement with the pdfs reconstructed from the

test statistic samples. Since there is a signal in the generated dataset, the samples from the µ0 = 0

hypothesis (f(q1|0) in red) have larger q1s since this is not compatible with the data. the median of

the f(q1|0) distribution is the q1,A in the dotted line.

Figure B.1: Comparison of the pdfs reconstructed from test statistic samples (red and blue dashed
histograms) and the result from the asymptotic formula (solid black lines) [132]

B.2 A pedagogical motivation for the CLs test statistic

There can be a problem for the frequentist interpretation if the number of observed events is less

than the number of predicted events (in our notation, ni < bi). Consider a Poisson experiment where
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b = 8 background events are expected, but only 3 events are observed (example from [181]). For

the model n = s+ b, we can calculate the 95% upper limit on the true expected number of events

by summing the poisson probabilities of observing this many events or fewer (which is what is also

defined as CLs+b):

Prob(observing  3events) = CLs+b =
3X

r=0

nre�n

r!
. (B.5)

Figure B.2 (blue line) shows the CLs+b for a range of possible n. Setting CLs+b = 0.05 and solving

for n using the transcendental equation
P

3

r=0

7.75
r
e
�7.75

r!
= 0.05 gives n = 7.75. Then the upper limit

on the signal yield is s = n� b = n� 8 = �0.25, an unphysical result.

Figure B.2: A comparison of the definitions for CLs+b, CLb, and CLs = CLs+b/CLb associated to a
model n = s+ b [181].

To avoid the pathologies excluding negative signal strengths, we define the 95% upper limit as

CLs = 0.05, where

CLs =
CLs+b

CLb

. (B.6)

• CLs+b: Probability of having this many events (or more) given an expected yield of s+ b.

• CLb: Probability of having this many events (or fewer) for an expected yield of b (and no

signal).



Appendix C

Extra analysis plots

This chapter includes some extra analysis definitions and validation plots which although not necessary

for the main storyline of the 4b analysis description, are useful for validating the performance, or

showing the robustness across the various configurations.

C.1 Event selection

To complement the plots from Figure 10.12, pairing accuracy plots for all the events passing the

4-pT ¿ 40 GeV cut (i.e, no requirement that the correct pair exists) are shown in Figure C.1

(a) Pairing accuracy vs � (b) Pairing accuracy vs 2V

Figure C.1: The pairing accuracy as a function of �and 2V

Figure C.2 shows the pairing accuracy as a function of truth mHH for a few di↵erent coupling

values for when we have selected the correct jets. It demonstrates that the pairing accuracy is mostly

determined on the truth mHH and there’s only a mild dependence on the coupling values for the

VBF selection.
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(a) Pairing accuracy vs � (b) Pairing accuracy vs 2V

Figure C.2: The pairing accuracy as a function of �and 2V

Figure C.3 visualizes the impact of the XWt cut in the 4b and 2b massplanes for VBF.

Figure C.3: Impact of the Xwt cut for the VBF HC massplanes. The top row shows the 4b
distributions before (left) and after (right) the Xwt cut, and the bottom row shows the same for 2b.
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C.2 Cutflows

ggF HH MC simulation (normalized to 126.1 fb�1):

• Table C.1: 4b ggF channel events for the SM and �= 10 ggF HH signals.

• Table C.2: 4b VBF channel events for the SM (a) and �= 10 (b) ggF HH signals.

VBF HH MC (normalized to 126.1 fb�1):

• Table C.3: 4b VBF channel events for the SM, �= 10 and 2V = 0 VBF HH signals.

• Table C.4: 4b ggF channel events for the SM, �= 10, and 2V = 0 VBF HH signals.

t t MC simulation (normalized to 126.1 fb�1):

• Table C.5: 4b ggF channel events for semi-leptonic and all hadronic tt MC.

• Table C.6: 4b VBF channel events for semi-leptonic and all hadronic tt MC.
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Table C.1: ggF HH MC yields at each step in the analysis event selection for 4b events in the
ggF channel normalized to 126.1fb�1, alongside the ratio of each yield to the initial yield and to
the yield for the previous cut.

(a) 4b SM ggF HH MC simulation (ggF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 526.6 1 -
Trigger 475 0.9019 0.9019
Trigger Buckets 419 0.7956 0.8821
Multiply FTAG, trig, + JVT SFs 381.8 0.725 0.9112
ggF channel 376.6 0.7151 0.9864
� 4 central jets, � 2 b-tags 322.4 0.6122 0.8561
� 4 b-tags 86 0.1633 0.2668
|�⌘hh| < 1.5 71.85 0.1364 0.8355
Top Veto 60.4 0.1147 0.8406

Signal Region 29.1 0.05525 0.4817
Control Region 2 7.137 0.01355 0.1182
Control Region 1 11.41 0.02166 0.1889

(b) 4b �= 10 ggF HH MC simulation (ggF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 7338 1 -
Trigger 6917 0.9427 0.9427
Trigger Buckets 6378 0.8692 0.922
Multiply FTAG, trig, + JVT SFs 5279 0.7194 0.8278
ggF channel 5198 0.7084 0.9846
� 4 central jets, � 2 b-tags 4314 0.588 0.83
� 4 b-tags 1002 0.1365 0.2322
|�⌘hh| < 1.5 850.6 0.1159 0.8492
Top Veto 569 0.07754 0.6689

Signal Region 182.7 0.0249 0.3211
Control Region 2 66.06 0.009003 0.1161
Control Region 1 86.18 0.01175 0.1515
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Table C.2: ggF HH MC yields at each step in the analysis event selection for 4b events in the
VBF channel normalized to 126.1fb�1, alongside the ratio of each yield to the initial yield and to
the yield for the previous cut.

(a) 4b SM ggF HH MC simulation (VBF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 526.6 1 -
Trigger 475 0.9019 0.9019
Trigger Buckets 419 0.7956 0.8821
Multiply FTAG, trig, + JVT SFs 381.8 0.725 0.9112
VBF channel 5.208 0.00989 0.01364
� 4 central jets, � 2 b-tags 5.155 0.009789 0.9898
� 4 b-tags 1.14 0.002165 0.2212
|�⌘hh| < 1.5 1.14 0.002165 1
Top Veto 1.008 0.001914 0.8838

Signal Region 0.4833 0.0009177 0.4796
Control Region 2 0.123 0.0002336 0.122
Control Region 1 0.1703 0.0003234 0.169

(b) 4b �= 10 ggF HH MC simulation (VBF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 7338 1 -
Trigger 6917 0.9427 0.9427
Trigger Buckets 6378 0.8692 0.922
Multiply FTAG, trig, + JVT SFs 5279 0.7194 0.8278
VBF channel 81.14 0.01106 0.01537
� 4 central jets, � 2 b-tags 80.22 0.01093 0.9888
� 4 b-tags 15.29 0.002084 0.1906
|�⌘hh| < 1.5 15.29 0.002084 1
Top Veto 11.15 0.001519 0.729

Signal Region 3.099 0.0004223 0.278
Control Region 2 1.449 0.0001975 0.13
Control Region 1 1.851 0.0002522 0.166
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Table C.3: VBF HH MC yields at each step in the analysis event selection for 4b events in the
VBF channel normalized to 126.1fb�1, alongside the ratio of each yield to the initial yield and to
the yield for the previous cut.

