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Abstract

Fundamental physics research aims to understand the theory of particle interactions,
the Standard Model (SM) of particle physics being the current best theory of the
electroweak and strong forces. Modern efforts seek to explain phenomena like the
matter anti-matter asymmetry of the universe and the nature of dark matter using
various experimental modalities such as terrestrial particle colliders like the Large
Hadron Collider (LHC). The ATLAS detector on the LHC is conducting a diverse
physics program of precision SM measurements and searches for Physics beyond the
SM using deeply inelastic scattering products to study fundamental physics.

The original research presented here uses proton collision data from the ATLAS
detector to search for an exotic decay mode of the Higgs boson coupling to a new
light scalar field. Additionally, two research projects are presented to improve the
performance of the ATLAS detector. The first introduces a new algorithm to improve
the efficiency of locating interesting physics within saved events. The second improves
the jet calibration procedure by enabling the use of gradient based regression with an
innovative objective function along with a unified neural network based framework.

Additionally, a network of quantum sensors are in development to enhance the
physics reach of modern detectors and expand the set of models of new physics that
can be experimentally probed. One such technology is atomic gradiometer interfero-
metric sensors, like the MAGIS-100 experiment, that utilize matter waves to search
for ultralight bosonic dark matter. The research and development of a novel light
field imaging device is presented here for the MAGIS-100 experiment, as part of a
burgeoning collaboration between the high energy physics (HEP) and the atomic-
molecular-optics (AMO) communities.
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2.7 Limits on the branching ratio of exotic Higgs decays h ! ss ! XXYY
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2.8 Summary plot from various experiments of (a) the ultralight scalar
dark matter coupling to the electron (dme), and (b) the ultralight
vector dark matter gauge coupling (gB-L). Figure sourced from [8].
Of note here is the projected sensitivity of the MAGIS-100 experiment
and its upgraded configuration as well as the MAGIS-km experiment [9]. 34

3.1 Aerial photo of Geneva and nearby the France–Switzerland border
area with an overlay graphic showing the LHC and the locations of
the four primary experiments — ATLAS, CMS, LHCb, ALICE. Image
sourced from Ref. [10], Maximilien Brice (CERN). . . . . . . . . . . 37

3.2 Layout of the CERN accelerator complex, August 2018. Image sourced
from CERN Ref. [11]. . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.3 Phase-space representation of a bunch in its stationary bucket along
with its RF potential function (in red and labelled V). The bucket
size along the Energy-Time axes are labelled as �E and �t, and the
bunch size along the two axes are labelled as �Em and �tm. Figure
sourced from Ref. [12]. . . . . . . . . . . . . . . . . . . . . . . . . . . 40
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4.1 A computer generated view of the ATLAS detector, with the overall
dimensions and detector subsystems labeled. Figures of people are
drawn on the cavern floor and between the muon wheels for scale.
Figure sourced from CERN [17]. . . . . . . . . . . . . . . . . . . . . 49

4.2 Diagrammatic overview of the interaction of various types of particles
with the ATLAS subsystems. Dashed lines correspond to no interac-
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Figure sourced from CERN [18]. . . . . . . . . . . . . . . . . . . . . 50
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4.7 Transverse cross-section of detectors showing the tracks of charged
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4.9 (a) Vertex reconstruction efficiency versus number of associated tracks
to the vertex, measured in low µ data and Monte Carlo (MC) simula-
tions. (b) Histogram of �z values computed over all pairs of vertices
in same event, measured in high µ data and MC. Figures sourced
from [25]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.10 (a) Average number of reconstructed vertices versus the average num-
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4.15 Dependence of jet pT on (A) the number of reconstructed primary
vertices NPV and (b) the mean number of interactions per bunch
crossing µ, before any correction, after the area subtraction, and after
the residual linear correction is applied. The functions are plotted
against the detector-level |⌘| of the jets, ⌘det. Figures sourced from [30]. 80
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bration, and global sequential calibration. (a) Energy response versus
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from [31]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
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5.1 Invariant mass of the two leading jets in the event, mjj, using re-
constructed jets (left) and truth (particle-level) jets (right). Figures
sourced from [32]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

5.2 Number of tracks in the event associated to a given jet (�R < 0.6),
for signal a ! gg jets (left), background QCD quark / gluon jets
(right). Different pT bins are shown from top to bottom. Figures
sourced from [32]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.3 �R between the two leading tracks within jets (�R < 0.6), for signal
a ! gg jets (left), background QCD quark/gluon jets (right). Differ-
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5.4 ECF(2,1) evaluated using tracks in the event associated to a given jet
(�R < 0.6), for signal a ! gg jets (left), background QCD quark /
gluon jets (right). Different pT bins are shown from top to bottom.
Figures sourced from [32]. . . . . . . . . . . . . . . . . . . . . . . . . 110

5.5 The jet substructure observable pTD evaluated using tracks in the
event associated to a given jet (�R < 0.6), for signal a ! gg jets
(left), background QCD quark / gluon jets (right). pTD varies slowly
with pT so only the nominal pT bin is shown. Figures sourced from [32].111
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layers. Figure sourced from [32]. . . . . . . . . . . . . . . . . . . . . 113

5.7 Distributions for data and Z + QCD jets Pythia MC background
before and after variable- and high-dimensional reweighting. Events
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from the reweighting scheme. Figures sourced from [32]. . . . . . . . 115

5.8 An illustration of the ABCD plane. Figure sourced from [33]. . . . . 116
5.9 mjj distribution for the signal H ! aa ! gggg events, with µmjj|ma
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5.10 Receiver Operating Characteristic (ROC) curves of the jet classifier
derived from the jet level tagger module of the full signal - back-
ground classifier from Figure 5.6. The background jets are from the
same Z+jets sample used to train the tagger. QCD gluon jet rejection
(right) is better than QCD quark jet rejection (left), with performance
degrading as the scalar mass increases due to worsening collimation
and increasing number of tracks in the di-gluon jets. Here the ROC
curves for two jet pT bins is shown (top - bottom). The lines la-
beled ‘Random’ correspond to di-gluon efficiency = 1/QCD rejection.
Figure sourced from [32]. . . . . . . . . . . . . . . . . . . . . . . . . 120

5.11 Ratio of the QCD gluon jet rejection to the quark jet rejection as
a function of the di-gluon selection efficiency, for the lowest pT bin.
Figure sourced from [32] . . . . . . . . . . . . . . . . . . . . . . . . . 121

5.12 Receiver Operating Characteristic (ROC) curves derived using ECF(2,1)
as the discriminating variable (dotted line) versus ROC curves derived
from the jet level tagger module of the full signal - background clas-
sifier (solid line). Here the QCD gluon jet rejection (right) and QCD
quark jet rejection (left) are shown for the lowest pT bin from Fig-
ure 5.10 for three representative mass points. Note that these curves
show that the rejection achieved using ECF(2,1) is lower than the re-
jection using the jet classifier, particularly for the lower signal masses.
Figure sourced from [32] . . . . . . . . . . . . . . . . . . . . . . . . . 121

5.13 Receiver Operating Characteristic (ROC) curves of the full signal -
background classifier from Figure 5.6. (top left) DisCo weight � =

0.02, (top right) DisCo weight � = 10, (bottom left) DisCo weight
� = 50, (bottom right) DisCo weight � = 125. The lines labeled
‘Random’ correspond to the curve signal efficiency = 1/background
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5.14 (Left) ABCD plane for Data where the region of tagger output > 0.9

and mjj axis > 0.7 is masked to blind the signal region, (right) ABCD
plane for Pythia Z + QCD jets events. The Z-axis color scale is
logarithmic and shows the normalized distribution of events in each
bin. The scalar mass ma goes from 0.5 GeV/c2 to 2 GeV/c2 from top
to bottom as indicated on the plots. The axes of the ABCD plane are
the neural network output and 1 - |1 - (mjj/µmjj|ma)|, where µmjj|ma

is the average mjj for the signal with mass ma in the mjj range [50,
200] GeV/c2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

5.15 (Left) ABCD plane for Data where the region of tagger output > 0.9

and mjj axis > 0.7 is masked to blind the signal region, (right) ABCD
plane for Pythia Z + QCD jets events. The Z-axis color scale is
logarithmic and shows the normalized distribution of events in each
bin. The scalar mass ma goes from 4 GeV/c2 to 16 GeV/c2 from top
to bottom as indicated on the plots. The axes of the ABCD plane are
the neural network output and 1 - |1 - (mjj/µmjj|ma)|, where µmjj|ma

is the average mjj for the signal with mass ma in the mjj range [50,
200] GeV/c2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

5.16 (Left) Signal efficiency divided by the square root of the background
(Pythia Z + QCD jets events) efficiency for a set of pairs of cuts along
the ABCD axes, (middle) background (Pythia Z + QCD jets) closure
relative uncertainty for a set of pairs of cuts along the ABCD axes,
(right) background (Pythia Z + QCD jets) non-closure for a set of
pairs of cuts along the ABCD axes. The scalar mass ma goes from
0.5 GeV/c2 to 2 GeV/c2 from top to bottom as indicated on the plots.
The closure (right) is limited to a range of [40, 160]%, and the relative
uncertainty on closures (middle) is limited to a range of [0, 50]%; All
values outside of these range are colored by the extreme colors on
either side of the ranges. . . . . . . . . . . . . . . . . . . . . . . . . . 127
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5.17 (Left) Signal efficiency divided by the square root of the background
(Pythia Z + QCD jets events) efficiency for a set of pairs of cuts along
the ABCD axes, (middle) background (Pythia Z + QCD jets) closure
relative uncertainty for a set of pairs of cuts along the ABCD axes,
(right) background (Pythia Z + QCD jets) non-closure for a set of
pairs of cuts along the ABCD axes. The scalar mass ma goes from 4
GeV/c2 to 16 GeV/c2 from top to bottom as indicated on the plots.
The closure (right) is limited to a range of [40, 160]%, and the relative
uncertainty on closures (middle) is limited to a range of [0, 50]%; All
values outside of these range are colored by the extreme colors on
either side of the ranges. . . . . . . . . . . . . . . . . . . . . . . . . . 128

5.18 (Left) Signal efficiency divided by the square root of the background
(Pythia Z + QCD jets events) efficiency for a set of pairs of cuts
along the ABCD axes, (middle) background (Sherpa Z + QCD jets)
closure relative uncertainty for a set of pairs of cuts along the ABCD
axes, (right) difference of the closures in the ABCD plane between
Pythia and Sherpa Z + QCD jets events for a set of pairs of cuts
along the ABCD axes. The scalar mass ma goes from 0.5 GeV/c2 to
2 GeV/c2 from top to bottom as indicated on the plots. The relative
uncertainty on closures (middle) is limited to a range of [0, 50]%, and
the difference in closures (right) is limited to a range of [-40, 40]%;
All values outside of these range are colored by the extreme colors on
either side of the ranges. . . . . . . . . . . . . . . . . . . . . . . . . . 129
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5.19 (Left) Signal efficiency divided by the square root of the background
(Pythia Z + QCD jets events) efficiency for a set of pairs of cuts
along the ABCD axes, (middle) background (Sherpa Z + QCD jets)
closure relative uncertainty for a set of pairs of cuts along the ABCD
axes, (right) difference of the closures in the ABCD plane between
Pythia and Sherpa Z + QCD jets events for a set of pairs of cuts
along the ABCD axes. The scalar mass ma goes from 4 GeV/c2 to 16
GeV/c2 from top to bottom as indicated on the plots. The relative
uncertainty on closures (middle) is limited to a range of [0, 50]%, and
the difference in closures (right) is limited to a range of [-40, 40]%;
All values outside of these range are colored by the extreme colors on
either side of the ranges. . . . . . . . . . . . . . . . . . . . . . . . . . 130

5.20 Expected upper limits on Br(H ! aa)⇥Br(a ! gg)2 across the range
of signal a masses tested. Note here that the Stats Only line shows the
expected limits when no sources of uncertainty are considered, fitting
only to the Poisson counting experiment with the expected signal and
background counts. . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

6.1 Hard-scatter vertex reconstruction and selection efficiency versus the
average number of interactions µ. Figure sourced from [27]. . . . . . 139

6.2 Feynman diagram for Vector Boson Fusion initiated H ! ZZ
⇤ ! 4⌫.

Quarks radiated from the vector bosons form the characteristic two
forward VBF jets. The tracks inside the VBF jets are the crucial
handles that are used to identify the hard-scatter vertex due to the
neutrinos in the final state not interacting with the detector. . . . . 140

6.3 Plot showing a single quadrant layout of the ITk. Strip detector
active elements are shown in blue, and pixel detector active elements
are shown in red. The origin of the horizontal axis is the nominal
interaction point, and the vertical axis is the radius measured from
the origin. Figure sourced from [34]. . . . . . . . . . . . . . . . . . . 142
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6.4 Simulated event display of an HL-LHC event in the ATLAS ITk detec-
tor. The event has an average number of collisions per bunch crossing
of µ = 200. The inset on the bottom left shows a longitudinal cross
section where the different pp interactions can be seen as the origin
of the corresponding tracks. Figure sourced from CERN [35]. . . . . 142

6.5 Vertex selection efficiency for VBF Higgs invisible events versus the
average local density of vertices at the primary vertex in the event.
The default sumPT2 selection method (square) is compared with the
new sumPTw selection (circle). Error bars are statistical errors. Best
fit linear functions are drawn with 1-sigma error bands to visualize the
error on the slope with respect to the pile-up density. (a) LHC Run 3
conditions, (b) HL-LHC Run 4 conditions. Note the higher efficiencies
at Run 4 than Run 3 are due to the increased tracking acceptance of
the ITk which reconstructs tracks inside forward hard-scatter jets.
Figure sourced from [36]. . . . . . . . . . . . . . . . . . . . . . . . . 146

6.6 r - z event display plots from a single VBF Higgs invisible MC sim-
ulated Run 4 event. The top pane is centered (red ellipse) on the
pile-up (PU) vertex incorrectly chosen by sumPT2, the bottom pane
is centered on the reconstructed hard-scatter (HS) vertex chosen by
sumPTw. All jets with pT > 30 GeV are drawn as semi-transparent
bars on top of the vertex of interest. In addition to the reconstructed
vertices shown on the Reco axis, the true HS and PU vertex locations
are also shown on the Truth axis on the lower half of each pane. Figure
sourced from [37]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
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6.7 Vertex selection efficiency for VBF Higgs invisible events in Run 3
conditions, versus the average local density of vertices at the primary
vertex in the event. (a) The sumPTw selection method on all events
(circle) is compared with the sumPTw selection on high confidence
events (cross). (b) The default sumPT2 selection (star) is compared
with the sumPTw selection (cross) on high confidence events. Error
bars are statistical errors. Best fit linear functions are drawn with
1-sigma error bands to visualize the error on the slope with respect to
the pile-up density. Figure sourced from [36]. . . . . . . . . . . . . . 151

6.8 r - z event display plots from a single VBF Higgs invisible MC sim-
ulated Run 4 event. The top pane is centered (red ellipse) on the
pile-up (PU) vertex incorrectly chosen by sumPTw, the bottom pane
is centered on the correct reconstructed hard-scatter (HS) vertex. All
jets with pT > 30 GeV are drawn as semi-transparent bars on top of
the vertex of interest. In addition to the reconstructed vertices shown
on the Reco axis, the true HS and PU vertex locations are also shown
on the Truth axis on the lower half of each pane. Figure sourced
from [37]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

7.1 Schematic of the two steps involved in GenNI, also applicable to stan-
dard numerical inversion. The first step involves learning the detector
response distribution with the first neural network L. This parame-
terized response is then inverted in the second step using the second
neural network C. The inverse of the response learned by the second
neural network undoes the action of the experiment (which is typi-
fied by the response distribution), hence the second step is labelled
as the inversion of the experiment. This second neural network C is
then the required calibration function that corrects the scale of the
reconstructed observable X

reco to the true scale. . . . . . . . . . . . . 159
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7.2 Loss landscapes for the MSE, MAE, and GK functions evaluated as
the function value ⌫0 = f(x0) is swept through the range of the dis-
tribution p(y|x0) for each of the functions, for the (a) Gamma Dis-
tribution with k = 2 and ✓ = 1, (b) Crystal Ball Distribution with
� = 1 and m = 2. The underlying distribution p(y|x0) is shown with
gray dots, and the loss landscapes for the MSE, MAE, and GK func-
tions are offset subtracted to help visualize the minima. Additionally
the true mean, median, and mode of the underlying distributions are
plotted with vertical dashed lines. Figures sourced from [38]. . . . . 166

7.3 Loss landscapes for the LGK loss function evaluated as the function
value ⌫0 = f(x0) is swept through the range of the distribution p(y|x0)

for the Gamma Distribution with k = 2 and ✓ = 1. Three values of
alpha are used and each corresponding loss landscape, along with the
corresponding minimum value, are shown. The mode of the Gamma
distribution with k = 2 and ✓ = 1 is y = 1, while the median is
y ⇡ 1.678. Figure sourced from [38]. . . . . . . . . . . . . . . . . . . 168

7.4 A comparison of the mode of the energy response as a function of truth
energy for GenNI trained using MSE (top) and LGK (bottom) in bins
of the truth jet mass using the nominal Pythia 8 MC sample. The left
plots use GenNI sequentially while the right plots use it simultaneously
for mass and energy. Data points off the scale of the plots may have
their error bars within the visualization range, which may appear as
marker-less vertical lines on the plot. Figure sourced from [39]. . . . 173

7.5 Energy (left) and mass (right) responses for the nominal Pythia 8
MC sample. From top to bottom, each row represents: no calibration,
current ATLAS JES+JMS, and GenNI calibration with LGK loss.
Data points off the scale of the plots may have their error bars within
the visualization range, which may appear as marker-less vertical lines
on the plot. Note that the top row has a different y-axis scale than
the lower two rows. Figure sourced from [39]. . . . . . . . . . . . . . 174
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7.6 Energy (left) and mass (right) responses for the Sherpa MC sam-
ple. The top row shows the uncalibrated energy and mass responses
of the Sherpa MC sample. The middle and the bottom rows show
the response differences between Pythia and Sherpa (Pythia 8 -

Sherpa 2) samples after current ATLAS JES+JMS and GenNI cali-
bration with LGK loss, respectively. Data points off the scale of the
plots may have their error bars within the visualization range, which
may appear as marker-less vertical lines on the plot. Figure sourced
from [39]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

7.7 Energy (left) and mass (right) responses for the Herwig MC sam-
ple. The top row shows the uncalibrated energy and mass responses
of the Herwig MC sample. The middle and the bottom rows show
the response differences between Pythia and Herwig (Pythia 8 -

Herwig 7) samples after current ATLAS JES+JMS and GenNI cal-
ibration with LGK loss, respectively. Data points off the scale of the
plots may have their error bars within the visualization range, which
may appear as marker-less vertical lines on the plot. Figure sourced
from [39]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

8.1 Detector layout of the MAGIS-100 experiment under construction at
the Fermi National Accelerator Laboratory. (a) Computer generated
model of the full experiment with the 100 m vertical vacuum chamber.
(b) Computer generated view of the laser lab room. (c) Computer
generated model of one of the 17 the modular sections that constitute
the full experiment, which contains a section of the pipe, vacuum
pumps, magnetic shielding, etc. Figure sourced from [9]. . . . . . . . 181

xxix



8.2 (a) Simplified clock atom interferometer space-time diagram. The
cold atom cloud manipulated by a series of laser pulses (wavy lines)
after the initial launch of the cold atoms, throughout the duration
of their free-fall under gravity. Blue (red) lines show the cold atom
cloud trajectories in the ground (excited) state. (b) Simulated image
of the interference pattern at the end of MAGIS-100 atom interfer-
ometer sequence. The image shows the two atom cloud populations
corresponding to the two states at the end of the interferometer se-
quence. The interference fringes depicted here are due to the phase
shear readout technique [40]. Figures sourced from [9]. . . . . . . . . 182

8.3 Schematic of a simplified clock gradiometer. Two cold atom cloud
interferometers are manipulated with shared laser pulses, creating a
symmetric pair of interferometers separated by the baseline of the ex-
periment. (a) Initial positions of the two cold atom clouds. (b) Laser
pulse sequence space-time diagram showing the creation of the two
symmetric interferometers using the two starting cold atom clouds.
Dark (light) gray lines show laser pulses traveling upwards (down-
wards). Blue (red) lines show the cold atom cloud trajectories in the
ground (excited) state. Figure sourced from [9]. . . . . . . . . . . . . 183
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8.4 (a) Circle of confusion in an ideal conventional single view entocentric
imager relative to the size of a 100µm feature, as a function of lens
magnification for a range of lens f-numbers. The 100µm object space
feature dimensions are divided by the magnification to get the image
space dimension, which is then used to divide the circle of confusion.
The horizontal line is drawn for the points where the circle of confu-
sion is 50% of the 100µm feature on the imaging plane. (b) Circle
of confusion in an ideal conventional single view entocentric imager
relative to the diffraction limited spot size, as a function of lens mag-
nification for a range of lens f-numbers. The circle of confusion sizes
are computed using Eqn. B.1 with a f = 62mm, though as seen from
Eqn. B.2 the dependence on the focal length is not a dominant effect.
The depth of field is set to 1m to account for the typical size of the
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Chapter 1

Introduction

The pursuit of knowledge about the universe and how it works lies at the core of
all physics research, driven by the eternal flame of curiosity. As human science has
progressed, nature is found only to present increasingly confounding mysteries as it
is probed at smaller length scales and higher energy scales than ever before. Despite
the challenges, many successful physical theories have been developed, tested, and
refined over the course of scientific investigation. The current best understanding
of the universe can be broadly split into reductionist or fundamental theories and
emergent theories — fundamental theories aim to explain the behavior of the mat-
ter at the most fundamental levels, and emergent theories explain the behavior of
matter at relatively macroscopic scales, ostensibly governed by laws that cannot be
directly mapped to fundamental theories. The physics discussed in this thesis con-
cerns fundamental theories of nature, more specifically the Standard Model of particle
physics. The Standard Model encapsulates the various field theories that govern the
most fundamental particles known to date (elementary fermions and gauge bosons),
and describes to extremely high precision the various forces and interactions between
fundamental particles. It is based up on the key insight that all interactions between
particles are governed by quantum fields, and that particles themselves are the quanta
or excitations of quantum fields.1

1A notable exception to the forces described by the SM is the force of gravitation, and reconciling
gravitation with the fundamental theory of quantum fields is one of the most important outstanding
problems in modern physics.

1
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For its many successfully verified predictions, including the existence of the Higgs
boson [43–48], there are many questions that are left unanswered by the Standard
Model. One of the greatest challenges to the Standard Model come from Dark Matter
and Dark Energy, phenomenon that are known to exist due to various astrophysical
observations, and are yet unexplained by the Standard Model [49–54]. Additionally,
the Standard Model offers no clear answers to a host of issues such as the presence
of more visible matter than visible antimatter in the universe today, the number of
quark and lepton families in the Standard Model totalling three, the apparent charge-
parity-preserving nature of the strong force, the disparity between the strengths of
the weak force and gravitational force.

To address the various challenges of the Standard Model, several hypothesis for
physics beyond the Standard Model have been proposed and are under active in-
vestigation at the various experiments around the world. The study of matter at
these fundamental scales is conducted using particle collider experiments along with
astroparticle detection experiments. Collider experiments work by accelerating par-
ticles such as electrons, protons, or heavy nuclei to high energies and colliding them
with each other or suitable fixed targets. The particle interactions that are facili-
tated in these colliders are guided by the energy of the colliding particles, and can
undergo electromagnetic, weak, or strong force interactions. The leading collider ex-
periment currently operational is the Large Hadron Collider (LHC) at CERN [55–58],
which collides counter -propagating proton beams at a total center of mass energy
of 13-14 TeV and can probe the quark-gluon interactions via Quantum Chromody-
namics [59–62]. The ATLAS experiment [63] at the LHC is one of the experiments
probing fundamental physics at these high energy scales in a quest to better charac-
terize the Standard Model and explore extensions, and is relevant to the physics and
methods discussed in this thesis. Astroparticle detectors come in several forms de-
pending on the nature of the physics being targeted by the experiments. A new type
of astroparticle detector based on matter wave interferometry called MAGIS-100 [9],
which will be sensitive to interactions with the hypothesized ultralight Dark Matter,
is of particular interest to this thesis. Ultralight Dark Matter, with particle masses
ranging from 10

-22 to 10
-15 eV, is outside the reach of typical collider experiments. It
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is therefore crucial to utilize innovative detection methodologies such as MAGIS-100
that unlock the physics reach to such Dark Matter candidates.

Looking for physics beyond the Standard Model is one of the most important
endeavors of this time given the incompleteness and fine tuning inherent to the Stan-
dard Model. High energy colliders and astroparticle physics experiments have thus
far not identified any physics beyond the Standard Model with defining significance.
Notable, Dark Matter and Dark Energy continue to elude the experimental reaches
of the experiments [64–68]. However, there are many signatures for physics beyond
the Standard Model that are unexplored [69–73]. It is therefore incumbent upon the
physics endeavor to expand its experimental reach to new signatures and scan the
space of all possible models in the search for new physics that can explain the nature
of Dark Matter and Dark Energy, and address the many issue of the Standard Model.

This is the driving motivation behind the original research presented in this thesis.
A novel search for a hypothesized coupling of the Higgs boson to a new light scalar
particle is shown in Chapter 5. Such couplings are well motivated as they potentially
answer some of the outstanding issues of the Standard Model, however several final
states of such a novel scalar coupling remain unexplored. The search presented in
Chapter 5 tackles the scalar decaying to two Standard Model gluons — The full pro-
cess, Higgs boson decaying to a pair of scalars to four gluons, has remained previously
unexplored due to the challenging experimental signature of the process. The search
is now conducted at ATLAS by means of advanced machine learning techniques that
make it possible to identify the unique structure of the di-gluon decays from these
scalar particles.

Additionally, the original research presented in Chapter 6 and Chapter 7 aims to
boost the performance of the ATLAS experiment, in a quest to improve its sensitivity
to new physics as it collects more data over the couple of the next few years. The
projects focus on improving the efficiency of the ATLAS tracking system to identify
physics of interest in Chapter 6, and on improving the calibration procedure for jets
reconstructed in the ATLAS experiment in Chapter 7.

Furthermore, to expand the search for new physics beyond the Standard Model,
the original research presented in Chapter 8 represents a unique collaboration between
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the high energy physics and the atomic-molecular-optics communities. The chapter
presents a state-of-the-art light field imaging system developed for the MAGIS-100
experiment, that will enable single-shot tomographic reconstruction of fluorescing
cold atom clouds in atom interferometer experiments for the first time. As previously
mentioned, the MAGIS-100 experiment is a new detection mechanism for ultralight
Dark Matter, and presents an exciting opportunity to expand the search for new
physics well beyond the reach of high energy particle collider experiments.

To help contextualize the research, Chapter 2 provides a brief overview of the
Standard Model of particle physics, while Chapter 3 and Chapter 4 introduce the
Large Hadron Collider and the ATLAS experiment. Additionally, Appendices are
included at the end of this thesis to supplement the material shown in Chapter 5 and
Chapter 8.

1.1 Units and Coordinate Systems

The system of units used to describe the accelerators and detectors in Chapter 3 and
Chapter 4 is the SI unit system. Additionally, SI units are also used to describe the
distances along the beam axis in Chapter 6, and the experiments and feature sizes in
Chapter 8. All other units use the system of natural units, where c = h̄ = 1. The
commonly used unit of energy is the 10

9 eV = GeV, and in natural units this also
serves as the unit of mass and momentum, where c

-2 for mass and inverse c
-1 are

implied. This also sets the unit of length and time as GeV-1, where h̄c for length
and h̄ for time are implied.

As mentioned in Chapter 4, A right-handed coordinate system is used in ATLAS,
where the origin is at the nominal interaction point in the center of the detector.
The z-axis points along the beam direction, the x-axis points from the interaction
point to the center of the LHC circular track, and the y-axis is orthogonal to the two
and points upwards. Cylindrical coordinates (r,�) are used in the transverse plane
(X-Y), where � is the azimuthal angle about the z-axis. Pseudorapidity ⌘ is defined
using the polar angle ✓ as, ⌘ = - ln tan(✓/2). Angular distance in the ⌘-� plane is
measured in units of �R ⌘

p
(�⌘)2 + (��)2.



CHAPTER 1. INTRODUCTION 5

The momentum of a particle can be expressed as ~p = (px, py, pz) or (pT,⌘,�),
where pT =

q
p2
x
+ p2

y
. Here pT is the transverse momentum of the particle, with

angles ⌘, � as described above. The transform between the coordinate systems is:

px = pT cos� (1.1)

py = pT sin� (1.2)

pz = pT sinh⌘ (1.3)

The pseudorapidity measures the angle of the particle to the z-axis, and accounts
for Lorentz boosts along the z-axis. This can be seen with the full expression of ⌘,

⌘ = - ln tan

✓
✓

2

◆
=

1

2
ln

✓
|~p|+ pz

|~p|- pz

◆
= tanh

-1

✓
pz

|~p|

◆
. (1.4)

Hence z boosts (with magnitude �) can be accounted for as (pT,⌘ + tanh
-1
�,�).

Furthermore, �⌘ between two particles is invariant for massless under boosts along
the z-axis, motivating the choice of the angular distance metric. This logic can be
generalized for massive particles using the rapidity, y,

y =
1

2
ln

✓
E+ pz

E- pz

◆
= tanh

-1

⇣
pz

E

⌘
(1.5)

⇡ ⌘-
cos ✓

2

✓
m

pT

◆2

, (1.6)

where the second equation is approximated as a Maclaurin transform in m/pT. Ra-
pidity is also transformed additively under longitudinal boosts and thus is used to
compute the z-boost invariant angular distance metric for massive particles. Note
that the differences between ⌘ and y are not relevant for m/pT ⌧ 1.

The four-momentum of a particle can be expressed as ~p = p
µ = (E,~p), where

the mass of the particle is m =
p
E2 - |~p|2. Note here that the metric signature is

conventionally taken to be (+,-,-,-). The energy of the particle can be expressed in
the cylindrical units as E =

q
m2 + p2

T
cosh

2
⌘. The transverse energy of the particle

is also expressed as ET =
p

m2 + p2

T
.



Chapter 2

The Standard Model of Particle

Physics

2.1 Introduction

The Standard Model of particle physics is the relativistic non-Abelian gauge quan-
tum field theory [74, 75] that describes the interactions of the fundamental (matter)
fermions and vector gauge bosons of the electromagnetic, weak, and strong forces. In
the Standard Model, particles are excitations of quantum fields that in turn interact
with one another through various forces by the means of the corresponding fields
or gauge bosons, which are the force carrying quanta of the corresponding interac-
tions. The internal symmetries of the various forces in the Standard Model guide the
rich physics that the model describes via Lorentz and gauge invariance. The sym-
metry group of the combined model is SU(3)⇥SU(2)⇥U(1), where the electroweak
interactions are described by the SU(2)⇥U(1) symmetry group, and the strong force
interactions are described by the SU(3) symmetry group. The theory of the elec-
troweak force will be detailed in Section 2.3, and that of strong force will be detailed
in Section 2.4. Section 2.3 will also detail how the gauge bosons, and the funda-
mental fermions (quarks and leptons), get masses in the Standard Model via the
spontaneous breaking of the SU(2) symmetry due to the Higgs boson. It is impor-
tant to note here that the Standard Model does not describe gravitation and breaks

6
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down at the energy-length scales at which the force carrier of the gravitational force,
the graviton, emerges — The Standard Model is hence an effective field theory. The
following sections provide only a brief review of the Standard Model — The Author
recommends a few texts for a more detailed discussion about the Standard Model, its
motivations and justifications [76–78], along with detailed derivations of the various
terms in the model [79–81]. Figure 2.1 shows all fermions and gauge bosons in the
Standard Model, where the outer ring of particles are spin 1/2 fermions, the inner
ring are spin 1 gauge bosons, and the inside most particle is the scalar spin 0 Higgs
boson. Note also that the upper half of the outer rings corresponds to quarks, and
the lower half of the outer ring corresponds to the leptons in the Standard Model.

Figure 2.1: Particle content (fundamental fermions and gauge bosons) of the Standard
Model of particle physics. Figure sourced from CERN [3].

Note that the Standard Model describes matter in terms of fundamental fermions,
namely leptons, quarks, neutrinos. These spin 1

2
particles follow the Dirac equation,

which describes both massive and massless fermions. However, introducing massive
fermions in this way violates the gauge invariance of the electroweak interaction.
Instead, the mass of the fermions are introduced via the Higgs mechanism, which is
also responsible for the masses of the gauge bosons of the electroweak interactions.
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2.2 Lagrange Formalism

The Standard Model is fundamentally a perturbative quantum field theory that as-
sumes that isolated or free particle states change only upon interacting with another
particles. The solutions to the standard model Lagrangian then work by perturbing
the solutions to the free field Lagrangian with the appropriate interaction take into
account. Expressed simply, the Standard Model Lagrangian is broken into two parts,
L = Lfree +Linteractions, where the Linteractions term is the perturbation on the free field
Lfree. The free field solutions correspond to the suitable equations of motion for the
particle being considered. Therefore, the Klein-Gordon equation, the Dirac equation,
and the Proca equations apply to spin 0, spin 1

2
, and spin 1 particles accordingly. As

noted before, the Lagrangian is both Lorentz invariant, as well as invariant under the
SU(3)⇥SU(2)⇥U(1) internal symmetry.

The free field Lagrangian for a particle is comprised of the mass terms (if any)
as well as the kinetic (free propagation) term. As mentioned in the introduction,
the mass of the fermions and the gauge bosons in the Standard Model come from
the Higgs mechanism, which will be detailed in Section 2.3. The kinetic term for
fermions, i ̄�

µ
@µ , where  is the fermion Dirac field and �µ are the gamma or

Dirac matrices, is folded into the covariant derivative for the electroweak and strong
interactions into so-called dynamical terms. The kinetic terms for the gauge bosons
rely on the definition of the field strength tensor in terms of the gauge fields F

a

µ
,

F
a

µ⌫
= @µF

a

⌫
- @⌫F

a

µ
+ gf

abc
F
b

µ
F
c

⌫
, (2.1)

where (µ, ⌫) are Lorentz indices, a is the index of the gauge boson (> 1 if the
symmetry group dictates > 1 gauge bosons), g is called the coupling constant and is
representative of the strength of the interaction mediated by the gauge boson F

a

µ
, and

f
abc are the structure constants of the underlying symmetry group. The structure

constants are a unique property of the underlying symmetry group and are given by
the commutators of the generators of the group ta, as [ta, tb] = if

abc
tc. Note that

for Abelian groups, the structure constants are all zero, whereas they are non-zero
for non-Abelian groups (totally anti-symmetric in the SU(2) and SU(3) case). The
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kinetic term in the Lagrangian for the given field strength F
a

µ⌫
is then,

Lkinetic = -
1

4
F
a

µ⌫
F
µ⌫

a
(2.2)

where the prefactor may depend upon the choice of convention, and here it comes
from matching the energy of the field to its canonical value.
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2.3 Electroweak Interactions

The electroweak force is chiral and results from the unification of the electromag-
netic and weak forces under the Glashow-Weinberg-Salam electroweak unification
model [82–85]. The force describes the action of four force mediating vector bosons,
under the gauge symmetry group U(2)'SU(2)⇥U(1). This was spurred on by the
apparent participation of a charged current in neutron decays, the neutral current in
electron-muon scattering as well as the participation of neutral and charged currents
in electron-neutrino scattering — These currents, along with the previously known
photon, are all related to one another and thus inspired the need for a unified the-
ory with four force carrying bosons. In this theory, the symmetry group SU(2)W
has three gauge bosons (Aa

µ
= A

1

µ
, A2

µ
, A2

µ
) and the conserved charge is called the

weak isospin. Likewise, the symmetry group U(1)Y has one gauge boson (Bµ) and the
conserved charge is called the hypercharge. In the theory of electroweak spontaneous
symmetry breaking, a complex doublet breaks the SU(2) symmetry to leave just the
electromagnetic gauge symmetry U(1) manifest [43–46,86].

The kinetic term in the Lagrangian for the electroweak bosons is,

Lkin, EW = -
1

4
W

a

µ⌫
W

µ⌫

a
-

1

4
Bµ⌫B

µ⌫ (2.3)

where Wa

µ⌫
is the field strength tensor for the Aa

µ
gauge bosons of the SU(2)W symme-

try group, and Bµ⌫ is the field strength tensor for the B
a

µ
gauge bosons of the U(1)Y

symmetry group. The dynamical term for the complex doublet ~� that interacts via
the SU(2)W and U(1)Y interactions, along with the gauge invariant potential term
that gives the field a vacuum expectation value (h|~�|i = v/

p
2) is,

LHiggs = (Dµ
~�)†(Dµ

~�) +m
2

h
(~�†~�- v

2
/2)/2v2 (2.4)

where, Dµ
~� =


@µ -

1

2
igYBµ -

1

2
igW�

a
A

a

µ

�
~�. (2.5)

Here gW and gY are the coupling constants of the weak isospin and hypercharge re-
spectively, and the factors of 1/2 in the covariant derivative comes from the generators
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of SU(2)W and the choice of the hypercharge Y = 1 for the scalar field. The potential
terms include free parameters of the Higgs mechanism, mh and v. Due to the SU(2)
invariance of the Lagrangian, a gauge can be chosen for real v that minimizes LHiggs of
the form ~�T = (0, v+h)/

p
2. This choice of gauge rotates away three of the four real

scalar fields contained in ~� by choice of the SU(2) gauge parameters, leaving only one
real scalar field behind — This is called the Higgs field and corresponding boson h

the Higgs boson. The Higgs boson describes small perturbations on the ~� field about
the vacuum expectation value. This Higgs mechanism is evidently responsible break-
ing the SU(2) symmetry of the electroweak SU(2)W⇥U(1)Y symmetry. Worth noting
here is the fact that this symmetry breaking mechanism inserts an energy scale for
the Standard Model proportional to the electroweak symmetry breaking mass scale
— This makes it an effective field theory.

With the form of the field ~� that spontaneously breaks the symmetry, the kinetic
term in LHiggs can be re-examined to reveal the mass terms of the electroweak gauge
bosons,

Lm2 =
v
2

2

g
2

W

4

�
(A1

µ
)2 + (A2

µ
)2
�
+

v
2

2

⇣
-
gW

2
A

3

µ
+

gY

2
Bµ

⌘2
. (2.6)

This allows for the identification of the four gauge bosons in the broken theory.

W
+
µ

⌘
A

1

µ
- iA

2

µ
p
2

, W
-
µ

⌘
A

1

µ
+ iA

2

µ
p
2

(2.7)

Zµ ⌘
gWp

g2

W
+ g2

Y

A
3

µ
-

gYp
g2

W
+ g2

Y

Bµ (2.8)

Aµ ⌘
gWp

g2

W
+ g2

Y

A
3

µ
+

gYp
g2

W
+ g2

Y

Bµ (2.9)

Here the charged W bosons correspond to the maximally parity violating (V - A)
charged currents, with masses mw = gWv/2. The Z boson corresponds to the neutral
current, with mass mZ = v

p
g2

W
+ g2

Y
/2. Finally, the electromagnetic photon Aµ is

seen to remain massless after the symmetry breaking. Note that the fundamental unit
of electric charge e ⌘

gWgYp
g2W+g2Y

, and that the Weinberg angle is defined as tan ✓W =

gY/gW.
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The covariant derivative for any general SU(2)W doublet with hypercharge Y can
now be expressed in terms of the broken theory bosons as,

Dµ = @µ - i
gW
p
2

�1 + i�2

2
W

+
µ
- i

gW
p
2

�1 - i�2

2
W

-
µ

(2.10)

- i

✓
�3

2
gW cos ✓W - Y

1

2
gY sin ✓W

◆
Zµ - i

✓
�3 + Y1

2

◆
gW sin ✓WAµ , (2.11)

where the upper particle in the doublet has electric charge Qupper =
1

2
+ Y

2
, and the

lower particle has the electric charge Qlower = - 1

2
+ Y

2
. Note that the 1/2 comes from

the charge of the particles under SU(2)W, where the upper particle is taken to have
the positive 1/2 weak isospin and the lower particle is taken to have the negative 1/2
weak isospin.

The scalar Higgs boson has hypercharge Y = 1, weak isospin -1/2 (lower particle
in the doublet in the broken gauge ~�), and is electrically uncharged. The Higgs
boson was discovered in 2012 [47, 48] at the Large Hadron Collider, and in the last
decade both ATLAS and CMS have made numerous precision measurements of the
various properties of the Higgs boson, finding striking consistency with the Standard
Model predictions [87, 88]. Several experimentally observed properties [1] help set
the parameters of the model: ↵e = e

2

4⇡
⇡ 0.007297 ± .15(ppb), mZ = 91.1876 ±

0.0021 GeV, mW = 80.377±0.012 GeV, mH = 125.25±0.17 GeV, sin
2
✓w = 0.23121±

0.00004 and v ⇡ 246 GeV.
The following subsections discuss the coupling of the electroweak force to Standard

Model fermions, and the Higgs mechanism imparting mass to the fermions. Figure 2.2
shows a schematic diagram depicting the effects of the spontaneous symmetry break-
ing from the Higgs mechanism on the Standard Model fermions and gauge bosons.



CHAPTER 2. THE STANDARD MODEL 13

Figure 2.2: Summary of the Standard Model fermions and gauge bosons before and
after the spontaneous symmetry breaking via the Higgs mechanism. Note that this
figure uses the alternate convention for the hypercharge, wherein the electric charge
is given as the simple sum of the weak isospin and the hypercharge — The value of
the hypercharge shown in the figure are half the value shown in the corresponding
sections of this thesis. Figure sourced from [4].
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2.3.1 Coupling to Fermions

The weak force only interacts with left handed fermions and right handed anti-
fermions — It is a chiral interaction. Note that the left and right chiral projections
of a Dirac spinor (fermion field) can be projected using the operators PL =

1

2
(1- �5)

and PR = 1

2
(1 + �5), where �5 is the fifth gamma matrix. This means that right

handed fermions and left handed anti-fermions are singlets under SU(2)W with zero
weak isospin. In contrast, left handed fermions form doublets that interact with the
SU(2)W component of the electroweak force. There are three generations of leptons
and quarks in the Standard Model, each with corresponding left and right handed
components that interact with the electroweak force correspondingly. The three lep-
ton generations consist of electrons e, muons µ, and taus ⌧, and their corresponding
neutrinos ⌫e, ⌫µ, ⌫⌧. The three generations of quarks consist of up-type quarks up
u, charm c, and top t quark, and their corresponding down-type quarks down d,
strange s, and bottom b quark. The left handed electron and neutrinos form the
SU(2) doublet for the leptons, and the left handed up and down type quarks form
the SU(2) doublet for the quarks.

2.3.2 Leptons

The lepton doublets and singlets that participate in electroweak interactions are,

l
i

L
=

0

@⌫eL

eL

1

A ,

0

@⌫µL

µL

1

A ,

0

@⌫⌧L

⌧L

1

A (2.12)

l
i

R
= eR, µR, ⌧R (2.13)

⌫
i

R
= ⌫eR,⌫µR,⌫⌧R , (2.14)

Where the superscript indexes the lepton generation and the subscripts indicate the
handedness of the underlying fermion fields. Note here that the doublet has been
arranged suggestively such that the upper particle has isospin 1/2 and the lower
particle has isospin -1/2, provided that the electrons are known to have unit negative
fundamental electric charge. The charges of the lepton fields under the SU(2)⇥U(1)
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Table 2.1: Charges of the Standard Model lepton fields under U(1) hypercharge Y,
SU(2) weak isospin T3, and the electromagnetic charge Q, related by Q = T3 +

Y

2

Charge eL, µL, ⌧L eR, µR, ⌧R ⌫eL,⌫µL,⌫⌧L ⌫eR,⌫µR,⌫⌧R

SU(2)W -1/2 0 1/2 0

U(1)Y -1 -2 -1 0

Electric Charge -1 -1 0 0

interactions are listed in Table 2.1. Note that the right handed neutrinos, called
sterile neutrinos, are singlets under the SU(2) charge and have zero electric charge,
leading them to have zero hypercharge, effectively rendering them completely inert
to electroweak interactions.