(a) 4b SM VBF HH MC simulation (VBF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 22.26 1 -

Trigger 20.67 0.9287 0.9287

Trigger Buckets 18.39 0.8261 0.8895

Multiply FTAG, trig, + JVT SFs 16.14 0.7251 0.8778

VBF channel 2.238 0.1005 0.1387

� 4 central jets, � 2 b-tags 2.223 0.09986 0.9931

� 4 b-tags 0.7449 0.03347 0.3351

|�⌘hh| < 1.5 0.7449 0.03347 1

Top Veto 0.6722 0.0302 0.9024

Signal Region 0.3265 0.01467 0.4857

Control Region 2 0.09092 0.004085 0.1352

Control Region 1 0.1149 0.005164 0.171

(b) 4b �= 10 VBF HH MC simulation (VBF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 1573 1 -

Trigger 1465 0.9317 0.9317

Trigger Buckets 1303 0.8289 0.8896

Multiply FTAG, trig, + JVT SFs 1092 0.6941 0.8374

VBF channel 136.1 0.08651 0.1246

� 4 central jets, � 2 b-tags 135.1 0.08589 0.9929

� 4 b-tags 46.14 0.02934 0.3416

|�⌘hh| < 1.5 46.14 0.02934 1

Top Veto 34.84 0.02216 0.7551

Signal Region 14.24 0.009055 0.4087

Control Region 2 4.23 0.00269 0.1214

Control Region 1 5.03 0.003198 0.1443

(c) 4b 2V = 0 VBF HH MC simulation (VBF channel)

Yield Yield / Pre-selection Yield / Prior cut

Initial (Unweighted for MC) 1.331e+06 - -

Pass NTuple Preselection 626.1 1 -

Trigger 513.5 0.8201 0.8201

Trigger Buckets 444.6 0.71 0.8658

Multiply FTAG, trig, + JVT SFs 405.2 0.6471 0.9114

VBF channel 70.74 0.113 0.1746

� 4 central jets, � 2 b-tags 70.3 0.1123 0.9939

� 4 b-tags 27.63 0.04412 0.393

|�⌘hh| < 1.5 27.63 0.04412 1

Top Veto 26.52 0.04236 0.9601

Signal Region 17.29 0.02761 0.6517

Control Region 2 3.074 0.00491 0.1159

Control Region 1 3.805 0.006078 0.1435
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Table C.4: VBF HH MC yields at each step in the analysis event selection for 4b events in the
ggF channel normalized to 126.1fb�1, alongside the ratio of each yield to the initial yield and to
the yield for the previous cut.

(a) 4b SM VBF HH MC simulation (ggF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 22.26 1 -

Trigger 20.67 0.9287 0.9287

Trigger Buckets 18.39 0.8261 0.8895

Multiply FTAG, trig, + JVT SFs 16.14 0.7251 0.8778

ggF channel 13.9 0.6246 0.8613

� 4 central jets, � 2 b-tags 10.75 0.4829 0.7731

� 4 b-tags 1.87 0.08402 0.174

|�⌘hh| < 1.5 0.9419 0.04232 0.5036

Top Veto 0.736 0.03307 0.7814

Signal Region 0.2352 0.01057 0.3195

Control Region 2 0.07797 0.003503 0.1059

Control Region 1 0.1094 0.004914 0.1486

(b) 4b �= 10 VBF HH MC simulation (ggF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 1573 1 -

Trigger 1465 0.9317 0.9317

Trigger Buckets 1303 0.8289 0.8896

Multiply FTAG, trig, + JVT SFs 1092 0.6941 0.8374

ggF channel 955.5 0.6076 0.8754

� 4 central jets, � 2 b-tags 756.5 0.481 0.7917

� 4 b-tags 134.5 0.08551 0.1778

|�⌘hh| < 1.5 109.4 0.06954 0.8132

Top Veto 76.41 0.04859 0.6988

Signal Region 25.19 0.01602 0.3297

Control Region 2 8.892 0.005654 0.1164

Control Region 1 11.42 0.007262 0.1495

(c) 4b 2V = 0 VBF HH MC simulation (ggF channel)

Yield Yield / Pre-selection Yield / Prior cut

Initial (Unweighted for MC) 1.331e+06 - -

Pass NTuple Preselection 626.1 1 -

Trigger 513.5 0.8201 0.8201

Trigger Buckets 444.6 0.71 0.8658

Multiply FTAG, trig, + JVT SFs 405.2 0.6471 0.9114

ggF channel 334.4 0.5341 0.8254

� 4 central jets, � 2 b-tags 260.5 0.416 0.7788

� 4 b-tags 65.23 0.1042 0.2504

|�⌘hh| < 1.5 46.37 0.07405 0.7108

Top Veto 43.1 0.06884 0.9296

Signal Region 22.97 0.03669 0.533

Control Region 2 4.854 0.007752 0.1126

Control Region 1 8.26 0.01319 0.1916
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Table C.5: tt MC yields at each step in the analysis event selection for 4b events in the ggF
channel normalized to 126.1fb�1, alongside the ratio of each yield to the initial yield and to the
yield for the previous cut.