From Eq. 2.10 it is clear that the electroweak interactions with the W bosons
will lead to interactions that convert upper particles of the interacting doublet to the
lower particle and vice versa. Note here that the particles stay within their generation
— The generations are called flavors and the interactions are said to be in the flavor
basis. The flavor basis Lagrangian for the lepton interactions with the W boson
contains,

L �
gW
p
2
⌫
†
eL,F
�̄.W

+
eL,F +

gW
p
2
⌫
†
µL,F
�̄.W

+
µL,F (2.15)

+
gW
p
2
⌫
†
⌧L,F
�̄.W

+
⌧L,F + h.c. (2.16)

where the hermitian conjugate terms are implied, and the subscript F highlights the
flavor basis of the interactions. The masses of the leptons can be explained in the
same way as that for the W and Z bosons, via the scalar Higgs field ~� and expanding
around the symmetry breaking vacuum expectation value. This requires Lagrangian
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Table 2.2: Lepton masses [1].

Lepton e µ ⌧ ⌫e ⌫e ⌫⌧

Mass [MeV] 0.511 105.7 1777 < O(10-6) < O(10-6) < O(10-6)

terms that are SU(2)W⇥U(1)Y gauge and Lorentz invariant,

L � -ye

⇣
⌫
†
eL
, e

†
L

⌘
0

@ 0

vp
2

1

A eR +-yµ

⇣
⌫
†
µL
, µ

†
L

⌘
0

@ 0

vp
2

1

AµR (2.17)

+-y⌧

⇣
⌫
†
⌧L
, ⌧

†
L

⌘
0

@ 0

vp
2

1

A ⌧R + h.c. (2.18)

which results in mass terms like -yevp
2
e
†
L
eR for coefficients yi called Yukawa couplings.

Note here that this is done in the mass basis, and can be re-expressed in terms of the
lepton mass matrix Ml,

L � -
⇣
e
†
L
, µ

†
L
, ⌧

†
L

⌘

0

BBBB@

yevp
2

0 0

0
yµvp

2
0

0 0
y⌧vp

2

1

CCCCA

0

BBBB@

eR

µR

⌧R

1

CCCCA
+ h.c. (2.19)

In fact, this mass matrix formulation can be identically extended to give masses to the
neutrinos with the neutrino mass matrix M⌫. The masses of the leptons and neutrinos
are then given by the eigenvalues of the mass matrix, and the observed masses for the
leptons are reported in Table 2.2. Since both the mass and flavor bases are complete,
unitary transformations between the bases can be done via appropriate 3 unitary
matrices, like

0

BBBB@

eL,F

µL,F

⌧L,F

1

CCCCA
= Ul

0

BBBB@

eL

µL

⌧L

1

CCCCA
,

0

BBBB@

⌫eL,F

⌫µL,F

⌫⌧L,F

1

CCCCA
= U⌫

0

BBBB@

⌫eL

⌫µL

⌫⌧L

1

CCCCA
. (2.20)



CHAPTER 2. THE STANDARD MODEL 17

Here the two unitary matrices Ul and U⌫ facilitate the transform, as seen by writing
the flavor basis weak interaction terms in terms of the mass basis,

L �
gW
p
2

⇣
⌫
†
eL
,⌫

†
µL
,⌫

†
⌧L

⌘
U†
⌫
(�̄.W+)Ul

0

BBBB@

eL

µL

⌧L

1

CCCCA
+ h.c. (2.21)

From this, it can be identified that the lepton flavor matrix V = U†
⌫
Ul. In the

of massless neutrino scenario, the flavor matrix is just the identity matrix, however
in the massive neutrino scenario the matrix is not trivial and hence leads to flavor
mixing. Due to the experimental observation of neutrino oscillation (flavor changing
in propagation) [1], a non trivial unitary transform can exist between the flavor and
mass basis for neutrinos — This is the Pontecorvo–Maki–Nakagawa–Sakata matrix
(PMNS matrix) [89]. The unitary transform can be generally represented as,

V =

0

BBBB@

1 0 0

0 cos ✓23 sin ✓23

0 - sin ✓23 cos ✓23

1

CCCCA
⇥

0

BBBB@

cos ✓13 0 sin ✓13ei�

0 1 0

- sin ✓13ei� 0 cos ✓13

1

CCCCA
⇥

0

BBBB@

cos ✓12 sin ✓12 0

- sin ✓12 cos ✓12 0

0 0 1

1

CCCCA

(2.22)

This is because despite there being nine degrees of freedom in a general 3⇥3 unitary
matrix, the PMNS matrix can be fully described by four parameter — Five of the
parameters can be absorbed by the lepton fields. The angles ✓ in the matrix corre-
spond to the mixing angles between the different flavors, and the single complex phase
is responsible for introducing charge-parity violation in the lepton sector (different
behavior for particles and anti-particles).

Direct empirical measurements with neutrinos are challenging, but several experi-
ments have made observations of oscillations between the neutrino flavors in both
terrestrial and astroparticle experiments, the results of which are summarized in
Refs. [1,90,91] — The first experimental detection of neutrino oscillation was awarded
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Table 2.3: Charges of the Standard Model quark fields under U(1) hypercharge Y,
SU(2) weak isospin T3, and the electromagnetic charge Q, related by Q = T3 +

Y

2

Charge uL, cL, tL uR, cR, tR dL, sL, bL dL, sL, bL

SU(2)W 1/2 0 -1/2 0

U(1)Y 1/3 4/3 1/3 -2/3

Electric Charge 2/3 2/3 -1/3 -1/3

the Nobel Prize in 2015 [92]. The best fit parameter values suggest strong flavor mix-
ing for neutrinos, along with a bias towards CP-violation.

2.3.3 Quarks

The coupling of the electroweak force to quarks work analogously to the above dis-
cussion for leptons. The quark doublets and singlets that participate in electroweak
interactions are,

q
i

L
=

0

@uL

dL

1

A ,

0

@cL

sL

1

A ,

0

@tL

bL

1

A (2.23)

q
i

R,upper
= uR, cR, tR (2.24)

q
i

R,lower
= dR, sR, bR , (2.25)

Where the superscript indexes the quark generation and the subscripts indicate the
handedness of the underlying fermion fields. Note here that the doublet has been
arranged suggestively such that the upper particle has isospin 1/2 and the lower
particle has isospin -1/2, provided that the protons are known to have unit positive
fundamental electric charge. The charges of the quark fields under the SU(2)⇥U(1)
interactions are listed in Table 2.3.

The flavor basis Lagrangian for the quark interactions with the W boson can be



CHAPTER 2. THE STANDARD MODEL 19

Table 2.4: Quark masses [1].

Lepton u d c s t b

Mass [MeV] 2.2 4.7 1.28 ⇥ 10
3

96 173.1 ⇥ 10
3

4.18 ⇥ 10
3

compactly written as,

L �
gW
p
2

⇣
u
†
L,F
, c

†
L,F
, t

†
L,F

⌘
�̄.W

+

0

BBBB@

dL,F

sL,F

bL,F

1

CCCCA
+ h.c. (2.26)

where the hermitian conjugate terms are implied, and the subscript F highlights the
flavor basis of the interactions. As in the case with leptons, the masses of the quarks
can be explained via the scalar Higgs field ~� and expanding around the symme-
try breaking vacuum expectation value. This requires Lagrangian terms that are
SU(2)W⇥U(1)Y gauge and Lorentz invariant, which result in Lagrangian terms more
compactly represented in the mass basis using the mass matrices as,

L � -
⇣
u
†
L
, c

†
L
, t

†
L

⌘

0

BBBB@

yuvp
2

0 0

0
ycvp
2

0

0 0
ytvp
2

1

CCCCA

0

BBBB@

uR

cR

tR

1

CCCCA
(2.27)

-
⇣
d
†
L
, s

†
L
, b

†
L

⌘

0

BBBB@

ydvp
2

0 0

0
ysvp
2

0

0 0
ybvp

2

1

CCCCA

0

BBBB@

dR

sR

tb

1

CCCCA
+ h.c. (2.28)

where the mass terms for the up- and down-type quarks can be identified along the
diagonals of the matrices, and the coefficients yi are corresponding Yukawa couplings.
The various quark masses are reported in Table 2.4. The quark mass and flavor bases
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can related with unitary transformations for up- and down-type quarks,
0

BBBB@

uL,F

cL,F

tL,F

1

CCCCA
= Uu

0

BBBB@

uL

cL

tL

1

CCCCA
,

0

BBBB@

dL,F

sL,F

bL,F

1

CCCCA
= Ud

0

BBBB@

dL

sL

bL

1

CCCCA
. (2.29)

Here the two unitary matrices Uu and Ud facilitate the transforms for the up- and
down-type quarks respectively. The quark flavor matrix V = U†

u
Ud is necessary to

account for the difference between the bases, since the up- and down-type quarks all
have masses, preventing this from being a trivial transformation. This quark flavor
mixing matrix is called the Cabibbo-Kobayashi-Masakawa (CKM) matrix [93,94]. Like
the case before, this unitary transform can be generally represented as,

F =

0

BBBB@

1 0 0

0 cos ✓23 sin ✓23

0 - sin ✓23 cos ✓23

1

CCCCA
⇥

0

BBBB@

cos ✓13 0 sin ✓13ei�

0 1 0

- sin ✓13ei� 0 cos ✓13

1

CCCCA
⇥

0

BBBB@

cos ✓12 sin ✓12 0

- sin ✓12 cos ✓12 0

0 0 1

1

CCCCA

(2.30)

where only four parameters are required to fully characterize the transform. The
angles ✓ in the matrix correspond to the mixing angles between the different quark
flavors, and the single complex phase is responsible for introducing charge-parity
violation in the quark sector (different behavior for particles and anti-particles).

These matrix elements have been measured experimentally, with current values be-
ing [1] ✓12 = 13.04±0.05

�, ✓13 = 0.201±0.011
�, ✓23 = 2.38±0.06

�, and � = 68.8±4.6
�.

Note here that the CKM matrix demonstrates that the largest mixing happens be-
tween the first two generations, but all the mixings are small as the matrix is close to
diagonal — This is in contrast to the PMNS matrix which demonstrates much larger
flavor mixing for neutrinos. Due to the non-zero complex phase term, V⇤

CKM
6= VCKM

— Quarks and anti-quarks couple differently to the W boson. Since charge-parity
symmetry can transform between particle and anti-particles, this represents a viola-
tion of the CP symmetry. Therefore, along with being maximally parity violating,
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the weak force also violates the CP symmetry for quarks. Since all theories with real
observables must have charge-parity-time (CPT) symmetry to ensure Hermitivity of
the Hamiltonian, the weak force can be equivalently thought to violate time reversal
symmetry.
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2.4 Quantum Chromodynamics

The vector theory of strong interactions describes the action of the force mediating
bosons under the SU(3) gauge symmetry group [59–62]. The force carrying vector
gauge bosons for strong interactions are called gluons, and were motivated as a means
to explain the binding of quarks inside hadrons. Gluons needed to have zero elec-
tromagnetic charge to ensure the existence of hadrons composed of all like-charged
quarks, and were thus known to not interact with leptons. They were predicted to ex-
ist in electron-positron annihilation events [95], and were experimentally determined
to be consistent with the spin 1 hypothesis [1]. The unbroken gauge invariance of
the associated field theory also ensures the massless nature of the gluons, and con-
servation of the color charge — The color charge is the charge associated with the
SU(3) gauge symmetry. Quarks transform under the fundamental representation of
the SU(3) gauge group — They are spinors in 3 flavors that transform under the ac-
tion of unitary 3⇥ 3 matrices (adjoint representation of SU(3)). The charge is called
color and is indexed as (red, blue, green) in analogy to visible light colors where the
sum of all colors results in colorless light (color charge zero in the strong force case).
Therefore in the theory of strong interactions, the symmetry group SU(3) has eight
gauge bosons (Aa

µ
, where the index a runs over the 8-representation of SU(3)) and the

conserved color charge — The theory is called Quantum Chromodynamics (QCD) to
account for the color charges of the theory.

The kinetic term in the Lagrangian for the gluons is,

Lkin, QCD = -
1

4
G

a

µ⌫
G

µ⌫

a
(2.31)

where Ga

µ⌫
is the field strength tensor for the Aa

µ
gauge bosons of the SU(3) symmetry

group. The dynamical terms for the quark fermion fields can be written as,

Ldyn, QCD = i ̄f�
µ
Dµ f (2.32)

where �µ are the Gamma matrices, and the covariant derivative Dµ = @µ - igsA
a

µ
T
a.
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T
a = �

a

2
are the generators of SU(3) in adjoint representation (= �

a/2, for the Gell-
Mann matrices �a), and gs is the strong coupling constant. The fermion field subscript
corresponds to the color flavor of the fermion, and the term in the Lagrangian sums
over all colors of the fundamental representation. Note here that since SU(3) is non-
Abelian, the full LQCD as described by the above equations contains terms that are
cubic and quartic in the gluon field A

a

µ
— These terms represent self interactions of

the gluon fields in the QCD theory. Additionally, the dynamical term allows for two
quark + gluon interaction vertices that may or may not involve change in the color
of the incoming and outgoing particles.

A vital aspect of QCD is the running of the strong coupling constant as the energy
scale being probed is varied. The concept can be contextualized from a perturbation
perspective as corrections to the strong coupling constant that depend on the energy
scale the theory is being probed, resulting in an effective strong coupling constant.
This effect is a consequence of the renormalization procedure that is necessary to
ensure that the Stanford Model is consistent and predictive [96] — Renormalization is
a systematic procedure for eliminating infinities in a quantum field theory by carefully
taking differences of finite scales. This allows for calculations of observables such as
the cross-sections of scattering process using path integral formulations (Feynman
diagrams) despite there being potentially infinitely many (loop) diagrams contributing
to the process. The energy dependence of the coupling constant is expressed using
the �-function,

�(g) ⌘ Q
@g

@Q
, (2.33)

where Q is the energy scale the theory is being probed at, and g is the coupling
constant. In QCD this can be computed using the one-loop quark-quark-gluon and
gluon-gluon-gluon diagrams, and is found [97,98] to be �(gs) = - g

3
s

(4⇡)2 (11-
2

3
nf). Here

nf is the number of active quark flavors at the energy scale Q, meaning �(gs) is always
negative. While the term proportional to nf has a classical analogue to electron-
positrons pairs in vacuum screening the effect of the electromagnetic force (leading to
a coupling constant that increases as the probe energy scale gets higher), the -11 term
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produces an anti-screening effect that decreases the coupling constant gs as the probe
energies get higher, and dictates the overall behavior of the running of the strong
coupling. Consequently, the strong force in QCD gets apparently weaker at higher
energies, or as Q ! inf, gs(Q) ! 0. This phenomenon in QCD is called asymptotic
freedom [99–101] since quarks interact increasingly weakly, behaving like free particles,
as their energies get asymptotically high.1 Figure 2.3 shows measurements for the
running couple constant (as ↵s =

g
2
s

4⇡
) performed by the ATLAS and CMS experiments

at the Large Hadron Collider.
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Figure 2.3: Strong coupling constant ↵s measured as a function of probe energy scale
Q. The experimentally determined values are compared with theoretical predictions
that use the reference energy scale of the mass of the Z boson. Figure sourced from [5].

It is evident from Figure 2.3 that the strong coupling constant diverges at low
energies and the underlying perturbative assumptions start to fail in this regime,
rendering the theory non-perturbative. Due to the increasing interaction strength at
low energies (or large distances), it takes greater energy to separate quarks from one
another. In other words, in the low energy regime, quarks can form bound states

1Note here that while the weak interaction SU(2) also has a negative �-function, it remains a
short ranged force due to the massive force carrying gauge bosons [102].
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through confinement [103]. Crucially, these bound states have overall zero color
charge, since they would otherwise confine further with other colored objects at low
energies — These bound states are called hadrons.2

Another consequence of the running of the strong coupling strength happens at the
high energy scales, where the coupling diminishes with increasing energy, but logarith-
mically so. This means that the coupling is low and relatively constant over a range
of energies, which implies that QCD is approximately scale invariant at high probe
energies. This implies that at any sufficiently high probe energy, the QCD quark and
gluon particle production must look alike; zooming in to lower energy scales should
continue to reveal the same particle production and structure at all scales till the
limits from the running strong coupling constant and the confinement from hadrons
take over and cease further particle production. This fractal feature of QCD particle
production implies that any quark is always associated by an arbitrary number of glu-
ons that are roughly collinear to the quark direction of propagation. Similarly gluons
can produce quark anti-quark pairs that in turn have the same collinear structure.
Therefore any process that results in the production of a quark or gluon sees a stream
of collimated particles associated to the quark or gluon produced in the process. This
collimated stream of particles is called a jet [62, 100, 104, 105], and is a result of the
hadronization that takes place due to the scale invariance of QCD and the running
coupling constant.

2
2 quark bound states are called mesons, 3 quark bound states are called baryons; 4 quark bound

states are called tetraquarks, and 5 quark bound states are called pentaquarks. Bound states with
more than 5 quarks have been theorized but have not been conclusively discovered to date.
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2.5 Summary of Particles and Fields

Figure 2.4 shows the particle content of the Standard Model, which includes the
fundamental spin 1/2 fermions, the spin 1 gauge bosons of the electroweak and strong
force, and the scalar spin 0 Higgs boson. Note that the electroweak bosons shown
in the figure are the bosons from the broken theory that arise as a result of the
spontaneous symmetry breaking of the SU(2)W symmetry by the Higgs mechanism.
Further recall that the masses for the fermions and electroweak gauge bosons also
come from the Higgs mechanism. Additionally, the three color flavors for each quark
and the eight gluon fields of SU(3)QCD are implicit.

Figure 2.4: Summary of the Standard Model particles. For each particle, the corre-
sponding mass, electric charge, and spin is shown. Figure sourced from [4].
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Figure 2.5 shows all the allowed interaction vertex diagrams in the Standard
Model. Starting with QCD, quark-quark-gluon and gluon self interaction vertices
are allowed in the SU(3) gauge invariant Lagrangian. In electroweak interactions, the
electrically neutral Z boson couples to like fermions, where as the W± bosons converts
between up-type and down-type left-handed fermions and right-handed anti-fermions.
The massless and electrically neutral photon couples to all electrically charged parti-
cles. Additionally, due to the non-Abelian nature of the electroweak SU(2)W⇥U(1)Y
gauge symmetry, self interaction terms between the gauge bosons of the electroweak
theory are permitted. Finally the Higgs boson interacts with fermions via the Yukawa
couplings, and interacts with the massive gauge bosons via the vacuum expectation
value mechanism, resulting in effective mass terms for the particles.

Figure 2.5: Interaction vertex diagrams allowed in the Standard Model. Figure
sourced from [4].
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An important consequence of massive up- and down-type quarks is the phe-
nomenon of flavor mixing, which is described with the CKM matrix. Quarks can
therefore undergo flavor changing interactions mediated by the electroweak force.
Additionally, in the massless neutrino theory, no flavor mixing is expected in the
lepton sector and the mass and flavor bases are expected to be the same. However
the observation of neutrino oscillations suggests that neutrinos have non-zero mass,
which then gives rise to lepton flavor mixing that can be described via the PMNS
matrix.

Finally, the rich phenomenology of the SU(3) strong force gives rise to the running
of the strong coupling strength as well as the scale invariance of QCD at high energies,
which in turn leads to color confinement, hadronization and the formation of jets.

As is evident from the previous sections, there are several free parameters in the
Standard Model. The Standard Model with massless neutrinos has 19 free parameters:
3 lepton masses + 6 quark masses; 3 CKM matrix angles + 1 CKM matrix complex
phase; 3 coupling strengths of the U(1), SU(2), and SU(3) gauges; Higgs vacuum
expectation value + Higgs mass; QCD vacuum angle (which is fine tuned to be
close to zero due to no experimental observation of CP violation in QCD despite the
corresponding term being allowed in the Lagrangian). Adding massive neutrinos to
the Standard Model introduces an additional 7 parameters, that correspond to the 3

neutrino masses and the 4 parameters of the PMNS matrix. All the other Standard
Model parameters can be expressed in terms of these free parameters. Values for
these free parameters have been experimentally measured across an array of different
experiments and are summarized in Ref. [1].

As mentioned in the introduction, the Standard Model is a Lorentz invariant and
SU(3)⇥SU(2)⇥U(1) gauge invariant theory. This leads to the conservation of energy,
momentum, angular momentum, as well as the color charge, weak isospin, hyper-
charge, and electric charge. However, the Standard Model also exhibits additional
accidental continuous U(1) global symmetries. One such symmetry leads to the con-
servation of the baryon number, which implies that the number of quarks minus the
number of antiquarks is a constant. Another such symmetry leads to the conservation
of the total lepton number, which counts the number of leptons minus the number
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of antileptons. It is interesting to note here that due to the flavor mixing of quarks
and neutrinos, that individual quark or lepton flavor (or family) numbers are not
conserved themselves.

The Standard Model of particle physics is one of the most precisely tested theories
of the fundamental forces of nature. The various particles and gauge bosons that
constitute the theory have been experimentally detected by looking at the production
cross-sections and scattering distributions from a variety of physics processes [1].
Figure 2.6 shows a sampling of the cross-sections for some physics processes measured
with the ATLAS detector at the Large Hadron Collider, and compares them with the
theoretical predictions from Standard Model calculations — All measurements, across
the wide range of pp ! X final states and cross-sections spanning several orders of
magnitude, show remarkable agreement with the predictions within uncertainties.
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Figure 2.6: Summary of Standard Model cross-section measurements done by the
ATLAS experiment at the LHC, compared to the Standard Model predictions. The
branching factor corrections have been applied to the measurements for the respective
theoretical expectation. Figure sourced from [6].
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2.6 Limitations and Exploring Physics Beyond the

Standard Model

The Standard Model has shown spectacular accuracy in explaining natural phe-
nomenon, and has been experimentally verified to very high precision. However, there
are several issues that limit its explanatory potential, and motivate new theories of
physics beyond the Standard Model [106–111]. Some of the limitations and proposed
new theories beyond the Standard Model will be discussed below, with an emphasis
on the models that are relevant to the subject matter of the research presented in
this Thesis.

One major limitation of the Standard Model is its inability to account for the
force of gravitation, which is currently described by the theory of general relativity
and has not been quantised into the Standard Model framework. The quantum theory
of gravity would involve a force carrying gauge boson of spin 2, but the strength of the
interaction would only start to dominate at the Plank scales (⇠ 10

19
GeV) [112–115].

String theory [116] is a proposed theory of quantum gravity; work is underway to
devise predictions that could be tested in scientific experiments.

Another limitation comes from the observation that the universe has a lot more
matter in it than anti-matter [117] — The interactions of particles with the funda-
mental forces must have CP violating elements to explain the matter anti-matter
asymmetry [118]. While the Standard Model does have CP violating interactions in
the weak force, specifically in the CKM matrix, it is not sufficient to explain the
magnitude of the asymmetry seen in the universe today. CP violation in the lepton
sector of the weak force, from the PMNS matrix, is a promising source for additional
asymmetry within the Standard Model. Additionally, CP violation in the strong force
interactions would also help account for the asymmetry in the Standard Model and
are in principle allowed within the framework of the model [119]; This is however not
consistent with experimental observations [120], which limits the QCD vacuum angle
✓QCD < 10

-9. Note here that the apparent absence of CP violation in strong force
interactions constitutes the strong CP problem, which is itself another limitation of
the Standard Model.
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One proposed source of the matter-antimatter symmetry in the universe comes
from increased production of matter relative to antimatter (baryogenesis) during the
first-order electroweak phase transition [121] of the early universe. The transition
involves the splitting of the weak and electromagnetic forces as the early universe
cooled and happens continuously in the Standard Model, but could happen through
a first or second-order phase transition. An important class of models of first-order
transitions involve the coupling of the Standard Model Higgs to a new light singlet-like
(pseudo)scalar particle (s) [122–124]. The mixing of the Standard Model Higgs with
this new scalar results in exotic decays of the Higgs of the form h ! ss ! XXYY,
which can be readily searched for at particle collider experiments [73]. Figure 2.7
shows the limits set on exotic Higgs decays of this form using the ATLAS and CMS
experiments at the LHC. The analysis presented in Chapter 5 of this thesis concerns
the search of an unexplored exotic Higgs decay of this form, h ! ss ! gggg.

Figure 2.7: Limits on the branching ratio of exotic Higgs decays h ! ss ! XXYY

via the coupling to new light (pseudo)scalar particles s, for a variety of final states
searched with the ATLAS and CMS experiments at the LHC. The dashed horizontal
line corresponds to the upper limit on the exotic Higgs branching ratio from global
fits to the various Higgs properties. Figure sourced from [7].
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Another significant challenge to the Standard Model comes from dark matter [125–
127]. Dark matter is matter postulated to explain various gravitational effects that
have been observed that cannot be explained by visible matter. These effects in-
clude the need for additional matter to explain galaxy cluster formation [128–131],
gravitational weak lensing [132], galaxy cluster merging [133], etc. The dark matter
contribution to the total matter universe is enormous, and is estimated to be about
85% of all matter [134], with the rest comprising of matter from the Standard Model.
Dark matter has the key characteristic of interacting with normal matter through
the gravitational force, and not interacting with the electromagnetic force (hence the
name dark matter).

Determining the composition of this dark matter constitutes one of the greatest
challenges of modern physics, and promises to offer insights about the cosmology of
the early universe and lead to the discovery of new physics and fundamental forces
— The problem is being tackled from a variety of different perspectives. From the
Standard Model, neutrinos are a valid candidate dark matter candidate since they
are electrically neutral, but they are found to be unable to explain the observed dark
matter properties [135]. Beyond the Standard Model, several proposed candidates
and mechanisms could give rise to the observed dark matter properties. Weakly in-
teractive massive particles (WIMPS) are a broad class of candidates that have the
necessary properties to explain the observed dark matter effects. Particles from the
Supersymmetry [136–148] theory (proposed also to explain the hierarchical difference
between the Higgs mass and the Plank scale) or axions [149–155] (proposed also as
a solution to the strong CP problem) are valid WIMP and dark matter candidates
respectively that can resolve multiple issues with the Standard Model — new elemen-
tary particles that interact gravitationally and could form cold dark matter. Another
interesting set of particles that can form part of the theory of dark matter are the light
(pseudo)scalar particles introduced earlier to address the matter anti-matter asym-
metry of the universe, as these particles open couplings to other potential dark sector
particles — The search for the h ! ss ! gggg final state presented in Chapter 5 is
therefore relevant also as a search for a potential dark sector particle.

In addition to the above mentioned particles, ultralight bosonic dark matter [8] are
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candidates for wave-like dark matter, since these bosons have high number densities
to account for the observed dark matter effects. Of these candidates, particles with
masses < 10

-15 eV are of particular interest due to their impact on large-scale struc-
tures and astrophysical measurements — These form coherent classically oscillating
fields with frequencies set by the mass of the ultralight boson that can interact with
matter in several interesting ways. Ultralight scalar bosons can couple to the Stan-
dard Model and induce oscillations of the fundamental constants of the theory such
as the fine structure constant and in turn change the energy levels of atoms [156,157]
and lengths of solids [157,158], as well as give rise to time-varying equivalence princi-
ple violating forces on bodies [159,160]. Additionally, ultralight vector (gauge) bosons
can couple to the Standard Model and produce new forces along with sourcing equiva-
lence principle violating effects. These ultralight bosonic dark matter candidates also
help explain the issue of naturalness of the Higgs, which is related to the hierarchical
difference between the Higgs mass and the Plank scale.

The ultralight dark matter candidates discussed above are being searched using
a vast array of different detection modalities and quantum sensors. Figure 2.8 shows
the various current and projected limits for some example couplings of scalar and
vector ultralight dark matter candidates across the range of relevant masses for these
models. Atom interferometers have been used to make measurements of the fine
structure constant [161, 162] and tests for new fundamental forces [163–166] — this
can be exploited to search for ultralight dark matter candidates. This is because
the energy levels of the atoms in the interferometer oscillate at the fundamental
frequency of the dark matter candidate and can be detected in the phase of the
interference fringes as well as the differential phase across separated interferometers in
a gradiometer. Additionally, equivalence principle violating forces can be detected at
such experiments by running co-located interferometers with different atomic species
and taking the appropriate differential measurement [9]. Chapter 8 of this thesis
concerns the development of a novel imaging technique for the MAGIS-100 [9] atom
interferometer experiment, which is expected to be sensitive to ultralight dark matter
across a range of candidate masses as seen from Figure 2.8.

The above discussion has summarized some of the challenges to the Standard
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Figure 2.8: Summary plot from various experiments of (a) the ultralight scalar dark
matter coupling to the electron (dme), and (b) the ultralight vector dark matter gauge
coupling (gB-L). Figure sourced from [8]. Of note here is the projected sensitivity of
the MAGIS-100 experiment and its upgraded configuration as well as the MAGIS-km
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Model and potential physics beyond the Standard Model that can resolve the limita-
tions. There are other limitations that were not mentioned here, such as the disparity
between quark and lepton mass scales [167], and the possibility of neutrino masses
originating from Majorana mass terms rather than the Dirac mass term descriptions
on Section 2.3.2. Finally, the vast array of free parameters in the Standard Model
also suggest the presence of a greater theory that may naturally explain the scales of
the various Standard Model interactions and reveal the structure of dark matter, etc.

Of the many proposed physics models beyond the Standard Model discussed here,
several candidate particles for new physics are accessible at the energy scales of the
Large Hadron Collider. As mentioned previously, the search for an exotic decay of
the Higgs boson presented in Chapter 5 is an attempt to generically uncover new
physics that might be connected to the first-order electroweak phase transition of the
early universe, and may be a part of the theory that describes the dark sector of
matter. Going beyond the reaches of hadron colliders, the developments presented in
Chapter 8 seek to improve the performance of quantum sensors that can aid in the
search for new physics at ultralight mass scales.

The Author hopes that the interdisciplinary collaboration between communities
that has made the research in this thesis possible grows with time, as searching for
new physics across the vast phase space of all possible models of new physics will
only get more challenging as theories for new physics continue to get ruled out by
experimental observations — The quest for a more complete model of particle physics
must continue, lest the immense potential of human curiosity and ingenuity be spent.



Chapter 3

The Large Hadron Collider

3.1 Introduction

The Large Hadron Collider [55–58] (LHC) is a two ring superconducting high energy
particle collider located at the European Organization for Nuclear Research (CERN)
in Geneva, Switzerland. It is the largest and most powerful particle accelerator and
collider ever built, which started taking physics data in 2010 is expected to collect
data till 2040. The LHC is housed within 3 m diameter tunnels dug 100 m under the
ground, and covers a circular track of 27 km circumference. It was designed to facili-
tate head-on collisions1 of two counter propagating high energy particle beams, with
a total center-of-mass energy up to

p
s = 14 TeV2, at a few primary collision points

along the accelerator. Four primary experiments currently operate around these col-
lision points at the LHC: ATLAS [63], CMS [168], LHCb [169], and ALICE [170].
Additionally, several smaller and more specialized experiments operate around the
other collision points [171–174]. Figure 3.1 shows the outline of the LHC along with
the positions of the four primary experiments and where they are located in relation
to the France–Switzerland border area near Geneva, Switzerland.

1The beams collide at angles close to 200 mrad.
2
s is the Mandelstam variable s = (p + p

0)2, and p and p
0 are the four-momenta of the two

colliding particles. With E = E
0
� m = m

0,
p
s =

p
2E2(1- cos ✓) ⇡ 2E in the case of head-on

collisions (✓ ⇡ 180
o), as is the case in the LHC.

36
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Figure 3.1: Aerial photo of Geneva and nearby the France–Switzerland border area
with an overlay graphic showing the LHC and the locations of the four primary exper-
iments — ATLAS, CMS, LHCb, ALICE. Image sourced from Ref. [10], Maximilien
Brice (CERN).
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3.2 The Accelerators

The following describes the acceleration chain for protons before the long shutdown of
the LHC in 2019-2020 which introduced several updates to the accelerators [175,176].
The full acceleration chain is illustrated in Figure 3.2. The high energy particles
first originate in a small tank containing Hydrogen gas. The Hydrogen molecules
undergo ionization and the resulting protons are accelerated by the Linear Accelerator
2 (Linac2)3 [178, 179] to 50 MeV (�4

⇡ 5%). Protons are then injected in to the
Proton Synchrotron Booster (PSB) [180, 181] (25 m in radius) and accelerated to
1.4 GeV (� ⇡ 80%), and then into the Proton Synchrotron (PS) [180, 181] (100m
in radius) which increases their energy to 25 GeV (� ⇡ 99.9%). The final step in
the acceleration chain comes at the Super Proton Synchrotron (SPS) [182] (7 km in
circumference), which accepts the protons from the PS and accelerates them to 450

GeV before injecting the protons into the LHC (27 km in circumference). The LHC
brings the counter propagating proton beams up to the nominal energies of 6.5 TeV
(� > 99.99999%).

The acceleration of the protons in these systems is achieved with radio-frequency
cavities [183,184] — the particles experience an accelerating potential at the vacuum
gaps as they traverse the accelerator due to the synchronized oscillating potential.
In linear accelerators, the particles pass through the equipment once and gain the
requisite amount of energy. However in circular accelerators — cyclotrons, or the
relativistic synchrotrons — the particles can cycle through the accelerating volume
multiple times and gain energy with every revolution. It is important to note that
as the energy of the particles increases, the perpendicular magnetic field strength
required to maintain the particles’ circular trajectory also increases [184]. This typi-
cally sets the total energy gain of a synchrotron as for a fixed radii the magnetic field
strength of a given magnet can typically be varied only within a factor of 50, hence
the full LHC accelerator chain contains the Linac2, PSB, PS, SPS, and finally the

3This first step was carried out using the Linac2 until the long shutdown 2019-2020, after which
the Linac2 was replaced with the Linac4 [177]. The newer accelerator delivers particles at energies of
160 MeV. Furthermore, Linac4 accelerates H- ions before stripping the extra electrons away using
carbon foil, whereas the Linac2 accelerated protons directly.

4
� = v/c, where c is the speed of light and v is the speed of the particle in the inertial frame.
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Figure 3.2: Layout of the CERN accelerator complex, August 2018. Image sourced
from CERN Ref. [11].
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LHC itself.
In the LHC eight cavities are used for the two beams, where each cavity operates at

4.5 K and delivers 2 MV at an RF frequency of 400 MHz. To ensure that the particles
always experience an accelerating potential, the RF frequency in the synchrotrons is
set at some integer multiple of the revolution frequency of the particles. This sets
an upper limit on number of points along the circumference where the particles are
in perfect synchrony with the acceleration. Regions of the circumference centered
around these synchronous particles and with a size proportional to the corresponding
RF wavelength are called buckets. Particles that are more or less energetic than the
nominal energy will longitudinally oscillate around the synchronous particles inside
their corresponding buckets [185]. This containment is a feature of the restorative
forces resulting from the RF modulation of the accelerating potentials. The clumps of
particles that form in the buckets as a result of the RF modulation are called bunches.
This relation between the RF modulation, the bucket sizes and bunches is illustrated
in Figure 3.3.

Figure 3.3: Phase-space representation of a bunch in its stationary bucket along with
its RF potential function (in red and labelled V). The bucket size along the Energy-
Time axes are labelled as �E and �t, and the bunch size along the two axes are
labelled as �Em and �tm. Figure sourced from Ref. [12].

The maximum number of buckets that be simultaneously occupied in the LHC is
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about 35640, assuming that the particles are traveling close to the speed of light. In
practice, however, only 2808 buckets are occupied in the LHC, with particles arranged
in bunch trains that have large bucket gaps between them. The empty buckets form
an abort gap along the circumference of the accelerator and account for the time it
takes to switch on the magnetic field needed to divert the particle beams from the
LHC into the beam dump. Additionally, the bucket configuration also helps determine
where the protons from the two counter-propagating beams will collide, since there
are experiments at each of the many crossing points. Finally, only one-tenth of the
available frequency is used in the LHC, resulting in consecutive bunches of about 1011

protons that are separated by 25 ns (corresponding to 40 MHz). This sets the bunch
crossing and collision frequency that the various experiments are designed to record
collision data at.

As mentioned before, perpendicular magnetic fields are required to maintain cir-
cular trajectories for charged particles inside synchrotrons. This is a consequence of
the Lorentz force exerted by the magnetic field being perpendicular to the velocity
of the charged particle, and hence providing the necessary centripetal force needed
for circular motion [186]. These accelerating particles in-turn radiate (synchrotron
radiation) [186], which requires constant input energy to maintain the beam at some
steady energy. In the LHC, the magnetic fields required to accelerate the protons to
6.5 TeV and maintain their circular trajectories requires magnetic fields of strengths
about 8 T. These large magnetic fields are generated using superconducting dipole
magnets (simultaneously generating the fields for both beams) that utilize NbTi coils
cooled down to 1.9 K. Synchrotron radiation scales as E2

/m
4 and thus is greatly sup-

pressed for protons when compared to similarly energetic electrons. This radiation,
however, poses a challenge for the superconducting magnets used in the LHC as they
pose an additional cooling burden when the bunch sizes are very large. This is an
important factor that constrains the number of protons per bunch to about 1011.



CHAPTER 3. THE LARGE HADRON COLLIDER 42

3.3 Collision Statistics

The expected number of collisions, or interactions, that can be delivered is a key pa-
rameter in particle colliders. This is quantified using the (instantaneous) Luminosity
L [187] and has units of inverse area per unit time. The rate of collisions can be found
using the luminosity and the cross-section �,

dN

dt
= L�. (3.1)

The cross-section � has units of area and is a measure of the probability of an inter-
action to occur as particles or excitations encounter localized effects such as density
fluctuations or other particles. Cross-section is typically expressed in units of barn,
where 1b = 10

-24 cm2. The maximum luminosity at the LHC is approximately
10

34 cm-2s-1 = 10 nb-1s-1 [58]. This means that the rate of pp interactions at the
LHC is about 109 s-1, given that the total pp cross-section at 13 TeV is approximately
10

8 nb (Figure 3.4). It is important to recall here that protons in the LHC beams
are focused into bunches separated by 25 ns. Hence these pp interactions occur as
bunches from the counter propagating beams are collided at the crossing points, with
detectors recording data from interactions occurring at each bunch crossing. There-
fore the collision data is naturally quantized in units of events, where an event is the
data generated from a single bunch crossing. Events at the LHC occur at the 40 MHz
rate corresponding to the bunch spacing in the beams, and contain some average
number of interactions per bunch crossing µ; µ is thus a measure of the luminosity.
From the numbers above it is clear that µ > 1 at the LHC — greater than one pp

interaction per bunch crossing leads to a phenomenon called pile-up.
The total number of interactions for a given process with cross-section �pp!X is

N = �pp!X

R
Ldt, where the integral is done over some data taking period.

R
Ldt

is called the integrated luminosity (expressed in units of inverse barns), and is a
useful parameter for quantifying the statistics contained in the data collected over
the data taking period. The full expression for the instantaneous luminosity is as
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follows [185,188,189],

L =
N

2

b
nbfrev�

4⇡✏⇤�⇤ F, (3.2)

where Nb is the number of particles per bunch, nb the number of bunches per beam,
frev the frequency of revolution of the particles in the beam, � is the relativistic factor
of the particles, ✏⇤ is the normalized emittance, �⇤ is the minimum of the betatron
function � at the collision point, and F is an O(1) geometric factor for the angle of
the beam crossing. The luminosity L is measured in several different ways using Van
Der Meer Scans [190] and In-situ measurements [191,192]5.

The transverse size of a bunch is given by
p
�✏, where ✏ is the emittance and

� is the betatron function. This is contextualized using the concept of bunches as
discussed above. Not only do particles clump together longitudinally in bunches, they
also undergo the oscillatory motion in the transverse direction to the beam direction,
called betatron oscillations. This is due to presence of higher order magnets such
as quadrupoles that are used in accelerators to focus the beam in the transverse
directions [185, 188, 189]. For a single particle, this leads to an oscillatory motion in
the transverse phase space (transverse position - momentum space) that traces an
ellipse as the particle completes a revolution around the synchrotron. At any given
point in the circumference of the accelerator, all the particles in a bunch populate the
phase space with some density. Emittance ✏ is defined as the area of the ellipse that
encloses a certain percentage of the particles in the transverse phase space, and the
normalized emittance is defend as ✏⇤ = �rel�✏ where �rel is the relativistic velocity
ratio in the direction of the beam. The �⇤ is the minimum of the betatron function,
and is a measure of the distance from the point where the beam is focused to where
its transverse size doubles. In the LHC, �⇤

⇡ 0.5 m and ✏⇤ ⇡ 3 µm [193, 194]. Note
that for

p
s = 13 TeV, �rel� ⇡ 13000, which gives ✏ ⇡ 0.2 nm and the transverse size

of the beam
p
�✏ ⇡ 10 µm.

5Here reporting measurements from the ATLAS experiment, where the luminosity is measured
close to the interaction point using the total pp differential inelastic cross-section.
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3.4 Past Campaigns and the High-Luminosity LHC

The LHC began its physics data collection at a center-of-mass energy of
p
s = 7 TeV

in March 2010, and continued doing so through 2011.
p
s was increased to 8 TeV for

the 2012 data taking year, and the 2010 – 2012 data formed the first data campaign
called Run 1. This run proved to be of historic significance as the ATLAS and CMS
experiments were able to announce the discovery of the Higgs boson using the Run 1

data [47,48].
The LHC luminosity, as measured by the ATLAS experiment, during Run 1 is

shown against µ (average number of interactions per bunch crossing) and time in
Figure 3.5.
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Figure 3.5: (a) Luminosity vs µ during Run 1. (b) Integrated luminosity vs time
during Run 1. Figure sourced from [15].

The LHC resumed data taking for Run 2, after a long shutdown, with center-
of-mass energy remained at 13 TeV from 2015 through 2018. The search for the
novel Higgs boson decay presented in this Thesis (Chapter 5 uses this Run 2 dataset.
Figure 3.6 shows the luminosity versus µ and time recorded by ATLAS during Run 2.
Notably, the µ distributions at Run 2 were higher than in Run 1, with mode values
close to hµi ⇡ 30. The total integrated luminosity delivered to ATLAS during Run 2

was 156 fb
-1 [16].
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Figure 3.6: (a) Luminosity vs µ during Run 2. (b) Integrated luminosity vs time
during Run 2. Figure sourced from [16].

At time of writing of this thesis, the LHC has restarted after another long shut-
down, and is expected to start physics data taking in 2022. The new data taking
campaign, Run 3, is expected to start in 2022 and go through the 2024 data taking
period [195]. Run 3 targets a center-of-mass energy of 13.6 TeV and aims to deliver
a total integrated luminosity of 250 – 300 fb

-1 [196,197] to ATLAS and CMS.
After Run 3, the LHC will shut down once again for major upgrades till until 2029.

The next data campaigns for the LHC are planned from 2029 to 2032 during Run 4,
and from 2035 to 2038 during Run 5 [195]. During the planned long shutdown till
2029, the LHC will be transitioned to the high-luminosity LHC (HL-LHC) by means of
upgrades to the entire accelerator chain [198,199]. The upgrade, as the name suggests,
aims to significantly increase the luminosity in the collider while keeping the same
center-of-mass energy and is expected to deliver about 3000 fb

-1 of data over the
course of Run 4 and Run 5. The peak luminosity is targeted to be 5.0⇥ 10

34 cm-2s-1

by means of lower �⇤ and increased number of particles per bunch. Consequently,
pile-up is expected to increase in the HL-LHC to hµi ⇡ 200. This represents an
order of magnitude increase over the Run 1/2/3 conditions in the LHC, and poses a
challenge to all the detectors that operate at the interaction points around the LHC.
This steep increase in pile-up will lead to technological and physics-reconstruction
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related challenges that experiments will need to solve to unlock the physics potential
of the increased statistics [200–204]. The work presented in this thesis in Chapter 6
and Chapter 7 directly relates to some of these challenges as they pertain to primary
vertex reconstruction and jet calibrations in the ATLAS experiment.