(a) 4b Non-all hadronic tt MC simulation (ggF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 6.698e+06 1 -
Trigger 6.215e+06 0.9279 0.9279
Trigger Buckets 5.542e+06 0.8274 0.8917
ggF channel 5.488e+06 0.8193 0.9903
� 4 central jets, � 2 b-tags 4.313e+06 0.6439 0.7859
� 4 b-tags 3.424e+04 0.005112 0.007939
|�⌘hh| < 1.5 1.989e+04 0.002969 0.5807
Top Veto 1.07e+04 0.001598 0.5383

Signal Region 403.5 6.024e-05 0.0377
Control Region 2 642.3 9.59e-05 0.06
Control Region 1 734.8 0.0001097 0.06864

(b) 4b All hadronic tt MC simulation (ggF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 6.698e+06 1 -
Trigger 6.215e+06 0.9279 0.9279
Trigger Buckets 5.542e+06 0.8274 0.8917
ggF channel 5.488e+06 0.8193 0.9903
� 4 central jets, � 2 b-tags 4.313e+06 0.6439 0.7859
� 4 b-tags 3.424e+04 0.005112 0.007939
|�⌘hh| < 1.5 1.989e+04 0.002969 0.5807
Top Veto 1.07e+04 0.001598 0.5383

Signal Region 403.5 6.024e-05 0.0377
Control Region 2 642.3 9.59e-05 0.06
Control Region 1 734.8 0.0001097 0.06864
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Table C.6: tt MC yields at each step in the analysis event selection for 4b events in the VBF
channel normalized to 126.1fb�1, alongside the ratio of each yield to the initial yield and to the
yield for the previous cut.

(a) 4b Semi-leptonic tt MC simulation (VBF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 6.698e+06 1 -
Trigger 6.215e+06 0.9279 0.9279
Trigger Buckets 5.542e+06 0.8274 0.8917
VBF channel 5.383e+04 0.008036 0.009713
� 4 central jets, � 2 b-tags 5.25e+04 0.007839 0.9754
� 4 b-tags 351.8 5.252e-05 0.0067
|�⌘hh| < 1.5 351.8 5.252e-05 1
Top Veto 219.2 3.272e-05 0.623

Signal Region 8.882 1.326e-06 0.04053
Control Region 2 13.06 1.95e-06 0.05959
Control Region 1 13.07 1.951e-06 0.05964

(b) 4b All hadronic tt MC simulation (VBF channel)

Yield Yield / Pre-selection Yield / Prior cut

Pass NTuple Preselection 6.698e+06 1 -
Trigger 6.215e+06 0.9279 0.9279
Trigger Buckets 5.542e+06 0.8274 0.8917
VBF channel 5.383e+04 0.008036 0.009713
� 4 central jets, � 2 b-tags 5.25e+04 0.007839 0.9754
� 4 b-tags 351.8 5.252e-05 0.0067
|�⌘hh| < 1.5 351.8 5.252e-05 1
Top Veto 219.2 3.272e-05 0.623

Signal Region 8.882 1.326e-06 0.04053
Control Region 2 13.06 1.95e-06 0.05959
Control Region 1 13.07 1.951e-06 0.05964



APPENDIX C. EXTRA ANALYSIS PLOTS 230

C.3 Background QCD composition

# of true b jets QCD background [%]
2016 2017 2018

� 5 4.4 4.0 2.3
4 67.5 75.0 69.0
3 11.7 12.4 14.5
2 16.0 8.4 14.1
 1 0.4. 0.1 0.1

Table C.7: Background flavor composition of the # of b-jets in the 4b SR in pythia QCD sample.

C.4 Background systematics plots

For completeness, we also show the templates by category with the di↵erent quadrant contributions

overlaid in Figure C.4.
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Figure C.4: Impact of background shape nuisance parameter variation on mHH in di↵erent kinematic
categories for the ggF channel. Each column is a di↵erent years of the ggF channel templates while
the rows show each category with the SR NP quadrants overlaid.
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C.5 Pre-fit plots

The distributions for the prefit background model compared to the 4b SR data are shown in Figure C.5

and Figure C.6, respectively.

(a) �⌘HH < 1.5 (b) �⌘HH � 1.5

Figure C.5: 4b VBF background and selected signal histograms for 2016, 2017, and 2018 with the
proposed binning and categorization. To visualize these signals they are scaled by ↵ = 839 and 13,
and 12 for the VBF SM, �= 10, and 2V =0 signals, respectively.
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Figure C.6: 4b ggF background and selected signal histograms for 2016 (top), 2017 (middle), and
2018 (bottom) with the categorization. To visualize the signals they are scaled by ↵ = 300 and 30
for the ggF SM NR and �=10 signals, respectively.
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C.6 Additional limits

Table C.8 shows the limits on the SM signal strength with the impact of the ggF and VBF analysis

channels, and including the ggF and VBF signal production modes.

Figure C.7 shows the combined �and V limits for the three main analysis channels. The 4b

channel isn’t very sensitive in the �scan, but it drives the V limit [163].

Figure C.8 shows a comparison between

the signal and backgrounds for the three

most sensitive HH channels: bb��, bb⌧⌧ ,

and 4b. The signal, background, S/B

and (quadrature summed) S/
p
B the

most sensitive HH channels: bb��, bb⌧⌧ ,

and 4b [7, 182, 183]. For this heuristic

comparison, a loose cut on the bb⌧⌧ MVA

discriminants was used to mimic the

bb�� BDT categories.
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Figure C.8: Comparison of bb��, bb⌧⌧ , and 4b channnels

Observed �2� �1� Expected +1� +2�

ggF production: ggF channel fit 5.73 4.44 5.97 8.28 12.51 19.71
ggF production: ggF+VBF channels fit 5.51 4.41 5.92 8.22 12.43 19.62

VBF production: VBF channel fit 122.9 72.0 96.7 134.3 194.2 281.6
VBF production: ggF+VBF channels fit 132.3 71.3 95.7 132.8 191.9 277.7

ggF+VBF production: VBF+ggF channels fit 5.45 4.34 5.83 8.09 12.21 19.19

Table C.8: The observed and expected upper limit on the SM HH production cross-section at the
95% CL. The expected value is shown with corresponding one and two standard deviation error
bounds [7].
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(a) �scan (b) 2V scan

Figure C.7: Upper limits for the bbbb , bb̄��, and bb̄⌧+⌧� analysis channels and their combination
[163].
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3b1l category

D.0.1 Overview

For this iteration of the analysis, the possibility of including another ggF analysis category with 3b

events was explored. To choose the last jet, the last jet passing the looser 85% b-tag e�ciency working

point, subsequently referred to as a “loose” b-tag (as motivated by studies in [184]). Including these

events as another channel was explored to maximize the signal acceptance without compromising the

sensitivity from increasing background yields. This new channel is called the “3b1l” category to refer

to the 3b + 1 loose b-tag reconstruction.

Below is the suite of studies done for the 3b1l category and its subsequent impact when combining

it with the 4b ggF analysis.

D.0.2 Event selection

The jet selection accuracy is 74% and 64% for the 4b and 3b1l ggF selection with %-level variations

across the �values of interest. The 3b1l channel includes more noise due to looser b-tagging

requirement, and therefore leads to a lower accuracy.

The corresponding �⌘HH and XWt cuts distribution for this category is shown in Figure D.2.

The same SR as used as defined by the 4b ggF and VBF channels XHH ¡ 1.6 cut. Figure D.3(a)

shows the impact of isolating the SM signal for the correctly paired events, and the corresponding

Figure D.3(b) shows the isolation of this signal in the corresponding massplane. The corresponding

massplane for the data events is shown in Figure D.3(c)

We have approximately the same amount of background events in the 3b1l channel as the ggF

channel, but only about a fifth of the signal yield in 3b1l compared to 4b.

236
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(a) Jet selection accuracy (b) Pairing accuracy vs � (c) Pairing accuracy vs truth mHH

Figure D.1: The jet selection accuracy with the 3b1l category included.
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(b) 3b1l ggF XWt

Figure D.2: Visualization of the �⌘HH a XWt cuts for the 3b1l channel with the ggF selection.

D.0.3 Background estimation

For the studies with the 3b1l category included, we split the 2b dataset into two subsets to use half the

2b stats for the 4b background estimate training and half the 2b stats for the 3b1l background estimate

training. The corresponding validation plots are shown in Figure D.4 of the mHH distribution in

each year, broken down by the �⌘HH cats. But overall, we saw a similarly good level of background

modelling in 3b1l compared to 4b.

Due to loosened b-tagging requirement, we do have a much higher estimated tt̄ contribution in

our background, as demonstrated in Table D.1(a).



APPENDIX D. 3B1L CATEGORY 238

(a) 3b + 1 loose ggF SM signal (b) 3b + 1 loose ggF SM signal (c) Blinded 3b1l data for ggF selection

Figure D.3: 3b1l Signal Region definition showing the SM signal and (blinded) background
distribution.
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Figure D.4: CR1 after reweighting for the ggF 3b1l.

16 17 18 All

pre-XWt 41.2% 39.6% 37.3% 38.7%
post-XWt 24.8% 23.5% 22.9% 23.5%

(a) ggF 3b1l

Table D.1: Percentage of the data-driven background estimate expected to be composed of tt events
for the ggF 4b (left) and 3b1l categories (right).
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D.0.4 Pre-fit plots and estimated impact on the limits

The same categorization used for the 4b ggF category was used for the 3b + 1 loose categories, and

the visualization of the 3b + 1 loose histograms for each of the years is shown in Figure D.6. Similar

qualitative trends as seen in the 4b histograms are seen in 3b + 1 loose, however in the significance

subpanels, the significances are ⇠5⇥ lower than for the 4b category due to the lower signal yield for

the 3b + 1 loose events.

(a) All year merged: 3b1l ggF �⌘HH (b) All year merge: 3b1l ggF XHH

Figure D.5: Distributions of the variables used for categorization in 4b and 3b1l ggF. Years are
merged. To visualize the signals they are scaled by ↵ = 300 and 30 for the SM NR and � = 10
signals, respectively.
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(a) 2016: 3b + 1 loose ggF

(b) 2017: 3b + 1 loose ggF

(c) 2018: 3b + 1 loose ggF

Figure D.6: 3b + 1 loose ggF background and selected signal histograms for 2016, 2017, and 2018
with the proposed binning and categorization. To visualize the signals they are scaled by ↵ = 300
and 30 for the SM NR and � = 10 signals, respectively.
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We then propagated the combined analysis selection with the 4b and 3b1l channels into a combined

fit, and the results with uncorrelated nuisence parameters across the years, b-tag regions and the

XHH and �⌘HH categories are shown in Figure D.7(a) for the � scan and the impact just on the

SM limit highlighted in Figure D.7(b).1 For the SM limit, by including the additional 3b + 1 loose

selection a further ⇠ 4% is gained. Numerical results are listed in Table D.2, and showed only a

small improvement on the constraints compared to the �⌘HH and XHH categorization. Therefore,

our team opted not to include the 3b1l category to simplify the analysis. This allows the 4b ggF

channel to use the full 2b statistics for a more robust background estimate, and correspondingly

decrease the 2b stat error on our signal region prediction.

(a) (b)

Figure D.7: The �scan with the ggF selection including the 4b and 3b + 1 loose selections and the
�⌘HH and XHH categorization (left). Impact of the extra 3b1l category compared to just the ggF
categorization (right). The background shape NPs are treated as uncorrelated across the XHH and
�⌘HH categories.

Setup � constraint
4b: inclusive [ -5.52, 12.59 ]

correlated background NPs uncorrelated background NPs
4b: �⌘HH , XHH categories [ -4.21, 11.20 ] [ -3.98, 10.88 ]
4b + 3b1l: �⌘HH , XHH categories [ -4.04, 11.00 ] [ -3.81, 10.70 ]

Table D.2: Impact on the �constraints for the various ggF categorization strategies.

1
As before with the 4b limits, a finer mHH binning than for the mHH inclusive fit is used to maintain similar

amount of bins with and without categorization.



Appendix E

Loss function derivations

Here we show the proofs of the functions that minimize the losses presented in Chapter 11.1. These

proofs consider the infinite statistics limit and use the Calculus of Variations. A loss function in

the form:

L[f ] =

Z
I(x1, . . . , xn, f, f

0)dx. (E.1)

has extrema given by the Euler-Lagrange equation:

@I

@f
�

d

dxi

@I

@f 0 = 0

When there is no explicit dependence on the xi, we just need to solve for @I
@f

= 0.

E.1 Cross-entropy loss function

The proof outlined below follows the one in [155]. The logistic loss for a classifier D(x) 2 (0, 1) is:

L[D] = �Ex⇠p4b
[logD(x)]� Ex⇠p4b

[log (1�D(x))] (E.2)

=

Z
[� logD(x)p4b(x)� log(1�D(x))p2b(x)] dx (E.3)

We can use the calculus of variations to solve for the extrema of this integral. Let

I(x1, . . . , xn, D,D0) = � logD(x)p4b(x)� log(1�D(x))p2b(x)
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Since there is no explicit dependence on the xi, solve for @I
@w

= 0.

@I

@D
= �

p4b
D

+
p2b

1�D
= 0 =)

p4b
p2b

=
D

1�D
=) D =

1

1� p4b/p2b

To show that this extremum is a minimum, we consider the second derivative.

@2I

@D2
=

p4b
D2

+
p2b

(1�D)2

����
D=

1
1�p4b/p2b

= p4b

✓
1 +

p4b
p2b

◆
+ p2b

✓
1 + p4b/p2b
p4b/p2b

◆

= p4b

✓
1 +

p4b
p2b

◆
+ p2b

✓
1 +

p2b
p4b

◆
> 0,

as both the probabilities p4b and p2b are by definition non-negative. The loss is concave up at

D = 1/(1� p4b/p2b), and this D minimizes the loss.