Chapter 4

The ATLAS Detector

4.1 Introduction

As mentioned in Chapter 3, ATLAS [63] (A Toroidal LHC ApparatuS ) is one of the
four main experiments around the interaction points at the LHC. It is a general
purpose particle detector with a close to 4⇡ coverage (solid angle) around the interac-
tion point.1 ATLAS uses sophisticated hardware and software techniques to analyze
the data generated from the pp interactions in LHC events and reconstructed the
underlying physics interaction of interest.

The detector hardware is designed in several concentric layers (Figure 4.1) that
each serve a unique reconstruction task and target particular types of particles. It
has a set of tracking layers (Inner Detector, Section 4.2) that sit closest to the pp

interaction point (IP) and are used to reconstruct the paths of charged particles
through the layers. This is used to determine the locations of all the pp interactions
that occurred in the event, along with measuring the momenta of the charged particles
using the curvature of the tracks in its 2 T axial (solenoid generated) magnetic field.

1A right-handed coordinate system is used in ATLAS, where the origin is at the nominal inter-
action point in the center of the detector. The z-axis points along the beam direction, the x-axis
points from the interaction point to the center of the LHC circular track, and the y-axis is or-
thogonal to the two and points upwards. Cylindrical coordinates (r,�) are used in the transverse
plane (X-Y), where � is the azimuthal angle about the z-axis. Pseudorapidity ⌘ is defined using
the polar angle ✓ as, ⌘ = - ln tan(✓/2). Angular distance in the ⌘-� plane is measured in units of
�R ⌘

p
(�⌘)2 + (��)2.

48
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The ID is surrounded by electromagnetic and hadronic calorimeters (Section 4.3) that
are used to measure the energy of the particles. Finally, the titular toroidal magnetic
field of 4 T along with accompanying trackers is used to detect muons and measure
their momenta (Section 4.4). A diagrammatic overview of the interaction of various
types of particles with the ATLAS subsystems is shown in Figure 4.2.

Figure 4.1: A computer generated view of the ATLAS detector, with the overall
dimensions and detector subsystems labeled. Figures of people are drawn on the
cavern floor and between the muon wheels for scale. Figure sourced from CERN [17].

A vital aspect of the experiment has to do with data rates and the detector’s
ability to save information from events. While the events at the LHC occur at 40

MHz, ATLAS is only able to save events at roughly 1 kHz corresponding to the
maximum rate at which it can store information to disk. ATLAS utilizes a trigger
system that lowers the data rate by monitoring the pp interactions and saving only
a subset of events (Section 4.5).

Using the information returned by all the ATLAS components, reconstruction of
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Figure 4.2: Diagrammatic overview of the interaction of various types of particles
with the ATLAS subsystems. Dashed lines correspond to no interactions, and solid
lines correspond to small or insignificant energy loss. Figure sourced from CERN [18].
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individual (SM) particles that interacted with ATLAS is performed and their kine-
matics are recovered (Section 4.6).

Furthermore, a key element to the analysis of the data collected by ATLAS is
the ability to simulate pp interactions under various hypotheses and understanding
how these interact with the various detector elements. These physics interactions in
pp collisions and their interactions with ATLAS are simulated using several different
generators and a detailed particle-detector interaction simulation (Section 4.7).

4.2 Inner Detector

High energy pp collisions in ATLAS are expected to produce O(100) particles. By
studying the secondary particles that are produced as these primary particles interact
with the detector, information about the kinematics and type of the primary interact-
ing particles can be learned. Additionally, a passive observation of these particles can
be done so that the primary particles retain most of their energies as they traverse
the detector. The ATLAS inner detector [205, 206] (ID), based on this concept, is a
tracking detector that aims to help reconstruct the trajectories of charged particles as
they cross this region of the detector. A set of observations of the particles trajectory
are made as the charged particle interacts with successive layers of the inner detector.
This trajectory is then fit to a high precision, from which the curvature of the track
can determined. Under an axial magnetic field that is perpendicular to the direction
of transverse motion, the transverse curvature is related to the particle’s transverse
momentum, as2

⇣
pT

GeV

⌘
⇡ 0.3

✓
B
T

◆✓
R
m

◆
, (4.1)

where the axial magnetic Lorentz force has been equated with the centripetal force in
the transverse plane. Here a single unit of charge (0.3 in natural units) is considered,
and the transverse momenta pT, magnetic field B, and trajectory transverse curvature
R have been expressed in units of GeV, T, and m respectively. This constitutes a

2See Ref. [23] for details about unit conversions.
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passive measurement since the magnetic field does no work, and the energy losses
to the charged particles as they cross the various tracking layers is minimal. Note
however this detection technique only works for charged particles, as neutral particles
do not interact with the tracking volume.

The ID is made up of 3 distinct tracking technologies — silicon pixel detectors,
strip semiconductor tracker (SCT), and transition radiation trackers (TRT). It has a
solenoid provided 2 T axial magnetic field that curves the charged particle trajectories
in the transverse direction [207]. The system is able to track charged particles with
high precision for particles with |⌘| < 2.5. This central bias in the tracker is due to
the lack of precision tracking layers in the forward (|⌘| > 2.5) region — this is planned
to be addressed for the HL-LHC upgrade to ATLAS [208, 209]. A layout of the ID
system with its various layers in shown in Figure 4.3.

The innermost layers of the ID are the pixel detectors and have the highest gran-
ularity of the tracking layers. It consists of layers of 50 µm ⇥ 400 µm silicon pixels
arranged in several cylindrical layers. An additional layer to the ones shown in Fig-
ure 4.3a was inserted at a radius of about 3 cm between Run 1 and Run 2 [210], as
shown in Figure 4.3b. This layer (insertable B-layer or IBL) has smaller pixels with
a size of 50 µm ⇥ 250 µm each. Additionally the system also comprises of endcaps
that are also covered in silicon pixels to complete the angular coverage on either side
of the cylinders. These ionizing radiation detectors have a precision of about 10 µm,
and have approximately 92 million electronic channels.

The next layer out is the strip semiconductor tracker (SCT) which surrounds the
pixel detector. This layer uses 6 million silicon strips as opposed to pixels, which
provide precise positional information along the shorter dimension of the strip. The
system is designed such that each charged particle interacts with at least 4 layers of
the detector. This is accomplished by using 4 layers of double sided modules that have
strips aligned axially on side, and offset by 40 mrad on the other side. The small offset
in angles helps return an approximate measurement along the second dimensions as
well. For the strips in the endcaps, the alignment is parallel to the radial direction.
The SCT allows a measurement of the particle tracks with a precision of about 25

µm.
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(a)

(b)

Figure 4.3: (a) Computer generated cross-sectional view of the ATLAS ID. Image
sourced from CERN [19]. (b) Single quadrant view of the layout of the ID geometry
in Run 2. The bottom panel shows a zoomed in view of the pixel region of the ID.
The IBL, shown in red in the bottom left panel, was added for Run 2. The origin of
the horizontal axis is the nominal interaction point, and the vertical axis is the radius
measured from the origin. Figure sourced from [20]



CHAPTER 4. THE ATLAS DETECTOR 54

The final layer of the ID is the transition radiation tracker (TRT). This is made
using about 300, 000 (4 mm diameter) thin-walled drift tubes (also called straws).
These tubes are filled with a Xe-based gas mixture, and have a 30 µm gold plated
tungsten wire in the center as the anode. The gas ionized as a charged particle travels
through the tube — the signal is amplified by the potential difference (1530 V) be-
tween the center and the walls. Additionally, the transition radiation can distinguish
between the types of particle that fly through the detector (like electrons, or pions,
etc.). Each tube provides a drift time measurement which results in a positional pre-
cision of 170 µm per tube. The system is comprised of 50, 000 tubes of length 144

cm stacked axially in the barrel, and 250, 000 tubes stacked radially in the endcaps.
The signals from the different ID layers are combined in software to reconstruct

the charged particle tracks through the ID and under the action of the axial magnetic
field. This allows of the measurement of the charged particles charge as well as its
momentum (Section 4.6.1). Additionally, the ID can measure the small amount of
energy deposited per unit distance inside the tracking volume. This energy loss is a
function of the mass of the particle, and thus can also be used to identify the particle
type (pions, protons, kaons, etc.) [211].

4.3 Calorimeters

The calorimeter system in ATLAS [212] is an active measurement device — it stops
the primary particles and measures the energy that these particles lost in the calorime-
ter. Owing to the multiple layers and fine granularity of the system, directional in-
formation about the particle can also be recovered. The system is able to perform
measurements for both charged and neutral particles, unlike the ID. In fact, the asso-
ciation between measurements of the ID and the calorimeter system can help identify
the type of particle and where it is charged or neutral. It is however unable to make
measurements of muons and neutrinos, which are either not stopped in the calorimet-
ric volume or do not interact with the calorimetric material. Likewise, the calorimeter
has an angular reach of |⌘| < 4.9, which is also different (increased) when compared
to the ID.
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Calorimeters typically use alternating layers of absorbing or high-density passive
material and detecting active material. The high-density absorptive passive material
(like lead) is chosen such that is it initiates the radiative/ionization/shower losses
of the incoming particle’s energy, which the active material then measures using
ionization or scintillation. Ionization measurements rely on drifting and measuring
the free electrons, whereas scintillation measurements use photo-multiplier tubes to
sample the photon radiation.

The system consists of two major components: the liquid Argon (LAr) calorime-
ter [213], and the tile hadronic calorimeter [214]. Figure 4.4 shows the layout of the
ATLAS calorimeter system. The LAr calorimeter is an electromagnetic calorimeter,
which interacts electromagnetically with electrons and photons The tile calorime-
ter interacts using nuclear and electromagnetic interactions, and thus stops hadronic
particles.

Figure 4.4: Computer generated image of the ATLAS Calorimeter. Image sourced
from CERN [21]

Particles lose energy in calorimeters by means of cascading collisions and inter-
actions. Photons and electrons that are stopped in the electromagnetic calorimeter
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lose their energy due to electromagnetic showering. This is a phenomenon where high
energy photons convert into electron positron pairs, and high energy electrons radi-
ate photons (bremsstrahlung) as they decelerate due to material interactions [215].
Once the electromagnetic particles fall below a certain critical energy, ionization and
other low energy effects dominate and the particles are ultimately absorbed. The
high energy particles’ loss of energy by electromagnetic showering can be described
by,

dE

dx
= -

E

X0

, (4.2)

where X0 is the radiation length, and is a property of the calorimeter material. This
implies that the energy loss by this showering results in an exponential decline in the
particles’ energy. Therefore, a calorimeter with a fixed depth that is many multiples
of X0 can successfully decelerate particles across a large range of energies to below
the critical energy.

Showers initiated by nuclear processes are both deeper and transversely wider
than showers initiated by electromagnetic particles [216]. Hadrons lose energy by
means of ionization and nuclear (strong force) interactions — they interact with the
material and create showers of pions, muons, etc. Their decay is characterized by a
length scale called the hadronic interaction length. Typically � is larger than X0 for
the same material [215]. For liquid Argon that is used in the ATLAS calorimeters,
� ⇡ 6X0.

The ATLAS electromagnetic calorimeter uses liquid Argon as the active material,
and lead as the passive material. It is split into a barrel component and endcaps,
each having 3 layers in addition to a presampling layer. The presampling layer of the
calorimeter is unique because it compensates for the loss of energy of the particles
due to interactions with the ID. None of the other layers in the calorimeter system
compensate for energy losses, hence reconstructed calorimeter objects require cali-
brations (Section 4.6.5.2). The system has a total angular reach of |⌘| < 3.2, and a
thickness > 22X0 throughout. These calorimeters (along with the LAr segments of
the hadronic system) are housed in cryostats and cooled to -184

oC. Since the barrel
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of this system is the closest to the ID, it has fine segmentation to resolve electrons and
photons with high precision. Additionally, small cells can help distinguish isolated
photons from collinear photons (produced by a pion decay for example). The smallest
cells in this system are in the barrel and are 0.025 ⇥ 0.025 in ⌘- � space.

The ATLAS tile hadronic calorimeter is composed of three sections: the barrel,
the endcaps, and the forward calorimeters. Combined, the system has a total angular
reach of |⌘| < 4.9, and has a thickness & 10�. The barrel section is made of 3 layers,
and uses scintillating tiles as the active material, and steel as the passive material.
The endcap sections are made of 4 layers each, and use liquid Argon as the active
material, and copper as the passive material. Finally the forward sections are made of
3 layers each, and use liquid Argon as the active material, and copper as the passive
material in the first layer and tungsten as the passive layer in the rest. This system
has coarse granularity when compared to the LAr system; the smallest cells in the
barrel and endcaps here are 0.1 ⇥ 0.1 in ⌘ - � space. Furthermore in the forward
region, the smallest cells are 3.0 ⇥ 2.6 cm2 in X- Y space.3

An important quirk of the liquid argon cells used in ATLAS are their integration
times. These cells take about 450 ns to collect the energy from ionization [217]. This
is much longer than the bunch crossing time of 25 ns in the LHC, and presents a
challenge in the read out of these cells. Cells are assigned to their correct bunch
by fitting the ionization pulse shape. Errors in this assignment lead to erroneous
energy deposits from one event adding to the energy deposits of a different event
from a different bunch crossing — this phenomenon is called out-of-time pile-up4. In
contrast to this, the tile cells in the hadronic system have a much faster integration
time and do not introduce further pile-up [218].

3Measured here in spatial coordinates since the length scale starts diverging at very high pseu-
dorapidities.

4In-time pile-up refers to other pp interactions in a given event (bunch crossing) that produce
particles, tracks, energy deposits etc other than the pp interaction of interest in that event. Pile-up
collectively refers to both out-of-time and in-time pile-up.



CHAPTER 4. THE ATLAS DETECTOR 58

4.4 Muon System

Muons are leptons with a mass ⇠ 200 times the mass of the electron. Bremmstrahlung
does not lead to significant energy losses for these heavy particles until their energy is
above ⇠ 1000 GeV [216]. Therefore these particles do not undergo the same showering
as the lighter electromagnetic particles and are able to traverse the calorimeter volume
without significant interactions. Hence a specialized system is required to identify
muons and measure their momenta, called the muon spectrometer [219]. This is the
final radial component of the ATLAS detector. Figure 4.5 shows the layout of the
ATLAS muon system.

Figure 4.5: Computer generated image of the ATLAS muon system. Image sourced
from CERN [22]

The muon system is made of 4000 muon chambers uses four distinct techniques:
Thin Gap Chambers (TGC), Resistive Plate Chambers (RPC), Monitored Drift Tubes
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(MDT), and Cathode Strip Chambers (CSC). It has an angular reach for muon track-
ing of |⌘| < 2.7, and for the muon triggering system of |⌘| < 2.4. The system is sur-
rounded by a toroidal magnet which provides bending force along the axial direction
of the barrel — eight toroids are arranged around the axis in the barrel about the
beam axis [220], and two toroids are present in the endcaps [221].

The MDTs form the primary component of the muon system, and are responsible
for the tracking of the muons. These drift tubes provide a resolution of 35 µm in
the z direction with no resolution in the radial direction, and cover an angular reach
of |⌘| < 2.7. This choice of resolution is made to make sure the bending provided
by the toroids are used to record the trajectory of the muons, which in turn is used
to measure the muon momenta. This is done in conjunction with the hits in the
ID (Section 4.2) for trajectory and momentum reconstruction. Like the LAr cells
(Section 4.3), the MDTs also have read times that are longer than the bunch crossing
time; the drift time in these tubes is ⇠ 700 ns.

The CSCs provide positional measurements in the end-cap region (2.0 < |⌘| < 2.7)
along both the z and the radial directions, with resolutions of 40 µm and 5 mm
respectively. The measurements along both directions are needed to resolve tracks
due to the higher particle flux and reduced bending from the magnets in the forward
region of the muon system. These measurements are made possible because the CSCs
are multi-wire proportional chambers with alternating layers of perpendicular strips.

The muon system also uses the RPCs and TGCs for triggering, in addition to the
precise measurements from the MDTs and CSCs. These are meant to provide coarse
but fast tracking information is used in the trigger (Section 4.5). The RPCs provide
angular coverage in the barrel (|⌘| < 1.05) and the TGCs cover the endcap region
1.05 < |⌘| < 2.4. the RPCs are gas filled parallel plate capacitors that are spaced with
coarse granularity and provide a resolution of 10 mm in both directions. These have
shorter drift times than the MDTs and are hence useful for triggering. the TGCs are
multi-wire proportional chambers like the CSCs, and have finer segmentation than
the RPCs to better resolve tracks in the forward region due to higher particle flux and
reduced bending from the magnets. The TGCs provide a resolution of approximately
2 – 7 mm in both directions.
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While the muon system is designed to primarily study muons, some extremely
high energy hadrons can pass through the entire calorimeter system and reach the
muon system. Additionally, fluctuations in the hadronic shower can also lead to some
hadrons surviving out to the muon system. This hadronic leakage past the calorime-
ters is called punch through and can be measured using the muon system [222]. These
measurements can then be used to correct the energy measurements derived from the
calorimeter (Section 4.6.5.2).
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4.5 Triggers

The ATLAS trigger system plays a critical role in data acquisition and the interplay
between the hardware and software [2, 223, 224]. Due to the 40 MHz bunch crossing
rate, the detector interacts with a large number of particles at a high rate. The
full data generation rate is about 100 TB/s, on account of every event occupying a
few MBs of disk space [225]. Since this is an unfeasible data rate, not every event
can saved by the ATLAS software infrastructure. To mitigate this, ATLAS employs
a trigger system that saves a subset of all events that occur in the detector. The
system picks events to save based on the presence of interesting physics topologies,
as can be reconstructed from the various detector signals. This is accomplished using
a two-tiered structure: the first is a hardware based trigger (Level 1 or L1) [226]
that reduces the rate from 40 MHz to 100 kHz, and the second is a software based
trigger (High Level Trigger or HLT) [227] that reduces the rate from 100 kHz to 1

kHz. Figure 4.6 shows the layout of the ATLAS trigger system
The L1 trigger uses information from two subsystems: the calorimeter (L1Calo)

and the muon system (L1Muon). It also uses topological information from the L1Topo
system that combines the inputs from L1Calo and L1Muon to compute event level
information like transverse momentum imbalance. L1Calo uses coarsely segmented
information from the electromagnetic and hadronic calorimeters (Section 4.3) to build
trigger level calorimeter objects that correspond to electrons, photons, taus, jets, etc.
The L1Muon system RPCs and TGCs (Section 4.4) to build muon candidates for
the trigger decisions. The L1 trigger system does, however, lack any tracking related
information since the computation time needed to reconstruct tracks from the hits in
the ID (Section 4.2) exceeds the time the L1 system has to make decisions (roughly
2.5 µs). The triggers at L1 look for a certain number of detector objects that have
properties exceeding some threshold — these thresholds control the data rate that
the L1 system passes on to the HLT.

The HLT system has a decision time of O(1 s), and can use reconstruction algo-
rithms that are closer to offline5 algorithms for higher fidelity reconstruction than L1

5ATLAS reconstruction algorithms are split into two broad categories: online algorithms which
are run in the trigger and are limited by the trigger resources, and offline algorithms which are run
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algorithms. It has access to tracks reconstructed using a fast tracking algorithm on
hits in the tracker in regions of interest identified at L1. It also has access to higher
granularity information from the calorimeters and the muon systems. Additionally,
the HLT can look for heavy hadron decays as well as long lived particles since these
manifest as vertices displaced from the beam axis and can be reconstructed using
tracks. Consequently, the HLT has a high efficiency for most physics processes of
interest as it can look for a myriad of topologies using the HLT objects.

The various triggers used are organised into a trigger menu, which contains the
set of all the trigger objects and their corresponding thresholds. The menu is driven
by the physics objectives of ATLAS and set based on the LHC delivered luminosity
and pile-up [228–231]. The trigger system also utilizes redundancy to ensure that the
efficiency of the system is high for processes of interest; An event can pass multiple
triggers, but only one is required to save the event to disk. Despite its efficacy at
reducing data rates, some triggers require a prescale to keep the data rates within
acceptable limits — implemented by randomly rejecting a known fraction of events,
where the known fraction is then used to correct for the observed luminosity. Fur-
thermore, ATLAS conducts some special runs with exceptional trigger menus, such
as the minimum-bias trigger which saves events with minimal selection criteria but
with a very high prescaling.

The trigger system is evidently fundamental to every analysis, since the detector
sensitivity to the physics process under considering is defined by the trigger efficiency
for that process. For example, the analysis presented in Chapter 5 uses triggers that
look for two muons that are compatible with a Z boson decay since the analysis uses
Z boson associated production of the Higgs boson.

on events that have been saved to disk and are not subject to the resource limitations of the trigger.
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4.6 Object Reconstruction

The next step in the ATLAS analysis pipeline, after an event passes the ATLAS
triggers or is generated using a simulator, is to reconstruct physics objects. This
is achieved by a variety of algorithms, some of which will be detailed in the up-
coming sections. The reconstruction starts at the lowest levels, with tracks being
reconstructed from hits in the ID (Section 4.6.1) and clusters being built from the
calorimeter cells (Section 4.6.3). Tracks are clustered into their corresponding in-
teraction points called vertices, and the primary hard-scatter vertex in the event is
selected (Section 4.6.2). From these objects, electrons, photons, taus, and jets are re-
constructed (Sections 4.6.6, 4.6.7, 4.6.5). Additionally muons are reconstructed from
hits in the muon system along with the ID (Section 4.6.8). Finally, the information
is combined to produce event-level observables such as missing transverse momentum
to account for non-interacting particles such as neutrinos which are invisible to the
detector (Section 4.6.9).

4.6.1 Track Reconstruction

Tracks are trajectories of charged particles in the detector. These are reconstructed
using the hits in the different layers of the trackers in the ID system [232, 233]. Hits
in the tracking layers (pixel layers and SCT layers) are treated as individual three
dimensional space-points using the location of the hit and the geometry of the track-
ers.6 Sets of three collinear space-points from the pixel or SCT layers are then used to
form track seeds, which are then grown into full track hypotheses (track candidates)
using Kalman filtering to account for hits from successive layers [234] — this is an
example of an inside-out algorithm. Each additional hit that gets incorporated to
into the track candidate updates the track parameters and brings it closer to the true
trajectory of the charged particle. Ambiguities in the hit-track matching can arise,
particularly due to hits that may be compatible with more than one track candidate.
These ambiguities are resolved using a machine learning model that can flag clusters

6Clustering is done to merge nearby hits in the layers from the same particle interacting with
adjacent pixels, or to account for more than one particle interacting with nearby pixels.
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likely to have arisen due to more than one track [235]. Track candidates that have
their ambiguities resolved are then extended using the hits from the TRT layers of
the ATLAS tracking system.

Once the track candidates are built, their properties can studied in the context
of the charged particles that corresponds to the tracks. As mentioned previously, the
ID has a 2 T axial magnetic field that curves the trajectories of the charged particles.
The curvature 1

R
of the trajectory is related to the particle momentum p, charge |q|,

and the axial magnetic field B as [184],

1

R
= B

|q|

p
. (4.3)

Therefore, the curvature of the track measures the q/p (charge - momentum ratio) for
the particle, and direction of curvature relates to the sign of the charge of the particle.
Furthermore, the distance of closest approach (impact parameter) of the track to the
beam axis is a useful observable. It is split into the transverse impact parameter
d0, and the longitudinal distance between the origin (nominal collision point) and
the point of closest approach z0. d0 is useful for heavy flavor hadron tagging [236–
238], and z0 is used to cluster tracks into vertices (Section 4.6.2). Additional track
properties include the angular direction of the track after the ID, parameterized using
the angular coordinates ⌘ and �. Figure 4.7 shows the tracks of same-signed charged
particles in an axial field like the ATLAS ID system.

Track candidates, built in the way described above, must pass a set of basic
quality criteria designed to allow tracks that are likely to correspond to real charged
particles that interacted with the ID and with the rest of the ATLAS detector. This
criteria requires the track pT > 500 MeV, since tracks with less pT would not escape
the ID volume, as visualized in Figure 4.6.1. Furthermore, tracks are required to
have a minimum number of hits in the pixel and SCT layers, a maximum number of
missing hits in the pixel and SCT layers, along with a maximum number of ambiguous
hits [239]. Figure 4.8 shows a display from an event that ATLAS recorded in 2015,
where the hits in the ID and the reconstructed tracks have been illustrated.

The resulting tracking efficiency of the ATLAS ID is > 80% [233], and the
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(a) (b)

Figure 4.7: Transverse cross-section of detectors showing the tracks of charged parti-
cles in a 2 T axial field. Figure on the left has various sections of the ATLAS ID barrel
system (Section 4.2) shaded in different colours for illustrative purposes. Tracks with
transverse momenta spanning two orders of magnitude are shown to visualize the
effect on the curvature of the tracks. Figure sourced from [23].

resolutions on the track parameters like momentum (about 1%), d0, and z0 (less
than 200 µm) achieve the system design goals across a range of track parame-
ters [232,239,240]. It is important to note here that the momentum resolution of the
tracks degrades as the track momentum increases, since this results in a less curved
track — higher magnetic fields or larger lever arms (tracking depth) are needed to
recoup the resolution loss at high track momenta [23].
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Figure 4.8: Display of a pp event that ATLAS recorded in 2015. Hits in the various
layers of the ID are shown along with the reconstructed tracks. Figure sourced from
CERN [24].
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4.6.2 Vertexing

Vertices correspond to locations of particle interactions that produce daughter parti-
cles which interact with the detectors. Once tracks are reconstructed with the ATLAS
ID (Section 4.6.1), vertex reconstruction can be done using the set of track candidates
that pass quality criteria [25, 27, 241]. This reconstruction can be done by cluster-
ing tracks using their points of closest approach — the fundamental concept being
that tracks originating from the same interaction all emanate from the same point
in 3D space. Vertices can also be split into two broad categories: Primary vertices
and secondary vertices. Primary vertices correspond typically to tree-level inelastic
interactions (hard-scatter) or soft-QCD interactions that occur within the beamspot
(Gaussian spread of protons in the beams) centered at the nominal collision point
of the LHC beams. Note that interesting physics usually relates to interactions like
tree-level inelastic collisions, which have a much smaller cross-section than soft-QCD
interactions (See Figure 3.4). Secondary vertices correspond to decays or interaction
points of long lived particles that are able to physically separate from the beam axis
during their time of flight but can still be located within the ID volume — these pro-
vide a critical handle for heavy hadron tagging [242]. The performance of the vertex7

reconstruction in ATLAS is summarized in Refs [25,27,241,243].
Primary vertex reconstruction is done by an iterative algorithm (Iterative Vertex

Finder). The algorithm starts by finding the seed for the first vertex and then fitting
for the position of this vertex by iteratively weighting the tracks and deriving the
vertex position from the tracks. Incompatible tracks are then removed, and new vertex
seeds are found with leftover tracks and fit one-by-one till all the tracks are associated
to a vertex. The algorithm also rejects vertex candidates that have fewer than two
associated tracks. When the iterative procedure has converged, a set of vertices with
positions and covariances along with their corresponding set of associated tracks is
returned. The performance of the algorithm can be gauged by studying the efficiency
of reconstructing a vertex as a function of the number of tracks associated to it, as
well as the distribution of �z (distance along beam axis) between pairs of vertices.

7Unless otherwise stated, the terms primary vertex and vertex will be used interchangeably in
the remainder of this text.
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This is shown in Figure 4.9. Note here that the vertex reconstruction efficiency is
> 95% for vertices with more than two tracks (Figure 4.9a). The algorithm also has
a finite z resolution as it fails to reconstruct vertices that are closer than about 1 mm,
resulting in merged vertices that have associated tracks from all the interactions that
have been merged into one reconstructed vertex. Note also that the algorithm can
result in split vertices where the tracks from the same interaction are reconstructed
into two separate nearby vertices. The vertex merging and splitting effects can be
visualized in Figure 4.9b, where the drop in the distribution corresponds to merging
below 1 mm, and the spike close to �z = 0 corresponds to splitting.
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Figure 4.9: (a) Vertex reconstruction efficiency versus number of associated tracks to
the vertex, measured in low µ data and Monte Carlo (MC) simulations. (b) Histogram
of �z values computed over all pairs of vertices in same event, measured in high µ

data and MC. Figures sourced from [25].

As discussed previously (Section 3.3), due to pile-up the expected number of in-
teractions µ > 1 in every event, and therefore more than one primary vertices are
reconstructed by the vertex finding algorithm. The total number of reconstructed
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vertices in the events scales non-linearly with µ due to the aforementioned effect of
vertex merging — the effect grows as the density of interactions grows in the regions
of highest luminosities. The non-linearities can also be attributed to other recon-
struction inefficiencies from several factors [27]. To address the challenges of the IVF
algorithm, especially when µ >> 1, ATLAS has developed a novel adaptive vertex
finding algorithm (Adaptive Multi Vertex Finder) [26] that has better reconstruction
efficiency at high µ as well as better �z resolution (Figure 4.10). The AMVF al-
gorithm enables tracks to have weights in the vertex fits of more than one vertex.
During the course of the convergence of the algorithm, tracks evolve to have non-
trivial weights with only one compatible vertex. Furthermore, the vertex candidates
adjust their positions to compete for the tracks. This new AMVF algorithm will be
the default algorithm that ATLAS uses from Run 3 onwards.
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Figure 4.10: (a) Average number of reconstructed vertices versus the average number
of pp interactions (µ), measured in Monte Carlo (MC) simulations. Note here the
AMVF performance has been shown for the various types of reconstructed vertices,
though only the comparison between AMVF and IVF inclusive efficiency is relevant
here. (b) Histogram of �z values computed over all pairs of vertices in same event,
measured in MC. Figures sourced from [26].

Given that each event has multiple reconstructed vertices when pile-up is present,
the hard-scatter vertex in the event needs to be identified since this is the interaction
of interest that likely passed the trigger and led to the event being saved. The hard-
scatter vertex is generally identified in ATLAS using the

P
p
2

T
, which is the sum
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of the track pT squared over all the tracks associated to a vertex; the vertex with
the maximum

P
p
2

T
in the event is identified as the hard-scatter primary vertex.

All the other vertices and associated tracks are pile-up and typically vetoed in most
physics analyses. This selection picks the hardest interaction in the event, likely
to be the interesting physics interaction that passed the trigger. This is illustrated
in Figure 4.11 where the

P
p
2

T
for various physics interactions is compared with the

minimum-bias data collected during Run 1; Here minimum-bias data serves as a proxy
for soft-QCD pile-up since in the absence of any biasing triggers the cross-section is
dominated by soft-QCD interactions (Figure 3.4).
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Chapter 6 of this thesis covers an extension to the
P

p
2

T
selection criteria that is

better suited for physics interactions with low visible track pT in the detector, where
the jets can be used to identify the hard-scatter vertex. Another exception to this
selection criteria occurs in the analysis of the Higgs boson decays to diphotons and
missing transverse momentum, where the hard-scatter interaction has very low visible
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pT but the diphoton objects can be used to identify the correct primary vertex [244,
245].

4.6.3 Calorimeter Cell Clusters

Energy deposits in the calorimeter cells (Section 4.3) are clustered together using
a topological clustering algorithm [246] to recover the energy deposits of the single
particles that likely sourced the shower and deposits in nearby cells. The clustering
algorithm relies on an estimate of the noise in the cells. The expected noise in a
given cell can come from electronic noise, as well as energy deposits from soft pile-up
interactions. Therefore the expected noise in a cell depends on the location of the
cell (calorimeter layer, ⌘) and the expected number of interactions in the event (µ).
For center-of-mass energy of 14 TeV and µ = 80, this noise can be as low as 50 MeV
for the electromagnetic calorimeter in the |⌘| < 0.5 region, and as high as 10 GeV in
the forward calorimeter for |⌘| > 4.5 [247].

The clustering algorithm starts by assigning cells with energy exceeding 4� above
the expected noise � as seeds. Then, it iteratively grows the clusters around the
seed by including nearby8 clusters that have energy exceeding 2�. Finally the cluster
is grown further to include all nearby cells with positive energy.9 Additionally, the
connected clusters can be split if there are local energy maxima within the clusters.
This procedure results in the final set of 3D topologically connected clusters (topo-
clusters). Each cluster is assumed to be massless when forming the four-momentum,
and is assigned the total energy of the constituents and barycenter angular coordinates
(⌘, �).

The calibration used to correct the energy of each of the the topo-clusters is a
local cluster weighting (LCW) scheme. Based on the electromagnetic versus hadronic
shower likelihood of the entire cluster, a weighted average of the electromagnetic and
hadronic corrections is applied to each cell of the cluster. The corrections account
for energy lost in inactive materials, energy deposited in cells outside the cluster, and
for the differences between the electromagnetic and hadronic calorimeter responses.

8Neighboring clusters if in the same layer, close-by in ⌘-� space otherwise
9Pulse-shape calibrations in the calorimeter cell read out can lead to cells with negative energy.
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After the corrections (weighting) for the cells are determined, the entire topo-cluster
four-momentum is recalculated using the LCW weighted cells.

4.6.4 Particle Flow Objects

Particle flow objects [28] are used at ATLAS to improve the low energy resolution of
objects that utilize topo-clusters (Section 4.6.3). This is done by combining tracking
information from the ID (Section 4.6.1) with the topo-clusters from the calorime-
ters. These particles then deposit energy in the calorimeter and may contribute to
topo-clusters. The particle flow algorithm performs an overlap removal process, by
removing the expected energy deposits of the charged particles from the topo-clusters.
The schematic of the particle flow algorithm is shown in Figure 4.12. The algorithm
iteratively removes the expected energy deposits of the selected tracks from the set of
relevant topo-clusters on a cell-by-cell basis. The output of the algorithm consists of a
set of charged particle tracks, along with the modified and unmodified topo-clusters.
The primary benefit of the particle flow objects at low energies is driven by the en-
hanced momentum resolution for charged particle tracks in the ID as the curvature
in the magnetic field is greater. At higher energies, the topo-clusters have superior
energy resolution since the significance of the energy deposits is large compared to
the stochastic noise floor. Therefore this combination of information from the ID and
calorimeter systems results in objects that provide better overall energy resolutions
— The combination of the information from these subsystems of the ATLAS detector
is also relevant for the work presented in Chapter 6.
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Figure 4.12: Particle flow algorithm flow chart. The algorithm starts with track
selection and concludes when the energy of the selected tracks has been removed from
the calorimeter. The algorithm outputs topo-clusters that have both been modified
and unmodified by the action of the algorithm, along with the charged particle tracks.
Figure sourced from [28].
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4.6.5 Jets

4.6.5.1 Introduction and Definition

Jets are the collimated spray of particles detected in the ATLAS detector as a result
of hadronization of particles as they travel to the detector. These could be sourced
by quark or gluons, which are produced in pp collisions in large numbers; As these
particles travel, color confinement leads to the fragmentation and hadronization of
these partons. Furthermore, massive particles with finite lifetimes may also decay as
they travel to the detector, resulting in the detection of their hadronic products rather
than the massive particles themselves. It is crucial for the physics done at pp colliders
that the properties of the initiating particles or partons are understood from these
hadronic particles that ultimately interact with the detector. Consequently, clustered
objects called jets are introduced to determine the energy-momentum of the initiating
particles from the collimated spray of particles [62, 248–250]. These objects play a
vital role in the analysis presented in Chapter 5, and a novel calibration technique
for jets is introduced in Chapter 7.

Jets are built using sequential recombination algorithms [250] that group a set
of seeds into an output set of jets. The seeds used by jet algorithms can be topo-
clusters (Section 4.6.3), tracks (Section 4.6.1), or particle flow objects (Section 4.6.4).
In the case of the analysis presented in Chapter 5, jets reconstructed using particle
flow objects are utilized. The seeds serve as unit particles10 with their transverse
momentum pT and angular positional coordinates (y,�).11 Figure 4.13a illustrates
the seeds in the y-� plane for a simulated event.

The recombination algorithms cluster seeds into jets in an infrared and collinear
safe manner (IRC safe) [251] — this is done to ensure that (potential theoretically
unbound) soft emissions and (diverging in perturbative QCD) collinear splittings
of particles do not affect the output of the algorithm. These algorithms work by
iteratively combining seeds into a set of jets, based on a distance metric — each step

10Often assigned the mass of a pion for four-momentum operations.
11Note the use of the rapidity y = 1

2 ln E+pz

E-pz
rather than pseudorapidity ⌘. Differences in rapidity

are manifestly Lorentz invariant, whereas differences in pseudorapidity are invariant for massless
particles only.
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of the algorithm combines the closest seeds (or proto-jets) if the distance between
them is below some defined threshold. The conventional kt jet algorithms use the
distance metric

dij = min
⇣
p
2q

Ti
, p

2q

Tj

⌘ �R2

ij

R2
, where �R2

ij
= (yi - yj)

2 + (�i - �j)
2
. (4.4)

Here the exponential factor q, and denominator term R are parameters of the algo-
rithm. Different values of q result in differently built jets; With the setting q = 1

the algorithm is called the kt algorithm [252], with q = 0 it is called the Cambridge-
Aachen algorithm [253], and with q = -1 it is called the anti-ktalgorithm [254].
Note that the anti-kt algorithm is the default sequential recombination jet algorithm
used by ATLAS, implemented using computational streamlining with the FastJet
package [255]. The algorithm typically produces jets with a circular active area or
cachement area [256] with radius R.12 In the case where there are two nearby jets, the
algorithm will produce a circular jet for the higher momentum cluster and a clipped
cachement area for the other. The behaviour of the anti-kt algorithm is illustrated
in Figure 4.13b for a simulated event, where the circular cachement area and clipped
jets can be seen.

The most widely used jets at ATLAS use the radius parameter R = 0.4 (called
small-R jets), and R = 1.0 (called large-R jets). As mentioned above, the R parameter
sets the size of the circular cone of energetic jets, and is chosen to appropriately
capture the decays of the particle or parton of interest. For example, small-R jets are
used for gluon or light quark jets, as these capture about 89% and 95% of the pT of the
initiating particle respectively [250].13 Similarly, the deposits in the electromagnetic
calorimeter from electrons and photons are reconstructed as small-R jets, though in
these cases the shower is typically contained within a smaller cone of radius R =

0.2 [257]. However for electrons and photons, the jets that overlap with the electron
or photon objects are removed using discriminators that use various shower shape

12The area of a jet is estimated using ghost association, wherein the event is artificially populated
with zero momentum ghost particles uniformly in angular space (y,�), and the set of ghost particles
that get associated to a given jet are used to estimate the active area of the jet.

13Gluon jets are wider than light quark jets due to differences in color charge which affects the
hadronization of these particles.
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Figure 4.13: ATLAS simulated event of a di-jet interaction (Pythia8). (a) The topo-
clusters used as seeds in the y-� plane, bins of size 0.04⇥0.03. (b) Active area of the
anti-kt (R = 1.0) jets built using the topo-clusters. The colors indicate the pT of the
jets, and jets below 20 GeV are omitted. High energy hard-scatter jets (in red) are
reconstructed with circular cachement areas, whereas the softer jets from the pile-up
in the event have irregular boundaries. Figures sourced from [29].

information (Section 4.6.6).
Extending beyond the light objects discussed so far and to massive particles,

the choice of the R parameter can be crucial to correctly reconstruct the momenta
and mass of these particles. The angle between the decay products of such massive
particles is approximately given by �R ⇠ 2m

pT
[258]. Small-R jets are used for the

reconstruction of jets resulting from the hadronic of the tau leptons (Section 4.6.7).
Large-R jets are typically used for heavy particles jets such as those arising from W

bosons, Z bosons, Higgs bosons, top quarks, bottom quarks, etc. Jets from heavy
parton decays like bottom quarks contain additional information in the tracks and
clusters inside the jet that help identify the displaced decay vertex of the heavy quarks
and aid in the identification of heavy parton jets [236–238]. The analysis presented
in Chapter 5 uses small-R jets in the study, since these are large enough to contain
the decay products of the massive BSM particle for a wide range of the masses tested
in the analysis.
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4.6.5.2 Calibration

Once the jets are reconstructed using the algorithms described above, their energy-
momenta need to be calibrated to account for the inaccuracies in the reconstruc-
tion [30, 31, 259, 260]. These inaccuracies in the jet properties can arise due to both
in-time and out-of-time pile-up in the event as well as detector inefficiencies, defects,
and non-linearities. The aim of jet calibration is to correct the energy-momenta of the
reconstructed jets to match the corresponding properties of the particle level jets that
would be formed if direct access was granted to the particles after the hadronization
process.

To assist with that, the calibration procedure involves the use of simulations —
there is direct access to the particle level jets (truth jets) since simulation grants access
to the stable particles (c⌧ > 10 mm) directly after the hadronization and before any
detector effects have been applied. Reconstructed jets are matched to truth jets using
a geometric criteria that requires the two objects to be withing some maximum (⌘,�)
distance of each other �R =

p
�⌘2 + ��2.

Additionally, the calibrations are performed using numerical inversion [260–262].
The procedure is described in detail in Chapter 8 of Ref. [262], and will be briefly
discussed below and in Chapter 7 of this thesis.

The general calibration scheme for small-R and large-R jets is similar: the pile-up
contribution to the jet energy is subtracted, the jet four-momentum is calibrated using
Monte Carlo (MC) simulations (Section 4.7), and an in-situ correction is applied to
account for data-simulation differences. The procedures for both small-R and large-R
jet collections are also detailed below.
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4.6.5.2.1 Numerical Inversion For a given task of mapping some reconstructed
observable x

reco to its corresponding true scale x
true, calibration functions can be

broadly learned in two distinct ways.
The first and most intuitive approach is to learn a mapping f : xreco

7! x̂
reco such

that x̂reco = g(xtrue|xreco), under the objective that x̂reco
/x

true ! 1. Here the mapping
f learns some measure of central tendency g of the condition distribution (xtrue|xreco),
such that x̂

reco
/x

true = 1. Note here that the calibration function f becomes prior-
dependent since it relies on the distribution (xtrue|xreco), which is subject to the physics
idiosyncrasies of the sample or simulation used.

The second method learns to map f : xtrue
7! x̂

true such that x̂
true = g(xreco|xtrue)

under the objective that x̂
true

/x
reco ! 1. This mapping is then inverted to give

f
-1 : xreco

7! x̂
reco, and results in a response that is defined as R = g(x̂reco

/x
true|xtrue).

Note here that this method becomes dependent on the distribution (xreco|xtrue), unlike
the previous method. This method of calibration is called numerical inversion.

Calibration using numerical inversion is the standard calibration method used at
ATLAS, since detector effects are well understood and modeled accurately in simula-
tion, and are generally applicable regardless of the physics process being simulated —
these effects correspond to the distribution (xreco|xtrue). In contrast, the (xtrue|xreco)

distribution does depend on the specifics of the physics process being simulated, and
results in a calibration function that in principle is not guaranteed to generally achieve
closure (defined as R = 1) [261,262].

Additionally, the measure of central tendency g that is used for ATLAS cali-
brations is the mode of the distributions. This choice is made to ensure that the
calibration function is unaffected by long tails or thresholds that often exist due to
various experimental effects and constraints in the (xreco|xtrue) conditional distribu-
tions. It is interesting to note that despite the apparent validity of the numerical
inversion method, the choice of g effects the theoretical best closure that the cali-
bration can achieve — Only the median as the choice of central tendency leads to
closure for any f, the mean and mode only lead to closures if f is linear [261, 262].
Consequently, the uncertainty (or resolution) of the calibrated scale using numerical
inversion with the mode can grow if the underlying resolution of xreco becomes larger.
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This makes it essential to build the detector objects with good resolution to ensure
that calibrating those objects will lead to an improvement in the accuracy and not
degrade the precision of the observables.