E.2 Reweighting loss function

The derivation below follows the proof from [185].

In Chapter 11.1 we introduced the loss function:

L[Q] = Ex⇠p2b


exp

✓
1

2
Q(x)

◆�
+ Ex⇠p4b


exp

✓
�
1

2
Q(x)

◆�
(E.4)

We want to show that Q⇤(x) = logw⇤(x) minimizes this loss for w⇤(x) = p4b(x)/p2b(x). Since

log is a (monotonically increasing) bijective function, we can just show that the loss function with

respect to w is minimized when w⇤(x) = p4b(x)/p2b(x). Substituting Q(x) = logw(x) into the loss

function and writing out the integrals defining these expectation values, we have:

L[w] = Ex⇠p2b

hp
w(x)

i
+ Ex⇠p4b

"
1p
w(x)

#
(E.5)

=

Z "p
w(x)p2b(x) +

1p
w(x)

p4b(x)

#
dx. (E.6)

We again use the calculus of variations to solve for the extrema of this integral. Let

I(x1, . . . , xn, w, w
0) =

p
w(x)p2b(x) +

1p
w(x)

p4b(x).
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Solve for @I
@w

= 0.

@I

@w
=

1

2
w�1/2p2b �

1

2
w�3/2p4b = 0

=) w⇤(x) = p4b/p2b

This is the w⇤ that we were searching for! To show that it’s also a minimum, we take the 2nd

functional derivative:

@2I

@w2
= �

1

4
w�3/2p2b +

3

4
w�5/2p4b =

1

4
w�5/2

✓
3p4b �

1

4
wp2b

◆

and evaluate it at the extrema point:

@2I

@w2

����
w=p4b/p2b

=
1

4

✓
p4b
p2b

◆�5/2✓11

4
p4b

◆
> 0

because both p4b(x) and p2b(x) are positive. L[w] is concave up at w⇤(x) = p4b(x)/p2b(x) and this

w⇤ is in fact a minimum. This justifies our use of stochastic gradient descent with this loss function

to derive these reweighting maps.
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tt̄ aware reweighting

F.1 Motivation

As shown in Table 11.2, tt̄ accounts for 10% of the 4b background. The background estimate

inclusively reweights both the QCD and tt̄ contributions, but we can use the tt simulation to evaluate

the data trained reweighting on the 2b tt simulation and compare the performance to the 4b tt .

Figure F.1 shows this result for the mHH modeling, and the inclusively trained background estimate

over-predicts all-had tt̄ by 2.28 and semi-leptonic tt̄ by 3.4 since the proportion of true 2b events is

higher in tt . The subpanels in Figure F.1 have a flat ratio for 4b tt over the reweighted 2b prediction,

so the inclusive reweighting is accurately modeling the tt shape.

(a) all-hadronic tt̄ (b) semi-leptonic tt̄

Figure F.1: Performance of the inclusively trained reweighting evaluated on the t t simulation. The
performance of the inclusively trained reweighting is evaluated on 2b tt simulation and compared to
the 4b tt prediction. The error bar on the background prediction shows the quadrature sum of the
2b Poisson, deep ensembles, and CR1 / CR2 shape systematic error.
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This motivated us to construct a more accurate background model by treating the t t and QCD

components separately. As emphasized in Figure 11.1 – QCD is the contribution where we don’t

trust our simulation and need to resort to data-driven methods, and Figure F.2 shows how we plan

to use the data-driven model just for the QCD contribution.

Figure F.2: Illustration of how the data-trained reweighting (in pink) inclusively reweights all of
the background components. The only background component that we need to use a data-driven
technique for is the QCD piece where we don’t trust our simulation.

Modeling the components separately can also decrease the total normalization error. This is

because for two random variables, X and Y , if Z = X + Y , then Cov[Z] = Cov[X] + Cov[Y ] +

2Cov[X,Y ], i.e, a negative Cov[X,Y ] decreases the error on Z. If the tt and QCD normalizations

are negatively correlated, this will improve the background model by decreasing the predicted error.

This appendix has two parts. InAppendix F.2 studies of fitting the tt and QCD templates with

the data trained estimate as the QCD template are presented, while in Appendix F.3 preliminary

studies are shown for a novel method deriving a pure QCD reweighting – which is then used for the

QCD template.

F.2 Fitting tt̄ templates

F.2.1 Prescription

The 36 fb�1analysis was able to model QCD separately through the iterative 1d corrections. They

then fit the QCD and t t template normalizations in dedicated top and QCD-enriched CRs, and

the fitting procedure described here follows closely what in [116]. Since XWt is an important

discriminating variable, for these studies the background estimate is trained before applying the XWt

> 1.5 cut.
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Figure F.3: mHH in 2b sample with an isolated muon for the 2016 data in CR1. The dashed red line

in the subpanel shows the fitted ↵sl

tt̄,2b

The QCD template is defined from the reweighted 2b data with the contributions from the

reweighted 2b t t samples subtracted o↵:

QCD = NN(2b dat) - NN(2b all-had t t )� ↵sl

tt̄,2b ·NN( 2b semi-lep t t ) (F.1)

To correct the normalization for the semi-leptonic tt contribution in the sub, we additionally require

an isolated muon to define a SF:

↵sl

tt̄,2b =
2b semi-leptonic t t with iso µ

2b data with iso µ

An illustration of this fit in the 2016 CR1 is shown in Figure F.3. The mHH histogram for the

data and semi-leptonic t t histograms are both shown, but their ratio is nearly flat, and closely follows

the red dashed line of the inclusive ↵sl

tt̄,2b fit. A comparison of the ↵sl

tt̄,2b for the rest of the years and

also in CR2 is shown in Table F.2.

↵sl

tt̄,2b 2016 2017 2018

CR1 0.86 0.80 0.83

CR2 0.82 0.81 0.79

Table F.1: Fitted SFs for ↵sl

tt̄,2b.
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Figure F.4: The first bin shows 4b events with an isolated muon and the rest of the distribution
shows the XWt histogram. Overflow events are included in the highest bin. The left distribution
shows the pre-fit templates and the right distribution shows the post-fit templates with optimized
normalization. The statistical errors of the fit are shown in the hatched grey lines on the right
subpanel. XWt = 1.5 (analysis cut) is also shown in the figures.

With the QCD template from Eq. F.1 and the t t templates from the 4b MC, the normalizations

for these templates are determined by a combined 4b fit with:

• the XWt shape (helps discriminate between the all-hadronic t t and qcd templates), and

• the 4b data with an isolated µ (again constrains the semi-leptonic t t component).