Jet calibrations at ATLAS utilize numerical inversion by explicitly evaluating
g(xreco|xtrue) in bins of xtrue by fitting Gaussians to the core of the (xreco|xtrue) dis-
tributions, building a parametric map with the values from each bin and inverting
the function to derive the calibration function. In cases where the calibration is also
correcting for the dependence of the observable x on some parameter ✓, the maps
are parameterized and inverted by evaluating g(xreco|xtrue

, ✓) explicitly in bins of xtrue

and ✓. Chapter 7 discusses a method which can perform numerical inversion without
binning, by learning the parameterized g(xreco|xtrue) directly using neural networks.

4.6.5.2.2 Small-R Jet Calibration The schematic of the calibration procedure
for small-R jets [30, 259, 260] is shown in Figure 4.14. The procedure begins by sub-
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Figure 4.14: Schematic of the small-R jet calibration procedure. Figure sourced
from [30].

tracting the soft pile-up contribution to the jet pT by using an estimate of the assumed
uniform pile-up pT density over the whole event ⇢. This is done by taking the median
pT/A over all the kt jets in the event, where A is the area of a jet, and using this as
an estimate of ⇢. Note that the kt algorithm finds soft jets as opposed to the anti-kt
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algorithm, and is an effective tool to measure the pile-up in the event. After this, the
residual dependence of jet pT on the number of reconstructed primary vertices (NPV)
and the mean number of interactions per bunch crossing (µ) are corrected using a
linear fit versus jet pT and subtracted. Figure 4.15 shows the resulting dependence of
jet pT on NPV and µ at various points during the aforementioned three steps. The
corrections applied at the end of this sequence can be summarized as follows [30],
where p

reco

T
is the uncalibrated jet pT, pcorr

T
is the corrected pT, and ↵ and � are the

linear factors:

p
corr

T
= p

reco

T
- ⇢A- ↵(NPV - 1)- �µ. (4.5)
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Figure 4.15: Dependence of jet pT on (A) the number of reconstructed primary
vertices NPV and (b) the mean number of interactions per bunch crossing µ, before
any correction, after the area subtraction, and after the residual linear correction
is applied. The functions are plotted against the detector-level |⌘| of the jets, ⌘det.
Figures sourced from [30].

The next step uses small-R anti-kt jets in Pythia8 MC simulations (Section 4.7)
of dijet events to perform corrections to the jet ET and ⌘, thus affecting the four-
momentum of the jet. The jet energy response before the correction versus E

reco

T
and

⌘
detis shown in Figure 4.16. Truth jets are matched to reconstructed jets in simula-

tions using a �R < 0.3 threshold, while also requiring no truth (reco) jet within �R



CHAPTER 4. THE ATLAS DETECTOR 81

of 1.0 (0.6) of another truth (reco) jet. Numerical inversion is utilized to perform a
correction of the reconstructed jet energy (Ereco

T
). It is performed by binning the jets

in bins of true jet energy (Etrue

T
) and detector-level ⌘ (⌘det), extracting the mode of

the E
reco

T
/E

true

T
distribution (response) by fitting a Gaussian to the core of the distri-

bution, and parameterizing the response as a function of Ereco

T
. Finally the function is

inverted to obtain the jet calibration factor. Additionally, a correction is derived as
the difference between the reconstructed and truth jet ⌘ parameterized as a function
of Etrue

T
and ⌘det, wherein numerical inversion is used to get the correction in E

reco

T

from E
true

T
. Particle flow jets (PFlow) jets corrected with the ⌘ with the jet energy

scale calibrations are considered to be at the PFlow+JES scale, as opposed to being
at the PFlow scale prior to the jet calibration procedure.

Next, the global sequential calibration (GSC) applies a sequence of multiplicative
factors to correct the jet pT and reduce the dependence of the jet pT on a set of
jet features without changing the average jet energy response. These corrections for
jet pT are also derived using numerical inversion and parameterized as a function of
p

reco

T
. The features are six global jet observables such as the longitudinal structure

of the energy depositions within the calorimeters, tracks associated with the jet, and
the activity in the muon chambers behind a jet. For each observable, an independent
jet four-momentum factor is determined as a function of ptrue

T
and ⌘det, and these cor-

rections are applied sequentially to the jet four-momentum. Broadly, these features
make the response similar for quark and gluon initiated jets, reduce the uncertainty
due to the fragmentation model, account for dead material between the two calorime-
ter subsystems, and correct for the effect of hadronic showers punching through to
the muon system. The pT dependence on two of the six features of the GSC is shown
in Figure 4.16.

The method discussed in Chapter 7 presents an alternative way to calibrate observ-
ables while simultaneously accounting for multiple features that effect the calibration.
The novel method is free from binning and utilizes neural networks to perform the
numerical inversion in a general all-encompassing single step.

The final step in the full calibration procedure involves studying the jet response
with respect to a reference object, and correcting for data-simulation differences in
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Figure 4.16: Jet response for small-R jets, to be corrected with absolute MC calibra-
tion, and global sequential calibration. (a) Energy response versus E

true

T
in bins of

⌘
det, for absolute MC calibration. (a) Energy response versus ⌘det in bins of Etrue

T
, for

absolute MC calibration. (c) pT response versus the number of tracks associated with
the jet, for GSC. (d) pT response versus the track width, for GSC. Figures sourced
from [30].
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that with in-situ corrections. The choice of the reference object varies with pT scale
being calibrated and uses the momentum balance in the event to compare with jets.
In-situ corrections are also done sequentially, starting with corrections to make the
energy of forward jets (0.8  |⌘det| < 4.5) match the scale of central jets (⌘det

< 0.8)
using dijet events. Z ! ee/µµ objects are used for the 20 < pT < 500 GeV range, �
objects are used for the 36 < pT < 950 GeV range, and multijet balance is used to
cover the range up to 2 TeV. These sequential corrections are proceeds applied with
the numerical inversion approach.

The uncertainty of the energy scale calibration is evaluated using variations in
the in-situ calibration. The various sources of uncertainty result in over 100 nuisance
parameters that are reduced to about 30 parameters with category reduction — sys-
tematic are grouped in categories and correlations between categories in each jet ⌘-pT

bin are evaluated and used to perform dimensional reduction. Furthermore, the jet
energy resolution is quantified as the width of the Gaussian core fit to the response
distribution, and is evaluated in dijet samples and with in-situ studies. Uncertainties
on the energy resolution reduce to 13 nuisance parameters.

4.6.5.2.3 Large-R Jet Calibration The schematic of the calibration procedure
for large-R jets [31] is shown in Figure 4.17. The procedure begins with large-R jets
constructed using the LCW scale topo-clusters (Section 4.6.3). Large-R jets have a
large cachement area owing to the large R = 1.0 anti-kt radius parameter, and are
susceptible to soft wide-angle radiation inside the jet that is primarily expected to
impact the jet mass for these typically high pT objects. The pile-up subtraction
process (grooming) for large-R jets involves trimming the jets: The jet constituents
are reclustered with the kt algorithm with a radius parameter R = 0.2, and any of
these soft pile-up dominated kt sub-jets with a pT fraction less than 0.05 with respect
to the full jet pT are discarded.

Next come the energy and mass calibrations for large-R jets, which are done se-
quentially in that order. The energy and mass responses for large-R jets before the
calibration are illustrated in Figure 4.18. The energy calibration is derived in bins
of ⌘det in simulation using numerical inversion. After this, the mass calibration is
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Figure 4.17: Schematic of the large-R jet calibration procedure. Figure sourced
from [31].

also derived using numerical inversion, this time in bins of Etrue

T
and ⌘det. Numeri-

cal inversion is used here for similar reasons to the small-R jet calibrations, to avoid
biasing the energy and mass calibrations by the simulation E

true

T
and m

true distribu-
tions. Large-R jets corrected with the energy scale calibrations are considered to be
at the LCW+JES scale, and further jets with the mass scale calibrations are con-
sidered to be at the LCW+JES+JMS scale, as opposed to being at the LCW scale
prior to the jet calibration procedure. Additionally, the combined mass for large-R
jets is composed of a weighted sum of the (independently calibrated) masses derived
from the topo-clusters (mcalo) and the mass derived from the ghost-associated tracks
(mtrack) [263,264].

The neural network assisted jet calibration procedure discussed in Chapter 7 is
derived for large-R jets, and conducts the calibration of jet energy and mass simul-
taneously while also taking into account ⌘det as an observable that impacts the cali-
brations. The flexibility of the method to account for jet observables that impact the
calibration can lead to the absolute MC based calibration step for large-R jets to also
account for a variety of features like the GSC does for small-R jets.
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Like the case of small-R jets, the large-R jet calibration process involves study-
ing the jet pT response with respect to a reference object, and correcting for data-
simulation differences in that with in-situ corrections. In-situ corrections are also
done sequentially, starting with corrections to make the energy of forward jets match
the scale of central jets using dijet events. Z objects are used for the 200 < pT < 500

GeV range, � objects are used for the 500 < pT < 1000 GeV range, and multijet
balance is used to cover the range up to 2.5 TeV. These sequential corrections are
proceeds applied with the numerical inversion approach.

Likewise in-situ corrections for the jet mass are also derived in two ways. Firstly,
the ratio of the two jet masses mcalo to m

track can be compared in data and simulation
and differences can be corrected. Secondly, forward folding [265] is used to compare
the distribution between data and simulation and derive a correction based on any
differences, using tt̄ events where one hadronically decaying top quark large-R jet mass
can be calibrated with the mass of the semileptonically decaying other top quark.

For large-R jets, the energy and mass resolution are not calibrated. Uncertainties
are applied in analyses that use these objects to take data-simulation differences into
account, and depends on the kinematics of the jets etc.

It is important to note here that ATLAS has recently introduced a new type
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of jet input object, called a unified flow object (UFO) [266]. This object combines
calorimeter and ID signals, like particle flow objects, to improve performance across
a wide kinematic range. Consequently new large-R jet definitions are derived using
these UFO objects, which improve on the ATLAS baseline large-R jet definition that
uses LCW topo-clusters, as detailed in Ref. [266]. This novel jet collection will not
be discussed here, and is not used in the study presented in Chapter 7, though the
benefits of the method proposed in the chapter are equally applicable to the newer
jet collection.

4.6.5.3 Pile-up Tagging

The jet reconstruction procedure can form jets that are entirely pile-up initiated [245,
267, 268]. These pile-up jets could be a result of local fluctuations in the soft par-
ticle noise from the other interactions, or from other hard-scatter interactions other
than the interaction of interest. It is vital that these pile-up jets are excluded from
analyses that are studying the physics from the hard-scatter interaction of interest.
Therefore ATLAS uses a dedicated jet vertex tagger (JVT) that combines tracking,
vertexing, and jet and variables in the event into a score that is indicative of the jet
being associated to the hard-scatter primary interaction [245]. JVT is effective in
the central region (|eta| < 2.5), but suffers in the forward region due to the lack of
tracking information beyond |eta| > 2.5. However, forward QCD pile-up jets can be
identified by using momentum conservation in the pile-up interaction that produced
the QCD pile-up jet — the vector sum of the transverse momentum associated to the
corresponding pile-up vertex will balance against the jet momentum. The forward
JVT (fJVT) is the algorithm that is used by ATLAS to identify such forward QCD
pile-up jets using the momentum balance topology [269,270].
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4.6.6 Electrons and Photons

Electrons and photons are reconstructed [257] using the ATLAS ID (Section 4.2) and
calorimeter system (Section 4.3). In the electromagnetic calorimeter, electrons and
photons have similar shower patterns as discussed in Section 4.3. These calorimeter
signals are combined with tracks from the ID to reconstruct these particles.

For electrons, single tracks form the primary vertex are matched to a cluster of
cells in the electromagnetic calorimeter. For photons, either no tracks or a pair of
tracks starting from a secondary vertex in the ID are matched to clusters in the
electromagnetic calorimeter.14 The topo-clusters used as seeds for this procedure are
required to have more than half of their energy in the electromagnetic calorimeter ver-
sus the hadronic calorimeter, along with threshold on their energies. The topo-cluster
seeds are grown into super-clusters of size �⌘ ⇥ �� = 0.075 ⇥ 0.125 by combining
nearby compatible clusters. The track-cluster matching is done by extrapolating the
tracks to the calorimeter volume and checking for compatibility in the angular ⌘-�
space.

The identification of electrons and photons is assisted by shower shape variables,
and information from the TRT, that help determine if the deposits in the electro-
magnetic calorimeter, the transition radiation etc are consistent with electrons or
photons. Multivariate likelihoods are formed by combining various these features and
used to identify electrons [271], photons, and distinguish them from hadronic showers.
Various electron/photon identification working points are derived based on different
signal efficiency - background rejection levels, and are chosen by analyzers based on
the specifics of the corresponding physics analyses.

The efficiency of reconstructing electrons and photons are evaluated in data using
Z ! ee and J/ ! ee events (for electrons [272]) and Z ! ee� and Z ! µµ� events
(for photons [273, 274]). The calibrations of the electrons and photons [275, 276] are
also evaluated in data with these same samples. The data-simulation differences in the
efficiency and calibration are corrected, and uncertainties on these in-situ corrections
are applied as systematic uncertainties on simulated events.

14A photon, if it gets converted to an electron-positron pair within the ID volume, will have a
signature of two tracks that can be matched to a secondary vertex.
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4.6.7 Taus

Tau leptons decay hadronically roughly 2/3 of the time, and to electrons or muons
with neutrinos roughly 1/6 of the time [1]. The leptonic decay is prompt — the lighter
leptons travel to the detector from the primary interaction point. Therefore the tau
leptonic channel has a signature in the detector that is identical to an electron or
muon traveling to the detector from the interaction as the neutrino does not interact
with the detector. Consequently, the hadronic channel is vital to tau reconstruction
in the ATLAS detector.

In the hadronic decay channel, taus decays have one charged pion about 80% of
the time, and three charged pions roughly 20% of the time. Thus tau reconstruction
and identification in ATLAS [277–280] involves jets with uniquely narrow shower
substructure. A boosted decision tree that combines various calorimeter and tracking
features such as fraction of electromagnetic energy, jet mass, jet width, etc., is used
to identify taus and discriminate from electrons and jets.

The tau jets are calibrated to the correct visible energy scale in a similar way
to the usual jet calibration (Section 4.6.5.2) procedure. The tau identification and
calibration are evaluated in data using Z ! ⌧⌧ events (tag-and-probe), whereby
the differences between data-simulation are corrected and uncertainties on the in-
situ corrections are applied as systematic uncertainties on simulated events. Note
here that tag-and-probe corresponds to identifying the event using the joint invariant
mass of the two taus and one of the taus decaying to muons to identify the event,
then measuring the efficiencies on the other tau.
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4.6.8 Muons

As mentioned previously, muons do not interact with the calorimeter volume and are
hence reconstructed from charged particle hits in the muon system [281, 282]. This
reconstruction benefits from the fact that most charged particles decay within the
calorimeter volume, with the exception of any leakage from the hadronic calorimeter,
and therefore muon identification is very efficient. The muon charged particle track
reconstruction makes use of tracks from both the ATLAS ID as well as the muon
system layers. Track segments are first built in the muon layers and combined to
form muon candidates, which can then be re-fit with candidates built from the ID
hits — for muons that fall outside the angular acceptance of the ID, muon candidates
are built solely from the muon system hits. The muon building procedure can happen
using track candidates that built from the muon layers first, then associated with the
candidates from the ID, or vice versa.

The issues of reconstructing muon candidates that do not correspond to real muons
is an important one, and is dealt with in a variety of ways. The primary handle on
muon identification is the compatibility of the track candidates from the ID and muon
systems, such as consistency in the charge to momentum ratio, etc. Furthermore,
determining whether the particle originates from the primary vertex or a secondary
vertex is a good handle on muon that were produced from secondary decays. Together,
these properties of the muon candidates can help distinguish true muons from cosmic
muons or muons produced due to the decay of charged hadrons in the ID. The various
muon properties are combined into several working points that can be used by the
physics analysis teams to select muons with an appropriate muon reconstruction and
identification efficiency. Additionally, analyses can also require muons to be isolated
in the detector from other objects, such as electrons, photons, or jets.

As in the case for the other objects discussed so far, the reconstruction, identifica-
tion, and isolation efficiencies for muons can be estimated in simulation samples and
validated using the appropriate data sets. For muons, the Z ! µµ events are used
— The join invariant mass of the two muons is used to identify the event along with
one of the muons, and the second muon is tested for efficiency measurements (tag-
and-probe). The differences between the muon identification efficiency between data
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and the simulated samples is corrected for — Systematic uncertainties corresponding
to this correction are provided to analyses.

4.6.9 Missing Transverse Momentum

In addition to all the objects that ATLAS can reconstruct, detailed in Sections 4.6.6 -
4.6.8, there are non-interacting particles like neutrinos that do not leave any signature
in the detector. It is however vital that the momentum carried by the non-interacting
(invisible) particles in an event is reconstructed to allow for the study of such events
and derive physics inferences using the kinematics of the event. The reconstruction of
this missing momentum [283,284] — more specifically missing transverse momentum
(Emiss

T
) — relies on the conservation of momentum and the fact that the momentum

in the transverse direction should add up to zero. Note here that the longitudinal
direction is not useful since the exact balance of the longitudinal momentum in the
primary interaction is not known.

E
miss

T
is the magnitude of the vector Ē

miss

T
, which in turn is calculated as the

negative sum of all the vector momenta of the reconstructed objects in the event.
The total vector sum of momenta in the event is split into two broad terms: the
hard term, and the soft term. The hard terms comprises of the vector sum of all the
reconstructed object momenta, and includes contributions from electrons, photons,
muons, hadronically decaying taus, jets. The soft term comprises of the vector sum
of all the tracks that are associated with the primary vertex, but not associated to
any of the reconstructed objects listed above.

In the hard term, overlapping objects are vetoed by following a hierarchy of pri-
ority; The order is defined by the precision of the objects. As an example, jets are
removed from the sum if they are found to be overlapping photons or electrons, and
only small-R jets are used since they would be overlapping with large-R jets. The
hard term is meant to account for the momenta originating form the hard scatter
primary interaction, therefore pile-up rejection techniques are crucial in making sure
that no objects from pile-up interactions are included in the sum. Furthermore, the
calibration of each object improves the resolution of the hard term.
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The soft term estimates the contribution to E
miss

T
that comes from activity outside

the standard reconstructed objects. This is estimated using all the tracks in the event
that are not associated with any of the reconstructed objects but still come from the
hard scatter primary vertex. This term is the subdominant term since by construction
most of the activity is taken into account by the hard term. By adding the vector
momenta of the unassociated hard scatter tracks, the soft term is accounting only for
charged particles and ignoring the contribution from neutral particles. However, the
neutral contribution to the sum is expected to cancel on average due to the azimuthal
symmetry of the charge–neutral fluctuations. Since the soft term relies on tracks, it
is robust to pile-up since tracks from vertices other than the hard scatter vertex can
be readily vetoed.

Differences between data and simulation in E
miss

T
for Z ! ee/µµ events are eval-

uated, and can be applied as systematic uncertainties in analyses that use E
miss

T
.

4.7 Simulations

Simulations form a key component of the ATLAS analysis pipeline. While these
do not constitute a physical component of the experiment, they are vital to most
measurements performed with the detector. Simulations help tune the reconstruction
algorithms to improve the reconstruction efficiency and benefit the physics yield of
the detector. This is directly relevant to the reconstruction algorithm discussed in
Chapter 6. Simulations also help us quantify the effect of the various measurement
devices and how they relate to the properties of the interacting particles. This plays
a crucial role in deriving the calibrations for the various object observables, and is the
focus of Chapter 7. Additionally, simulated events are also used to understand how
sensitive the detector is to particles and interactions following from new hypotheses.
This is the case for the analysis presented shown in Chapter 5. Simulations can
also be used to model the various backgrounds that might affect an analysis. While
simulations are not used to estimate the background in the analysis presented in
Chapter 5, they are used to correct for residual effects and estimate various sources
of uncertainties.
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Simulations of physics interactions are done using a series of Monte Carlo (MC)
simulation programs that each target a step of the interaction-to-detection chain [285].
The simulation process is simplified since the length scales spanning the full simulation
range from 10

-20 m to O(10 m). Since physical laws factorize, simulating physics at
a given length scale depends only on the physics at the next smaller length scale.
Therefore the full simulation can be done sequentially, and the factorization can be
realized using Markov Chain MC. Due to the relative rarity of interesting physics
processes (Figure 3.4), only events from a specific tree-level pp interaction (hard-
scatter) are simulated rather than the inclusive set of physics processes that occur
during pp interactions.

The simulation chain starts with matrix element calculations that generate parti-
cles at the parton level that are the result of the interaction following the pp collision.
These calculations first get the initial particles produced from the inelastic collision of
the constituent partons in the colliding protons. Then the parton showering simulator
generates the partons that are produced as the particles approach the hadronization
scale O(GeV) due to radiation. These generators typically specify what fixed order
in ↵s the calculations are being carried out perturbatively, like leading order (LO),
next-to-leading order (NLO), etc. Common generators include Pythia [286, 287],
Sherpa [288], and Herwig [289,290], and may use Powheg-Box [291,292] (in the
case of Pythiaand Herwig) to interface between the matrix element calculator and
parton showering simulator. Analyses typically use one generator as the main physics
simulator for the study, and one or more generators to estimate the theory modelling
uncertainties. In the case of the analysis presented in Chapter 5, Pythiais used
as the primary generator and Sherpais used to form a two-point systematic [293]
to estimate the background modelling uncertainties. Additionally Herwigis used to
form a two-point systematic to estimate the signal modelling uncertainty where possi-
ble. In the calibration study presented in Chapter 7, calibration results are presented
for all three generators to understand the performance of the method as the theory
modelling is varied.

The next step is to simulate fragmentation and hadronization — the process that
converts partons to hadrons. The generators discussed above use phenomenological
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models tuned to collected data, like in Ref. [294]). The generators are thus specified
by their particular hadronization tune. It should be noted here that this reliance on
data is necessary since fragmentation and hadronization are not fully described by
fundamental theory yet.

While simulation of the hard-scatter interaction has been discussed so far, the
aforementioned generators are also be used to generate the pile-up (concurrently oc-
curring pp inelastic interactions) [295] which are then overlaid on top of the simulated
hard-scatter interaction. This is done with the appropriate pile-up conditions (aver-
age number of interactions) expected in the events. Out-of-time pileup is modeled
similarly with offsets in time to account the signal processing delays. Additionally
the generators are also used to simulate the soft interactions of the partons in pp col-
lisions (underlying event) using phenomenologically driven parton distribution func-
tions [296].

Simulations of Heavy flavored hadrons are handled with specialized programs like
EvtGen [297].

By this stage in the simulation chain, the final state particles that interact with the
detector have been generated. The next step, therefore, is to simulate the interactions
of these particles with the detectors and digitize the appropriate observables. This
is done by processing the particles with the full ATLAS simulation toolkit, which is
a modelling of the detector in Geant [298]. This accurately models the response of
the detector to these particles and generates detector signals in the same way that
the detector would when recording real data. The resulting detector level information
is used to reconstruct the properties of the particles (Section 4.6) so as to undo the
effect of the detector and study the physics of the hard-scatter interactions of interest.



Chapter 5

A Search for Exotic Higgs Boson

Decays to Four Gluons Using the

ATLAS Detector

A novel search for exotic decays of the Higgs boson to four gluons via coupling to
a new light (pseudo)scalar is presented in this Chapter. The final state targeted is
H ! aa ! gggg, where the Higgs boson is produced in the ZH production channel,
and the Z boson decays to two muons. The mass range for the (pseudo)scalar (a)
searched in this analysis ranges from 0.5 GeV to 16 GeV, and the scalar is assumed
to decay promptly to two gluons with a 100% branching ratio. A variety of machine
learning techniques are used to perform this search, and a custom machine learning
tagger has been developed by the Author to identify the signal H ! aa ! gggg

events, which is detailed in Ref. [32]. Additionally, the tagger uses an automated
decorrelation method that enables the estimating of the background using the ABCD
method. The analysis uses the full Run 2 data collected by ATLAS during the 2015-
2018 data taking period, amounting to an integrated luminosity of 139 fb

-1, and is
targeted for a full publication in Fall 2022. In the Standard Model hypothesis, the
analysis will set the first competitive upper limits for the branching ratio of the Higgs
to four gluons via new scalar couplings for the light scalar masses (0.5 – 2 GeV).

94



CHAPTER 5. A SEARCH FOR EXOTIC HIGGS DECAYS 95

5.1 Introduction

As introduced in Chapter 2, there are many limitations of the Standard Model that
prompt searches for new physics beyond the Standard Model. At the Large Hadron
Collider, these searches have focused on the Higgs boson after its discovery [47, 48]
since carefully studying and characterizing the properties of the Higgs boson could
reveal new BSM physics. A particularly interesting avenue of research focuses on
rare and exotic decays of the Higgs boson, since existing constraints on the Higgs
branching ratios still allow for non-trivial coupling of the Higgs boson to new physics
— Global fits to the Higgs properties and decays constrain the Higgs branching ratio
to undetected physics to less than 19% at 95% confidence level [299]. Therefore, BSM
physics that couples to the Higgs with a branching ratio less than 19% is a viable
target for searches for new physics.

Consistent with the above insight, there are several BSM physics models that lead
to exotic decay modes of the Higgs bosons. These models aim to alleviate some of the
issues with the SM discussed in Chapter 2, such as the matter anti-matter asymmetry
of the universe, existence and constitution of dark matter, the naturalness of the Higgs
boson mass, etc. Consequently, effort has been taken to systematically search for
Higgs boson decays to a variety of final states, such as H ! 4` for ` 2 {e, µ} [300–302],
H ! 2µ2⌧ [303–305], H ! 4⌧ [304], H ! 2b2µ [306, 307], H ! 4b [308, 309], and
more [310].

Despite the extensive coverage of Higgs final states, one that is entirely unexplored
is the all-hadronic H ! 4g final state, which involves the decay of the Higgs boson
to four gluons via coupling to a new scalar or pseudoscalar a. This channel is backed
by strong theoretical motivation [73], as briefly outlined in Section 2.6, and expanded
upon below. In some two-Higgs doublet models (2HDM), the a ! gg decay can be
the dominant mode in a variety of scenarios. For example, in the scenario where the
a is very light (ma < 2m⌧), this could be due to kinematic suppression to other decay
modes. If the a is not light, the coupling to down-type quarks and charged leptons
can still be suppressed if the ratio of the vacuum expectation values of the two Higgs
doublets, tan� << 1. In a separate model, the presence of a new BSM heavy vector
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fermion that couples to the scalar could allow for a ! �� or a ! gg decays via
quantum loop-induced processes. Additionally, several models that strongly motivate
new BSM particles coupling with large branching ratios to di-photons (e.g. 750 GeV
di-photons [311]) also motivate a large branching ratio to di-gluons in a different
region of the model parameter space. Furthermore, models that do not have a di-
photon component can still motivate the di-gluon decay, like models with warped
extra dimensions [312]. It is therefore evident that the 4g channel is theoretically
well-motivated, and requires a dedicated search.

From the perspective of the research presented here, the 4g channel is searched
for in a model agnostic manner across a range of scalar masses. The phenomenology
of the H ! aa ! 4g final state depends strongly on the mass of the scalar, ma.
In the case of ma & mh/2, the final state will have four resolved low momentum
jets, which is especially hard to identify at the LHC given the enormous rate of low
momentum jet production. Additionally, for a ⇠ few ⇥ m⇡, the scalar decays into
exclusive final states with some small number of hadrons. Consequently, this analysis
will target an intermediate mass regime, wherein the a is light enough to ensure that
the Lorentz boost in the laboratory frame collimates the decay products into a single
jet. Furthermore, the a decay is assumed to be prompt in this analysis.

Due to the final state containing two of these di-gluon jets, identifying these jets
is a crucial part of this analysis and enables the identification of the H ! aa ! gggg

event as a whole. This is enabled by the use of deep neural network based on the
particle flow networks [313, 314] that utilize every track inside the di-gluon jets to
learn the substructure contained inside these unique objects.

To handle the issue with the trigger bandwidth that would be otherwise associated
to a generic search with low momentum jets, this analysis makes use of the associated
production ZH for triggering, where the Z decays into muons. The requirement that
the two muons in the event reconstruct the Z boson mass mitigates some of the
background that affects this analysis, leaving the Z+jets background as the dominant
background that requires modeling — This is a difficult to background to model,
which leads to a preference of data driven background estimation techniques. In
this analysis, an extension of the data-driven ABCD method is used to estimate the
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background rates [33, 315], assisted by machine learning.
The combination of the above listed techniques enable the search to achieve sen-

sitivities to the four gluon decays with branching ratios that are near existing global
fit bounds.

5.2 Event Samples

5.2.1 Data

The analysis presented here is performed using data from pp collisions delivered
by the LHC with

p
s = 13 TeV to the ATLAS detector, in the 2015–2018 data

taking period. The total integrated luminosity of the dataset is 139.0 fb
-1 with an

uncertainty of 1.7%, for data that clears the ATLAS data quality checks that ensures
that the data was collected during nominal functioning of the equipment [2]. Note
that data that clear these quality checks are part of the ATLAS Good Runs List.
The total integrated luminosity of cleared data per year of data-taking is listed in
Table 5.1.

Year Integrated Luminosity (fb-1)
2015 3.21
2016 32.99
2017 44.31
2018 58.45

Total 139.0

Table 5.1: The integrated luminosity of the data collected each year of the Run 2
data-taking period. The luminosity shown here corresponds to the data that clears
the ATLAS data quality checks [2].

5.2.2 Simulation

Monte Carlo (MC) simulations are used to develop the analysis techniques and test
the analysis selection methods. Details about MC simulations used in ATLAS can
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be found in Section 4.7. The nominal background Z ! µµ + QCD jets and sig-
nal H ! aa ! gggg process are modeled using Powheg-Box v2 [291, 292, 316]
integrated with Pythia 8.2 [287, 317] using the AZNLO [318] set of tuned param-
eters and the NNPDF3.0nlo Parton Distribution Function (PDF) set [319] for the
signal and the CT10NLO PDF set [296] for the background. The matrix elements
for the signal use GoSam [320] and the MiNLO procedure [321, 322] for merging
with the parton shower. Systematic uncertainties of the background are evaluated
with an alternative background sample using Sherpa 2.2.11 [323]. In this set-up,
NLO-accurate matrix elements for up to two jets, and LO-accurate matrix elements
for up to five jets in the five-flavour scheme are calculated with Comix [324]. The
b- and c-quarks are treated as massless at matrix-element level and massive in the
parton shower. Virtual QCD corrections for matrix elements at NLO accuracy are
provided by OpenLoops [325–328]. The Hessian NNPDF3.0nnlo [329, 330] PDF set
is used for the 2.2.11 configuration. The invariant mass of the charged leptons is
required to be larger than 40 GeV for the Sherpa sample, and larger than 60 GeV
for the Powheg+Pythia sample. Additional details of the Sherpa 2.2.11 sample
can be found in Ref. [331].

Six signal masses for the BSM scalar were evenly sampled in the range [0.5, 16] GeV
on a logarithmic scale (powers of two), and simulated using AF3. Basic validation
plots for these signals can be found in Appendix A.1.

All MC samples were processed through the full ATLAS detector simulation [332]
pipeline based on Geant4 [298]. The pileup conditions matching the 2015–2018 data-
taking period are simulated by overlaying minimum-bias events on the hard-scatter
process. The minimum-bias are generated with Pythia 8.186 using the A3 set of
tuned parameters [333] and the NNPDF2.3lo PDF set. Unless stated otherwise,
background MC samples refer to Z ! µµ + QCD jets samples integrated with Pythia.
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5.3 Event and object selection

The object reconstruction and jet labelling are described below:
PFlow Jets: Particle flow (PFlow) jets are constructed with the anti-kt algo-

rithm [334] as implemented in FastJet [255] using the radius parameter R = 0.4, using
charged constituents associated with the primary vertex and neutral constituents as
inputs [335]. The jet energy is then corrected for overlapping proton-proton collisions
(pileup) and calibrated [30] using MC simulations and data. The jets used in this
analysis are required to have transverse momentum pT > 20 GeV and |⌘| < 2.5. The
Jet Vertex Tagger (JVT) discriminant [336] is used to reject jets that do not originate
from the hard-scatter vertex through the use of tracking and vertexing information
for jets with pT < 60 GeV and |⌘| < 2.4. Overlap removal between leptons and jets
is applied using the standard overlap removal tool.

Truth jets: Truth jets in simulated events are made using truth information
from the event record of the MC generator. Stable particles with proper lifetimes
c⌧0 > 10 mm are clustered into these jets using the same clustering algorithms and
R = 0.4 as for detector-level jets. Particles such as muons and neutrinos which do not
leave significant energy deposits in the calorimeter are excluded. Taus are included,
however these are not tagged as quark or gluon jets and therefore do not affect the
di-gluon jet tagging study presented here.

QCD Jet Quark-Gluon / Signal Di-gluon labeling: The labeling of the
background QCD jets as originating from either a quark or gluon in simulation is
done by geometrically matching the PFlow jets with truth jets. If the truth jet
geometrically closest to the PFlow jet has pT > 10 GeV and is found within �R = 0.3

of the PFlow jet’s direction, the PFlow jet is assigned the label of the truth jet.
Truth jets are labeled using the highest energy parton within the jet cone from the
MC event record. While quark/gluon labeling is not unique [337, 338], the simple
procedure used here is useful for building an intuition for the performance of the
di-gluon tagger (this information is not used for the final statistical analysis). In the
signal samples, jets are labeled as di-gluon jets if they match within �R = 0.4 with
an a boson from the MC event record.
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Tracks: Tracks are reconstructed from energy deposits, or hits, in the inner
detector system [63] and are required to pass a quality selection: each track must
have at least 7 hits in the silicon layers (pixel and silicon microstrip tracker, including
dead pixels), less than three missing hits in the silicon layers, less than two missing
hits in the pixel detector, less than two hits shared by multiple tracks, at least one
hit in the pixel detector, pT > 500 MeV and |⌘| < 2.5 [239]. Tracks are associated
with the primary vertex, defined as the reconstructed vertex with largest

P
p
2

T of
the associated tracks [27]. Tracks are associated to jets if �R(track, jet) < 0.6. This
is larger than the jet clustering radius parameter to improve performance for higher
mass a bosons.

5.3.1 Event Selection

The event selection is outlined in Table 5.2. It is primarily designed to reject back-
ground events in favour of the (Z ! µµ)+jets signal process. Following the selection,
contributions from processes other than strong Z+jet production are negligible1 2.
The various criteria are discussed in more detail below.

5.3.1.1 Event requirements

The first requirement is that the event must be a part of the ATLAS Good Run Lists
(GRL), as discussed in Section 5.2.

Secondly, the events must pass event cleaning, which removes events that:

• Contain errors in the data collected in the LAr calorimeters
• Contain errors in the data collected in the tile calorimeters

1The same event selection as Ref. [339] is followed, where this was explicitly validated, albeit
at higher p

µµ
T . Much of the text in this and other sections related to the setup is adapted from

Ref. [339].
2Furthermore, since the background estimation here is data-driven to first order, the effects of

background composition are weak. To second order, however, since the ABCD closure is used for
Z+jets as proxy for the MC background closure, a check could be performed to ensure that the
closure is small for the non Z+jets background processes. These processes are a few percent effect
at most following Ref. [339] and even a 100% non-closure from them results in an approximately
2-5% relative uncertainty.
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Event Selection Description
Good Runs List Event must be part of GRL
Event Cleaning No LAr, tile calorimeter, or tracker errors. Event is complete.
Trigger Single muon trigger:

HLT_mu20_iloose_L1MU15_OR_HLT_mu50 (2015)
HLT_mu26_ivarmedium_OR_HLT_mu50 (2016-18)

Primary Vertex NPV � 1

Muons Nmuons � 2

Opposite charges
Pass TTVA recommendations for muons
81  mµµ(GeV)  101

Jets Njets � 2

Pass JVT and overlap removal
pT > 20 GeV and |⌘| < 2.5
mjj < 2µmjj|ma , µmjj|ma shown in Fig. 5.9

Table 5.2: Overview of the applied event selection.

• Contain errors in the silicon tracker data
• Are incomplete due to a restart of the trigger, timing and control system
• Fail the Loose event cleaning requirement. This is also applied to MC samples.

Additionally, it is required that the event in question have at least one primary
vertex.

5.3.1.2 Trigger requirements

Events are required to pass an unprescaled single muon trigger, as outlined in Ta-
ble 5.2. The recommended trigger is dependent on the year in which the data was
taken (or the year of the corresponding Monte Carlo sample).
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5.3.1.3 Dimuon system requirements

The event is required to have at least two muons of opposite charge, with a dilepton
mass between 81 GeV and 101 GeV in order to ensure the muons originate from a Z

boson.
Additionally, the muons must pass track-to-vertex association (TTVA) recommen-

dations as follows:

• |dBL

0
significance| < 3

• |�zBL

0
sin ✓| < 0.5mm

where BL stands for beamline, and d0 and z0 represent the point along the track with
the closest approach to the beamspot.

5.3.2 Corrections to Monte Carlo samples

5.3.2.1 Pileup reweighting

When a given MC event is produced, the average interactions per bunch crossing,
µ, is an assigned parameter that determines how many pileup interactions are to be
overlaid. It is important that the pileup modeling of the simulated samples corre-
spond to data, therefore each MC event is assigned an event weight such that the µ

distributions agree.
The PileupReweightingTool uses the µ and the MC event along with the lu-

minosity of the corresponding data in the same run number to determine the pileup
weight to be applied to the event. This requires that both the µ distribution for the
specific MC sample is available to the tool, as well as the files used to calculate the lu-
minosity for the data. As an unprescaled trigger is used in this analysis, the centrally
produced lumicalc files corresponding to the GoodRunsLists in Section 5.2.1 are used.
Configuration files for the tool for each MC sample are also provided centrally. The
pileup weight is then multiplied with the MC event weight in order to correct the µ

distribution.
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The tool also provides a scaling correction for data. The pileup simulation for a
given µ value is known to be too hard, therefore the µ distribution of the dataset is
scaled towards lower values to account for this.

5.3.2.2 Trigger scale factor

There are differing trigger efficiencies between data and MC simulation, thus a cor-
rection in the form of a scale factor applied to the event weight is necessary for MC
events. The triggers used in this analysis are outlined in Section 5.3.1.2.

5.3.2.3 Muon scale factors

Muon scale factors related to reconstruction efficiency, isolation efficiency, and track-
to-vertex (TTVA) efficiency are derived from J/ and Z events using the tag-and-
probe method for muons in the central region. The resulting scale factors are applied
to the event weight in the same way as the trigger scale factor.
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5.4 Analysis Strategy

5.4.1 Overview

The analysis proceeds in the following steps:

1. Construct a parameterized reweighting function using the mjj sideband to make
the simulation match the data as close as possible. The reweighting is done using
all of the tracks inside the jets, as this is the phase space that will be used to
train the signal-versus-background classifier. See Section 5.4.3.2 for the impact
of this reweighting.

2. Train a classifier to distinguish simulated signal from the reweighted background
in step one. Even though the reweighting function is only constructed in the
mjj sideband, it can be interpolated into the signal region to be applied ev-
erywhere. The classifiers are trained to be independent of mjj so that we can
later apply the ABCD method. A hyperparameter � trades off the classification
and decorrelation performance. We train multiple classifiers, one for each signal
mass point and one for a set of � values.

3. For each mass point, select a classifier and classifier working point to maximize
the expected sensitivity. In particular, we scan window cuts on mjj and thresh-
old cuts on the classifier so that the S/

p
B in the signal region is highest. We

only consider points where the ABCD closure (defining the non-signal regions
by inverting the cuts on the classifier and mjj) is sufficiently good.

4. Estimate the background in the signal region (A) using an ABCD method, using
Monte Carlo to estimate the uncertainty from the non-closure. The non-signal
regions (BCD) are used to estimate the number of background events in the
signal region (N 0

A
= NB⇥NC/ND where D is diametrically opposite to the signal

region) which is then multiplied by the ABCD closure (NMC bkgd
A

/N
0 MC bkgd
A

)
derived from the Monte Carlo background events.

5. Systematic uncertainties on the signal are estimated by varying some aspect
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of the simulation (e.g. the tracking performance) and recomputing the signal
yield.

6. Perform the final hypothesis tests, one per signal mass point.

The remaining subsections will describe steps (1) - (3) in more detail. Section 5.4.2
will highlight some of the key the differences between quark/gluon jets and di-gluon
jets. Then, Section 5.4.3 describes the machine learning for both (1) and (2). The
tagger performance is presented in Section 5.4.4, which also includes how (3) is per-
formed.
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5.4.2 Di-gluon tagging

Di-gluon jets are expected to have distinct characteristics when compared to QCD
quark / gluon jets. Firstly consider the fact that the signal jets are produced in pairs;
the signal H ! aa ! gggg produces a pair of di-gluon jets which are connected
by the Higgs resonance. This stands in contrast to the background QCD jets which
are constrained by no such resonance. Figure 5.1 presents the invariant mass of the
leading two jets using the MC simulation samples. All of the signal samples have an
mjj peak near the Higgs boson mass (125 GeV) while the background is smooth and
steeply falling beyond about 50 GeV. In the limit of small ma, a single R = 0.4 jet
is slightly larger than needed to capture the a decay products and the peak is well
localized just above 125 GeV. However, for larger a masses, the R = 0.4 jets are not
able to capture all of the decay products and so the peak broadens and shifts to lower
values. Properties of the radiation pattern within the a ! gg jets are explored in
further detail below.

0 50 100 150 200 250 300

Pjj LHaGLnJ JHtV [GHV]

0.000

0.005

0.010

0.015

0.020

0.025

0.030

1
or
P
al
L]
HG
 E
nt
rLH
V

√V  13 THV, +→aa→JJJJ
6LPulatLon 3rHlLPLnaryATLAS

Pa 0.5 GHV
Pa  1 GHV
Pa  2 GHV
Pa  4 GHV
Pa  8 GHV
Pa  16 GHV
= + JHtV

0 50 100 150 200 250

Pjj LHaGLnJ 7ruth JHtV [GHV]

0.000

0.025

0.050

0.075

0.100

0.125

0.150

1
or
P
al
L]
HG
 E
nt
rLH
V

√V  13 7HV, +→aa→JJJJ
6LPulatLon 3rHlLPLnaryATLAS

Pa 0.5 GHV
Pa  1 GHV
Pa  2 GHV
Pa  4 GHV
Pa  8 GHV
Pa  16 GHV
= + JHtV

Figure 5.1: Invariant mass of the two leading jets in the event, mjj, using reconstructed
jets (left) and truth (particle-level) jets (right). Figures sourced from [32].

One of the most basic features of a jet is the number of constituents. Since the a

boson is a massive color singlet, it is expected that the number of decay products is
independent of its pT and is instead only dependent on ma. In contrast, the number
of constituents inside a generic quark or gluon jet increases with the pT, with gluon
jets having more constituents than the quark jets due to the larger quantum charge
under the strong force. Charged particles can be accurately measured inside jets
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Figure 5.2: Number of tracks in the event associated to a given jet (�R < 0.6), for
signal a ! gg jets (left), background QCD quark / gluon jets (right). Different pT

bins are shown from top to bottom. Figures sourced from [32].
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and are used in this study as a proxy for all the constituents of the a ! gg jets.
Figure 5.2 shows histograms of the number of tracks inside jets in three jet pT bins.
As expected, the spectra are nearly independent of pT for the signal and shift to the
right for the background. A jet from ma = 16 GeV has about twice as many tracks as
a jet with ma . 2 GeV. When the a is sufficiently light, the number of hadron decay
products does not depend strongly on ma because the available phase space only
allows for a small number of particles (mostly pions). Note also the slight rightwards
shift for the ma = 16 GeV case with increasing jet pT, where the shift highlights the
limitation of using R = 0.4 jets for this high mass as the radius fails to capture all of
the constituents and the shift is indicative of the collimation aiding in the capture of
all the constituents within the R = 0.4 jet.