This discriminant in the 4b CR1 is shown in Figure F.4, with left figure showing the pre-fit templates

and the right figure showing the post-fit templates with good agreement with the 4b data.

F.2.2 Fit results 4b

Figure F.5 shows the correlation between the fitted normalizations for the combined 4b fit in CR1

(top) and CR2 (bottom). The QCD and all had templates have a strong negative correlation (varying

between -0.62 and -0.65) indicating that including these as separate contributions in the fit should

decrease the overall normalization. The semi-leptonic tt normalization has a smaller correlation with

the other samples: -0.3 with respect to the all hadronic tt and -0.1 with respect to the QCD.

Figure F.6 aggregates the information across the fits in both CR1 and CR2. The first row

“CR1 SF” shows the fitted normalizations (along with the statistical uncertainty of the fit) in CR1,

corresponding to the fit in Figure F.5. The second row “CR2” shows the analogous result, but for

the fits conducted in CR2. The third row “extrap norm” is the ratio of the SFs in CR2 and CR1 ...

and the uncertainty that we assess on the QCD template this was is less than a % – almost an order

of magnitude smaller than the shape uncertainty from Table 11.3. This is also compared to the ratio

between the CR1 and CR2 background predictions in the SR (last row) – and the di↵erence from

unity is quite a bit larger than the di↵erence of the SFs from the QCD templates.
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Figure F.5: The correlation between the fitted template normalizations from the combined 4b fit in
CR1. The columns correspond to the di↵erent years of data taking.

Figure F.6: Evaluating an uncertainty based on the 4b normalization fits in CR1 and CR2.
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Figure F.7: CR1 fit in CR1. The top rows show the pre-fit templates and the bottom rows show the
post-fit norms for the templates. The statistical errors of the fit are shown in the hatched grey lines
on the right sub-panel. The pink line shows the inclusively trained and evaluated reweighting (the
baseline analysis strategy).

Despite these promising normalization constraints, when the post-fit XWt plot was compared

to the inclusive reweighting (without these component fits), these approaches had nearly identical

results for the XWt > 1.5 region, as shown in the bottom row of Figure F.7. This means that (for

the current dataset size) we’re not seeing a meaningful di↵erence from this approach for fitting the

components separately.

A comparison of the mHH modeling for all of the years in CR1 after the XWt > 1.5 cut is shown

in Figure F.8. The first subpanel compares the non-closure of the two predictions (template fit in

black and the inclusive reweighting prediction in pink) – and we see nearly identical performance

up to 800 GeV – the bulk of the distribution that drives the analysis’s performance. The bottom

sub-panel just compares these two predictions. The template fit prediction has O(5%) fewer events

in the turn-on region (below 300 GeV, and also predicts more events in the high mHH tail. Overall

the predictions are quite similar.

Figure F.9 shows the mHH distribution with the same CR1 normalizations, but evaluated in

the CR2 control region, which allows a test of the normalization fits extrapolation. We see the

same messages as in the CR1 evaluation in Figure F.8, and although it was disappointing that new

method did not do better here – this is a nice check of the robustness of the normalization fits in the

extrapolation.
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(a) 2016 (b) 2017 (c) 2018

Figure F.8: CR1 evaluation using the template normalizations from the CR1 fits with the XWt >
1.5 cut. The first subpanel shows the ratio of the 4b to the background prediction, with the black
dots showing the ratio to the template fits, and the pink curve showing the ratio to the inclusive
reweighting prediction. The bottom panel compares the ratio of the inclusive reweighting to the
template fit prediction.

(a) 2016 (b) 2017 (c) 2018

Figure F.9: CR2 evaluation using the template normalizations from the CR1 fits. The first subpanel
shows the ratio of the 4b to the background prediction, with the black dots showing the ratio to
the template fits, and the pink curve showing the ratio to the inclusive reweighting prediction. The
bottom panel compares the ratio of the inclusive reweighting to the template fit prediction.
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(a) 2016 (b) 2017 (c) 2018

Figure F.10: CR2 evaluation using the template normalizations from the CR1 fits with the XWt >
1.5 cut. The first subpanel shows the ratio of the 4b to the background prediction, with the black
dots showing the ratio to the template fits, and the pink curve showing the ratio to the inclusive
reweighting prediction. The bottom panel compares the ratio of the inclusive reweighting to the
template fit prediction.

Figure F.10 shows the XWt CR2 distributions, again with the CR1 template normalizations.

Similar to what was seen in CR1, the XWt closure is improved by 5 – 10% in the XWt < 1.5 region.

F.2.3 Fit results 3b1f

These tests were also repeated in the 3b1f region and the extrapolation into the SR was checked.

Figure F.11 shows the fitted template normalizations in both CR1 and CR2, and we again see a

sub-percent level constraint on the QCD template normalization, which is also reflected in the mHH

XWt > 1.5 SR in Figure F.13. Figure F.14 shows the XWt shape, and although the closure is slightly

better in the lowest XWt bins – the results are largely compatible.

Figure F.12 shows the result of applying these fitted CR1 normalizations in on the CR1

discriminants. Similar to the 4b result, the template fit prediction is largely compatible with

the inclusive fit prediction for XWt > 1.5.
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Figure F.11: Evaluating an uncertainty based on the 3b1f normalization fits in CR1 and CR2.

Figure F.12: CR1 fit in CR1
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(a) 2016 (b) 2017 (c) 2018

Figure F.13: 3b1f SR evaluation using the CR1 fits

(a) 2016 (b) 2017 (c) 2018

Figure F.14: 3b1f SR evaluation using the CR1 fits
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F.3 Pure QCD reweighting

In the previous section, the template fits failed to outperform the inclusive reweighting. However, in

those studies the QCD template was approximated by the inclusively trained reweighting. In this

section, we show how to modify the reweighting definition to derive a pure QCD reweighting.

F.3.1 Mathematical formulation

Rafael Teixeira de Lima developed this formalism, and this write-up closely follows his notes [186].

Let R
2b

all!4b
all describe the inclusively trained reweighting:

R
2b

all!4b
all =

↵tt̄

4bp
tt̄

4b + ↵Q

4b
pQ
4b

↵tt̄

2bp
tt̄

2b + ↵Q

2b
pQ
2b

(F.2)

where p denotes the probability densities and ↵ the corresponding normalizations. The subscripts 2b

and 4b indicate the b-tagging requirement and the superscripts indicate the t t and QCD (abbreviated

“Q”) samples. We simplify the notation by letting P y

x = ↵y

xp
y

x so that Eq. F.2 becomes:

R
2b

all!4b
all =

P tt̄

4b + PQ

4b

P tt̄

2b + PQ

2b

=
P tt̄

4b

P tt̄

2b + PQ

2b

+
PQ

4b

P tt̄

2b + PQ

2b

We next want to isolate the individual reweightings so that we can solve for PQ

4b
/PQ

2b
:

R
2b

all!4b
all =

P tt̄

4b

P tt̄

2b

·
1

1 + P
Q

2b

P
tt̄

2b

+
PQ

4b

PQ

2b

·
1

1 + P
tt̄

2b

P
Q

2b

=
P tt̄

4b

P tt̄

2b

·
P tt̄

2b

P tt̄

2b + PQ

2b

+
PQ

4b

PQ

2b

·
PQ

2b

PQ

2b
+ P tt̄

2b

=
P tt̄

4b

P tt̄

2b

·
P tt̄

2b

P tt̄

2b + PQ

2b

+
PQ

4b

PQ
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·

 
1�

P tt̄

2b

PQ

2b
+ P tt̄

2b

!
(F.3)

We can now identify:

• R
2b

tt̄!4b
tt̄ = P

tt̄

4b

P
tt̄

2b

: An MC based 2b ! 4b tt reweighting,

• R
2b

tt̄!4b
tt̄ = P

tt̄

2b

P
Q

2b+P
tt̄

2b

: reweighting the 2b data into the 2b tt .

• R
2b

Q!4b
Q : the pure QCD reweighting – what we want to solve for.
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The first two reweightings in the list above are ones that we can easily derive. R
2b

all!4b
all is the

current background estimate, so we can move forward to solve for R
2b

Q!4b
Q . First, substitute these

reweighting definitions into Eq. F.3:

R
2b

all!4b
all = R

2b
tt̄!4b

tt̄ ·R
2b

tt̄!4b
tt̄ +R

2b
Q!4b

Q

⇣
1�R

2b
tt̄!4b

tt̄

⌘
, (F.4)

and then rearrange to solve for R
2b

Q!4b
Q :

R
2b

Q!4b
Q =

R
2b

all!4b
all �R

2b
tt̄!4b

tt̄ ·R
2b

tt̄!4b
tt̄

1�R
2b

tt̄!4b
tt̄

. (F.5)

Now that we have a pure QCD reweighting, this gives a prescription for modeling the 4b data:

P all

4b = R
2b

Q!4b
Q ·

⇣
P all

2b � P tt̄

2b

⌘
+ P tt̄

4b. (F.6)

The first term R
2b

Q!4b
Q ·

⇣
P all

2b � P tt̄

2b

⌘
gives the the QCD template, where the NN weights from

Eq. F.5 are used. To get just the QCD template, we evaluate this reweighing on the 2b data and

then subtract o↵ the result of applying the reweighting to the 2b tt MC. The second term P tt̄

4b is the

tt̄ template – given by the tt̄ MC.

F.3.2 Experiments

The following reweighting estimates show a single training (instead of the machinery with 100

bootstraps) to get a first sense of how much this method could help us. We will fit the XWt template

again, so the reweightings are derived in CR1 before the XWt cut.

Using the NN setup from the inclusive reweighting (3 hidden layers with 50 neurons each) for

the R
2b

tt̄!4b
tt̄ and R

2b
tt̄!4b

tt̄ reweightings did not give good closure. The hyperparameters were

re-optimized to give a model with 3 hidden layers of 50, 25, and 10 neurons with batch normalization

[124] between the layers. The closures on the reweighting variables (and mHH ) are shown in

Figure F.15 and Figure F.16 for these two reweightings – and demonstrates that the individual

reweightings going into Eq. F.5 were optimized satisfactorily.

However, when we applied the weights from Eq. F.5, the resulting XWt distribution had an

(unphysical) discontinuous QCD template in the XWt < 1.5 region, with the following issues:

• When R
2b

tt̄!4b
tt̄ was slightly larger than 1, there was large weight amplification as the

denominator went to zero.

• We also had some unphysically large weights from the R
2b

tt̄!4b
tt̄ reweighting, suggesting that

a region of low support for evaluating on the 2b data .

• Sometimes the subtraction in the numerator caused a negative weight, which could become

amplified by a small denominator.
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Figure F.15: R
2b

tt̄!4b
tt̄ : The MC based 2b ! 4b tt reweighting.

Figure F.16: R
2b

tt̄!4b
tt̄ : Reweighting 2b data ! 2b tt .
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To fix the unphysical QCD template issue, we removed the unphysical weights by cutting out the

events with a weight value more than 10 � away from the mean. The resulting pre-fit templates for

all of the years are shown in the left-hand column of Figure F.17, a reasonable template for the pure

QCD distribution.

We then fit the 2 component normalizations to the XWt shape inside in CR1 (results in Table F.2),

and checked the post-fit agreement in the left-hand column of Figure F.17. The modeling is always

better in the XWt < 1.5 region, although the modeling also appears improved for the XWt > 1.5

region. Testing the setup with all the 100 replicas and including these error bars would be needed to

further validate the performance.

2016 2017 2018

↵tt̄ 1.27± 0.11 1.84± 0.09 0.66± 0.08

↵QCD 0.950± 0.018 0.913± 0.014 1.012± 0.013

Table F.2: Fitted normalizations for the tt and QCD templates with the pure QCD reweighting.
The quoted uncertainties are from the 4b XWt shape fit.

Although preliminary, these results are already interesting as a first proof-of-principle for how

to account for separate background components, useful both for treating either tt or single Higgs

backgrounds independently. But although the pure QCD reweighting was mathematically elegant,

implementing it in practice wasn’t trivial as we had to apply these ad-hoc cuts to the final weights

to get a meaningful template. In Chapter sec:pure-qcd-flow, we show how tt can also be modeled

separately with direct density estimation methods – an avenue that may be more promising for

pursuing in the future.

After Run 3, our dataset size will double, making the intricacies of how we treat the separate

components of our background estimate even more relevant. As we transition away from setting

limits and start trying to extract the HH signal, it will become even more important to separately

constraining each component of the background. This chapter focused on tt̄ background, and even

though it is only 10% of our background, it is 100x as large as our HH signal. The single Higgs

background will also become more important as our single Higgs yield in the 4b SR is 3x the SM HH

signal. The bb�� analysis already includes the single Higgs background in their background modeling

for the limit extraction, but the same methods from Chapter F.3.1 can be used to model the single

Higgs background for 4b, and will be helpful for HHarmonization with the other channels in the

quest to extract the HH signal.
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(a) 2016 pre-fit (b) 2016 post-fit

(c) 2017 pre-fit (d) 2017 post-fit

(e) 2018 pre-fit (f) 2018 post-fit

Figure F.17: XWt distributions in the 4b CR1 with the pre-fit (left) and post-fit (right) plots,
compared to the 4b CR1 data. The uncertainties in the subpanels of the right column are from the
4b XWt shape fit.