In addition to having a different number of constituents, a ! gg jets differ from
generic quark and gluon jets in the angular distribution of the constituents. Figure 5.3
shows histograms of the �R between the leading two tracks within jets. Both signal
and background jets become more collimated as the jet pT increases, although the
spread for the signal is typically smaller than for the background.

In addition to these features displayed above, it is also interesting to examine
classical jet substructure observables to explore differences between the di-gluon and
quark/gluon jets. Figure 5.4 shows the two point energy correlation function [340] for
these jets. This metric is calculated using all the tracks associated to the jets, using
the following formula,

ECF(2, 1) ⌘ C1 =

P
tracks

i,j
pTi

.pTj
.�Rij

(
P

tracks

k
pTk

)2
, (5.1)

where �Rij is the angular distance between tracks i and j.
Another well-studied observable shown in Figure 5.5 is pTD [341], which probes

the energy fractions carried by a jet’s constituents independent of their geometric
orientation:

pTD =

qP
tracks

i
p2

TiP
tracks

j
pTj

. (5.2)

Figure 5.4 shows that signal di-gluon jets tend to have a lower ECF(2,1) and
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Figure 5.3: �R between the two leading tracks within jets (�R < 0.6), for signal
a ! gg jets (left), background QCD quark/gluon jets (right). Different pT bins are
shown from top to bottom. Figures sourced from [32].

Figure 5.5 shows a roughly equal sharing of momentum by the leading constituents
(the peak for the low-mass signals corresponds to

p
0.52 + 0.52 ⇠ 0.7).
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Figure 5.4: ECF(2,1) evaluated using tracks in the event associated to a given jet
(�R < 0.6), for signal a ! gg jets (left), background QCD quark / gluon jets (right).
Different pT bins are shown from top to bottom. Figures sourced from [32].
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Figure 5.5: The jet substructure observable pTD evaluated using tracks in the event
associated to a given jet (�R < 0.6), for signal a ! gg jets (left), background QCD
quark / gluon jets (right). pTD varies slowly with pT so only the nominal pT bin is
shown. Figures sourced from [32].

5.4.3 Machine Learning for H ! aa ! gggg

Machine learning is used in two different ways and both applications use the same
neural network architecture (Section 5.4.3.1). The first application of machine learn-
ing is to implement the parameterized reweighting in (1) from Section 5.4.1. This
makes use of the Deep neural networks using Classification for Tuning and Reweight-
ing (DCTR) [342] protocol that is built on parameterized classifiers [343, 344] and
make use of a well-known fact (see e.g. Ref. [345,346]) that

f(x)

1- f(x)
⇡

p(x|data)
p(x|simulation)

, (5.3)

for a classifier f trained using cross entropy to distinguish data from simulation. The
second application of machine learning is to distinguish the signal from the reweighted
background (using weights given by Eq. 5.3). Additional details are provided below.
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5.4.3.1 Architecture

The neural network architecture is illustrated in Figure 5.6. It is comprised of two
main components: a jet level tagger that takes in the variable length track inputs from
each of the two leading jets and an event level tagger that uses global information.
These two components are combined to return a single score per event.

The jet level tagger architecture is shown inside the dashed box in Figure 5.6. The
tracks inside jets are represented as a variable-length set and are processed using a
deep sets neural network [314], implemented as a particle flow network [313]. Each
track is summarized by its pT and �R to the jet axis. The network operates by first
embedding each track into a latent space and then summing all latent space vectors
together. A fully connected network then acts on the summed vector. A similar
setup is used for the Deep Sets based Neural Networks for Impact Parameter Flavour
Tagging algorithm used by ATLAS to tag b-quark jets [347].

The event level tagger combines the information from the 2D latent space of both
the leading jets from the event, as well as the information from the jet 4-vectors and
the Z boson 4-vector obtained by adding the lepton 4-vectors from the event. This
is done in a fully connected network that culminates in a single probability score for
each event.

All networks are trained using Keras [348] and TensorFlow [349] using the
Adam [350] optimization algorithm. A rectified linear unit (ReLU) activation func-
tion is used for all intermediate layers and a sigmoid is used for the final layer. The
three fully connected layers in the jet level tagger and the event level tagger are com-
prised of 100 nodes each, and the latent space embedding layers in the jet level tagger
are comprised of 100 nodes as well. None of these parameters were heavily optimized.
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Jet_Level_Tagger

Jet_1_Tracks: InputLayer

Track_Inputs: InputLayer

Jet_2_Tracks: InputLayer

T1(dense_6): TimeDistributed(Dense)

mask: LambdaT2(dense_7): TimeDistributed(Dense)

T3(dense_8): TimeDistributed(Dense)

Addition_Over_Tracks: Dot

d1: Dense

d2: Dense

d3: Dense

2_Dimensional_Latent_Space: Dense

C: Concatenate

Event_Level_Inputs: InputLayer

D1: Dense

D2: Dense

D3: Dense

Ouput_Score: Dense

Figure 5.6: Architecture of the full event level tagger. The jet level tagger embeds each
of the two leading jets from an event into a 2-D latent space, and uses the same set of
weights to embed both jets. The time distributed layers embed each track into a high
dimensional space using the same weights for each track. The Addition_Over_Tracks
layer adds up the latent vectors across all the tracks, which results in a permutation
invariant dimensional reduction across the tracks. Event level inputs and the final
latent vectors from the two leading jets are used to derive the final output score for
every event using fully connected layers. Figure sourced from [32].
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5.4.3.2 Reweighter training

The reweighting function is learned using a well-known [345,346] (also in high-energy
physics [342,343,351–361]) fact that a classifier trained with the binary cross entropy
loss function (-

P
yi log(f(xi)) for labels yi and inputs xi) learns to approximate a

function monotonic with the ratio of class likelihoods, as mentioned at the top of
Section 5.4.3. The features x here are all of the tracks inside the jets along with
the jet and Z boson 4-vectors. While machine learning-based reweighting has been
used before in data analyses [362,363], this is the first high- and variable-dimensional
reweighting [364] applied to collider data.

The performance of the reweighting is verified for the Pythia background sample
in Figure 5.7. Figure 5.7a shows that the mjj distribution is well-modeled after the
reweighting, even in the region around the Higgs boson mass, which was excluded from
the learning (N.B. only 5 fb-1 of 2018 data is used for validation to remain blinded
to the signal region). Furthermore, since all tracks are used in the reweighting, it is
expected that all high-level observables built from these tracks should also be well-
modeled. This is illustrated in Figure 5.7b for the ECF(2,1) observable introduced
earlier. A detailed set of plots showing the effects on the reweighting across a range of
observables is shown in Appendix A.2, for reweighting trained of the nominal Pythia,
sample as well as on the variation sample using the Sherpa generator that accounts
for different fragmentation modelling. Plots shown in Section 5.4.2 are made using
the reweighted background Z + QCD jets MC events.

This reweighting is used for both training the signal versus background classifier
and for evaluating its performance in the next sections.

5.4.3.3 Tagger training

During training, special attention is paid to ensure that the output score of the tagger
is decorrelated with the invariant mass of the two leading jets in the event (mjj) for
the background Z + QCD jets events3. This is done to ensure that the data driven

3Simultaneously training two classifiers that are decorrelated [33] was also explored. However,
it was found to be technically and conceptually more effective to use the dijet mass as one of the
observables and then let the neural network learn the second observable.
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Figure 5.7: Distributions for data and Z + QCD jets Pythia MC background before
and after variable- and high-dimensional reweighting. Events with mjj inside the
signal region contained within the two vertical lines in (a) were excluded during
training of the reweighting classifier. Only the lowest pT bin is shown in (b) that
displays the largest correction from the reweighting scheme. Figures sourced from [32].

ABCD background estimation strategy can be used to estimate the Z + QCD jets
events in the signal region when trying to find the signal H ! aa ! gggg events
in data. ABCD background estimation requires the two axes of the plane in which
the four regions (A, B, C, and D) are defined to be independent for the background
events, and in the case of this analysis the output of tagger along with mjj form the
two axes of the ABCD plane [33]. Then, one can estimate the background in the
most signal-like region from the other three regions.

This is illustrated in Figure 5.8; the signal region is A and the number of back-
ground events NA ⇡ NBNC/ND. For this analysis, f(x) is a neural network and
g = 1- |1- (mjj/µmjj|ma)|, where µmjj|ma is the average mjj for the signal with mass
ma in the mjj range [50, 200] GeV/c2. The µmjj|ma values are shown as dashed verti-
cal lines in Figure 5.9. The observable g essentially turns a window cut around the
peak of mjj into a threshold cut so it is more easily visualized as a classical ABCD
approach. Due to the event selection on mjj, 0  g  1. The signal tagger was also
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Figure 1. The ABCD method is used to estimate the background in region A as NA =
NBNC

ND
. It requires the signal to be relatively localized in region A and the observables to

be independent on background. The shaded planes (left) or lines (right) denote thresholds

which isolate the signal in region A.

small uncertainties — either because the e�ect itself is small, or because the correction

is robust. But such corrections, together with the fact that simple kinematic features

are typically not optimal discriminants of signal versus background, generally limit

the e�ectiveness of the ABCD method and the sensitivity of the analysis in question.

(See [8], however, for a proposal for extending the ABCD method using higher-order

information when the features are not independent.)

In this paper, we will explore the systematic application of deep learning to the

ABCD method. Deep learning has already demonstrated impressive success in finding

observables that are e�ective at discrimination [9–63] and that are uncorrelated with

other observables [64–79]. Building on previous success, we will aim to use deep learn-

ing to automate the selection of features used in the ABCD method, simultaneously

optimizing their discrimination power while ensuring their independence.

The main tool we will use in automating the ABCD method will be a recently pro-

posed method for training decorrelated deep neural networks [71]. This method uses

a well-known statistical measure of non-linear dependence known as Distance Correla-

tion (DisCo) [80–83]. DisCo is a function of two random variables (or samples thereof)

and is zero if and only if the variables are statistically independent, otherwise it is

positive. Therefore it can be added as a regularization term in the loss function of a

neural network to encourage the neural network output to be decorrelated against any

other feature. In [71] it was shown that DisCo decorrelation achieves state-of-the-art

decorrelation performance while being easier and more stable to train than approaches

– 3 –

Figure 5.8: An illustration of the ABCD plane. Figure sourced from [33].

trained using g as the decorrelating variable against the tagger output but this did
not result in any noticeable improvements in the speed/ stability of the training or
the tagger performance. Therefore the signal tagger was trained using the invariant
mass of the two leading jets as discussed above.
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Figure 5.9: mjj distribution for the signal H ! aa ! gggg events, with µmjj|ma (the
average mjj in the range 50–200 GeV/c2) shown as dashed lines of the corresponding
colors.
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The independence of the tagger output and mjj for the background class is en-
forced on the tagger by adding a penalty to the loss function that is proportional
to a generalized correlation between the two distributions. The distance correlation
metric [365–368] is used as the generalized correlation due to its ability to capture
nonlinear dependence between distributions, and its differentiable form is expressed
as a DisCo loss function [315] as follows,

dCov
2(X, Y) = h|X- X

0||Y - Y
0|i + h|X- X

0|ih|Y - Y
0|i - 2h|X- X

0||Y - Y
00|i (5.4)

dCorr
2(X, Y) =

dCov
2(X, Y)

dCov(X,X)dCov(Y, Y)
(5.5)

L = Lclassifier(~y,~ytrue) + � dCorr
2

ytrue=0
(~mjj,~y), (5.6)

where |.| is the vector norm, (X, Y), (X 0
, Y

0), (X 00
, Y

00) are independent and identically
distributed samples from the joint distribution (X,Y). L is the training loss used in the
tagger, where Lclassifier is the binary cross entropy loss and the � is a hyperparameter
that is coarsely scanned for the best setting. Note here that ytrue = 0 selects the
background events from the set of events that are being iterated over, ensuring that
the mjj - tagger output dependence is penalized only for the background class during
training.

Additionally, care is also taken to ensure that the background Z + QCD jets
simulation events used to train the tagger do not deviate significantly from the data
in regions that are expected to be devoid of signal. While this is not required to
ensure reasonable background estimation since the ABCD method is data driven, it
helps guarantee that the trained taggers are as close to optimal and have not learned
any features that would be otherwise absent in data. This is done by reweighting the
background events (see Section 5.4.3.2) using a classifier that is trained to distinguish
between data and background before training the signal versus background classifier.
The architecture of the reweighting classifier is identical to the main event tagger
shown in Figure 5.6, where no distance correlation penalty is added to the loss function
and instead mjj is passed to the tagger as an event level input in order for it to learn
the dependence on mjj [343, 344] for interpolation into the signal region. The data
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and background events are required to have mjj  85 GeV or mjj � 165 GeV to
ensure that the events come from the signal devoid regions of the phase space.

Furthermore, the tagger is trained using a background sample composed equally
(by weights) of both Pythia and Sherpa Z + QCD jets MC events. This is done
to ensure that the tagger does not learn any quirks of a specific Z + QCD jets MC
generator that passed through the reweighting procedure described above. This has
the additional benefit of reducing the differences between the predictions of the tagger
for the two generators which reduces the uncertainty on the number of background
events estimated in the signal region using the ABCD technique.
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5.4.4 Signal tagger performance

5.4.4.1 a ! gg jet level tagger

Following the findings from Section 5.4.2, the tagger used to classify the signal
H ! aa ! gggg events and the background Z + QCD jets events was designed
and trained as described in Section 5.4.3. To gauge how effectively the tagger learns
the differences between the signal di-gluon jets and the background QCD quark and
gluon jets, the per-jet tagger is extracted from Section 5.4.3. A simple fully connected
network is trained on node of the network just before being combined with the event
information. This is required to transform the output into a classifier score. The
resulting score is then used to make a Receiver Operator Characteristic (ROC) curve
as shown in Figure 5.10. The ROC curves are made by scanning the discriminant
with an optimized granularity to capture the variations in the distribution, and can
result in scans stopping at some minimum signal efficiency for highly discriminat-
ing distributions. This procedure is described in greater detail in [32]. Interestingly,
the performance for discriminating against quark jets (left plot of Figure 5.10) is
lower than that for gluon jets (right plot of Figure 5.10), and both degrade for the
higher scalar masses. This is further highlighted in Figure 5.11 where the ratio of
gluon rejection to quark rejection is shown. This is consistent with the trends seen
in Section 5.4.2 where the separation is greatest between the gluon and the di-gluon
distributions for the lower scalar masses. The discriminating power degrades with
higher masses, consistent with earlier sections that showed that the di-gluon jets us-
ing R = 0.4 start to resemble the background. For a di-gluon efficiency of 50%, a
rejection of 100–1000 is achievable for the lower signal masses; in contrast, quark ver-
sus gluon tagging at the same efficiency can achieve a rejection of about 10 [369,370].
Furthermore the performance of tagger is contrasted with the separation achieved
from using the ECF(2,1) observable in Figure 5.12, where it is apparent that at low
mass, the tagger is able to learn a lot more about the differences between the QCD
quark/gluon jets and the signal di-gluon jets than the simple substructure observables.
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Figure 5.10: Receiver Operating Characteristic (ROC) curves of the jet classifier
derived from the jet level tagger module of the full signal - background classifier from
Figure 5.6. The background jets are from the same Z+jets sample used to train the
tagger. QCD gluon jet rejection (right) is better than QCD quark jet rejection (left),
with performance degrading as the scalar mass increases due to worsening collimation
and increasing number of tracks in the di-gluon jets. Here the ROC curves for two jet
pT bins is shown (top - bottom). The lines labeled ‘Random’ correspond to di-gluon
efficiency = 1/QCD rejection. Figure sourced from [32].
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Figure 5.11: Ratio of the QCD gluon jet rejection to the quark jet rejection as a
function of the di-gluon selection efficiency, for the lowest pT bin. Figure sourced
from [32]
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Figure 5.12: Receiver Operating Characteristic (ROC) curves derived using ECF(2,1)
as the discriminating variable (dotted line) versus ROC curves derived from the jet
level tagger module of the full signal - background classifier (solid line). Here the QCD
gluon jet rejection (right) and QCD quark jet rejection (left) are shown for the lowest
pT bin from Figure 5.10 for three representative mass points. Note that these curves
show that the rejection achieved using ECF(2,1) is lower than the rejection using the
jet classifier, particularly for the lower signal masses. Figure sourced from [32]
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5.4.4.2 H ! aa ! gggg event level tagger

The performance of the full signal tagger can evaluated by composing the ROC curves
as the thresholds along each of the two axes of the ABCD plane are varied. As
described in Section 5.4.3.3, the tagger output along with (a transformed) mjj form
the two axes of the ABCD plane in this analysis.

ROC curves made using four values of the DisCo loss weight � (Eqn. 5.6) are
shown in Figure 5.13. These plots are made by first scanning a range of cuts along
each of two axes in the ABCD plane, namely the mjj axis and the tagger output axis.
This results in a 2D grid of working points, each corresponding to a signal efficiency
and background rejection. Working points that result in signal regions that produce
a background (Pythia Z + QCD jets) non-closure greater than 25% are discarded.
Furthermore, working points that result in statistically limited regions (A,B,C, or
D) for background MC events are rejected by discarding points where the statistical
relative error on the ABCD correction factor (or closure) is greater than 25%. This
condition is imposed using events from both background MC generators (Pythia and
Sherpa) separately. The remaining points are then binned by signal efficiency, and for
each bin the maximum background efficiency is chosen as the statistic to plot. The
resulting ROC curves for the different mass points are shown in Figure 5.13.

From Figure 5.13 it can be seen that high background rejection can be achieved for
low scalar masses, with the discriminating power diminishing towards the higher scalar
masses. This is consistent with the trends spotted in Section 5.4.2 and Section 5.4.4.1.

The performance of the decorrelation achieved using the DisCo loss during training
and the background reweighting procedure described in Section 5.4.3.3 can also be
studied from the structure of the ABCD plane. Figure 5.14 and Figure 5.15 shows
the distribution of events in the ABCD plane for data as well as Z + QCD jets MC
events, using a logarithmic color scale for the Z-axis. This highlights the efficacy of
the background reweighting procedure as a large chunk of the ABCD plane shows
excellent agreement between data and Z + QCD jets MC generated.

The final cuts along each axis are chosen such that the signal efficiency divided by
the square root of the background efficiency is maximized for each signal mass tagger
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Figure 5.13: Receiver Operating Characteristic (ROC) curves of the full signal -
background classifier from Figure 5.6. (top left) DisCo weight � = 0.02, (top right)
DisCo weight � = 10, (bottom left) DisCo weight � = 50, (bottom right) DisCo
weight � = 125. The lines labeled ‘Random’ correspond to the curve signal efficiency
= 1/background rejection.
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Figure 5.14: (Left) ABCD plane for Data where the region of tagger output > 0.9 and
mjj axis > 0.7 is masked to blind the signal region, (right) ABCD plane for Pythia Z

+ QCD jets events. The Z-axis color scale is logarithmic and shows the normalized
distribution of events in each bin. The scalar mass ma goes from 0.5 GeV/c2 to 2
GeV/c2 from top to bottom as indicated on the plots. The axes of the ABCD plane
are the neural network output and 1- |1- (mjj/µmjj|ma)|, where µmjj|ma is the average
mjj for the signal with mass ma in the mjj range [50, 200] GeV/c2.
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Figure 5.15: (Left) ABCD plane for Data where the region of tagger output > 0.9 and
mjj axis > 0.7 is masked to blind the signal region, (right) ABCD plane for Pythia Z

+ QCD jets events. The Z-axis color scale is logarithmic and shows the normalized
distribution of events in each bin. The scalar mass ma goes from 4 GeV/c2 to 16
GeV/c2 from top to bottom as indicated on the plots. The axes of the ABCD plane
are the neural network output and 1- |1- (mjj/µmjj|ma)|, where µmjj|ma is the average
mjj for the signal with mass ma in the mjj range [50, 200] GeV/c2.
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individually. Additionally only cuts that result in signal regions that produce a back-
ground (Pythia Z + QCD jets) non-closure less than 25% are allowed. Furthermore
as with the ROC curve, only cuts that result in the relative uncertainty on the ABCD
closure of less than 25% for both the background MC generator events (Physics and
Sherpa) are allowed. To ensure that the selection is immune to fluctuations as the
ABCD cuts are scanned, an averaging kernel of size 3 is applied to the grid of 2D
values to ensure that the thresholds on the nominal generator closure are applied
pessimistically.

The values for � are not heavily optimized and only a coarse grid search was
performed on the range [0.02, 400] to find the optimal values for each mass point.
Based on this procedure, the � = 0.05 best working point is used for the scalar mass
ma = 0.5 GeV/c2, the � = 25 best working point is used for the scalar mass ma = 1

GeV/c2, the � = 25 best working point is used for the scalar mass ma = 2 GeV/c2,
the � = 50 best working point is used for the scalar mass ma = 4 GeV/c2, the � = 20

best working point is used for the scalar mass ma = 8 GeV/c2, and the � = 1 best
working point is used for the scalar mass ma = 16 GeV/c2. See Appendix A.3 for
a table listing the Pythia Z + QCD jets events non-closures, and the Sherpa and
Pythia Z + QCD jets events relative uncertainty on the closures for all the lambda
values tested. Also see Appendix A.5 for plots of the expected limits on the signal
strength for the scanned range of � values.

Figure 5.16 and Figure 5.17 show the final selected working points for each signal
mass point as red crosses over three relevant 2D planes. The left plots show (on the
Z-axis) the signal efficiency divided by the square root of the background efficiency
for each pair of cuts in the ABCD plane scanned. The middle plots show (on the
Z-axis) the background (Pythia Z + QCD jets) closure relative uncertainty for each
pair of cuts scanned. And finally the plots on the right show (on the Z-axis) the
background (Pythia Z + QCD jets) non-closure for each pair of cuts scanned. Note
that the selected working points satisfy the thresholds on the background closures and
live inside neighborhoods where the local closures are all under control, justifying the
working point values and the averaging kernel approach.

Fig 5.18 and Fig 5.19 show the final selected working points for each signal mass
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Figure 5.16: (Left) Signal efficiency divided by the square root of the background
(Pythia Z + QCD jets events) efficiency for a set of pairs of cuts along the ABCD
axes, (middle) background (Pythia Z + QCD jets) closure relative uncertainty for
a set of pairs of cuts along the ABCD axes, (right) background (Pythia Z + QCD
jets) non-closure for a set of pairs of cuts along the ABCD axes. The scalar mass
ma goes from 0.5 GeV/c2 to 2 GeV/c2 from top to bottom as indicated on the plots.
The closure (right) is limited to a range of [40, 160]%, and the relative uncertainty on
closures (middle) is limited to a range of [0, 50]%; All values outside of these range
are colored by the extreme colors on either side of the ranges.

point as red crosses over similar three relevant 2D planes. The left plots show (on the
Z axis) the signal efficiency divided by the square root of the background efficiency for
each pair of cuts in the ABCD plane scanned. The middle plots show (on the Z axis)
the background (Sherpa Z + QCD jets) closure relative uncertainty for each pair of
cuts scanned. And finally the plots on the right show (on the Z axis) the background
cross-generator (Pythia - Sherpa) closure difference for each pair of cuts scanned.
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Figure 5.17: (Left) Signal efficiency divided by the square root of the background
(Pythia Z + QCD jets events) efficiency for a set of pairs of cuts along the ABCD
axes, (middle) background (Pythia Z + QCD jets) closure relative uncertainty for
a set of pairs of cuts along the ABCD axes, (right) background (Pythia Z + QCD
jets) non-closure for a set of pairs of cuts along the ABCD axes. The scalar mass
ma goes from 4 GeV/c2 to 16 GeV/c2 from top to bottom as indicated on the plots.
The closure (right) is limited to a range of [40, 160]%, and the relative uncertainty on
closures (middle) is limited to a range of [0, 50]%; All values outside of these range
are colored by the extreme colors on either side of the ranges.
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Figure 5.18: (Left) Signal efficiency divided by the square root of the background
(Pythia Z + QCD jets events) efficiency for a set of pairs of cuts along the ABCD
axes, (middle) background (Sherpa Z + QCD jets) closure relative uncertainty for
a set of pairs of cuts along the ABCD axes, (right) difference of the closures in the
ABCD plane between Pythia and Sherpa Z + QCD jets events for a set of pairs of
cuts along the ABCD axes. The scalar mass ma goes from 0.5 GeV/c2 to 2 GeV/c2
from top to bottom as indicated on the plots. The relative uncertainty on closures
(middle) is limited to a range of [0, 50]%, and the difference in closures (right) is
limited to a range of [-40, 40]%; All values outside of these range are colored by the
extreme colors on either side of the ranges.
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Figure 5.19: (Left) Signal efficiency divided by the square root of the background
(Pythia Z + QCD jets events) efficiency for a set of pairs of cuts along the ABCD
axes, (middle) background (Sherpa Z + QCD jets) closure relative uncertainty for
a set of pairs of cuts along the ABCD axes, (right) difference of the closures in the
ABCD plane between Pythia and Sherpa Z + QCD jets events for a set of pairs of
cuts along the ABCD axes. The scalar mass ma goes from 4 GeV/c2 to 16 GeV/c2
from top to bottom as indicated on the plots. The relative uncertainty on closures
(middle) is limited to a range of [0, 50]%, and the difference in closures (right) is
limited to a range of [-40, 40]%; All values outside of these range are colored by the
extreme colors on either side of the ranges.
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5.5 Systematic Uncertainties

There are two types of uncertainties to consider in this analysis: background uncer-
tainties and signal uncertainties. The background is determined completely from data
using the ABCD method and so we are only uncertain on the closure of the ABCD
method. This is determined by comparing the closure with Pythia and Sherpa. For
the signal, the analysis is completely dependent on simulation and so each component
of the simulation needs to be varied to determine the impact on the final signal yield.4

5.5.1 Track uncertainties

The systematic uncertainties associated with the tracks include four global recon-
struction efficiency related uncertainties, one to account for variations to the tracking
efficiency when the track is inside a jet. Another uncertainty relates to the variations
to the fake rate. And finally, the last uncertainty varies the pT of the track based
on the residual alignment uncertainties. These uncertainties can be seen as broadly
falling into two categories: ones related to the reconstruction efficiency of the tracks,
and ones related to the measurement of the track parameters for reconstructed tracks
— these are detailed below.

Uncertainties in track reconstruction are driven by the material in the tracking
layers and the uncertainty in the knowledge of the material. These can be estimated
using simulations where the tracking material is varied, to study the resulting track
reconstruction efficiency as a function of the track pT and ⌘ [232, 233, 371]. The
impact of this reconstruction efficiency can be estimated by randomly sampling tracks,
dropping them with a probability that is a function of the track pT and ⌘ and accounts
for variations in the reconstruction due to the tracking material.

Likewise, track reconstruction inefficiency can arise due to tracks in regions of high
density in the detectors being lost, such as in the cores of jets [372, 373]. The source
of this can be traced to clusters in the detector that may be incorrectly identified

4The analysis currently implements the tracking and signal modeling uncertainties, which are
expected to be dominant. Others uncertainties will be introduced into the analysis over the course
of the full study.
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as single particle clusters despite having contributions form multiple tracks, which
is likely to happen in high density regions of the detector such as jets — the effect
gets worse as the transverse momentum of the jets grow since this leads to increasing
collimation of the charged particles. The effect of this reconstruction efficiency is also
evaluated by randomly dropping tracks, this time as a function of the jet pT with
which the tracks are associated.

Track reconstruction efficiency is also impacted by the presence of fake tracks, or
tracks that are formed by combining unrelated hits in the detector, often from multiple
particle trajectories. The impact of fake tracks can be estimated by incorporating a
dropping probability for fake tracks in the simulation samples, analogously to the
methods described above for real tracks.

Variations in the reconstructed track pT can arise due to misalignment of the
tracker as well as the finite resolution of the tracker hits. The momentum resolution
for isolated tracks can be studied using high quality Z ! µµ and J/ ! µµ events
from captured data [281]. Correction factors on the track momentum are taken
as systematic uncertainties on the resolution, and are parameterized by means of
independent standard normal random variables. To estimate the impact of these
uncertainties, the track momentum scale can be varied upwards and downwards by
one standard deviation of the variation.

5.5.2 Pileup reweighting uncertainties

As discussed in section 5.3.2.1, a correction is applied to MC events such that the
pileup modeling in the simulation corresponds to what is seen in data. As such, there
are variations associated with this modeling that must be taken into account.

In addition, a scaling correction is applied to the data during pileup reweighting.
Nominally, this scaling correction is equal to 1/1.03, and the up and down variations
are set to 1/1.072 and 1/0.988 respectively.
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5.5.3 Muon uncertainties

5.5.3.1 Muon efficiency uncertainties

As summarized in section 5.3.2 there are several scale factors associated with muon
reconstruction related to efficiencies in the trigger, reconstruction, isolation and track-
to-vertex association. Hence, there are 2 systematic variations associated with the
trigger efficiency, 2 for the isolation efficiency, 4 for the reconstruction efficiency, and
2 for the track to vertex association efficiency.

5.5.3.2 Muon calibration uncertainties

There are also systematic variations associated with the calibration applied to the
muons. These will have an affect on the muon kinematics. The systematic variations
include one for momentum variations due to measurements made in the inner detector,
one for momentum effects related to the muon spectrometer, one for the momentum
scale, and 2 systematics related to the measured sagitta value.

5.5.4 Modeling uncertainties

Due to the inability to calibrate the a ! gg tagger with data, in addition to the
tracking experimental uncertainties, modeling uncertainties related to fragmentation
modeling need to be considered. This is evaluated using alternative signal simulation
samples that introduce various modeling tunes to account for the differences and
variations from modeling errors. In particular, for each mass point, we have signal
samples that have all of the A14 tune variations (1u/d, 2u/d, 3au/d, 3bu/d, 3cu/d)
as well as a set of Herwig7 samples. Due to a feature of the Herwig7 hadronization
model, it is not possible to have ma < 4 GeV. Therefore the 4 GeV uncertainty is
used for ma < 4 GeV.
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5.6 Results

Using the tagger described in Section 5.4.3 and Section 5.4.4 the expected exclusion
limits on the signal a ! gg production can be studied. Additionally, error bands
around the expected limits can be established using the tagger along with samples of
signal and background events where sources of uncertainties have been introduced.
These uncertainties along with the nominally limit setting is described below.

5.6.1 Expected Limits

This analysis uses an ABCD background estimation strategy as described in Sec. 5.4.1
and Sec. 5.4.3.3. The signal region is treated as a single bin, and the signal and
background events in the signal region form the single bin Poisson counting experi-
ment for limit setting. The background counts in the signal region (NA) are found
by multiplying the ABCD estimate of the number of background events in the sig-
nal region (N 0

A
= NB ⇥ NC/ND where D is diametrically opposite to the signal

region) by the ABCD closure derived from the MC background events (closure =
N

MC bkgd
A

/N
0 MC bkgd
A

).
From the tagger performance and ROC curves as shown in Section 5.4.4.2 the cuts

along the NN and the mjj axes in the ABCD plane that define the signal region are
found for each scalar mass point. These cuts result in a given signal efficiency and
background efficiency on the MC samples used for training and evaluation purposes
in this analysis (detailed in Section 5.2). To convert these efficiencies into expected
number of events, multiplication by the expected production cross sections, branching
ratios, and luminosity is required. For a full Run 2 analysis we assume the luminosity
to be 139 fb-1 (see Section 5.2.1).

For the signal production, the production cross section of Z ! ll+H is assumed
to be 29.7 fb (Table 13 in [374]) (uncertainty on this is ignored for now). The limits
are set on the product Br(H ! aa) ⇥ Br(a ! gg)2, and under the assumption that
a ! gg is dominant (Br(a ! gg) ⇠ 100%) this can be effectively treated as a limit
on the Br(H ! aa). The expected number of signal events in the signal region is
then defined as the signal efficiency times the luminosity, times the Z(ll)H production
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cross section, times the fraction of events in the MC signal sample that pass the event
selection cuts.

For the background events, the ABCD estimate derived for the full 139 fb-1 of
Run 2 data is used. The ABCD closure factor applied to the signal counts is derived
from the Powheg+Pythia MC background Z ! ll + QCD jets events.

The statistical model used to set the upper limits on the Br(H ! aa) ⇥ Br(a !
gg)2 includes two channels: one for the signal H ! aa events and one for the Z ! ll

+ QCD jets background events. The two channels share a few correlated shape un-
certainty modifiers, namely the track efficiency uncertainty, track fake uncertainty,
track jet uncertainty, and the track pT scale (See Sec. 5.5.1). The counts for these
modifiers varied high and low are taken by zeroing out the tracks that fail the boolean
checks or have their pT varied higher or lower, and passing the modified inputs to
the signal tagger to get the modified event scores. The background channel has an
uncorrelated shape uncertainty modifier that accounts for the variation in background
event counts, which is evaluated using the non-closure between the two MC genera-
tors (Pythia - Sherpa) in the bin. Additionally, the background channel has another
uncorrelated shape uncertainty modifier that accounts for subdominant background
processes, which is evaluated using the non-closure between the Pythia generated
(Z ! µµ) and (tt̄ ! µµ+X) simulation samples in the bin. The signal channel also
incorporates correlated shape uncertainty modifiers for A14 tune variations (1u/d,
2u/d, 3au/d, 3bu/d) and cross-generator differences using the Herwig7 samples (See
Sec. 5.5.4). Signal strength (Br(H ! aa) ⇥ Br(a ! gg)2) hypotheses are tested
in the range 0-10 and the upper limits are extracted based on a series of CLs tests,
these are shown in Fig. 5.20. Impact and pull plots for the fits are shown in Ap-
pendix A.6. Additionally, details about the statistical fitting procedure is described
in Appendix A.4.
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Figure 5.20: Expected upper limits on Br(H ! aa) ⇥ Br(a ! gg)2 across the range
of signal a masses tested. Note here that the Stats Only line shows the expected limits
when no sources of uncertainty are considered, fitting only to the Poisson counting
experiment with the expected signal and background counts.

5.6.2 Blinded Analysis and Next Steps

This analysis is currently blinded as it is undergoing the editorial approval procedure
within the ATLAS collaboration. It utilizes the di-gluon tagging technique and ma-
chine learning methods developed by the Author in Ref. [32], in collaboration with
Ben Nachman and Ariel Schwartzman. There are a few sources of uncertainty that
will be added to this analysis prior to full publication, such as jet calibration scale
uncertainties, as well as the non-closure from non dominant backgrounds. Further-
more, aspects of the hyperparameter selection will be further optimized to improve
the performance of the tagging methods, and potentially reduce the impact of certain
sources of uncertainties. As mentioned in the Introduction, the analysis is targeting
a full publication in Fall 2022, following the implementation of the above mentioned
steps.
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5.7 Conclusion

This chapter has presented the first search for H ! aa ! gg. The range of the BSM
scalar masses targeted boosts the decay products into a single small-radius jet, which
is identified with a tagger designed to extract the unique radiation pattern from single
a ! gg jets.

A deep neural network based tagger makes use of every track inside candidate
di-gluon jets to train a high dimensional classifier that can process a variable num-
ber of tracks per jet. Moreover the tagger uses an innovative technique to enforce
the necessary decorrelation needed for background estimation. Additionally it uses
simulated background events for training that have been reweighted to better match
data using a variable- and high-dimensional reweighting scheme that consequently
matches jet substructure distributions along with event level observables.

This search is sensitive to branching ratios of H ! aa ! gg of O(20%) up
to about 2 GeV, after which the sensitivity significantly degrades due to the large
background and wider angle radiation. In the future, it would be exciting to explore
the low(er) mass regime and to consider a ! qq

0 as well as displaced a decays. The
all-hadronic decays of the new scalar to light quarks would share much of the same
substructure as the di-gluon jets, and the decay to heavy quarks like charms would
introduce the additional information from the secondary charm decay vertices.



Chapter 6

Novel Hard-Scatter Primary Vertex

Selection in the ATLAS Experiment

This chapter discusses a new primary vertex selection algorithm that has been de-
veloped by the Author and collaborators (A. Schwartzman) for the ATLAS experi-
ment [36,37]. This algorithm is designed to improve the efficiency for events with low
visible pT such as invisible Higgs boson decays in vector-boson fusion (VBF) produc-
tion channel.1 The technique utilizes information from calorimeter jets to supplement
the information from the tracks, and mitigates the impact of pile-up vertex merging.
For the limited tracker angular acceptance of ATLAS (|⌘| < 2.5) in Run 1/2/3 condi-
tions, an event classification scheme is also proposed to handle events with jets that lie
outside the ATLAS ID. The algorithm improves the average vertex selection efficiency
by approximately 10%, under tight VBF Higgs invisible event selection cuts.

1Referred to as VBF Higgs invisible events in the remainder of this text.

138
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6.1 Introduction

Identifying the hard-scatter (HS) interaction amongst the set of reconstructed ver-
tices in each event is vital to the physics analysis conducted using ATLAS data
(Section 4.6.2). The default hard-scatter vertex selection is based on the principle
of maximising

P
p
2

T
(sumPT2 ), where the transverse momentum (pT) squared of

the tracks associated to the vertex are summed. This selection criterion is likely to
pick the interesting physics interaction that passed the trigger (See Figure 4.11), and
bypass the other soft-QCD pile-up vertices in the event.

This selection criteria works reasonably well (> 90% efficiency) for final states
that have hard physics objects within the tracker geometry (hence boosting sumPT2).
This can be seen in Figure 6.1 where the vertex reconstruction efficiency times the
selection efficiency is shown for the same final states as Figure 4.11). Note that the
vertex reconstruction efficiency is close to 100% [27], and so Figure 6.1 is illustrative
primarily of the vertex selection efficiency. The sumPT2 selection has low selection
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Figure 6.1: Hard-scatter vertex reconstruction and selection efficiency versus the
average number of interactions µ. Figure sourced from [27].
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efficiency in final states with low visible track pT, where visible corresponds to tracks
that are within the ID geometry. This can happen in final states that contain forward
or low pT jets, such as VBF Higgs invisible events (e.g. H ! ZZ

⇤ ! 4⌫, see
Figure 6.2) in vector-boson fusion (VBF). VBF Higgs invisible final state is chosen as

V
⌫

q’

H

⌫̄
V

⌫

q

q’

Z

Z

⌫̄

q

Figure 6.2: Feynman diagram for Vector Boson Fusion initiated H ! ZZ
⇤ ! 4⌫.

Quarks radiated from the vector bosons form the characteristic two forward VBF
jets. The tracks inside the VBF jets are the crucial handles that are used to identify
the hard-scatter vertex due to the neutrinos in the final state not interacting with the
detector.

the case study since it is particularly sensitive to BSM couplings of the Higgs boson
to DM, and is an important analysis in the ATLAS physics portfolio [375].

As discussed in Section 4.6.2, ATLAS uses a specialized diphoton vertex selection
algorithm that identifies the hard-scatter vertex using the photons since the sumPT2
efficiency is low for final states such as H! �� + MET [244, 245]. The algorithm
introduced here is distinct in that it does not use detector objects beyond tracks
and calorimeter jets, and is hence generally applicable across final states other the
particular case of VBF Higgs to invisible decays as considered here.

Two original ideas are introduced to address the challenges that limit sumPT2,
and to improve the efficiency for VBF Higgs invisible events. Firstly, a new vertex
selection algorithm is shown that integrates information from tracks with calorimeter
jet information to counter the low visible track pT issue. This algorithm improves the
vertex selection efficiency by about 10%. Secondly, the concept of vertex confidence is
introduced to tackle events with forward jets that lie outside the tracker. Events with
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significant jet pT outside the tracker angular acceptance (|⌘| < 2.5) are classified as
low vertex confidence events. For VBF Higgs invisible events, the proposed algorithm
achieves vertex selection efficiency of 97% for high confidence events. The remaining
low confidence events are not assigned a hard-scatter vertex, though they still retain
the VBF jet signature.

ATLAS will have an upgraded tracking system, the ATLAS Inner Tracker (ITk)
[208, 209], for the HL-LHC era. One of the key benefits of the upgraded ITk will
be its expanded angular reach of |⌘| < 4, illustrated in Figure 6.3. It will have
improved longitudinal (along beam axis) impact parameter resolution for tracks when
compared to the current ATLAS ID system, thanks to its 50 µm pixel pitch compared
to the the 250 – 400 µm pixel pitch in the ID system [34]. Furthermore the ITk
strip detectors will have higher precision than the ID TRT system and will result in
improved momentum resolution [34]. These planned upgrades for the ATLAS tracker
will be essential to reconstruct and resolve tracks and vertices at the high luminosities
ATLAS will experience at the HL-LHC — the average number of interactions per
event are expected to be as high as µ = 200 (Section 3.4). This is illustrated in
Figure 6.4 where a simulated pp bunch crossing in HL-LHC conditions containing a
tt̄ interaction is shown within the volume of the ATLAS ITk system. The proposed
selection algorithm leads to a gain in selection efficiency of approximately 10% in the
Run 4 HL-LHC conditions.
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Figure 6.3: Plot showing a single quadrant layout of the ITk. Strip detector active
elements are shown in blue, and pixel detector active elements are shown in red. The
origin of the horizontal axis is the nominal interaction point, and the vertical axis is
the radius measured from the origin. Figure sourced from [34].

Figure 6.4: Simulated event display of an HL-LHC event in the ATLAS ITk detector.
The event has an average number of collisions per bunch crossing of µ = 200. The
inset on the bottom left shows a longitudinal cross section where the different pp

interactions can be seen as the origin of the corresponding tracks. Figure sourced
from CERN [35].



CHAPTER 6. NOVEL HARD-SCATTER VERTEX SELECTION IN ATLAS 143

6.2 Datasets and Event Selection

Samples of MC simulated H ! ZZ
⇤ ! 4⌫ events in ATLAS Run 3 and Run 4

conditions are used for the study. The process is modeled using Powheg-Box

v2 [291,292,316] integrated with Pythia 8.2 [287,317] using the AZNLO [318] set of
tuned parameters and the CT10NLO Parton Distribution Function (PDF) set [296].

The center-of-mass energy is set to be 13 TeV and 14 TeV for Run 3 and Run
4 respectively. The mean number of pp interactions µ is also set to 60 and 200
per bunch crossing for the two runs respectively. The ATLAS ITk geometry and
reconstruction as described in Ref. [376] are used for the Run 4 sample.

Since this is a study of vertex selection efficiency, it is important to ensure that
the theoretical maximum vertex selection efficiency is 100%. This can be done by
imposing a physics motivated event selection scheme that allows only events which
have an identifiable vertex of interest. This also presents a challenge to the study
of vertex selection efficiency since typical physics driven event selection criteria are
biased by the choice of the primary vertex to begin with. An example of this is the
pile-up jet rejection criteria (Section 4.6.5.3) that requires jets to have a large fraction
of their track pT pointing to the selected hard-scatter vertex.2 This is achieved by
imposing the condition that jet RpT > 0.1, where RpT [377] is defined as:

RpT =
X

tracks

pT(track)

pT(jet)
✓H(0.4- �R). (6.1)

The sum here is only taken over tracks associated to the selected hard-scatter vertex,
✓H is the Heaviside function, �R is the angular distance between the track and jet
in the ⌘ - � space. This RpT criterion necessitates the selection of a hard-scatter
vertex, and so biases the measurement of the vertex selection efficiency. For example
in VBF Higgs invisible events where the selected vertex is not the correct hard-scatter
interaction, the VBF jets will not pass the RpT criterion with respect to the incorrectly
selected vertex. Since the VBF jets in these events are effectively discarded, these
events will fail the VBF topology based selection and will not be part of the set of

2Track pT here refers to the pT of the tracks that are within the angular cone of the jet.
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events that the vertex selection efficiency is evaluated over. This will therefore lead
to an overestimation of the vertex selection efficiency since the set of events that are
used to evaluate the efficiency are made up primarily of events where the VBF Higgs
invisible interaction was correctly selected in the first place.