Appendix G

Flows optimization studies

G.1 Real NVP

One of the simplest types of flow architectures is the Real-NVP [187]. To keep the Jacobian inverse

computation tractable, we take turns transforming the variables, so the Jacobian becomes block

diagonal. This reduces the inverse computation from O(n3) to O(n2) (where n is the dimension of

the modeling variables). To ensure that the matrix stays block diagonal, each fi step of the flow

transforms half of the variable dimensions at a time.

Figure G.1 shows a schematic for a two variable flow modeling mhh and | cos⇥⇤
| (where ⇥⇤ is

the polar angle of one of the HCs in the HH rest frame). Starting from a 2d Gaussian density, each

fi step of the flow successively modifies the vector z to predict the HH kinematics. For example, in

the first step of the flow (f0) the first dimension of the flow z0 is transformed while z1 stays fixed,

while in the next step of the flow (f2), the z1 dimension transforms while the z0 is fixed.

Figure G.1: Graphic for explaining how a Real-NVP works for a 2 variable flow.

260
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To preserve the bijection, a�ne transformations are used. The scale (s) and shift (t) of the a�ne

transformation depend on the other (non-transforming) variables and are predicted by small NNs.

The NN parameters are optimized by maximizing the likelihood of the data, py(y). To ensure the

positivity of s, the NN instead predicts log s and then exponentiates the output.

Since the variables go one-at-a-time, the inverse computation remains tractable, i.e, when z1 is

known, it’s trivial to solve for f�1

0 as z0 ! (z1 � t(z1)) /s(z1).

The Real-NVP is equally fast for density estimation (i.e, model training) and sampling (or

predicting the kinematics distributions). Our preliminary 4b background optimizations started

from this architecture. To solve the interpolation problem, we predict the conditional probability

distribution (also shown in [187]) by passing (mh1),mh2) as additional variables to the scale and

shift networks. This still preserves the nice properties of the bijection for each of the flow steps while

the Jacobians remain tractable with the modification to the math shown in Figure G.2.

Figure G.2: The extension of the Real-NVP for a conditional 2 variable flow.

G.2 flow optimizations

We carried out most of the optimization studies with the analysis configuration with pairAGraph

for the HC pairing and massplane definition Appendix ??. Also, we did most of the optimization

modeling a (downsampled) portion of the 2b massplane to avoid biasing ourselves in looking at the

4b SR before the non-resonant analysis had unblinded.

G.2.1 Modelling variables

Figure G.3 shows a comparison of training on the mHH and | cos⇥⇤
| directly (top row: prediction in

pink) versus training on the HC 3-vectors (bottom row: prediction in purple). We trained to model
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(a) Real NVP directly modeling HH variables

(b) Real NVP modelling the Higgs 3-vectors to predict the HH variables

Figure G.3: Comparison of modeling HH kinematics versus the HC 3-vectors.

a corrected version of mHH :

mcor,2

HH
= mHH �mH1 �mH2 + 250 GeV

. This variable is always larger than 250 GeV, so we trained the flow to model log(mcor,2

HH
� 250).

Although the flow had comparable results for the mcor,2

HH
whether it was modeled directly or trained

with the HCs, | cos⇥⇤
| was easier to model when we reconstructed the HCs since this allowed us to

learn a distribution that was always bounded between [0,1].
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Figure G.4

G.2.2 Choice of flow model

Figure G.4 shows our comparison (with just a single training) for the mHH and | cos⇥⇤
| modeling for

the Real-NVP architecture (purple), the NSF without mixing-up the variables between the coupling

layers (turquoise), and the NSF with the W = PLU generalized permutations1 (orange). Since the

NSF with the W = PLU layers for variable mixing seemed to be the best model we went ahead to

do the hyperparameter optimization with this setup

G.2.3 Hyperparameter optimization

The rational quadratic neural spline flow paper considered modeling a range of applications from the

UCI dataset, so we used a range of hyperparameters that seemed to give good performance on the

datasets with a similar number of training examples (see Table 4 of [173]).

We considered B=3, i.e, the rational quadratic spline transform is defined for the variable from

(-3,3), and identity outside of this range. To keep the inputs in the range where the NSF will have a

meaningful transformation, a batch normalization layer was included after each of the flow steps.

We didn’t consider annealing the learning rate or gradient clipping even though this was used for

the experiments in [173] since we had good enough performance for our application before trying to

1
Described in Eq. 13.11
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(b) Loss on the validation set.

Figure G.5: To choose the optimal model we found that minimizing the validation loss was a better
metric than minimizing the SR loss.

include this. The choices for hyperparameters that I was considering were:

Parameter range parameter description

L = [5, 10] number of layers (or flow steps)
K = [4,8] number of knots in each spline transformation

↵ = 3e-4, 5e-4,1e-3 learning rate (for adam optimizer)
p = 0, 0.1, 0.2 dropout fraction

� = 0, 1e-6, 1e-5, 1e-4, 1e-3 L2 regularization weight.
num blocks = 1,2 The number of blocks for the res net predicting the spline parameters
H = 16,32, 64 hidden dimensions of the NNs.

Table G.1: Hyperparameters ranges considered for the random search.

We did a random search over the hyperparameters to train 90 di↵erent configurations, where

each configuration choice was trained 25 times. We looked at the �2 of the mHH and | cos⇥⇤
| 2b SR

histograms to determine which were the best-performing models. Figure G.5 shows the correlation

between these �2s and the validation loss (left) and the SR loss (right). The loss on the validation

set was a better indicator of the interpolation closure than the negative log likelihood in the SR. We

found that the more complex models had a higher loss (because they were predicting that these SR

events were anomalous), but actually produced better SR samples, consistent with the findings from

[188] Figure G.6 shows a subset of the models considered in the hyperparameter scan, and indicates

that models with lower training and validation loss tended to have a higher SR loss. We used one of

these models for the suite of background validation experiments and to look at the 4b SR model.
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Figure G.6: Illustration of a subset of the models considered in the hyperparameter scan. The orange
and blue show the training and validation loss in the interpolation bounding box (with the SR), and
the pink shows the negative log likelihood of the SR data. Each model configuration has been trained
25 times, and the mean and standard deviation are plotted. The star (and yellow circle) shows the
model configuration that we used for the results in Chapter A.1.
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