To overcome this, an unbiased event selection scheme is defined for VBF Higgs
invisible events where every event is required to have a pair of jets that satisfy the
VBF jet criteria. Therefore all identifiable VBF Higgs invisible events are considered
in the evaluation of vertex selection efficiency regardless of the a priori choice of
vertex. The VBF jet criteria used here is as follows:

• Leading (hardest pT jet) jet has pT > 70 GeV.

• Subleading (second hardest pT jet) jet has pT > 50 GeV.

• The two leading jets have �⌘ > 3.

• The two leading jets have �� < 2.6.
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6.3 Current Approach and its Limitations

As described in Section 4.6.2, the default method to identify the hard-scatter vertex in
events is to select the vertex that maximizes the summed track transverse momentum
squared (sumPT2),

sumPT2 =
X

tracks

p
2

T
. (6.2)

Besides the limitation from low visible pT interactions, as shown in Figure 6.1 for
H ! ��, this method is also vulnerable to pile-up vertex merging. This manifests as
decreasing vertex selection efficiency as the number of pp interactions (µ) increases
in the events, also visible in Figure 6.1. This is because the algorithm is preferentially
selecting high pT vertices that result from the merging of nearby pile-up vertices
when the distance between the pile-up vertices is smaller than the vertex resolution
(Figure 4.9b and Figure 4.10b).

Figure 6.5a illustrates the downward trend of the sumPT2 selection efficiency3 for
VBF Higgs invisible events with increasing average local pile-up vertex density.4 This
effect is exacerbated for VBF Higgs invisible events due to low visible pT from the
non-interacting particles in the final state. The issue of low visible pT is highlighted
in Figure 6.5b which shows that the efficiency of sumPT2 is (inclusively5) 88% in HL-
LHC conditions where PU vertex merging is mostly addressed due to the improved
resolution of the ITk. This residual inefficiency can be attributed to low visible pT

and not to pile-up vertex merging, since no significant downward trend with average
local PU vertex density is seen for sumPT2 in Figure 6.5b.

3A vertex is declared to have been chosen correctly if the �z between the selected vertex and the
true hard-scatter interaction location (known for simulations) along the beam axis is less than 1.6

mm. This threshold is motivated by the close-by vertex resolution from Figure 4.10b.
4The average local pile-up vertex density is the density of vertices evaluated at the location of

the selected vertex, using a Gaussian vertex distribution with a width of 50 mm along the beam axis
and centered at the nominal interaction point.

5Inclusive of local pile-up density in this context. This value tends to be very close to the selection
efficiencies for the highest local pile-up densities, since the distribution of vertices is approximately
a Gaussian density centered at the nominal interaction point.
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Figure 6.5: Vertex selection efficiency for VBF Higgs invisible events versus the aver-
age local density of vertices at the primary vertex in the event. The default sumPT2
selection method (square) is compared with the new sumPTw selection (circle). Error
bars are statistical errors. Best fit linear functions are drawn with 1-sigma error bands
to visualize the error on the slope with respect to the pile-up density. (a) LHC Run 3
conditions, (b) HL-LHC Run 4 conditions. Note the higher efficiencies at Run 4 than
Run 3 are due to the increased tracking acceptance of the ITk which reconstructs
tracks inside forward hard-scatter jets. Figure sourced from [36].
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6.4 New Technique

A novel vertex selection criterion is developed to address the limitations discussed in
Section 6.3. Angular correlations between the tracks from the hard-scatter interaction
and the high pT hard-scatter jets in the event can be used to discriminate against pile-
up vertices. Tracks from merged pile-up vertices are not strongly correlated with hard-
scatter jets or with each other, because the tracks come from close-by independent
interactions. Therefore by only selecting tracks from each vertex that are angularly
correlated to hard jets, it is possible to resolve the substructure associated with every
vertex and mitigate the impact of pile-up merging. Furthermore, the high pT nature
of hard-scatter jets in general can be leveraged to address the challenge of low visible
pT in events like VBF Higgs invisible.

Following these insights, a new criterion for hard-scatter vertex selection in VBF
Higgs invisible events is proposed that utilizes track-jet correlations and picks the
vertex that maximises sumPTw, an augmented version of the default summation:

sumPTw =
X

tracks

pTw (6.3)

=
X

tracks

p
2

T(track) p
2

T(closest jet)

�R
✓H(0.4- �R)✓H(pT(jet) - pT(threshold)). (6.4)

Here ✓H is the Heaviside function, and �R is the distance in ⌘ - � space between a
track and the closest jet with sufficient pT. The jet pT threshold used for this study
is pT(threshold) = 30 GeV, and ensures that only hard (likely hard-scatter) jets are
considered in the summation. The action of the Heaviside functions can be understood
as follows: For every track, the closest jet with pT greater than the threshold is found
and the track is only considered if it lies within the specified angular cone of the jet.
Furthermore, the use of the pT(closest jet) introduces a bias weight term that increases
the sum for hard-scatter interactions since only hard-scatter tracks will be close to
hard jets in the ⌘ - � space. Therefore sumPTw is a measure of the total vertex
sumPT2 inside hard jets, effectively projecting tracks onto hard jet axes and adding
the weighted pTw as defined above.



CHAPTER 6. NOVEL HARD-SCATTER VERTEX SELECTION IN ATLAS 148

Since merged PU vertices come from independent interactions, the tracks associ-
ated to these vertices are not correlated in the ⌘- � space in any direction, or with
the hard-scatter interaction. Hence projecting tracks onto hard jet axes suppresses
their otherwise large number of tracks, reducing their total pT contribution.

Figure 6.5 shows the performance of the sumPTw criterion versus sumPT2. The
sumPTw criterion displays a weaker dependence of the selection efficiency on pile-
up density, as highlighted by the linear fit to the points on the plot in Figure 6.5a.
This illustrates the robustness of sumPTw against the pile-up merging phenomenon.
sumPTw improves the (inclusive) average selection efficiency from 80% to 88% in
Figure 6.5a for the Run 3 scenario.

sumPTw also improves the (inclusive) average selection efficiency from 88% to
97% in Figure 6.5b for the Run 4 scenario with the ATLAS ITk. As discussed in
Section 6.3, sumPT2 is primarily limited at Run 4 for VBF Higgs to invisible events
to the the low visible hard-scatter pT. From Figure 6.5b it can be seen that sumPTw
largely mitigates this limitation thanks to the jet pT bias weight term in the expression
for pTw that boosts the summation for hard-scatter interactions. As a result sumPTw
provides an approximately 10% relative improvement in hard-scatter primary vertex
selection in both current LHC and HL-LHC scenarios.

The efficacy of this method is visually highlighted by means of an example from
a particular Run 4 MC simulated event in Figure 6.6. In the figure, the top pane is
centered at the pile-up vertex incorrectly chosen by the sumPT2 criterion, where as
the bottom pane is centered at the reconstructed hard-scatter vertex that is correctly
chosen by the sumPTw criterion. Note that these are r - z plane plots, where the
cylindrical detector is unwrapped into a flat plane and so the azimuthal angular
information is lost. Furthermore, the lengths of the lines are in arbitrary units and
are illustrative of the pT — they have no absolute scale of reference. The event display
shows that the presence of a large number of pile-up tracks leads sumPT2 to pick the
incorrect vertex, whereas sumPTw is able to pick the hard-scatter vertex due to the
angular track-jet projection scheme.
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Figure 6.6: r- z event display plots from a single VBF Higgs invisible MC simulated
Run 4 event. The top pane is centered (red ellipse) on the pile-up (PU) vertex
incorrectly chosen by sumPT2, the bottom pane is centered on the reconstructed
hard-scatter (HS) vertex chosen by sumPTw. All jets with pT > 30 GeV are drawn as
semi-transparent bars on top of the vertex of interest. In addition to the reconstructed
vertices shown on the Reco axis, the true HS and PU vertex locations are also shown
on the Truth axis on the lower half of each pane. Figure sourced from [37].
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6.5 Experimental Challenges with the ATLAS ID ge-

ometry and Future Improvements

As seen in Figure 6.5, sumPTw achieves higher efficiency in HL-LHC conditions than
in the Run 3 conditions. The improvement in the efficiency can be attributed to the
expanded ⌘ acceptance of the ATLAS ITk (Figure 6.3). This is because VBF Higgs
invisible events rely on tracks inside the VBF jets for vertex identification, and when
any of these jets land outside the ID acceptance (|⌘| < 2.5) no tracks in them are
reconstructed, leading to lower sumPT2 and sumPTw.

To account for this effect of missing forward tracks in Run 3, an event catego-
rization scheme is proposed to flag events where significant jet pT is outside angular
acceptance of the tracker. Low confidence events are defined by the presence of at
least one jet with |⌘| > 2.1 and pT > 30 GeV, and RpT < 0.1 with respect to all
the vertices in the event. High confidence events, by definition, have hard jets within
the acceptance of the tracker. Therefore the hard-scatter vertices in high confidence
events have all the tracks (inside jets) within the tracker acceptance. The split of
events in the Run 3 VBF Higgs invisible MC simulated events that passed the VBF
criteria was found to be 80% – 20% between the high and low confidence event cate-
gories respectively.

The efficiency of sumPTw on high confidence events as compared to all VBF Higgs
invisible events in Run 3 is shown in Figure 6.7a. Note that the efficiency of sumPTw
on high confidence events in Run 3 is comparable to the efficiency of sumPTw on
all events at Run 4 with the ATLAS ITk detector in Figure 6.5b. This is because
events in both cases are ensured to have hard-scatter vertices with tracks inside the
tracker volume. The comparison of the efficiencies of sumPT2 and sumPTw on high
confidence events is shown in Figure 6.7b. An improvement in the (inclusive) average
selection efficiency from 88% to 97% is obtained with the proposed method.

Figure 6.7 justifies the claim that the inefficiency of sumPTw seen in Figure 6.5a
versus Figure 6.5b is driven by events with hard-scatter jets outside the tracker vol-
ume. In high confidence events, the hard-scatter vertex can be identified with 97%

efficiency. However, for low confidence events an attempt to identify the hard-scatter
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Figure 6.7: Vertex selection efficiency for VBF Higgs invisible events in Run 3 condi-
tions, versus the average local density of vertices at the primary vertex in the event.
(a) The sumPTw selection method on all events (circle) is compared with the sumPTw
selection on high confidence events (cross). (b) The default sumPT2 selection (star)
is compared with the sumPTw selection (cross) on high confidence events. Error bars
are statistical errors. Best fit linear functions are drawn with 1-sigma error bands to
visualize the error on the slope with respect to the pile-up density. Figure sourced
from [36].
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vertex should not be made, even though the event still contains a VBF jet signature.
Another challenge to vertex selection algorithms come from the presence of hard-

QCD interactions: Pile-up interactions with high pT jets that come from a hard
inelastic pp interaction other than the interaction of interest. These hard pile-up
interactions may not be the interaction that triggers the event being saved, but could
still be chosen by the vertex selection algorithm. An example of such an event is
shown in Figure 6.8, where the top pane shows the r- z plane centered at the pile-up
vertex incorrectly chosen by sumPTw, and the bottom plane is centered at the correct
reconstructed hard-scatter vertex. sumPTw in this example has chosen the hard-QCD
interaction since it has a larger summed pTwdue to tracks correlated with hard pile-
up jets. This final limitation is a consequence of the topology-agnostic nature of
the vertex selection algorithms discussed so far — sumPT2 and sumPTw evaluate
sums over the tracks associated to every vertex with no regard to the topology of the
physics associated to each vertex. This presents a path for improvement of vertex
selection algorithms that can extend the developments presented here and combine
them with topology discrimination. Furthermore, the sumPTw criterion can also be
expanded to include other physics objects such as leptons, to extend the applicability
of the method to final states with objects beyond tracks and jets.
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Figure 6.8: r- z event display plots from a single VBF Higgs invisible MC simulated
Run 4 event. The top pane is centered (red ellipse) on the pile-up (PU) vertex incor-
rectly chosen by sumPTw, the bottom pane is centered on the correct reconstructed
hard-scatter (HS) vertex. All jets with pT > 30 GeV are drawn as semi-transparent
bars on top of the vertex of interest. In addition to the reconstructed vertices shown
on the Reco axis, the true HS and PU vertex locations are also shown on the Truth
axis on the lower half of each pane. Figure sourced from [37].
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6.6 Conclusions

In this chapter, a novel hard-scatter primary vertex selection algorithm developed
by the Author for ATLAS is presented. This new algorithm combines information
from both the ATLAS tracking and calorimeter systems, and effectively mitigates
the impact of pile-up vertex merging on vertex selection efficiency. The method is,
therefore, able to achieve higher selection efficiencies for final states with low visible
track pT, by projecting tracks onto hard jet axes.

The algorithm has been evaluated for the challenging invisible Higgs boson decay
final state in the vector-boson fusion production channel. The selection efficiency of
the proposed method is shown to be insensitive to the average local pile-up density
(at the selected vertex) and improves the efficiency for events containing an invisible
Higgs boson decay from 80% to 88% (inclusive) in Run 3 conditions. An event
categorization scheme has also been introduced that classifies events into high or
low confidence events based on the presence of high pT jets outside the ATLAS
Inner Detector acceptance. The new method achieves a selection efficiency of 97%
(inclusive) on high confidence events.

The method has also been evaluated for the HL-LHC Run 4 era, assuming the
ATLAS ITk detector volume and reconstruction performance. The algorithm shows
an improvement in the efficiency of identifying invisible Higgs boson decay vertices
from 88% to 97% (inclusive).

Several possible routes for improving vertex selection algorithms have also been
discussed. These include making the vertex selection algorithm topology aware so
that it can distinguish between hard-QCD interactions and other physics interactions
of interest. Furthermore, extending the logic of the proposed technique to include
physics objects like leptons can extend the improvement the method offers to other
final states with low visible track pT.



Chapter 7

Calibration of Jets Assisted with

Neural Networks in the ATLAS

Experiment

Jets are vital objects for the physics analysis of the data collected at pp colliders.
As discussed in Section 4.6.5, jets in ATLAS are reconstructed using calorimeter ob-
jects and enhanced using tracking information from the ATLAS ID. The calibration
of these reconstructed jets is required due to various detector effects that result in
the energy-momentum scales of the jets being shifted from the true values that cor-
respond to the properties of the particle-level jet. The calibration procedure for jets
in ATLAS is composed of several steps that calibrate the jets using MC simulations
and data, utilizing the numerical inversion technique (Section 4.6.5.2.1) to derive the
corrective factors while remaining independent of the (prior) underlying spectrum.
Additionally, ATLAS uses the global sequential calibration technique to mitigate the
dependence of the energy-momentum responses with a set of jet features for small-R
jets, and has derived a set jet substructure related observables that improve the re-
construction of large-R jets [378]. The correction with respect to the set of auxiliary
features in the GSC proceeds via a sequential application of numerical inversion for
each feature. ATLAS has recently introduced the concept of generalized numerical
inversion, which is a multivariate technique to perform numerical inversion using
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neural networks [379]. This Chapter presents work extending generalized numerical
inversion, and demonstrates simultaneous calibration of multiple observables. Specif-
ically, the technique is demonstrated for large-R jet absolute MC-based calibration
of the jet energy and mass simultaneously. Furthermore, the neural network calibra-
tion technique is made capable of learning a variety of measures of central tendency
(mean, median, mode, quantiles) of the detector response, enabling the alignment of
the method with ATLAS jet calibration objectives. ATLAS utilizes the mode of the
detector response to calibrate jets (Section 4.6.5.2) — The ability of neural networks
to learn the mode of the response is critical for the adoption of neural network based
methods for jet calibrations. The mode learning procedure as described in this chap-
ter is the first such technique known to the Author that enables gradient decent based
regression to learn the mode of the conditional distribution. The methods presented
in this Chapter are published in [38, 39] and were developed by the Author along
with collaborators (S. Cheong, A. Cukierman, B. Nachman, A. Schwartzman) for the
ATLAS experiment. The Author developed the mode learning objective function,
as well as the architecture that enabled the simultaneous calibration of large-R jet
energy and mass.
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7.1 Introduction

Jets, as described in Section 4.6.5.1 are collimated streams of particles detected in
hadron colliders as partons hadronize due to color confinement during transit to-
wards the detector equipment. Due to the energy losses, detector imperfections and
non-linearities, the reconstructed jet has properties that differ from the properties
corresponding to the particle-level jet; Particle-level jet refers to the jet reconstructed
by directly combining the four-momenta of the individual (detector stable) parti-
cles rather than the detector readouts. Jets are essential in a variety of precision
Standard Model measurements, as well as in searches for physics beyond the Stan-
dard Model like the one presented in Chapter 5. It is therefore essential that the
jet four-momenta be calibrated to match the corresponding particle-level jet four-
momenta [30, 31, 259, 260]. The procedure for jet calibrations, as described in Sec-
tion 4.6.5.2, fundamentally relies on numerical inversion [260–262].

Numerical inversion comprises of two steps, the first of which is learning the
response of the detector. For observable X (for example jet energy, mass), some mea-
sure of central tendency (typically the mode) of the reconstructed observable X

reco is
parameterized as a function of the true value of the observable X

true. This param-
eterization can be further extended as a function of other parameters ✓ that affect
the scale of the observable X but are not calibrated themselves. Given that the de-
tector is responsible for the mapping (Xtrue

, ✓) 7! X
reco, this parameterization learns

the response of the detector — The detector response is captured by the probability
distribution (Xreco|Xtrue

, ✓) and the parameterization learns some measure of central
tendency of this distribution. The parameterization can be obtained with MC sim-
ulations of the experiment, or with data where X

true is measured independently and
to a high precision. The parameterized function is then inverted, and this forms the
calibration function — the inverted function maps Xreco

7! X̂
reco.

Conventional numerical inversion relies on deriving the parameterization of the
detector response by building look-up tables in bins of (Xtrue

, ✓), or by assuming a
functional form of the response (Xreco|Xtrue

, ✓) and performing unbinned fits. The for-
mer becomes unfeasible as the calibration task gets multi-dimensional, and the later
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results in biased parameterizations due to imperfect assumptions. The conventional
approach is used to calibrate one observable at a time, taking at most two auxil-
iary variables into account — This is evident in the calibration procedures described
in Section 4.6.5.2.2 and Section 4.6.5.2.3 where several sequential steps are taken to
calibrate the jet four-momenta. A novel unbinned and assumption-free method of im-
plementing numerical inversion, called generalized numerical inversion (GenNI), was
introduced by ATLAS as an improvement to the standard numerical inversion [379].
This method is capable of calibrating several observables simultaneously, while cor-
recting for the effects of several auxiliary parameters at the same time.

GenNI executes the two steps in numerical inversion using neural networks. The
first neural network, L, learns the continuous multi-dimensional parameterization
of the detector response, L : (Xtrue

, ✓) 7! X
reco; Here ✓, X

true, and X
reco can be

multi-dimensional. The function L learns some central tendency of the (Xreco|Xtrue
, ✓)

distribution, set by the loss function used to train the neural network; This is de-
scribed in detail in Section 7.2. Given that L is a deterministic function, the dis-
tribution (Xtrue|L(Xtrue

, ✓), ✓) is a Dirac � centered at X
true, provided the learned

response is a monotonic function of Xtrue. Consequently, the second neural network,
C : (L(Xtrue

, ✓), ✓) 7! X
true, learns the inversion of the first neural network and has

trivial training due to the lack of spread or local minima in the training distributions.1

C is the final learned calibration function, and the calibrated value of the observed
X

reco is X̂
reco = C(Xreco

, ✓). The general schematic of the two steps in GenNI, which
also apply to standard numerical inversion, are shown in Figure 7.1.

The work presented here extends the GenNI formalism to learn various measures
of central tendency, as detailed in Section 7.2. Of the measures of central tendency
that neural networks are shown to be capable of learning in Section 7.2, the mode
stands out as a vital breakthrough since it enables the adoption of neural network
based calibration procedures for ATLAS. Furthermore, the work shown here also
extends the GenNI formalism to simultaneously calibrate multiple features of large-R
(R = 1.0) jets: the energy E and the mass m, as will be detailed in Section 7.3

1Care must be taken when ✓ is strongly correlated with X
true, since C can learn X

true using ✓
and without actually inverting the learned response function L. This is, however, outside the scope
of the work presented here.
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Figure 7.1: Schematic of the two steps involved in GenNI, also applicable to standard
numerical inversion. The first step involves learning the detector response distribution
with the first neural network L. This parameterized response is then inverted in the
second step using the second neural network C. The inverse of the response learned
by the second neural network undoes the action of the experiment (which is typified
by the response distribution), hence the second step is labelled as the inversion of the
experiment. This second neural network C is then the required calibration function
that corrects the scale of the reconstructed observable X

reco to the true scale.
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7.2 Parameterizing Detector Response Using Neural

Networks

For this section, simplified notation will be used to convey the mathematical concepts
being presented. The measurement process takes random variable X and produces the
output random variable Y — This is analogous the the detector mapping some true
observable to its reconstructed value. Due to noise from marginalizing unmeasured
quantities and quantum mechanical sources, Y|X is a random variable characterized
by the probability distribution p(y|x), where x and y are instances of X and Y. Note
that this is the detector response function introduced earlier p(y|x). In principle,
X and Y can be multi-dimensional and not share the same physical dimensions —
Here Y will be assumed to be one dimensional, as is the most common case, to
simplify the notation, acknowledging that the logic presented here extends identically
to the multi-dimensional case. The function f(x) represents the parameterization of
the detector response to the input x, and represents some central tendency of the
response distribution p(y|x).

Neural networks that map f : X 7! Y are trained by minimizing some objective or
loss function `:

f = argmin
f 0E[`(Y, f 0(X))] (7.1)

= argmin
f 0

ZZ
`(y, f 0(x))p(x, y) dx dy ,

where E[·] is the expected value function. Loss functions used as objectives for the
neural network training are required to be bounded below and usually have a unique
global minimum, like the mean squared error (MSE) loss. Sufficiently flexible neural
networks will traverse the optimisation phase space and reach the condition Eq. 7.1,
provided the dataset used to train the network is a sufficiently large sample from
p(x, y).

To extract some properties of the loss function `, consider a neighborhood V(x 0)

around some x
0
2 {x}, in the support of the training dataset. Under the assumption

that p(x, y) and f
0

⌘ f(x 0) vary slowly over V(x 0) (roughly constant) for a small
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enough neighborhood V(x 0), the converged neural network will satisfy:

0 =
@

@f 0
E[`(Y, f(X))]

=
@

@f 0

Z

V(x 0)

p(x)

Z1

-1
`(y, f(x))p(y|x) dy dx

�

⇡

Z

V(x 0)

p(x) dx

�
⇥

Z1

-1

@`(y, f 0)

@f 0
p(y|x 0) dy

�

/ E

@`(y, f 0)

@f 0

���� x
0
�
.

(7.2)

For a converged neural network, Eq. 7.2 is true for all x 0
2 {x} across the support

p(x), since ` is bounded from below. Therefore the neural network generally satisfies,

E

@`(y, f(x))

@f(x)

���� x
�
= 0 (7.3)

which enables the engineering of the loss function ` such that f(x) can learn specific
summary statistics for the parameterization of the response. The following sections
cover some of the typical summary statistics that can be learned using standard
loss functions, culminating with the mode which requires the use of the novel Leaky
Gaussian Kernel objective function. As has been discussed previously, learning the
mode of the response is crucial for the task of jet calibrations in ATLAS. The CMS
experiment has recently investigated the use of the Huber loss [380] to reduce the
sensitivity to outliers [381]. The Huber loss interpolates between the mean and median
of the response distribution, but is still biased by the asymmetry of the distribution.
This work, therefore, focuses on learning the mode directly using the newly developed
loss function.

7.2.1 Mean

The mean of the response p(y|x) can be learned with the mean squared error (MSE)
loss function or simply the squared error (SE) loss, `SE(y, f(x)) ⌘ (y- f(x))2. As per
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Eq. 7.3,

E

@`SE(y, f(x))

@f(x)

���� x
�
= 2 (f(x)- E[y|x]) = 0. (7.4)

Hence the learned parameterization f(x) = E[y|x] is exactly the mean of the response
distribution p(y|x). This is one of the most common objective functions used in
neural network driven regression, and produces stable convergence to the mean of the
response using gradient descent.

7.2.2 Median

Another commonly task in regression is to learn the median of the response. This is
especially useful in scenarios where robustness is needed with respect to the outliers
in the response distribution. This can be achieved using the mean absolute error
(MAE) loss function or simply the absolute error (AE) loss, `AE(y, f(x)) ⌘ |y- f(x)|.
As per Eq. 7.3,

0 = E

@`AE(y, f(x))

@f(x)

���� x
�

= -

Z
f(x)

-1
p(y|x) dy+

Z1

f(x)

p(y|x) dy

= E
⇥
sgn(y- f(x))

��x
⇤
. (7.5)

where sgn(z) is the signum function defined by:

sgn(z) ⌘

8
>>><

>>>:

1 if z > 0

0 if z = 0

-1 if z < 0.

Hence the learned parameterization f(x) is exactly the median of the response distri-
bution p(y|x), such that it integrates equally on their side of f(x). Like the MSE, the
MAE is a commonly used objective function that produces stable convergence to the
median on the response using gradient descent.
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7.2.3 Quantile

Like the median, which is the 50% quantile, it is interesting to learn any arbitrary
quantile of the response distribution, often to quantify the width of the distribution
using an interquantile range. These measures enjoy the same outlier insensitivity that
applies to the median, and are hence used widely in statistics. Additionally, quantiles
can help determine the limits on the output of the detector. Arbitrary quantiles
of p(y|x) can be learned using the the generalized absolute error (GAE) [382, 383]
function:

`GAE, q(y, f(x)) =

8
<

:
q|y- f(x)| y � f(x)

(1- q)|y- f(x)| y < f(x)
(7.6)

where q 2 [0, 1] is the quantile of the response learned using `GAE, q. This loss function
can be made smooth [384,385], learn multiple quantiles at once [386], among several
other possible extensions. As per Eq. 7.3,

0 = E

@`GAE(y, f(x))

@f(x)

���� x
�

= -(1- q)

Z
f(x)

-1
p(y|x) dy+ (q)

Z1

f(x)

p(y|x) dy

1- q

q
=

Z1

f(x)

p(y|x) dy

Z
f(x)

-1
p(y|x) dy

. (7.7)

Hence the learned parameterization f(x) is exactly the 100q% quantile of the response
distribution p(y|x).
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7.2.4 Mode

The mode is another measure of central tendency that is insensitive to outliers, like
the median and quantiles. In addition to this, the mode is also insensitive to trunca-
tions in the distribution so long as the truncations do not affect the maxima of the
distribution. These properties are particularly useful for jet calibration where the jet
energy measurements have non-Gaussian tails from detector effects such as inactive
material and punch-through beyond the calorimeter. Additionally, jet reconstruction
algorithms typically have a minimum transverse energy threshold to suppress the
stochastic and pile-up jets, which are usually at lower energy scales than the inter-
esting hard-scatter jets. Therefore jet energy-momenta distributions suffer from the
effects of both outliers and truncation, making the use of the mode crucial for jet
calibrations. However the downside of using the mode is that it is not guaranteed
to be unique, unlike the mean, median, or quantiles of the distribution. Analyti-
cally, it is clear that the mode of the response can be learned using the 0-1 loss,
or `(y, f(x)) = -�(y - f(x)) for the Dirac delta function �. This can be seen from
Eq. 7.3,

-

Z1

-1

@�(y- f(x))

@f(x)
p(y|x) dy = -

@p(y|x)

@y

����
y=f(x)

= 0.

It should be noted here that the Dirac delta function as defined above will select all
turning points, not just the maxima of the distribution — the tie is broken, however,
along the optimization path. This loss function can however not be used with gradient
based optimizers, hence a surrogate loss function is required. Surrogates functions
for linear regression have been studied [387,388] — However, as far as the Author is
aware, this concept has not been deployed for use with neural networks.

The negative Gaussian kernel (GK) can serve as a simple surrogate for the Dirac
delta-function,

`GK(y, f(x);h) ⌘ -
1

p
2⇡h

exp

✓
-
(y- f(x))2

2h2

◆

where the hyper-parameter h is called the bandwidth of the kernel, and controls how
finely the kernel can estimate the mode and accommodate small sample sizes.

The use of this negative kernel function to find the mode of the distribution is
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in concert with the idea of kernel density estimation. In kernel density estimation,
the sum of kernels centered at some finite set of points produces an estimate for
the probability distribution that the points were sampled from. Likewise, the sum
of negative Gaussian kernels in a small neighborhood of some point x will estimate
-p(y|x) up to some normalization and offset. It follows that f(x) = argmax

y
p(y|x)

will minimize the mean training loss across the support of the training dataset.
Figure 7.2 demonstrates the efficacy of the `GK loss for the Gamma [389] and

Crystal Ball [390] distributions, for a fixed x = x0. The figure shows the actual loss
landscapes evaluated using E[`(Y, f(x))|X = x0], where f(x0) is swept through the
range of values p(y|x0) — MSE, MAE, and GK loss functions are used to illustrate
the differences between the summary statistics that minimize each. Note that the
Gamma distribution is as follows, for parameters k, ✓ and the Gamma function � :

pGamma(x) = x
k-1

e
-x/✓

✓k�(k)
.

Note also the Crystal Ball (CB) distribution, for parameters � > 0 and m > 1, is:

pCB(x) ⌘

8
<

:
N exp

�
-x

2
/2
�

if x > -�

NA(B- x)-m if x  -�,

where A = (m/|�|)m exp
�
-�2

/2
�
, B = (m/|�|)- |�|, N is the normalization factor.

It is evident from Figure 7.2 that the MSE and MAE are minimized at the mean
and median of the p(y|x) distribution respectively, as discussed in Section 7.2.1 and
Section 7.2.2. Furthermore, it can be seen that the GK function produces a loss land-
scape that estimates the inverted distribution p(y|x), albeit a smooth version that is
unable to recover the sharp cut off seen in the Gamma Distribution. For both Gamma
and Crystal Ball distributions, the GK loss results in a minimum that is unbiased
unbiased with respect to the mode of the underlying p(y|x) distribution — The GK
loss will be minimized at the mode of the p(y|x) distribution provided that p(y|x) is
smooth around the mode. The examples shown in Figure 7.2 also motivate the choice
of the mode as the summary statistic to characterize the detector response, given such
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(a) (b)

Figure 7.2: Loss landscapes for the MSE, MAE, and GK functions evaluated as the
function value ⌫0 = f(x0) is swept through the range of the distribution p(y|x0)
for each of the functions, for the (a) Gamma Distribution with k = 2 and ✓ = 1,
(b) Crystal Ball Distribution with � = 1 and m = 2. The underlying distribution
p(y|x0) is shown with gray dots, and the loss landscapes for the MSE, MAE, and GK
functions are offset subtracted to help visualize the minima. Additionally the true
mean, median, and mode of the underlying distributions are plotted with vertical
dashed lines. Figures sourced from [38].



CHAPTER 7. JET CALIBRATION WITH NEURAL NETWORKS 167

asymmetric detector response distributions that may not even have statistics like the
mean well-defined (as is the case for the Crystal Ball distribution).

As with the Dirac delta function, the GK loss is also not an ideal objective function
for use with gradient based optimization due to vanishing gradients sufficiently far
away from the mode of the response. This makes converging to the optimal solution
challenging, and requires modification to the GK loss that can mitigate the vanishing
gradients. This can achieved by introducing leakiness to the negative Gaussian kernel,
as defined by the leaky Gaussian kernel (LGK) loss:

`LGK(y, f(x);h,↵) = `GK(y, f(x);h) + ↵|y- f(x)|, (7.8)

where the hyper-parameter ↵ introduces the leakiness to the kernel, and sets a bound
on the gradient when the function is far from the optimal value. It is required that
↵ ⌧ 1 such that the optimal solution to Eq. 7.2 is found to be close to the mode
of p(y|x). Fig. 7.3 illustrates the effect of the hyper-parameter ↵ by visualizing the
loss landscape for some values of ↵ and the Gamma distribution with k = 2 and
✓ = 1. For small ↵ and despite orders of magnitude separating the tested values, the
minimum of the LGK loss is found to be close to the mode of the p(y|x) distribution
at y = 1. As ↵ grows, however, the LGK kernel tends towards the absolute error
|y1 - y2| loss and hence the minimum of the function tends towards the median of the
distribution at y ⇡ 1.678 (See Figure 7.2 for the median). Therefore, for sufficiently
small ↵, the leakiness introduced in the LGK loss function aids in the training of
neural networks and convergence to the mode of the response distribution, with only
a small ↵-suppressed bias.

The GenNI calibration procedure can be executed with any of the above stated
objective functions for both the neural networks L and C. As discussed in Section 7.1,
the first neural network, L, learns the detector response distribution through a sum-
mary statistic as set by the objective function used to train the network. Using the
LGK loss as described here, the GenNI method can learn the mode of the jet re-
sponse, hence achieving parity with the standard numerical inversion procedure used
by ATLAS. This is demonstrated, along with the first demonstration of simultaneous
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Figure 7.3: Loss landscapes for the LGK loss function evaluated as the function value
⌫0 = f(x0) is swept through the range of the distribution p(y|x0) for the Gamma
Distribution with k = 2 and ✓ = 1. Three values of alpha are used and each cor-
responding loss landscape, along with the corresponding minimum value, are shown.
The mode of the Gamma distribution with k = 2 and ✓ = 1 is y = 1, while the
median is y ⇡ 1.678. Figure sourced from [38].

jet energy and mass calibrations for large-R jets, in the Sections below.
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7.3 Simultaneous Jet Energy and Mass Calibrations

with Neural Networks

The calibration scheme for large-R jets in ATLAS is summarized in Section 4.6.5.2.3.
First, a jet energy scale (JES) correction is derived from MC simulations by fitting
the reconstructed jet energy response E

reco

T
/E

true

T
in bins of truth (particle-level) jet

energy, and then applying numerical inversion to the reconstructed jet energies. The
second step is a jet mass scale (JMS) correction, derived by fitting the reconstructed
jet mass response m

reco
/m

true across different bins of truth jet energy and truth jet
mass and applying numerical inversion. One challenge with this sequential JES+JMS
approach is that the jet energy response depends on the jet mass, and therefore the
jet energy may be biased across bins of jet mass. This challenge is mitigated using the
GenNI framework to simultaneously calibrate the energy and mass scales, while also
simultaneously accounting for auxiliary features such as the jet ⌘det. Additionally,
the Leaky Gaussian Kernel (LGK) loss function defined above in Section 7.2.4 is used
to learn the mode of jet response distributions.

7.3.1 Event Simulations

Studies documented here utilize several MC simulated samples. The nominal dijet
event sample is simulated using Pythia 8.230 [286, 287, 317] with the NNPDF2.3
leading order (LO) [391] set of parton distribution functions (PDF) and the A14 set of
tuned parameters [294]. Additional samples are simulated using Sherpa 2.2.5 [392]
with the CT14NNLO PDF set [393] and the default cluster hadronization model
and Herwig 7.1.3 [289, 290, 394] with the MMHT2014NLO PDF set [395] and the
default angularly-ordered parton shower with the default cluster hadronization [396].
Additional details of these samples may be found in Ref. [397].

The generated events are passed through a simulation of the ATLAS detector [332]
in Geant 4 [298], which encapsulates all the particle-detector interactions and dig-
itizes the event. Pile-up interactions are modeled by overlaying minimum-bias pp

collisions on the generated samples. These minimum-bias pp collisions are generated
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using Pythia 8 with the A3 set of tuned parameters [333] and NNPDF2.3 LO PDF
set.

With the events fully simulated, the large-R jet reconstruction proceeds as sum-
marized in Section 4.6.5.1. The jets are formed from LCW clusters and the anti-ktjet
algorithm [254] with radius parameter R = 1.0. Jets are also trimmed using R = 0.2

subjets and a momentum fraction of 5%, as described in Section 4.6.5.2.3. Truth jets
are formed from detector-stable simulated particles, excluding muons and neutrinos.
Reconstructed jets are geometrically matched to truth jets using the �R distance
metric; all jets with a reconstructed-truth match are considered. Reconstructed jets
with truth matched energy > 200 GeV and mass > 60 GeV, and the detector pseu-
dorapidity 0.0  |⌘det|  0.5 are considered for this study.

7.3.2 Methods

Following the two step numerical inversion scheme, as described earlier, the first
step in the GenNI procedure is learning the neural network L : (Etrue

,m
true) 7!

(Ereco
,m

reco), which learns the response of the detector. The second step then learns
network C : L(Etrue

,m
true) 7! (Etrue

,m
true), which inverts the learned response of the

detector. The calibrated values of Ereco and m
reco are finally given by C(Ereco

,m
reco),

essentially undoing the effect of the detector and bringing the scale of the jet energy
and mass simultaneously to their calibrated scales. The detector pseudorapidity, ⌘det,
is used as an auxiliary variable in each of the above neural networks.

The loss function used is the LGK loss from Section 7.2.4, written here explicitly
in terms of the predicted and target values of the variable,

Loss(xtarget
, x

pred) = - exp

✓
-
(xtarget - x

pred)2

2↵

◆
+ �|xtarget - x

pred|,

where x
target is the target value given by the training set, xpred is the neural network

predicted value, and ↵ and � are tunable hyper-parameters. For the simultaneous
calibration of E and m, the total neural network loss is the sum of the individual



CHAPTER 7. JET CALIBRATION WITH NEURAL NETWORKS 171

LGK losses for each of the observables,

Loss(Etarget
,m

target;Epred
,m

pred) = Loss(Etarget
, E

pred) + Loss(mtarget
,m

pred). (7.9)

To help the neural network reach convergence in fewer iterations, the energies and
masses are independently and inclusively standardized using the global mean and
standard deviation. The networks are trained with Keras [398] and TensorFlow [349]
using the Adam [350] optimization algorithm. The L network uses two hidden layers,
with 60 and 40 nodes respectively. All intermediate layers use the Leaky ReLU [399]
activation function. The loss used is the total loss as defined in Equation 7.9, with
the values of ↵ and � set to 10

-3 after a coarse hyperparameter scan. The C network
uses two hidden layers, with 60 and 2 hidden nodes, respectively. Since the C network
is learning a typically single-valued function, the loss function is not as important and
thus the MSE is used for faster convergence.

To accommodate differences in the performance of the calibration across multiple
features, care must be taken to ensure that the learning of one feature calibration
does not adversely impact that of another. A split network architecture is used
when training L to address this problem. The first intermediate layer with 60 nodes
has access to all the input parameters, and the successive layers are split in two
such that the back propagation gradient flow from the output nodes flows through
one half of the split intermediate layers. In this way, while gradient descent tries
to minimize the overall loss across all the parameters being calibrated, gradients
from each parameter output node have access to a unique portion of the training
network (half of the intermediate layer with 40 nodes), ensuring that each parameter
is calibrated sufficiently well without being affected by the calibration of a different
parameter.

Additionally, in order to ensure that the networks learn the response equally well
across the phase space, the energy and mass spectra of the training set are flattened
by assigning weights of 1/p(Etrue

,m
true). At the evaluation stage of the networks, the

physical spectra of jets are used.
The standard sequential calibration method and GenNI method are evaluated
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using identical metrics. Specifically, the response of the two methods is characterized
by extracting the mode of the distribution in bins of the truth observables: In a given
bin of truth x (x = E or m), the distribution of the response x

reco
/x

truth is fit with a
Gaussian function over a restricted range around the peak of the distribution defined
by the distribution mean and standard deviation. Assuming that the core of the
response distribution is Gaussian, the mean of the Gaussian fit gives an unbiased and
stable estimator of the mode of the response within the given bin of truth x. The
results of the full comparisons are discussed below in Section 7.3.3.

7.3.3 Results

Figure 7.4 shows the calibration performance for both the sequential calibration and
simultaneous GenNI approach, using the MSE loss as well as the LGK loss. For this
comparison, the standard sequential approach is replicated by repeated sequential ap-
plication of GenNI to calibrate one observable at a time, which makes the calibration
procedure identical to the standard sequential numerical inversion approach. There
is an overall bias in the response when using MSE compared with the LGK, which is
due to the difference between the mean and mode of the response distribution. Fur-
thermore, the residual mass dependence of the energy response is nearly eliminated
by using a simultaneous approach over a sequential approach, as demonstrated by
the better closure in the bottom right plot of Figure 7.4.

A detailed comparison of the standard sequential calibration (JES+JMS) and the
simultaneous GenNI calibration is presented in Figure 7.5. Raw (uncalibrated) jet
energy and mass responses for the nominal Pythia 8 sample are shown in the top
row. Prior to any jet calibration, both the energy and mass response show a strong
energy dependence. Due to the local topo-cluster energy calibration, the overall
energy scale is within 10% of unity across the entire energy range. The overall scale
is significantly improved after the standard sequential calibration, although there is
a significant non-closure (i.e., response different from 1) at low energy and a 1-2%
spread over the range of truth jet masses. The GenNI approach nearly eliminates the
residual mass dependence of the energy response and also improves the response at
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Figure 7.4: A comparison of the mode of the energy response as a function of truth
energy for GenNI trained using MSE (top) and LGK (bottom) in bins of the truth jet
mass using the nominal Pythia 8 MC sample. The left plots use GenNI sequentially
while the right plots use it simultaneously for mass and energy. Data points off the
scale of the plots may have their error bars within the visualization range, which may
appear as marker-less vertical lines on the plot. Figure sourced from [39].
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Figure 7.5: Energy (left) and mass (right) responses for the nominal Pythia 8 MC
sample. From top to bottom, each row represents: no calibration, current ATLAS
JES+JMS, and GenNI calibration with LGK loss. Data points off the scale of the
plots may have their error bars within the visualization range, which may appear as
marker-less vertical lines on the plot. Note that the top row has a different y-axis
scale than the lower two rows. Figure sourced from [39].
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low energy. The energy and mass resolutions (not reproduced here) are nearly the
same between the the traditional simultaneous calibration procedure and the GenNI
procedure.

The results presented in Figure 7.4 and Figure 7.5 use the Pythia 8 MC sim-
ulation for both training and evaluating the calibration. Figure 7.6 and Figure 7.7
instead show the performance of the calibration trained on Pythia, but tested with
Sherpa and Herwig, respectively. The figures show the difference in the responses
of Pythia and Sherpa/Herwig respectively. The overall calibration closure for
the alternative MC simulations is typically no worse for GenNI compared with the
standard method. These results suggest that the systematic uncertainties from the
neural network based method will be no larger than the standard method and that
the gains in closure are robust.

7.4 Conclusions

The work presented in this chapter extends the GenNI framework for neural network
based jet calibrations to simultaneously calibrate multiple features. A brief review of
how various summary statistics can be learned by machine learning methods depend-
ing on the choice of the objective function is shown. Additionally, a novel objective
function is proposed that can enable the learning of the mode of the response distri-
bution via gradient decent. The Author believes that this is the first demonstration
of mode learning neural networks, and is a key development for the parameterization
of the detector response where the mode is the typical summary statistic of choice
due to insensitivity to outliers and thresholds. The GenNI calibration is shown to
use the mode of the response instead of the mean using the LGK loss function. This
development enables the use of the GenNI framework for calibrating jet observables
in ATLAS.

The illustration of the multi-variate power of the GenNI technique is done by
simultaneously calibrating the energy and mass of large-radius jets in ATLAS sim-
ulations. The residual mass-dependence of the energy calibration is reduced and is
robust to variations in the MC simulation. These techniques will be useful tools for
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Figure 7.6: Energy (left) and mass (right) responses for the Sherpa MC sample. The
top row shows the uncalibrated energy and mass responses of the Sherpa MC sample.
The middle and the bottom rows show the response differences between Pythia and
Sherpa (Pythia 8-Sherpa 2) samples after current ATLAS JES+JMS and GenNI
calibration with LGK loss, respectively. Data points off the scale of the plots may
have their error bars within the visualization range, which may appear as marker-less
vertical lines on the plot. Figure sourced from [39].



CHAPTER 7. JET CALIBRATION WITH NEURAL NETWORKS 177

1000 2000 3000 4000

Truth E [GeV]

0.90

0.95

1.00

1.05

1.10

Je
tE

ne
rg

y
R

es
po

ns
e ATLAS Simulation Preliminaryp

s = 13 TeV, Herwig 7 (Ang. Ord.) Dijets
anti-kt R=1.0, LCW

Trimmed (fcut = 5%, R
sub

= 0.2)
0.0 < |�det

| < 0.5

Inclusive
60 GeV < mtrue < 100 GeV
100 GeV < mtrue < 200 GeV
200 GeV < mtrue < 500 GeV

1000 2000 3000 4000

Truth E [GeV]

0.90

0.95

1.00

1.05

1.10

Je
tM

as
s

R
es

po
ns

e ATLAS Simulation Preliminaryp
s = 13 TeV, Herwig 7 (Ang. Ord.) Dijets

anti-kt R=1.0, LCW
Trimmed (fcut = 5%, R

sub
= 0.2)

0.0 < |�det
| < 0.5

Inclusive
60 GeV < mtrue < 100 GeV
100 GeV < mtrue < 200 GeV
200 GeV < mtrue < 500 GeV

1000 2000 3000 4000

Truth E [GeV]

�0.020

�0.015

�0.010

�0.005

0.000

0.005

0.010

0.015

0.020

�
(J

et
E

ne
rg

y
R

es
po

ns
e) ATLAS Simulation Preliminaryp

s = 13 TeV, Pythia 8 - Herwig 7 (Ang. Ord.) Dijets
anti-kt R=1.0, LCW+JES+JMS

Trimmed (fcut = 5%, R
sub

= 0.2)
0.0 < |�det

| < 0.5

Inclusive
60 GeV < mtrue < 100 GeV
100 GeV < mtrue < 200 GeV
200 GeV < mtrue < 500 GeV

1000 2000 3000 4000

Truth E [GeV]

�0.04

�0.02

0.00

0.02

0.04

�
(J

et
M

as
s

R
es

po
ns

e) ATLAS Simulation Preliminaryp
s = 13 TeV, Pythia 8 - Herwig 7 (Ang. Ord.) Dijets

anti-kt R=1.0, LCW+JES+JMS
Trimmed (fcut = 5%, R

sub
= 0.2)

0.0 < |�det
| < 0.5

Inclusive
60 GeV < mtrue < 100 GeV
100 GeV < mtrue < 200 GeV
200 GeV < mtrue < 500 GeV

1000 2000 3000 4000

Truth E [GeV]

�0.020

�0.015

�0.010

�0.005

0.000

0.005

0.010

0.015

0.020

�
(J

et
E

ne
rg

y
R

es
po

ns
e) ATLAS Simulation Preliminaryp

s = 13 TeV, Pythia 8 - Herwig 7 (Ang. Ord.) Dijets
anti-kt R=1.0, LCW+GenNI(JES+JMS)

Trimmed (fcut = 5%, R
sub

= 0.2)
0.0 < |�det

| < 0.5

Inclusive
60 GeV < mtrue < 100 GeV
100 GeV < mtrue < 200 GeV
200 GeV < mtrue < 500 GeV

1000 2000 3000 4000

Truth E [GeV]

�0.04

�0.02

0.00

0.02

0.04

�
(J

et
M

as
s

R
es

po
ns

e) ATLAS Simulation Preliminaryp
s = 13 TeV, Pythia 8 - Herwig 7 (Ang. Ord.) Dijets

anti-kt R=1.0, LCW+GenNI(JES+JMS)
Trimmed (fcut = 5%, R

sub
= 0.2)

0.0 < |�det
| < 0.5

Inclusive
60 GeV < mtrue < 100 GeV
100 GeV < mtrue < 200 GeV
200 GeV < mtrue < 500 GeV

Figure 7.7: Energy (left) and mass (right) responses for the Herwig MC sample. The
top row shows the uncalibrated energy and mass responses of the Herwig MC sample.
The middle and the bottom rows show the response differences between Pythia and
Herwig (Pythia 8-Herwig 7) samples after current ATLAS JES+JMS and GenNI
calibration with LGK loss, respectively. Data points off the scale of the plots may
have their error bars within the visualization range, which may appear as marker-less
vertical lines on the plot. Figure sourced from [39].
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further calibration developments in jet reconstruction and beyond. In particular, ad-
ditional features can be easily added to this streamlined GenNI approach where only
two neural networks are required instead of many sequential steps.

This development of the GenNI multi-variate jet calibration framework, along
with the mode learning loss function, has enabled studies into general multi-variate jet
calibration techniques by ATLAS. The Author believes that these promising inquiries
have the potential to improve the ATLAS jet calibration performance for jets with
interesting substructure, such as the jets found in the analysis presented in Chapter 5
— The ability to make the calibration learn from jet substructure observables opens
up previously inaccessible handles to improve the reconstruction fidelity of ATLAS.
This is therefore, in the Author’s opinion, an exciting space for future developments
in jet reconstruction techniques.



Chapter 8

Light Field Imaging for Cold Atom

Clouds in the Matter-wave Atomic

Gradiometer Interferometric Sensor

This chapter introduces an innovative super-aperture spatially multiplexed light field
imaging device (Ref. [41], adapted here under open access) that has been developed
by the Author, along with collaborators (S. Cheong, J.C. Frisch, S. Gasiorowski,
J.M. Hogan, M. Kagan, A. Schwartzman, M. Vandegar), for the MAGIS-100 experi-
ment [9]. The imaging device concept has also been granted a provisional patent (No.
63/364,799) by the Unites States Patent and Trademark Office. The device is able to
capture multiple views of an object in a single data-taking shot, collecting more light
than a conventional lens operating at the same depth of field and magnification. The
system has a projected 3D resolution of 100µm for objects of size 1mm

3, suitable
for the reconstruction of fluorescing cold atom cloud densities in atom interferom-
eters. The 3D reconstruction has been demonstrated with a 3D-printed prototype,
able to reconstruct 100µm surface features on a micro-3D-printed 1mm

3 fluorescing
opaque test object. The system has been developed with a focus on the imaging of
cold atom cloud densities in atom interferometer experiments like MAGIS-100. The
system presents a new technique for imaging the cold atom clouds by enhancing the
light collected and providing the information needed to perform 3D reconstruction in
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a single shot. It can therefore provide more information to characterize the cold atom
cloud densities than conventional imaging. The Author contributed to this work by
designing the optics for this imaging modality, along with developing the concept
for the experimental prototype. Additionally the Author also assisted collaborators
in the simulation and object reconstruction by advising on the appropriate optical
constraints needed to be incorporated into the setup.

8.1 Introduction

As introduced in Chapter 2.6, atomic sensors present a unique opportunity to ex-
pand the search for physics beyond the Standard Model [400–403]. Specifically, these
sensors can be sensitive to ultralight dark matter which has particle masses in the
range of 10-22

eV – 10
-12

eV [8]. These masses are below the reach of high energy
particle colliders like the LHC, and instead these dark matter candidates manifest as
oscillating waves that require different detection mechanisms. Atom interferometers
are one such promising experimental techniques that can be sensitive to ultralight
dark matter [9]. Additionally, scaled up atom interferometers are quantum sensors
that can also be sensitive to mid-band gravitational waves in the (0.03Hz – 3Hz)
frequency range. It is therefore imperative to develop these detection technologies
to maturity, and harness the full information gathering ability of this experimental
modality.

MAGIS-100 [9] is a path-finder long baseline atom interferometer experiment that
is being built to develop and test state-of-the-art atom interferometry techniques and
data processing methods for the next generation of quantum sensors.1 In MAGIS-100,
atom interferometry is done using a 100m vertical baseline ultra-high vacuum tube,
encased in a magnetic shield. The experiment has a series of connection nodes along
its length, equipped with view-ports for atom manipulation as well as for imaging the
fluorescing atom clouds at the end of the interferometer sequence. Cold atom clouds
1mm

3 in size are launched from three different atom sources located at the bottom,
1A quantum sensor is a detection apparatus that relies on quantum superposition, entanglement,

and related phenomenon.
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middle, and top of the experiment. A layout of the MAGIS-100 experiment along
with a view of the laser hall is shown in Figure 8.1.

Figure 8.1: Detector layout of the MAGIS-100 experiment under construction at the
Fermi National Accelerator Laboratory. (a) Computer generated model of the full
experiment with the 100 m vertical vacuum chamber. (b) Computer generated view
of the laser lab room. (c) Computer generated model of one of the 17 the modular
sections that constitute the full experiment, which contains a section of the pipe,
vacuum pumps, magnetic shielding, etc. Figure sourced from [9].

MAGIS-100 operates as a gradiometer by making differential measurements across
multiple atom interferometers that are separated (vertically) by some baseline. Atom
interferometers rely on ensembles of cold atoms that can be switched between stable
internal states using pulses of light. These experiments uses the phase accumulated
across delocalized atom clouds in a superposition state to produce an interference
pattern in the atom cloud densities. In MAGIS-100, the interferometer sequence is
driven by laser pulses that travel along the length of the experiment. The laser pulse
sequence serves to transfer momentum to the atoms, splitting the atomic wavefunction
into two paths that subsequently interfere, realizing a Mach-Zehnder interferometer
geometry. Figure 8.2a shows a simplified atom interferometer sequence made using
laser pulses that generate the momentum superposition state which then accumulates
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(a) (b)

Figure 8.2: (a) Simplified clock atom interferometer space-time diagram. The cold
atom cloud manipulated by a series of laser pulses (wavy lines) after the initial launch
of the cold atoms, throughout the duration of their free-fall under gravity. Blue (red)
lines show the cold atom cloud trajectories in the ground (excited) state. (b) Simu-
lated image of the interference pattern at the end of MAGIS-100 atom interferometer
sequence. The image shows the two atom cloud populations corresponding to the two
states at the end of the interferometer sequence. The interference fringes depicted
here are due to the phase shear readout technique [40]. Figures sourced from [9].

a phase difference across the two clock states.2 At the end of the interferometer pulse
sequence, the final interference pattern consists of two output ports, one for each
of the final interfering atomic states. Each atom from the initial ensemble lands in
one of the two ports with a probability determined by the phase accumulated during
passage through the interferometer. Figure 8.2b shows a simulated image of the cold
atom clouds at the end of the interferometer sequence, where the cold atom clouds in
the two states can be seen offset from one another.

Two (or more) atom interferometers sharing a common laser can form a matter-
wave gradiometer, as shown in the simplified schematic in Figure 8.3. The difference
in the phase of the interference fringes across the two (or more) interferometers forms

2(Quasi-)stable atomic energy states.
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Figure 8.3: Schematic of a simplified clock gradiometer. Two cold atom cloud in-
terferometers are manipulated with shared laser pulses, creating a symmetric pair
of interferometers separated by the baseline of the experiment. (a) Initial positions
of the two cold atom clouds. (b) Laser pulse sequence space-time diagram showing
the creation of the two symmetric interferometers using the two starting cold atom
clouds. Dark (light) gray lines show laser pulses traveling upwards (downwards). Blue
(red) lines show the cold atom cloud trajectories in the ground (excited) state. Figure
sourced from [9].

a key physics observable of a matter-wave gradiometer. This phase difference is
proportional to the excitation energy of the clock (interference) transition and the
baseline length between the interferometers — this is what makes matter-wave gra-
diometers suitable for searches for ultralight dark matter, since such dark matter can
modulate the atomic energy levels (See Section 2.6). This approach also benefits
from common-mode noise rejection since the interferometers all share the same laser,
greatly improving the sensitivity of these experiments.

As described above, operation cycle of the MAGIS-100 experiment consists of
launching the cold atoms from any subset of the three atom sources, executing the
atom interferometer sequence while the atom clouds are experiencing free fall, and
imaging the matter-wave interference pattern for each of the launched cold atom
clouds. The process of imaging the interference pattern is destructive since the cold
atoms are excited into fluorescence using a dedicated fluorescence laser pulse which
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induces diffusive heating of the cold atom clouds the longer it interacts with the
atoms [9, 404]. The interference pattern is imaged using a sensor through the view-
ports in the experiment tube. This process is repeated periodically, acquiring a time
series of interference pattern measurements which are the basis for the physics analysis
conducted at the experiment [9].

Consequently, harnessing the full physics potential of atom interferometer exper-
iments such as MAGIS-100 requires advanced imaging techniques to maximise the
light collection from the fluorescing cold atom clouds, while simultaneously retaining
structural information about the cold atom cloud densities, in a single shot. There-
fore, the novel light field imaging system presented here utilizes plane mirrors to image
an array of unique orientations of the object on a single imaging sensor in a single
shot. The system multiplexes angular information onto the spatial dimensions of the
senor, and is able to capture directional information about the light emitted from the
object; thus capturing its the light field. The use of plane mirrors also enables the sys-
tem to capture more light than conventionally allowed by the aperture of the imaging
lens, while still maintaining approximately the same imaging characteristics for each
unique orientation imaged. The system thus presents a realization of the maximum-
information-capture single shot imaging paradigm for atom interferometers, wherein
both light collection can be maximised and structural information preserved.

This image acquisition technique open up new analysis methods. The angular
multiplexing allows the system to image the object from a variety of unique orienta-
tion, this enabling 3D tomographic reconstruction of the cold atom cloud densities.
The captured data can also be used for 3D function fitting and analysis. Furthermore,
this information could enable the quantification of vital systematic uncertainties, such
as the laser wavefront aberration phase errors [9]. Additionally, the increased light
gathering ability of the system could allow for the cold atoms clouds to be imaged
with shorter fluorescence pulses, reducing the distortions to the cloud densities from
diffusive heating.

While the focus here is on the MAGIS-100 Experiment, the light field imaging
approach presented here is applicable to any scientific or industrial application that
deals with imaging small objects and suffers from light-limiting single shot constraints.
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8.2 Imaging requirements in atom interferometers

Sr atoms will be used in MAGIS-100, with typical Gaussian density atom clouds of
O(106) atoms produced with a volume of about 1mm

3. Phase shear readout (PSR)
technique [40] is used to imprint a spatial fringe pattern on the two output ports
(Figure 8.2b), wherein the fringes that appear in the two ports are offset by 180
degrees due to unitarity. MAGIS-100 is expected to produce PSR interference fringes
with a wavelength of O(100µm) over the 1mm

3 atom clouds.
An important physics observable in atom interferometers is the phase of the in-

terference pattern that is imprinted on the atom cloud density profiles. This sets the
primary constraint on the imaging system used to image the atom clouds as they flu-
oresce, since the system needs to resolve the fringe pattern clearly enough to recover
phase variations. Furthermore, each of the Sr atoms at MAGIS-100 will scatter 10

8

photons per second when excited by the imaging light pulse at 461 nm. The imaging
light pulse will be turned on for a duration between 10µs – 100µs, where the upper
limit is set by the requirement that diffusive heating from the laser does not aver-
age out the interference pattern. The lower limit on the imaging time is driven by
the amount of light collected by the imaging system, and can be pushed lower for a
system with large light capturing ability.

The above features set the minimal requirements and parameters for any imaging
system that will be deployed to image the atom interferometer fringe patterns at
MAGIS-100. From the perspective of imaging a single atom cloud, these are listed
below:

• Minimum imaging resolution capable of distinguishing O(100µm) features.

• Sufficient field of view and depth of field to accommodate the O(1mm
3) atom

cloud envelope

• Maximize the light collected from the atom cloud to minimize imaging time and
improve the signal-to-noise ratio.
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8.3 Optical design

8.3.1 Conventional imaging considerations and limitations

A conventional, or entocentric, imaging system constitutes a camera and a finite
conjugate (simple or compound) lens focused on the object bring imaged. The imaging
requirements decribed in Section 8.2 for imaging in the MAGIS-100 experiment can be
used to design a simple conventional imaging system, following the geometric model
of image formation (reviewed with relevant details in Appendix B.1). For this study
a CMOS sensor with a pixel size of 3 µm is considered with a total sensor size that
is arbitrarily large such that it can accommodate the full 1 mm3 atom cloud image
on the sensor. Therefore the problem reduces to a choice of appropriate parameters
of the entocentric lens that is used in the conventional imaging of the atom clouds.

A scan of lens magnifications m and f-number N is presented in Figure 8.4 where
the impact of various combinations can be seen in terms of the resulting circle of
confusion for point source imaging. The depth of field is set to be 1mm per Sec-
tion 8.2. Note here that the circle of confusion size is not reported as a raw length or
number of pixels, but rather as a fraction of the size a 100µm feature takes on the
imaging plane. This helps contextualize the size of the circle of confusion in terms of
the minimum feature size the system is designed to capture. Figure 8.4 also shows
the size of the geometric circle of confusion relative to the diffraction limited spot
size. Here the diffraction spot size is approximated using the Fraunhofer limit, i.e.
the first zero of the Airy Disk (2.44�N) [405] where N is the lens f-number and the
wavelength � = 461 nm is used which is the Sr imaging wavelength.

Figure 8.4 helps constrain the choice of lens parameters to a space where the circle
of confusion is less than half the size of the 100µm feature (below the horizontal line).
Note that this is a pessimistic analysis that assumes the atom cloud density to be
uniform in the full 1mm

3 volume, whereas the atom clouds are expected to have a
Gaussian density profile. Nevertheless it helps isolate a part of the lens parameter
space that can be exploited for high fidelity imaging of the atom clouds. The fraction
of light collected from an on-axis isotropic point source by lenses in this space reaches
a maximum of approximately 0.3%, as shown in Figure 8.5.
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(a) (b)

Figure 8.4: (a) Circle of confusion in an ideal conventional single view entocentric
imager relative to the size of a 100µm feature, as a function of lens magnification for
a range of lens f-numbers. The 100µm object space feature dimensions are divided
by the magnification to get the image space dimension, which is then used to divide
the circle of confusion. The horizontal line is drawn for the points where the circle of
confusion is 50% of the 100µm feature on the imaging plane. (b) Circle of confusion in
an ideal conventional single view entocentric imager relative to the diffraction limited
spot size, as a function of lens magnification for a range of lens f-numbers. The circle
of confusion sizes are computed using Eqn. B.1 with a f = 62mm, though as seen
from Eqn. B.2 the dependence on the focal length is not a dominant effect. The depth
of field is set to 1m to account for the typical size of the cold atom clouds in atom
interferometers like MAGIS-100. Figure sourced from [41].

Figure 8.5: Percentage of light collected by an ideal conventional single view entocen-
tric imager that is emanated by an on-axis point object in 4⇡, as a function of lens
magnification for a range of lens F-numbers. The percentages are computed using
Eqn. B.3. Figure sourced from [41].
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This presents a challenge in utilizing conventional entocentric imaging for atom
interferometry; prioritizing light collection jeopardizes the ability of the imaging sys-
tem to resolve the features of the interference fringes and vice versa. However, the
target object here being only 1mm

3 opens up the possibility to collect more light on
the same sensor by utilizing the available pixels and folding in more optical paths
into the same imaging system. Furthermore, collecting light from a larger set of an-
gles around the object captures more of the light field, which in turn provides more
information to reconstruct the object from the captured image. This is described in
detail below.

8.3.2 Light field imaging concept for atom interferometers

8.3.2.1 Geometry of a single folded view

The concept of the light field imager presented here relies on folding optical paths
using flat mirrors. Figure 8.6 illustrates the key properties of this folding method for
a single view.3 For a given lens and sensor, the focal plane of the imaging apparatus
is some well defined surface which can be assumed to be flat for the case of an ideal
lens. Rather than placing the object at the focal plane directly, the object is placed
closer to the imaging apparatus, and a flat mirror is used to create a virtual copy of
the object that sits at the focal plane of the lens. Note that the relative angle between
the mirror and optical axis creates a virtual object that is rotated with respect to the
imaging apparatus. Light from this virtual object is then focused onto the sensor,
along with the light from the object directly that forms a defocused spot on the center
of the sensor. Since the focused image on the sensor can be mapped to a specific view
angle, this setup preserves both the intensity and angular information of the light
emanating from the object — capturing the light field.

The principal ray passing through the center of the lens is highlighted as the
dashed line in Figure 8.6. For a given view angle ✓, the constraints that the virtual
object must sit on the focal plane, and that the principal ray must pass through the
center of the lens, uniquely determine the mirror normal angle �, and the position of

3This text uses the word “view” to refer to mirror folded views.
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Figure 8.6: Ray diagram of a single folded view. Here the object is placed at a
distance x from the lens center, offset from the focal plane of the lens which is at a
distance F from the lens. A flat mirror is introduced between the object and the focal
plane, which produces a virtual object that lies on the focal plane; this virtual object
is focused onto the sensor by the lens. The mirror normal angle � is chosen such that
the principal (central) ray emanating from the object (at angle ✓) is reflected towards
the center of the lens. This constrains the geometry of the mirror and determines
the mirror normal angle as described in Appendix B.2. Note that the ✓ > 0 view
angle results in an image that sees the object as if it were rotated by angle ✓ about
the optical axis. Note also that ⇢ = 2� - ✓. The marginal rays from the lens center
to the mirror edges are shown in red, and corresponding field of view is highlighted
on the focal plane. The half angle � corresponds to the angular field of view and is
determined following the logic presented in Appendix B.3. Figure sourced from [41].
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the mirror center. This is detailed more explicitly in Appendix B.2.
The point of reflection of the principal rays that pass through the lens center can

be treated as the center of the mirror, and a symmetrically shaped mirror can ensure
that the light cone emanating from the object reflecting off the mirror stays symmetric
about the center. Note that the distance between the virtual object and lens increases
by a factor of 1/ cos ⇢ as the virtual object rises above the optical axis. Furthermore,
the perpendicular area of the lens aperture (as seen by the virtual object) decreases
by a factor of cos ⇢. Therefore, when the lens is the light-limiting aperture, this leads
to a drop in the light collected from the object as the view gets increasingly off-
axis. This effect can be mitigated by using mirrors that function as the light-limiting
apertures, and increasing the relevant mirror dimension by the appropriate factor of
1/ cos (✓- �) for each mirror. Alternatively, if mirrors of fixed radii are used that
form the light-limiting apertures, then a drop in light intensity collected at the lens
is expected from similar factors of cos (✓- �).

The field of view for a single folded view can be geometrically determined by
tracing marginal rays from the center of the lens to the edges of the mirror, as shown
in Figure 8.6. Under the assumption that the mirror is symmetric about its center,
this can be done following the details presented in Appendix B.3. The mirror sizes can
be chosen based on the field of view to account for the object of interest. Therefore
the system is flexible in its ability to accommodate objects of various scales.

8.3.2.2 Accommodating multiple views – Capturing the light field

The single view geometry can be readily extended to a multi view geometry given
that the image of each virtual object occupies a small portion of the imaging sensor.
This can be visualized by mapping the image sensor dimensions onto the focal plane
of the lens, as shown in Figure 8.7. In this setup, the view angles (✓, ) are first
sampled on a Fibonacci lattice as follows,

(✓i, i) =

✓
arccos


1- 2

i

N

�
, 2⇡

i

GR

◆
(8.1)
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Figure 8.7: Principal ray diagram in a setup with multiple view folding using mirrors.
The object is shown as a black dot along the optical axis of the system. Each mirror
is colored from blue to red proportionally to the magnitude of the polar view angle
✓ captured by the mirror. The principal rays are traced with the same color, and
are shown to start at the location of the virtual object and end at the sensor. The
focal plane is depicted here with a bounding box that corresponds to the size of the
sensor divided by the lens magnification. It can be seen that for the given array of
mirrors, there is some minimum distance between neighboring virtual objects centers.
The density of virtual objects on the focal plane can be modified by increasing or
decreasing the number of views and mirrors to appropriately account for the virtual
object size. Note here that the view angles (✓, ) are sampled on the Fibonacci lattice
as governed by Eqn. 8.1, but only those views (and corresponding mirrors) within the
appropriate hemisphere, and which produce virtual objects that lie inside the field of
view of the imaging apparatus, are shown. Figure sourced from [41].



CHAPTER 8. LIGHT FIELD IMAGING FOR COLD ATOMS 192

where GR = 1+
p
5

2
, i = (1/2 + j) where j is an integer from 0 to N, and N is the

total number of points being sampled on the Fibonacci lattice.4 Here ✓i correspond
to angles with respect to the optical axis, and  i correspond to the azimuthal angles.
For Figure 8.7 N = 800 angles are sampled on the unit sphere from the lattice, but
not all angles are displayed; Only angles in one hemisphere, which upon folding by
mirrors produce images that fall inside the sensor, are retained. Flat circular mirrors
with equal radii and corresponding normal angles are appropriately positioned around
the object. Note that N = 800 corresponds to a coarse enough sampling such that
none of the mirrors overlap. The sensor dimensions are shown on the focal plane to
help visualize how the dense packing of the sensor can work. As seen in Figure 8.7,
the virtual objects are not expected to overlap provided the object dimensions are
smaller than the inter-virtual object distance. Moreover it can be seen that, for this
view angle sampling and mirror size, no overlap of ray bundles occurs as the light
reaches each mirror.

In Figure 8.7 the maximum view angle shown corresponds to ✓ = 55
�, as angles

beyond that result in virtual objects that lie outside the field of view of the imaging
apparatus. Here the camera has a full frame sensor (36 mm ⇥ 24 mm), with a f/1.2

lens of focal length 62.275mm focused for a magnification of m = 0.215. The object
distance x from the lens is tuned such that the ✓ = 55

� virtual object lies at the edge
of the viewable area. More generally (refer to Figure B.2),

x = F-
h
⇤

tan�⇤ , where �⇤ =

✓
arctan

h
⇤

F
+ ✓⇤

◆
/2 (8.2)

If h
⇤ corresponds to the maximum height above the optical axis that can be

imaged by the lens focused at distance F,5 then to allow a maximum view angle of
✓
⇤, Eqn. 8.2 determines the corresponding object distance x.

As mentioned in Section 8.3.2.1, the defocused image of the object will be formed
4It should be noted that the Fibonacci lattice is not the most efficient sampling of points on the

surface of a sphere, but it returns points with reasonable density and uniformity for the purpose of
this discussion — The view sampling can be trivially switched to a denser lattice if the application
requires achieving the maximum packing density of views.

5This is distinct from the lens focal length which can be defined as the distance behind the lens
where light from infinity is focused at.
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in the center of the sensor. To avoid overlapping this defocused image with in focus
images produced by folded views, no mirrors are placed close to the optical axis, as
shown in Figure 8.7.

8.3.2.3 Related work – Light field imaging

A comprehensive review of light field acquisition and reconstruction techniques can
be found in Refs. [406] and [407]. As presented in Ref. [406], light field acquisition
can be split into three main categories: multi-sensor capture, time-sequential capture
and multiplexed imaging. Multi-sensor capture involves the use of multiple cameras
that each capture one part/direction of the light field. Time-sequential capture in-
volves the use of one sensor that is used to capture different parts of the light field
by displacing the sensor and taking images for each direction separately. Finally,
multiplexed imaging captures the light field by multiplexing the directions into the
spatial or frequency domain.

The multiple folded view light field imaging concept presented in this text falls
into the spatially multiplexed light field imaging category. However, the folding ge-
ometry allows a conventional lens to capture light field directions that exceed what
is permitted by the lens’ aperture. Therefore the angular span captured by this tech-
nique exceeds typical spatial multiplexed imaging methods and is in line with the light
gathering abilities of multi-sensor imaging devices. Hence the folded view geometry
presented here is a hybrid of the two acquisition modalities, and better described as
super-aperture spatially multiplexed imaging.

8.3.2.4 Implications for cold atom imaging

It is evident from the above discussion that this multi view imaging device is able to
capture the light intensity emanating from the object and factorize it into different
directions, effectively capturing the light field of the object. This gain in information,
along with the gain in light collection, is crucial to the usefulness of the image captured
by this device in reconstruction tasks such as those described in Section 8.6. This
opens up the potential for enhanced light collection, one shot 3D reconstruction and
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characterization of small scale objects that are dim, fragile, or ephemeral - such as
the cold atom clouds seen in atom interferometers.

The total light collected by the light field imaging device is dictated by the array
of mirrors and the lens used to image the plane of virtual objects. In the limit of very
small mirrors, the total light collected by the systems tends to 50%. In this regime
each view has a severely reduced field of view and collects a small fraction of the total
light. Note that the maximum is 50% since the mirrors are arranged to cover one
hemisphere around the object.

In the limit of large mirrors, each view collects as much light as the lens’ aperture
maximally allows. Assuming the imaging apparatus is tuned for atom cloud imaging
as described in Section 8.3.1, the light field imager can collect approximately m times6

the light that the conventional imager collects, where m is the number of views folded
with the mirrors. This offers a potential order of magnitude gain in the light collected
depending on the size and number of mirrors used. This is done while simultaneously
ensuring that the depth of field of the system is acceptable since the same parameters
for the imaging apparatus are used as discussed in Section 8.3.1. Each view has an
effective f-number greater than or equal to the single-view conventional setup and
thus necessarily has a greater or equal depth of field. An experimental realization of
this idea is presented below in Section 8.4 where n = 111.

6Here the cos
4
✓ factor of image plane irradiance for an off-axis (by angle ✓) point source [408]

is ignored as it is a slowly varying function over the angles concerned. A complete treatment of the
light collection from all the off-axis views will result in a gain in light collection slightly less than
the factor of m quoted here.
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8.4 Experiment

8.4.1 Demonstrator Design

To validate the imaging concept presented in Section 8.3, a 3D printed demonstrator
has been made to achieve multi view imaging and demonstrate the 3D reconstruction
capabilities of the information recorded by this imaging concept. This section presents
the specifics of the design parameters of this demonstrator.

To accommodate constraints from realistic magneto-optical traps and lasers in
atom interferometer experiments, the closest mirrors in the demonstrator are required
to be at least 3 cm away from the nominal object position. Furthermore, since cam-
eras typically lie outside the vacuum chambers in such experiments, the lens in the
demonstrator is required to be at least 15 cm away from the nominal object position.
These constraints set the maximum view angle captured by the demonstrator to be
✓ = 55

� for a 35mm full-frame sensor.
5mm mirrors are used in the demonstrator, since these were the smallest commer-

cially available mirrors at the time of building the system. These mirrors are large
enough to allow for a sufficient field-of-view for an O(1mm) target object, while be-
ing small enough to pack the range of solid angles efficiently and accommodate up
to n = 111 views. Views (mirrors) are not populated in the central region of the
array of mirrors to avoid overlapping images from those mirrors with the defocused
direct (head-on) image of the object. The results in this paper are produced with a
demonstrator holding n = 90 mirrors.

The QHY600 astrophotography camera was used for this study, which has a full-
frame back-illuminated sensor with a small pixel size (3.76 µm) and 16-bit analog-
to-digital bit depth. For the lens, priority was placed on having a wide range of
f-numbers, while targeting reasonable magnification and object distance constraints,
explained in Section 8.3. The commercially available high performance Nikkor Z
58mm f/0.95 S lens was chosen as it satisfies all the constraints discussed above.
Furthermore, this lens has one of the largest lens apertures with good and well-
documented off-axis imaging performance.

The array of mirrors are held place at the correct positions and orientations by
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two 3D-printed boards as shown in Figure 8.8a. The two boards, with the mirrors
sandwiched in between, are tightened using bolts and nuts along the edges of the
demonstrator. The front board has an array of small rings that define the mirror
positions and angles, while the back board has an array of cylinders that push and
apply pressure to the back of the mirrors to pin them in place (See Figures 8.8c and
8.8d). The thickness of the front board is 1mm and is thinner than the thickness
of the mirrors which is 1.5mm, ensuring that the cylindrical knobs from the back
board are pushing against the rear surface of the mirrors. The front board has angle
brackets around its edges, with dimensions such that the front-most plane defined by
the four corners of the bracket defines the nominal imaging target position along the
optical axis (x = 0). The corners of the angle brackets are engraved with grooves,
and thin (0.005 00) fibers are used to place the target object at the precise nominal
object position using these grooves (See Figure 8.9).

The demonstrator is 3D-printed using stereolithography (SL) technology with
0.004

00
Z-resolution and 0.010

00
XY-resolution, and the optical axis of the demon-

strator is aligned as the Z-axis during 3D printing. This sets the positional and the
angular resolutions of the mirror holes on the front board. Consequently, the res-
olutions degrade with increasing view angles. For the largest view angle ✓ = 55

�,
the mirror surface normal is at 35

� from the optical axis (Z-axis in manufacturing),
and this normal surface has a combined resolution of 160 nm. With 5mm diameter
mirrors, this corresponds to an angular resolution of 1.8�. Image-level comparisons
with simulations confirm that the errors are smaller than these expectations.

To facilitate optical alignment, the front board has a 12 cm ⇥ 12 cm square align-
ment grid of 1mm wide and 1mm deep lines printed on the flat surface of the front
board. The demonstrator is aligned perpendicularly to the optical axis by ensuring
that the entire alignment grid is simultaneously in focus while operating the lens at
a low depth of field. The effective depth of field of the camera and lens operating at
f/1.1 is found to be approximately 2mm for the alignment grid. Consequently align-
ment using the grid and the lens at f/1.1 aligns the demonstrator within ±1/60 rad

(±0.95
�) from the exact perpendicular plane. See Figure 8.10 for an image of the

front board alignment grid after the alignment procedure has been completed.
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(a) (b)

(c) (d)

Figure 8.8: Various views of the demonstrator CAD model. The teal disks are the
mirrors. (a) Expanded view. The black parts to the left and the right of the mirrors
are the front board and the back board, respectively. (b) Assembled view of the mirror
holder. (c) A zoomed-in view, showing each mirror being pushed against a ring-like
structure on the front board. (d) A zoomed-in view without the front board, showing
each mirror being pushed by a cylindrical structure on the back board. Figure sourced
from [41].
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Figure 8.9: Laboratory photo of the demonstrator. A pair of thin (0.005 00) fibers are
used to create a crosshair that defines the nominal target object position and holds
the object in place. Figure sourced from [41].

Figure 8.10: Image of the alignment grid of the demonstrator. The entire grid is
focused within depth of field of 2mm. Figure sourced from [41].
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8.4.2 Imaging with Demonstrator

To test the imaging system and validate the multi view imaging concept, the demon-
strator is used to take images and perform 3D reconstructions of a test object. The
test object is a framed cubic shape that is O(1mm) in overall size and has O(100µm)

feature, and it spells out the letters D, O, and E along each of the three orthogonal
projections (See Figure 8.15 for the orthogonal projections of the test object, and
Figure 8.13 for views of the test object from an array of different orientations). The
test object is 3D printed with projection micro-stereolithography (PµSL) technology,
which enables precise manufacturing of micron-scale features.

The test object is manufactured using HTL resin [409], which fluoresces broadly
over 430 nm – 550 nm when illuminated with 405 nm light. Images of the test object
are captured by illuminated the object using 405 nm LED lights, with a 450 nm filter
placed in front of the camera sensor. The object is illuminated from five different
directions: top, bottom, left, right, and through the central hole in the demonstrator.
While this arrangement does not illuminate the object uniformly and the object does
not irradiate uniformly over 4⇡ solid angle, the reconstruction method is able to
capture the view-angle dependent light field.
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8.5 Simulation and reconstruction

For analysis and reconstruction using the system described in Sections 8.3 and 8.4,
a differentiable optics and light transport simulation has been developed, called
GradOptics, in which this imaging system has been implemented [410]. The frame-
work uses geometric optics and automatically simulates effects such as depth of field.
It can also incorporate point spread functions / modulation transfer functions in
the imaging process if specified. The framework is fully differentiable, allowing for
gradient-based reconstruction of the simulation inputs and gradient-based calibra-
tion. A review of physically-based rendering frameworks, which have informed this
framework design, can be found in Ref. [411].

The reconstruction here is done using the views generated by the optics as de-
scribed in Section 8.3. These views are formed by extracting pixel patches from the
full image captured by the camera, where the extraction is achieved using a patch-
finding algorithm. The individual views can then be matched with corresponding
views from the simulator, with the goal of the reconstruction being to produce a
3D density function that produces simulated views that match the views extracted
from real image data. In this work, the 3D densities that correspond to the object of
interest are represented using neural networks, leveraging benefits from recent devel-
opments in neural scene representation [412, 413] and, more broadly, implicit neural
representation [414, 415]. Implicit neural representations provide greater flexibility
and tighter integration with the simulator than standard reconstruction methods,
such as filtered back projection [416].

Reconstructions of the 3D printed target object (Section 8.4.2) are performed using
the views generated by the demonstrator (Section 8.4.1), to assess the capabilities of
the demonstrator and the underlying imaging concept. Note here that the 3D printed
target object has well defined surfaces and is semi-opaque. Therefore, the NeuS [417]
surface reconstruction method is used to reconstructed the object from the views
captured by the demonstrator. This the represents a surface via two neural networks:
a signed distance function (SDF) and a view dependent color. The SDF neural
network that takes a position as input and outputs a density at that point in space,
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similar to recent methods in volumetric rendering [411,413,418]. The learned density
peaks about the 0 value of the SDF, and this manifold can be taken as the learned
surface of the object. The color neural network takes both position, and angle at which
the point in question is being viewed at, as inputs and outputs the corresponding
color for that point in space. The neural network predicting view dependent color is
needed due to the non-uniform illumination of the object. The weights of the neural
network are optimized with gradient descent as the simulated views and real data
views converge, and the resulting the neural networks model the density and color of
the target volume. Note that the optics simulation of the physical demonstrator is
used for the generation of views at each training stage during the learning process.
While the simulation parameters are kept fixed to nominal values during training,
co-optimization of the parameters and the object model is an interesting direction for
future work.

In addition to performing reconstruction using the physical demonstrator, recon-
struction studies are also performed in simulation using simulated atom cloud den-
sities. These studies are done to assess the efficacy of the system in the planned
atom interferometer application. For the reconstruction of the atom cloud densities,
the problem reduces to that of tomographic reconstruction. Like the SDF network,
the volume in the tomographic case is modeled with a neural network that takes a
position as input and outputs a density at that point in space. This work also utilizes
SIREN [414], which is a recently proposed architecture for modeling 3D densities that
uses neural networks with sinusoidal activation functions to learn high quality volu-
metric signals. Tomographic reconstruction is also used for studying the tolerance of
the system to misalignment and 3D printing errors.
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8.6 Results

8.6.1 Simulation results

The imaging of an atom cloud with a sine-wave density modulation fringe pattern
is simulated to demonstrate the tomographic capabilities of the light field device in
atom interferometers. The number of atoms is sampled from a Poisson distribution
with � = 10

6 atoms, where each atom emits 10
8 photons per second. Figure 8.11

shows 110 (out of 111) views extracted from a simulated light field image, using an
exposure time of 10µs.

For reconstruction, the views from Figure 8.11 are used to train the network as
described in Section 8.5. Figure 8.12 shows the learned density after training the
neural network for 5, 000 epochs. It can be observed that the input views acquired in
a single shot with the multi view device allow successful reconstruction of the atom
cloud density without using domain knowledge or regularization.

8.6.2 Captured data

Images captured by the demonstrator are 9600 ⇥ 6422 pixels, each with a set of
embedded views of the imaged object. As mirrors within the constructed imaging
apparatus may differ slightly from the expected position due to imperfect construction
or alignment, mirrors in simulation and observed data must be matched before per-
view comparisons can be performed. A patch finding algorithm is run using tools in
OpenCV [419] to extract pixel patches corresponding to each view, and the centroids
of these patches are used for comparison. The centroids from the extracted views
are compared to the positions of each view in the simulator corresponding to the
central ray from the corresponding mirror for the given view — The centroid closest
to the central ray point on the sensor from a given mirror is identified as the view
corresponding to that mirror. The set of views used for the reconstruction results
presented here are shown in Figure 8.13. Out of the 90 views instrumented in the
demonstrator, 86 views are found by the patch finding, of which 82 views are available
for reconstruction once an upper limit of 350 pixels is enforced on the distance between
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Figure 8.11: Grid of views extracted from a simulated light field 60MP image of an
atom cloud imaged over 10µs. Figure sourced from [41].
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Figure 8.12: Data sampled from the learned 3D cloud model in gray, the learned 2D
marginals in blue, and the contour lines of the target density in red (the 40, 68 and
95% contours are shown). Figure sourced from [41].
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Figure 8.13: Grid of training views extracted from a 60MP image of the test object,
taken in a single shot. Figure sourced from [41].
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the real view centroid and the simulated central ray position for the corresponding
mirror. Reconstruction quality is improved by discarding an additional 5 views which
are poorly centered7 or poorly illuminated. Note that the issue of illumination of the
mounting fiber arises due to the peculiarity of this demonstration setup, and the
impacted views are recoverable with a different object mounting technique or further
post-processing. The views which are poorly illuminated or are lost to the patch
finding algorithm are likely the result of individual mirror misalignments, and may be
improved with a more sophisticated mirror mounting or higher precision construction
of the device.

7Due to shifting in the bounding box due to illumination of the suspending fiber, which moves
the centroid.
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8.6.3 Experimental results

For the reconstruction, the extracted patches from the captured image data are as-
sumed to be at the corresponding nominal positions from simulation and centered at
the expected corresponding view position. These patches, with the correspondingly
identified mirrors and pixel positions, are used as the inputs for the reconstruction
methods described in Section 8.5. Patches of 130 ⇥ 130 pixels are used for the re-
sults presented here. The NeuS reconstruction is trained for 100000 iterations on the
77 views shown in Figure 8.13, where a training iteration sweeps across randomized
views, and uses a sampling of 512 pixels from a view. No explicit masking, i.e. super-
vised information about the object location in each view, is used and the distinction
between the object in the foreground and the dark background is learned directly
from data. The background is modeled by NerF++ [420] following the standard
NeuS implementation, and network and training settings closely follow those used in
Ref. [417]. Full hyperparameter details can be found in the appendix of Ref. [41].

The quality of the learned NeuS model can be estimated from Figure 8.14, where
a subset of real data views are compared with the corresponding views generated
from the learned NeuS model. Results are nearly identical between the real and
generated images, with an average SSIM8 [421] across training views of 0.98 (1 is
perfectly identical, 0 is no similarity), demonstrating the good convergence of this
trained model. The full grid of generated training views is available in Appendix B.4.

Since the goal here is to reconstruct a three dimensional object, it is useful to
analyze the learned 3D surface, which is represented here by the zero level set of the
learned SDF. To do so, the learned SDF is sampled on a regular grid of 643 points
within a box of 2.02mm per side centered at the nominal object position, with this
sampling grid chosen to roughly match the anticipated resolution. A marching cubes
algorithm within the trimesh software [422] is then used to construct a triangular mesh
of the learned surface. Orthographic depth maps of the three D-O-E letters from this

8The structural similarity index measure (SSIM) is an image similarity metric that uses structural
correlations between images, rather than evaluating absolute errors as in the case of the mean squared
error (MSE) or peak signal to noise ratio (PSNR). This is done by evaluating metrics over regions
of each image being compared, rather than using a simple pixel-by-pixel difference metric.
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Figure 8.14: Comparison of subset of training (real) views to the corresponding subset
of generated views from the learned NeuS reconstruction. Results are nearly identical
between real captured images and their generated counterparts, with an average SSIM
across training views of 0.98. Figure sourced from [41].

learned surface are compared to the corresponding orthographic projections from the
CAD model and surface images from a microscope in Figure 8.15. Figure 8.16 shows
the surface mesh from a variety of different orientations, demonstrating the true 3D
structure of the learned surface. The object is reconstructed with high fidelity, with
very clear D-O-E lettering as well as more minute structure, such as the flaring out
of the legs of the E. The reconstruction also manages to recover the 120µm fiber
used to suspend the D-O-E object in front of the device, a notable artifact present
relative to the CAD and microscope images. The reconstruction is primarily limited
in regions where there is minimal information from the training views, such as the E
face on the back (from the mirror perspective) or the right side of the O, as shown
in Figure 8.16 — This is expected behavior due to the limited angular span of the
demonstrator. Despite this, however, much of the structure is still inferred from the
views captured by the device.

Information about the learned 3D surface is fully contained in the SDF, and can
be visualized using colorless meshes, as done in Figure 8.16. It is also interesting
to analyze the learned color as an insight into the learned light field. This can be
done by sampling views from the learned model that correspond to a diverse array
of angles — Here views are sampled on an even grid of angles between -55 and 55

degrees measured both vertically and horizontally from the optical axis. This set
of views is shown in Figure 8.17. Note that the center of the grid corresponds to
the center of the device and is correspondingly the brightest, while the edges of the
grid correspond to regions on the outer edge/outside of the device, and the learned



CHAPTER 8. LIGHT FIELD IMAGING FOR COLD ATOMS 209

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 8.15: Reconstruction of the cube test object. The envelope dimension of
the object is (1mm)3, and the letter is 142µm thick. (a-c): CAD design, (d-f):
microscope images of a 3D printed object, (g-i): depth map of surface reconstructed
using 77 views from the system. Different columns correspond to different views of the
same objects. Note that the reconstructed results contain artifacts from the 120µm

fiber used to suspend the object, as well as from the limited range of viewing angles.
Figure sourced from [41].
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(a) (b) (c)

(d) (e) (f)

Figure 8.16: Images of reconstructed surface mesh. The top row (a-c) shows similar
D, O, and E views as those presented in Figure 8.15. The bottom row (d-f) shows
alternative views, where the first two columns show angles of the object that are not
directly a D, O, or E lettering, emphasizing that a 3D model has been learned for
the imaged object, while the third column shows the reconstruction of an object face
that is never directly imaged by the system (the E face on the back). While quality
is worse on this face (f) of the object, the available information from the views that
are imaged is sufficient to infer the general structure of the object. Figure sourced
from [41].
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intensity is correspondingly dimmer. This drop in brightness from central views to the
edge views is expected since the mirrors form light limiting apertures subject to the
cosine drop off, compounded further by the cosine-to-the-fourth drop in illumination
expected from off-axis imaging, as discussed in Section 8.3.2.1. The effect is also
exacerbated by the non-uniform illumination used in this demonstrator. Therefore,
the quality of the views in Figure 8.17 and their illumination characteristics suggest
that the reconstruction has learned the appropriate 3D structure of the object as well
as its light field.

The reconstructed features shown in the Figures 8.16 and 8.17 provide a qualita-
tive measure of resolution for the system with the chosen reconstruction algorithm.
The resolution of the system is further quantified using the Fourier shell correlation
(FSC) [423] metric, which compares the correlation between two volumes as a func-
tion of spatial frequencies — This metric is used extensively in several other contexts,
including cryogenic electron microscopy. Pure signal, or perfect reconstruction, cor-
responds to perfect correlation or a FSC at 1 for all spatial frequencies, while pure
noise corresponds to no correlation, or a FSC at 0 for all spatial frequencies. Since
the orientation of the imaged test object is not known exactly, making a comparison
to ground truth is difficult in this case. Therefore the standard procedure of split-
halves comparison is followed — the set of training views is randomly split into two
halves, and the correlation is calculated between the reconstructions from the two
independent halves. Figure 8.18 shows the resulting Fourier shell correlation curve,
with error bars derived from running this procedure with various random splits. The
standard threshold9 for such split halves comparisons is 0.143 [424], corresponding to
a resolution of 71 ± 17µm for the system and the chosen dataset and reconstruction
method.10 This resolution, as well as the regime of significant correlation shown by
the full curve, is compatible with the qualitative results shown above, and meets the
design specifications of the demonstrator.

9Thresholds determine the spatial frequency at which the transition from signal to noise occurs.
10The threshold of 0.5 is used when the correlation is computed between ground truth and recon-

struction, which is not applicable here, but the threshold is shown on Figure 8.18 for completeness.
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Figure 8.17: Interpolated views generated from the learned NeuS reconstruction. The
range of view angles is between -55 and 55 degrees, and resulting views contain no
explicit correspondence to those used for training. Image quality is generally high,
demonstrating a learned 3D structure and light field. Figure sourced from [41].
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Figure 8.18: Fourier shell correlation curve for the reconstructed D-O-E object. 77

extracted views are randomly split into two distinct halves, and each half is sepa-
rately reconstructed. All reconstructions are trained for 140000 iterations, and the
Fourier shell correlation is calculated by comparing logistic densities of learned width
centered at the learned surfaces. Results shown are the mean and standard devia-
tion calculated from running this procedure across 5 different random splits of the 77

views. Resolutions are quoted for two commonly used thresholds, with 71 ± 17µm

resolution corresponding to the standard threshold used for split dataset comparisons
(0.143). Results are qualitatively consistent with the size of reconstructed features.
Figure sourced from [41].
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8.6.4 Impact of misalignment and 3D printing resolution

While the simulator introduced above assumes a perfectly calibrated device, the in-
strument is imperfect due to misalignment and 3D printing errors. Results from Sec-
tion 8.6.3, however, suggest that in the demonstrator these effects are small enough
such that they do not adversely impact the reconstruction, and no calibration of the
simulator is necessary.11 The tolerance of the (uncalibrated) system to such errors
can be gauged with synthetic images of the test object generated with artificially
introduced displacements. The impact that these displacements have on the quality
of the reconstruction is studied. Five effects are considered:

• Displacement of the entire demonstrator along the optical axis �xdome.

• Stochastic displacement of the mirrors along the optical axis �xmirrors.

• Displacement of the entire demonstrator in the plane perpendicular the optical
axis �ydome, �zdome.

• Stochastic displacement of the mirrors in the plane perpendicular the optical
axis �ymirrors, �zmirrors.

• Stochastic displacement of the orientation of the mirrors �✓, ��.

For each of the above effects, an imperfect device is simulated and used to generate
a light field image of the test object. Note here that the stochastic displacements
account for the 3D printing errors that can effect the mirrors individually. The
image is then used to perform tomographic reconstruction with a simulator that does
not account for the displacement effects (an uncalibrated simulator). Finally, the
quality (FSC) of the reconstruction as a function of the magnitude of the introduced
displacements is reported (Figure 8.19). Also note here that tomographic simulation
and reconstruction of the test object is being performed, as opposed to the assumption
of an opaque test object in the previous section. This is done to understand the
tolerance of the system with the targeted atom cloud application, while retaining the

11A detailed calibration procedure will be explored in a future publication.
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Figure 8.19: Resolution of the system as a function of misalignment and 3D printing
error. The resolutions were obtained by computing the FSC between the ground
truth and the 3D reconstructed models of the test object. Without calibration of
the simulator, displacements below 0.6mm or 2

� still allow to reconstruct 100µm

features. Results shown are the mean and standard deviation calculated from running
the reconstruction algorithm with 5 different seeds. Figure sourced from [41].

rich spectrum of features of the test object. The reconstruction quality is reported
here as the spatial resolution of the reconstructed object using the FSC. The resolution
at which the FSC between the ground truth model and the learned model crosses the
threshold value of 0.5 [424] is reported here, since the correlation is evaluated between
reconstruction and ground truth and unlike the case with the real image data. It is
observed that the displacements of the mirror orientations and displacements in the
plane perpendicular to the optical axis does not considerably impair the resolution of
the system; 100µm features can still be reconstructed with a 2

� or 2mm deviation.
However, displacements along the optical axis are much more critical and should be
carefully minimized when designing the system — This is intuitively expected as such
displacements affect the magnification of the image, along with displacing the image
on the sensor, and as a result have a larger impact on the resulting reconstruction.
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8.7 Conclusions

Atomic sensor, such as atom interferometers, offer an abundance of scientific oppor-
tunities to look for physics beyond the standard model and make record breaking
quantum measurements. To harness the full capabilities of such systems, new imag-
ing technologies are required that can maximizing light collection while keeping a
high depth of field, and that can facilitate 3D imaging reconstruction.

In this chapter, the design and prototype of a novel single-shot light field imaging
device has been presented, that is suitable for the MAGIS-100 experiment. Results
using a 3D-printed target demonstrate that the system can achieve its design re-
quirements. This super-aperture spatially multiplexed light field imaging device can
have broad applicability in scientific and industrial applications that can benefit from
single-shot 3D imaging of a small low light emitter. Examples of such applications
include 3D inspection of industrial parts, 3D-printing inspection lines, optical particle
tracking, X-ray phase contrast photography, etc.

This device has several key advantages compared to other light field systems.
It provides high light collection, large solid angle, good resolution, field of view, and
depth of field, all in a single-shot, and uses commercially available cameras and lenses.
It is also, in essence, a 3D microscope capable of characterizing an object that may be
very dim in a single shot. This is a fundamentally different way to do 3D microscopy
than structured light microscopy with multiple shots or varying lighting.

There are several directions of future research that can be conducted to advance
the imaging modality presented here. The planned next publication will involve work
to adapt this imaging device to capture images of Sr atoms in a magneto-optical trap,
and perform tomographic reconstruction using the captured data. This will be the
first demonstration of single-shot tomography for cold atom clouds. Furthermore,
there are several planned projects to advance the optics simulator introduced in this
Chapter. These include a detailed calibration procedure that uses captured data and
differentiable programming to learn the misalignments in the experimental setup.
These will also include an enhancement to the simulator setup that can take wave
optics into account naturally include the effects from point spread functions, etc.



Chapter 9

Concluding Remarks

Figure 9.1: Timeline showing the discoveries of various particles of the Standard
Model of Particle Physics. Figure sourced from CERN [42]

The Standard Model of particle physics is one of the most precisely tested theories
of humankind, describing the electromagnetic, weak, and strong forces of nature and
interactions between the fundamental fermions that constitute matter. A timeline of
the various discoveries of Standard Model particles is shown in Figure 9.1. With the
discovery of the Higgs boson in 2012, the Standard Model particle zoo is complete.
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Despite its many successes, the Standard Models does not account for a number
of experimental observations, as accounted in Section 2.6. Therefore, the quest to
find physics beyond the Standard Model is one of the most significant undertaking of
modern physics. This is complemented by the vast diversity of modern experimental
modalities that are capable of conducting this search over a large range of energies
and models. Foremost in this effort are the experiments at the Large Hadron Collider,
which will continue to see proton collisions at unprecedented energies and luminosities,
making them ideal to conduct a plethora of searches and precision measurements.

The ATLAS experiment at the LHC is expanding its program of searches for
new physics, and preparing to harness the potential of increased statistics at the
LHC. Chapter 5 of this thesis presents a novel search conducted with the ATLAS
experiment, looking for exotic decays of the Higgs boson, via coupling to a new
(pseudo)scalar field, to four gluons. With this foray into extended all-hadronic final
states of the Higgs coupling to new scalars, ATLAS is expanding its active program to
scan the various possible decay channels of new scalar fields. The di-gluon tagger used
in this analysis shows that the substructure information within the scalar decay jets
contain information sufficient to distinguish these jets from the standard quark/gluon
background. This presents the tantalizing prospect of utilizing similar techniques to
look for di-quark decays of the scalars, where the quarks could be light quarks or
charm quarks. Additionally, these methods can also be extended to searches for
boosted Standard Model Higgs to di-gluon decays, where the two gluons are captured
within the same jet in the detector.

To improve the physics yield of the data that is collected by the ATLAS detector,
various detector performance enhancements are being developed by the collaboration.
The research presented in this Chapter 6 and Chapter 7 highlight two of such detec-
tor performance projects that promise improvements across the detector. Chapter 6
presents a vertex selection algorithm that can improve the physics yield of challenging
final states like VBF Higgs to invisible decays by ⇠ 10% by combining the information
from the tracking and calorimetric detectors. Furthermore the research also identifies
a unique event classification scheme that can save events with useful physics that
would otherwise by discarded due to incorrectly chosen vertices. Chapter 7 presents
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a machine learning framework for jet calibrations at ATLAS that is demonstrated to
calibrate multiple observables at once while accounting for calibration affecting pa-
rameters. Additionally the research introduces an innovative objective function that
enables the use of gradient based learners, such as neural networks, for calibrations at
ATLAS by allowing the methods to learn the mode of the conditional response distri-
butions. This unlocks the potential for further machine learning driven innovations
in regression tasks across the various detector subsystems.

While proton colliders remain fertile soil in the hunt for new physics, various new
quantum sensing experiments are now being developed to greatly expand the reach
of searches for new physics — Several of these technologies are focused on determin-
ing the nature of dark matter. Atomic gradiometer interferometric sensing is one
such novel technology, aimed at looking for ultra light bosonic dark matter. This
experimental technique is also an active site for collaboration between the high en-
ergy physics (HEP) and the atomic-molecular-optics (AMO) communities, leading to
unique interdisciplinary research efforts. Chapter 8 presents the results of one such
effort, developing a super-aperture spatially multiplexed light field imaging concept
for fluorescing cold atom clouds. The technique enhances the light gathering capa-
bility of a conventional lens limited by few windows into the active volume of the
experiment. The technique also enables the 3D reconstruction of the atom cloud den-
sities directly from a single shot since directional information of the light emanating
from the atom clouds is preserved. The concept therefore represents a paradigm shift
in the imaging of atom clouds in atom interferometer experiments. The applications
of this light field imaging concept even extend beyond atom interferometers, aiding
in single shot light field capture for any system with small (relative to the imaging
apparatus) objects of interest.

The various developments presented in this thesis will aid in the search for new
physics, both at the LHC and at atom interferometer experiments — As such, they
represent small steps in the forward march of the science of fundamental forces and
interactions of the universe.



Appendix A

A Search for Exotic Higgs Boson

Decays to Four Gluons Using the

ATLAS Detector: Appendix

A.1 Signal Validation Plots

Figure A.1 and Figure A.2 show validation plots using truth (particle-level) MC sam-
ples. These validate the parameters of the signal simulations used to generate the
samples used for the analysis.
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(a) Mass of the digluons and the joint mass of the full system of four gluons

(b) Joint mass of the two leading truth jets (c) Mass of the leading truth jets

Figure A.1: Mass Validation Plots at Truth Level
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(a) Kinematics of the scalars

(b) Kinematics of the gluons

(c) Distance between the two gluons from a scalar
decay in ⌘- � space

Figure A.2: Kinematic Validation Plots at Truth Level
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A.2 Reweighting Performance

The following plots show the performance of the reweighting network trained on the
nominal Pythia samples, and trained on the variation Sherpa samples. Note here that
the performance is evaluated over the full 139fb

-1 dataset, and therefore the signal
mass region (86 < mjj < 165) is blinded — the interpolation ability of the reweighting
is demonstrated in Figure 5.7.

A.2.1 Pythia Z + Jets Samples
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Figure A.3: Invariant mass of the two leading jets, mjj. Distributions for data and Z

+ QCD jets Pythia MC background before and after variable- and high-dimensional
reweighting. Events with mjj inside the signal region (Fig 5.7a) were excluded during
training of the reweighting classifier, and are excluded in this plot for blinding.
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Figure A.4: Two point energy correlation ECF(2,1). Distributions for data and Z

+ QCD jets Pythia MC background before and after variable- and high-dimensional
reweighting. Events with mjj inside the signal region (Fig 5.7a) were excluded during
training of the reweighting classifier, and are excluded in this plot for blinding.
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Figure A.5: Number of tracks in the jets. Distributions for data and Z + QCD jets
Pythia MC background before and after variable- and high-dimensional reweighting.
Events with mjj inside the signal region (Fig 5.7a) were excluded during training of
the reweighting classifier, and are excluded in this plot for blinding.
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Figure A.6: Distributions for data and Z + QCD jets Pythia MC background before
and after variable- and high-dimensional reweighting. Events with mjj inside the
signal region (Fig 5.7a) were excluded during training of the reweighting classifier,
and are excluded in this plot for blinding. Here kinematics of the leading jet are
shown.
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Figure A.7: Distributions for data and Z + QCD jets Pythia MC background before
and after variable- and high-dimensional reweighting. Events with mjj inside the
signal region (Fig 5.7a) were excluded during training of the reweighting classifier,
and are excluded in this plot for blinding. Here kinematics of the sub-leading jet are
shown.
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Figure A.8: Distributions for data and Z + QCD jets Pythia MC background before
and after variable- and high-dimensional reweighting. Events with mjj inside the
signal region (Fig 5.7a) were excluded during training of the reweighting classifier,
and are excluded in this plot for blinding. Here kinematics of the Z boson are shown,
formed by adding the 4-vectors of the two compatible leptons in the event.



APPENDIX A. A SEARCH FOR EXOTIC HIGGS DECAYS 229

A.2.2 Sherpa Z + Jets Samples
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Figure A.9: Invariant mass of the two leading jets, mjj. Distributions for data and Z

+ QCD jets Sherpa MC background before and after variable- and high-dimensional
reweighting. Events with mjj inside the signal region (Fig 5.7a) were excluded during
training of the reweighting classifier, and are excluded in this plot for blinding.



APPENDIX A. A SEARCH FOR EXOTIC HIGGS DECAYS 230

0

2

4

6

8

10

1
Rr
P
Dl
Lz
eG
 /0
.0
04
 

√s  13 Te9, 139 IE−1 DDtD, 6herSD =+Jets
20 Ge9< Jet ST < 65 Ge9

WRrN ,n 3rRJressATLAS

BlLnGeG DDtD
5eweLJhteG 0C =+Jets
8nweLJhteG 0C =+Jets

0.00 0.05 0.10 0.15 0.20 0.25 0.30

/eDGLnJ Jets (C)(2,1)

0.5

1.0

5D
tLR

TR
 D
Dt
D 0

2

4

6

8

10

12

14

1
Rr
P
Dl
Lz
eG
 /0
.0
04
 

√s  13 Te9, 139 IE−1 DDtD, 6herSD =+Jets
65 Ge9< Jet ST < 110 Ge9

WRrN ,n 3rRJressATLAS

BlLnGeG DDtD
5eweLJhteG 0C =+Jets
8nweLJhteG 0C =+Jets

0.00 0.05 0.10 0.15 0.20 0.25 0.30

/eDGLnJ Jets (C)(2,1)

0.5

1.0
5D
tLR

TR
 D
Dt
D

0.0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

1
Rr
P
Dl
Lz
eG
 /0
.0
04
 

√s  13 7e9, 139 IE−1 DDtD, SherSD =+Jets
110 Ge9< Jet S7 < 155 Ge9

WRrN ,n 3rRJressATLAS

BlLnGeG DDtD
5eweLJhteG 0C =+Jets
UnweLJhteG 0C =+Jets

0.00 0.05 0.10 0.15 0.20 0.25 0.30

/eDGLnJ Jets (C)(2,1)

0.5

1.0

5D
tLR

7R
 D
Dt
D 0

5

10

15

20

1
RU
P
Dl
Lz
eG
 /0
.0
04
 

√s  13 Te9, 139 IE−1 DDtD, SheUSD =+Jets
155 Ge9< Jet ST < 200 Ge9

WRUN ,n 3URJUessATLAS

BlLnGeG DDtD
5eweLJhteG 0C =+Jets
UnweLJhteG 0C =+Jets

0.00 0.05 0.10 0.15 0.20 0.25 0.30

/eDGLnJ Jets (C)(2,1)

0.5

1.0

5D
tLR

TR
 D
Dt
D

Figure A.10: Two point energy correlation ECF(2,1). Distributions for data and Z

+ QCD jets Sherpa MC background before and after variable- and high-dimensional
reweighting. Events with mjj inside the signal region (Fig 5.7a) were excluded during
training of the reweighting classifier, and are excluded in this plot for blinding.
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Figure A.11: Number of tracks in the jets. Distributions for data and Z + QCD jets
Sherpa MC background before and after variable- and high-dimensional reweighting.
Events with mjj inside the signal region (Fig 5.7a) were excluded during training of
the reweighting classifier, and are excluded in this plot for blinding.
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Figure A.12: Distributions for data and Z + QCD jets Sherpa MC background before
and after variable- and high-dimensional reweighting. Events with mjj inside the
signal region (Fig 5.7a) were excluded during training of the reweighting classifier,
and are excluded in this plot for blinding. Here kinematics of the leading jet are
shown.
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Figure A.13: Distributions for data and Z + QCD jets Sherpa MC background before
and after variable- and high-dimensional reweighting. Events with mjj inside the
signal region (Fig 5.7a) were excluded during training of the reweighting classifier,
and are excluded in this plot for blinding. Here kinematics of the sub-leading jet are
shown.
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Figure A.14: Distributions for data and Z + QCD jets Sherpa MC background before
and after variable- and high-dimensional reweighting. Events with mjj inside the
signal region (Fig 5.7a) were excluded during training of the reweighting classifier,
and are excluded in this plot for blinding. Here kinematics of the Z boson are shown,
formed by adding the 4-vectors of the two compatible leptons in the event.
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A.3 Inspecting closure and relative uncertainty on

closures: Scanning DisCo � Values

Table A.1: Pythia Z + QCD jet events non-closure, along with the relative uncertainty
on the Sherpa and Pythia Z + QCD jet events for the selected working points, where
the working point selection procedure is described in Section 5.4.4.2. Also shows the
Pythia-Sherpa Z + QCD jet events cross generator non-closure, along with the signal
efficiency / square root of the background efficiency.

Scalar
Mass
[GeV]

� Signal ef-
ficiency /
root Back-
ground
efficiency

Pythia Z

+ QCD
jet events
non-closure

Relative
uncertainty
on Pythia
Z+jets
events
closure

Relative
uncertainty
on Sherpa
Z+jets
events
closure

Pythia-
Sherpa
cross gen-
erator
non-closure

0.5 0.02 31.34862 0.15913 0.23315 0.18437 0.54810

0.5 0.05 36.75652 0.22739 0.10976 0.24616 0.13619

0.5 0.1 31.52849 0.18529 0.24789 0.20199 0.74772

0.5 0.2 29.27676 0.20297 0.24311 0.18461 0.41230

0.5 1 30.81388 0.07037 0.23092 0.18417 0.46015

0.5 5 30.51597 0.11710 0.22505 0.23308 0.53966

0.5 10 51.48139 0.19988 0.10181 0.23721 0.26021

0.5 15 38.92430 0.22114 0.06227 0.23649 0.05688

0.5 20 24.89044 0.23375 0.03518 0.12297 0.02096

0.5 25 27.86632 0.23919 0.05675 0.23262 0.04975

0.5 50 32.65496 0.23367 0.15537 0.24024 0.14415

0.5 100 28.65627 0.22562 0.11283 0.24200 0.21661

0.5 125 25.70978 0.14163 0.06241 0.23862 0.03387

0.5 400 0.62400 0.19257 0.01202 0.04531 0.00917
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Continuation of Table A.1

1.0 0.02 32.81437 0.00913 0.24004 0.22759 0.57815

1.0 0.05 35.70603 0.15556 0.23182 0.23997 0.70805

1.0 0.1 34.64056 0.19281 0.23250 0.20006 0.68172

1.0 0.2 37.46765 0.11982 0.24972 0.24461 1.09970

1.0 1 36.65450 0.16933 0.22924 0.20515 0.86213

1.0 5 23.36622 0.22968 0.03150 0.09601 0.04020

1.0 10 34.98427 0.21105 0.05143 0.17383 0.08872

1.0 15 30.22498 0.24124 0.05211 0.19741 0.03754

1.0 20 50.91546 0.18116 0.10700 0.22880 0.49643

1.0 25 43.26605 0.16134 0.23060 0.23424 0.17014

1.0 50 30.18148 0.24151 0.05775 0.21468 0.25982

1.0 100 39.29202 0.06404 0.09406 0.24637 0.31529

1.0 125 33.40463 0.22631 0.09564 0.24381 0.18445

1.0 400 4.05814 0.08602 0.00737 0.03690 0.07464

2.0 0.02 24.23125 0.16448 0.14274 0.21854 0.17275

2.0 0.05 22.32424 0.06384 0.15369 0.23235 0.20895

2.0 0.1 24.30636 0.03014 0.16593 0.24165 0.39501

2.0 0.2 23.37149 0.07479 0.14883 0.24606 0.29167

2.0 1 21.37550 0.04631 0.17202 0.24186 0.34933

2.0 5 20.90921 0.04632 0.16362 0.23125 0.33908

2.0 10 21.83731 0.22256 0.03889 0.12782 0.04400

2.0 15 26.31008 0.21274 0.05075 0.16604 0.08144

2.0 20 26.15627 0.23757 0.05363 0.17229 0.10189

2.0 25 27.27974 0.22661 0.06055 0.19558 0.10411

2.0 50 21.74269 0.23298 0.18386 0.24586 0.47174
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Continuation of Table A.1

2.0 100 19.21120 0.10094 0.09026 0.24516 0.35665

2.0 125 21.06288 0.06879 0.11697 0.24870 0.30377

2.0 400 15.15520 0.22675 0.04371 0.18161 0.22398

4.0 0.02 10.39405 0.16199 0.13624 0.23998 0.05772

4.0 0.05 10.18152 0.10672 0.13192 0.24427 0.21438

4.0 0.1 11.07623 0.20250 0.16228 0.24598 0.27160

4.0 0.2 9.93719 0.14008 0.14367 0.18856 0.44696

4.0 1 9.73455 0.15181 0.16165 0.24747 0.38465

4.0 5 9.18066 0.24643 0.02036 0.04721 0.04985

4.0 10 11.09430 0.22548 0.03032 0.05935 0.01018

4.0 15 14.29781 0.23985 0.05838 0.12497 0.21344

4.0 20 15.01202 0.21499 0.05762 0.12223 0.15706

4.0 25 12.97501 0.24495 0.06806 0.14917 0.03765

4.0 50 14.19522 0.21900 0.10504 0.24646 0.10489

4.0 100 10.55747 0.20436 0.08506 0.22434 0.27036

4.0 125 10.52355 0.06895 0.11124 0.23789 0.09239

4.0 400 9.02648 0.24157 0.10236 0.23653 0.24686

8.0 0.02 6.08034 0.07601 0.16378 0.24742 0.00249

8.0 0.05 6.70101 0.11426 0.13401 0.22585 0.24120

8.0 0.1 6.09378 0.09103 0.13146 0.24519 0.18487

8.0 0.2 6.11895 0.18339 0.13530 0.24376 0.19400

8.0 1 6.29911 0.14152 0.15926 0.22675 0.17123

8.0 5 6.88520 0.24251 0.01696 0.04462 0.04214

8.0 10 6.46006 0.24939 0.02530 0.06153 0.06818

8.0 15 6.71964 0.23019 0.03178 0.08227 0.06663
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Continuation of Table A.1

8.0 20 7.12050 0.21444 0.04388 0.14067 0.06343

8.0 25 7.29050 0.24304 0.06543 0.16138 0.19519

8.0 50 5.57829 0.06792 0.14241 0.24095 0.32212

8.0 100 1.93609 0.02405 0.00300 0.01622 0.02440

8.0 125 2.05397 0.02121 0.00294 0.01624 0.01460

8.0 400 0.00000 1.54982 0.41093 1.02325 5.78079

16.0 0.02 5.14464 0.08285 0.08297 0.21402 0.14643

16.0 0.05 4.86919 0.14033 0.09779 0.24621 0.14954

16.0 0.1 5.05823 0.24513 0.08282 0.23431 0.04477

16.0 0.2 5.03098 0.19942 0.07087 0.21663 0.28965

16.0 1 4.96305 0.15633 0.09505 0.24451 0.30426

16.0 5 5.33465 0.24191 0.01039 0.05449 0.06147

16.0 10 5.10176 0.24191 0.02774 0.08981 0.00335

16.0 15 5.30305 0.10379 0.09806 0.22718 0.65423

16.0 20 3.21425 0.24876 0.01246 0.06113 0.00700

16.0 25 5.45567 0.04794 0.09734 0.23107 0.29795

16.0 50 3.18532 0.18348 0.06255 0.21791 0.21179

16.0 100 1.98427 0.01291 0.00284 0.01694 0.00163

16.0 125 1.78850 0.03947 0.00249 0.01490 0.02597

16.0 400 0.00000 0.56376 0.68165 nan inf
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A.4 Statistical Analysis

The analysis presented in Chapter 5 uses a frequentist single bin counting experiment
(in the signal ABCD bin) to determine if the observed data is consistent with the
Standard Model hypothesis, or with the BSM scenario of the h ! aa ! gggg decays.
The expected number of signal events (µs) in the signal region is determined directly
by using the efficiency of the ABCD selection on the signal MC simulation samples
(✏s), described as,

µs = L�Z(µµ)H Br(H ! aa)Br(a ! gg)2 ✏s

where L is the integrated luminosity, �Z(µµ)H is the cross section of Z(! µµ)H pro-
duction, and Br(·) refers to the corresponding branching ratio. The branching ratios
can be folded into the parameter of interest for the statistical fit,

µ = Br(H ! aa)Br(a ! gg)2 .

Therefore the expected number of signal events can be parameterized as µs = Qµ,
where Q = L�Z(µµ)H ✏s.

The expected number of background events (µb) in the signal region is determined
from data, first by estimating the number of data events in the signal region (A),
as N

0
A

= NB ⇥ NC/ND where D is diametrically opposite to the signal region A.
This N

0
A

is then multiplied by a corrective factor derived from the nominal MC
simulation background sample that accounts for the non-closure in the ABCD bins,
N

MC bkgd
A

/N
0 MC bkgd
A

. Putting these factors together,

µb =
N

data

B
⇥ N

data

C

Ndata

D

 
N

MC bkgd

A
⇥ N

MC bkgd

D

N
MC bkgd

B
⇥ N

MC bkgd

C

!
.

Given the expected number of signal and background counts in the signal regions,
it is important to note that the Standard Model hypothesis is the background-only
scenario, when µ = 0.

The observed data events in the signal region, using the same selection criteria used
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to define the ABCD regions in the MC simulation samples, is N
data

A
. This observed

count in the bin can be composed of signal and background events, requiring a fit to
determine the parameter of interest (µ) that maximises the likelihood [425].

The full likelihood can be represented in terms of the parameter of interest (µ)
and the nuisance parameters (✓̄), where the nuisance parameters are required to
encapsulate the various sources of uncertainties that affect the predictions of the
signal and background counts in the bin. The nuisance parameters are constrained
by auxiliary measurements interpreted as one standard deviation variations from the
nominal estimates — These are represented as Gaussian constraints and account for
the various sources of systematic uncertainties. Additionally, Poisson constraints are
also added to account for the statistical uncertainties on the predictions. Thus, the
likelihood can be represented, in a simplified manner hiding the differences in the
sources of systematics between the signal and background predictions, as follows

L(µ, ✓̄) = P(Ndata

A
|µs(µ, ✓̄) + µb(✓̄))

Y

i

Xi(✓̃i|✓i)

where P is the Poisson function, and the constraints Xi are either Poisson or Gaussian
constraints based on whether the nuisance parameter ✓i is a statistical or systematic
uncertainty respectively.

These likelihoods are built using the pyhf [426, 427] pythonic implementation of
the HistFactory framework [428], and maximum likelihood fits can be performed with
the parameters unconstrained or some of them constrained. The profile likelihood that
describes the consistency of the data with some value µ of the parameter of interest
is,

�(µ) =

8
<

:

L(µ, ^̄̂✓(µ))
L(µ̂,^̄✓)

if µ̂ � 0

L(µ, ^̄̂✓(µ))
L(0,^̄✓(0))

if µ̂ < 0.

Here (µ̂, ^̄✓) correspond to the unconstrained fit to the likelihood, whereas ^̄̂
✓ is the

fit to the nuisance parameters for a fixed hypothesis µ. This profile likelihood is
used to form the test statistic q̃µ that applies for the case where µ is required to be
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non-negative,

q̃µ =

8
<

:
-2 ln �(µ) if µ̂  µ

0 if µ̂ > µ.

Given the test statistic, the p-values for the background-only hypothesis (p0) and
the signal+background hypothesis (pµ) can be determined as follows,

pµ =

Z inf

q̃obs
µ

f(q̃µ|µ, ✓̄(µ))dq̃µ

p0 = 1-

Z inf

q̃obs
µ

f(q̃µ|0, ✓̄(0))dq̃µ.

Here f(.) is the probability distribution of the test statistic, which is a non-central
chi-squared distribution in the large sample limit, and q̃

obs

µ
is the observed value of the

test statistic for the given parameter value µ. Note here that p0 and pµ are defined
as per convention, and can be interpreted as the probability to correctly interpret the
result as being consistent with the background-only hypothesis or as being consistent
with the signal+background hypothesis, respectively.

Besides knowing the best fit values, confidence intervals on the value of µ can be
established using the p-values, using the CLs method [429], wherein hypotheses µ are
rejected if the confidence level is below some threshold ↵ (typically 5%):

CLs =
pµ

1- p0

< ↵ .

The expected limits and derived prior to un-blinding using an Asimov dataset [430]
created using the background-only component where all the parameters are zeroed.
Figure 5.20 shows the expected limits for the h ! aa ! gggg analysis made using
the background-only hypothesis as per the Asimov dataset.
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A.5 Expected Limits on Signal Strength: Scanning

DisCo � Values

The degeneracy of the � hyperparameter results in similar limits are set across a
range of � values. The hyperparameter scan is also susceptible to neural network
stochasticity from random initializations during training which results in some scans
failing to learn as effectively as possible, resulting in working points translating into
diverging limits from the neighboring � values. This means optimizing over � for the
best working points does not necessarily result in a value of � that is optimal for
a given mass point, rather it points to the best trained network among a family of
networks that would otherwise have comparable performance.
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Figure A.15: Expected Limits. For each signal mass point considered, the expected
limits from the single bin counting experiment are derived for every value of the DisCo
weight hyperparameter � tested.
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A.6 Impact and Pull Plots From the Fits During

Limit Setting
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Figure A.16: Impact Plots. For each signal mass point considered, the impact of each
modifier is individually determined by fixing its value to its best fit value plus/minus
its fit error.
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Figure A.17: Impact Plots. For each signal mass point considered, the impact of each
modifier is individually determined by fixing its value to its best fit value plus/minus
its fit error.
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Figure A.18: Pull Plots. For each signal mass point considered, the pull plots for
each modifier.
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Figure A.19: Pull Plots. For each signal mass point considered, the pull plots for
each modifier.



Appendix B

Light Field Imaging for Cold Atom

Clouds in the Matter-wave Atomic

Gradiometer Interferometric Sensor:

Appendix

B.1 Entocentric imaging - A geometric perspective

A brief review of entocentric image formation is provided here from a purely geometric
point of view. Using an ideal thin converging lens as the focusing optic one can
visualize the key image formation properties that are relevant to the work presented
in Chapter 8. Figure B.1 shows ideal image formation for such a simple optic of focal
length f, where the marginal rays are traced through the system for point sources
located at distances u, F

0, and N
0 from the lens. A point source at the nominal

object distance of u from the lens is imaged by the lens to a point at a distance v

from the lens on the image plane side of the optic. The point at object distance F
0

(N 0) is focused closer (further) to the lens, hence results in a defocused image when
imaged at the image distance of v from the lens.

Using the lensmaker’s equation [405] in the thin lens paraxial approximation, the
object distance F

0 (N 0) can be determined such that the spot size (circle of confusion)

248
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Figure B.1: Ray diagram for an ideal thin converging lens of aperture diameter A.
Only the marginal rays are shown, where each line-style corresponds to rays starting
from a unique object distance along the optical axis. The rays from object distance
u are focused down to a point at image distance v. Rays starting at object distances
F
0 (N 0) converge at a point closer (further) to the lens than v. In these cases, light

spreads across the spot of diameter C when looking at the plane at distance v from the
lens. This spot size corresponds to the geometric circle of confusion for the lens, and
F
0 -N

0 is the geometric depth of field of the lens about the nominal object distance
u. Figure sourced from [41].

diameter at the plane of focus v is equal to C. Note the convention here that all
distances measured from the lens are positive. This depends on the lens aperture
(diameter = A as shown) and can be solved for using the similarity of triangles,
resulting in:

F
0 =

fuA

fA- C(u- f)
, N

0 =
fuA

fA+ C(u- f)
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and

DoF = F
0 -N

0 =
2fuAC(u- f)

(fA)2 - C2(u- f)2
(B.1)

⇡ 2CN

✓
1+

1

m

◆2

(B.2)

where DoF is the geometric depth of field, and is the range of object distances over
which the circle of confusion resulting from the geometric defocus of the lens is less
than some value C. The final approximation is made in the limit that the circle
of confusion C is significantly less than u, f, and A, and using the lens f-number
N = f/A and the lens magnification m = f/(u- f) where positive m corresponds to
an inverted image. In this limit, DoF is independent of the lens focal length and can
be interpreted as function of N and m for a given C.

This simple model can also provide a geometric estimate of the total light col-
lected from an isotropically fluorescing point source that is being focused by the lens.
Assuming that the lens shown in Figure B.1 has uniform light collection over its aper-
ture of diameter A, the fraction of light collected by the lens is (also a function of N
and m),

1

4⇡
⇥ 2⇡

✓
1- cos

✓
2 arctan

A

2u

◆◆
=

1

2

✓
1- cos

✓
2 arctan

m

2N(1+m)

◆◆
(B.3)
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B.2 Normal angles for a folded view
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Figure B.2: Principal ray diagram of a single folded view. Here the object (smiley
face) is placed at a distance x from the lens center, offset from the focal plane of
the lens which is at a distance F from the lens. A flat mirror is introduced between
the object and the focal plane, which produces a virtual object that lies on the focal
plane; this virtual object is focused onto the sensor by the lens. The mirror normal
angle � is chosen such that the principal (central) ray emanating from the object (at
angle ✓) is reflected towards the center of the lens. This constrains the geometry of
the mirror and determines the mirror normal angle as described in Appendix B.2.
Note that the ✓ > 0 view angle results in an image that sees the object as if it were
rotated by angle ✓ about the optical axis. Note also that ⇢ = 2�-✓. Figure sourced
from [41].

Figure B.2 is used as the reference for the following equations. We start by
requiring that the height of the point of reflection h

0 is consistent when derived
from the lens center perspective and from the object’s perspective. Note that r =

F/x is used for simplification, along with the fact that ⇢ = 2� - ✓ which is shown
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geometrically in Figure B.2.

F-x

2 cos� sin ✓

cos (✓- �)
= h

0

h
0 = x


1

tan ⇢
-

1

tan ✓

�-1

(F- x) sin ✓

2 cos� cos (✓- �)
=

x tan ✓ tan ⇢

tan ✓- tan ⇢

(r- 1) sin ✓

cos ✓+ cos ⇢
=

tan ✓ tan ⇢

tan ✓- tan ⇢

(r- 1) sin ✓(tan ✓- tan ⇢) = tan ⇢ sin ✓+ sin ⇢ tan ✓

(r- 1) sin ✓ tan ✓ = sin ⇢


sin ✓

cos ⇢
+

sin ✓(r- 1)

cos ⇢
+ tan ✓

�

(r- 1) tan ✓ = sin ⇢


r

cos ⇢
+

1

cos ✓

�

Squaring, (r- 1)2 sin
2
✓ cos

2
⇢ = r

2
cos

2
✓+ cos

2
⇢+ 2r cos ✓ cos ⇢

- r
2
cos

2
✓ cos

2
⇢- cos

4
⇢- 2r cos ✓ cos

3
⇢

Rearranging, 0 = cos
4
⇢(-1)- cos

3
⇢(2r cos ✓) (B.4)

+ cos
2
⇢
⇥
1- r

2
cos

2
✓- (r- 1)2 sin

2
✓
⇤

+ cos ⇢(2r cos ✓) + (r2 cos
2
✓)

This equation is solved numerically for cos ⇢ for specific values of r and ✓. Note that
solving for ⇢ fully constrains the mirror parameters � and h

0.
Alternatively, the system can be geometrically solved using the properties of el-

lipses. Figure B.3 shows the construction that be used to find the mirror normal
angles and mirror center positions. For any point on the plane of focus where a vir-
tual image of the object is to be formed, a unique circular directrix from the family of
ellipses will pass through that point. The point of intersection of the line between the
lens center and that point on the plane of focus with the ellipse identifies the location
of the corresponding mirror center. The normal to the ellipse at the intersection point
corresponds to the normal angle of the mirror. This procedure also determines the
mirror parameters given a non-flat plane of focus, as it is identically applicable.
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Figure B.3: Image formation geometry for a single folded view like Figure B.2. Here
the black X marks the location of the lens center and the black dot the location of
the object. The thick solid black vertical line on the right corresponds to the plane
at which the lens is focused. The solid colored ellipses represent the family of ellipses
that have the lens center and object as the two focii. The dashed circles are the
corresponding circular directrices of the ellipses, centered at the lens center. The
colored diamonds show the mirror center positions and the colored dots show the
corresponding virtual object locations at the plane of focus. The dotted lines connect
the lens center, mirror centers, and virtual object locations. Figure sourced from [41].
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B.3 Field of view for a folded view

Figure 8.6 is used as the reference for the following equations. We start by finding
the mirror radius projected onto the perpendicular to the central ray direction, l.
Then, the distance between the lens center and the center of the mirror, D, can be
found. These two quantities are then combined to determined �, which is the used
to determine the field of view, FoV .

l = R cos (✓- �)

D =
h

0

sin ⇢
=

(F- x) sin ✓

2 cos� sin ⇢ cos (✓- �)

tan� =
l

D
=

2R cos
2 (✓- �) cos� sin ⇢

(F- x) sin ✓

FoV = F [tan (⇢+ �)- tan (⇢- �)] (B.5)

The variation of the field of view with the view angle ✓ for a particular set of
parameters is shown in Figure B.4. There are two competing effects that define the
field of view of the system. Firstly, the mirror gets increasingly inclined towards
the optical axis as view angle gets larger, and this results in a reduced field of view
footprint due to a cos (✓- �) factor. Secondly, the mirrors move further away from
the axis as the view angler gets larger to satisfy the constraint for the virtual objects
to land on the focal plane - this results in a larger field of view footprint. Therefore,
the field of view variation as shown in Figure B.4 depicts a minima and a diverging
field of view as ✓ approaches 90�. The mirror sizes can be chosen based on the field of
view to account for the object of interest. Hence, the system is flexible in its ability
to accommodate objects of various scales.
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Figure B.4: Field of view as a function of the view angle ✓ determined by solving
Eq. B.5. For this plot, an ideal lens of focal length 62.275mm operating at a magni-
fication of m = 0.215 is chosen, where the object distance is picked to allow the 55

�

view to lie at the edge of a full frame sensor. This is the same setup as described in
section 8.3.2.2 and the object distance is picked following Eq. 8.2. The mirror here
is a flat mirror of diameter 5mm centered appropriately to satisfy the constraints on
the principal rays. Figure sourced from [41].
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B.4 Generated Image Grids

Figure B.5 shows the full grid of 77 views generated from the NeuS model, corre-
sponding to the 77 views used for training shown in Figure 8.13. As discussed in
Figure 8.14, the real and generated views are visually nearly identical, demonstrating
reasonable closure of the model.

Figure B.5: Views from the learned NeuS reconstruction corresponding to those used
in training. Relative to the captured images shown in Figure 8.13, results are visu-
ally nearly identical, demonstrating reasonable closure of the model. Figure sourced
from [41].

Figure B.6 shows a grid of generated images corresponding to the same 77 training
views, with information about the normal vectors of the learned surface. Colors cor-
respond to the magnitude of these normal vectors when projected into the 2D image
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plane for each view. The learned 3D structure is evident, with clearly learned letter
and thread structure, as already shown by Figures 8.15 and 8.16. Note that there
are sometimes small shifts in apparent location of the colored objects of Figure B.5
relative to the projections of the surface in Figure B.6, demonstrating the way that
NeuS deals with misalignments – the learned surface aggregates the consistent 3D
structure across all of the views, and remaining misalignments for individual views
are handled via coloration of that learned surface.

Figure B.6: Generated grid of surface normals from the learned NeuS model, cor-
responding to the views used in training (and the generated images of Figure B.5).
The colors correspond to the magnitude of the surface normal vectors when projected
onto the corresponding 2D image plane. The learned 3D structure of the DOE object
is apparent, as expressed via the meshes and depth maps of Figures 8.15 and 8.16.
Figure sourced from [41].
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