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Abstract

The FCC-ee is the first stage of a two stage project which would envision a 92 km tunnel
being used for an electron-positron collider experiment starting around 2045, and a proton-
proton collider in the 2070’s. The FCC-ee offers unprecedented precision tests of the Standard
Model, owing to its clean leptonic collision environment and exquisite luminosity. The precise
identification of decay products at future colliders is instrumental to the exploitation of the full
physics potential. In this thesis two facets of this problem are explored: jet flavour tagging and
charged particle tracking.

Jet flavour tagging describes the algorithmic identification of the initiating parton from
hadronic decays. The prospect of identifying strange quark jets has emerged as a promising
avenue to study a multitude of largely unexplored processes, including Z ¥ ss production and
rare Higgs boson decays. DeepJetTransformer is a transformer-based multiclassifier neural net-
work developed by the CMS jet tagging team at the VUB, achieving state-of-the-art performance
while being relatively lightweight. This thesis combines DeepJetTransformer with secondary ver-
texing and a novel implementation of K-short reconstruction at the FCC-ee to identify strange
jets. Through the inclusion of different levels of K /  discrimination, strange tagging efficien-
cies ranging from 31.6% to 57.8% were obtained at a u, d jet efficiency of 10%, highlighting the
need for charged Kaon discrimination at future colliders.

Monolithic Active Pixel Sensors (MAPS) combine the sensing node and readout circuitry into
the same substrate, thus offering several advantages with respect to their hybrid counterparts.
The Circuit Exploratoire 65 nm (CE-65), and its evolution CE-65v2, are MAPS test structures
produced in the 65 nm TPSCo CMOS process to explore charge collection properties for a
variety of configurations, including variations in pixel pitch, process modification, amplification
scheme, and matrix geometry. In this thesis the lab characterisation of the CE-65v1 and CE-
65v2 chips is reported, where charge collection efficiencies of 96% were achieved for all variants.
In a subsequent beam test at CERN SPS a sub 3 pm spatial resolution was obtained for Standard
process variants, satisfying FCC-ee requirements. The characterisation of the CE-65 family of
chips has supplemented the APTS and DPTS studies in the validation of the 65 nm TPSCo
process as a candidate technology for advanced particle detection applications, directly informing
the development of future tracking detectors.
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“The limits of my language mean the limits of my world.”

— Ludwig Wittgenstein
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1 Introduction

The Standard Model (SM) provides a consistent and predictive framework describing funda-
mental particles and their interactions. It has since the 1980s become the established theory of
particle physics, and a sizeable departure from the theory is yet to be observed. In 2012 [5] its
last, and arguably one of its most central elements, was observed: the Higgs boson. While this
marked a triumph of the theory, it was also an expected one, and thus its presence alone did
not clearly chart a course forward. The Standard Model has proven robust in the face of ex-
tensive experimental scrutiny, yet it is known that it does not provide a complete description of
nature as evidenced by a variety of phenomena that remain unexplained, including the absence
of gravity in the framework, the existence of dark matter, and the observed matter-antimatter
asymmetry.

The particle physics community is thus at a crossroads, where the clear necessity for studying
the Higgs boson in detail has arisen. The most suitable experiment for such an endeavour
is an electron collider, which owing to its clean experimental conditions is often dubbed a
precision machine . Electrons, unlike protons which are currently collided at the Large Hadron
Collider (LHC) at CERN, are fundamental particles. Electron-positron collisions thus involve
well-de ned initial states, which are additionally not subject to the strong force. As a result,
electron-positron collisions are considerably cleaner than their hadronic counterparts, with fewer
nal-state particles and a sizeably reduced background from particles not associated with the
primary hard scattering. By operating near the Higgsstrahlung threshold, lepton colliders can
produce a Higgs boson in association with the well-studied Z boson andothing else!, thus
enabling the study of one of nature's most interesting objects. Beyond Higgs studies, lepton
colliders enable a broad physics programme encompassing electroweak and strong interactions.
This includes precision measurements of Z and W boson properties, which mediate the weak
force. Precision studies of the strong force, including a per-mille determination of the strong
coupling s, are key to global electroweak ts and other precision measurements where it might
otherwise dominate as a parametric uncertainty.

In each of these a departure from SM predictions would imply the existence of a deeper
underlying theory, that could be entering these measurements indirectly. Such an e ect has
been observed in the past, for instance with the top quark, where its loop contribution to
e"e | ff was used to estimate its mass. Currently there have been several proposals for a
future lepton collider, around which collaborations have formed. These include: the FCC-ee
at the Swiss-French border [6], the ILC in Japan [7], and the CEPC in China [8]. This thesis
focuses speci cally on the FCC-ee, both in the context of the avour tagging studies introduced
below, and the subsequent characterisation of silicon detectors.

As the partons produced in a hard scattering process decrease in energy scale, they radiate
a cascade of strongly interacting particles. The resulting collimated spray of colourless particles

This is, of course, not quite true, as it neglects radiative e ects such as ISR, which modify the nal state.
Nevertheless, the process remains remarkably clean compared to hadronic collisions.



is referred to as a jet. While a jet is an interesting physics object in and of itself, o ering insight
into the dynamics of the strong force, such as the strength of its coupling s, most physics mea-
surements ultimately target the partons produced by the hard scattering. Thus the need for a
mapping between the spray of detector stable particles back to their initiating partons emerged,
known asjet- avour tagging. Early approaches to jet avour tagging focused on physics-inspired,
high-level observables, such as the impact parameter signi cance, designed to identify jets of a
particular species. With the advent of sophisticated machine learning techniques, jet avour
tagging has increasingly relied on lower-level information, and high-capacity models, often ex-
ceeding 10° parameters, carefully trained on MC data. Among these, transformer-based ar-
chitectures have recently emerged as computationally e cient models that are able to exploit
subtle correlations between jet constituents.

At the FCC-ee the clean environment and well-de ned initial states will provide an ideal
setting for precision jet avour tagging. In particular, the identi cation of strange quark initiated
jets will enable direct access to processes including ! ss, W ! cs, and rare Higgs boson
decays, channels that remain experimentally challenging and imprecise. Jet avour tagging
studies at the FCC-ee relying on a transformer-based architecture are presented in Part Il of
this thesis.

Charged particle tracking is a central component of modern collider experiments, and ar-
guably the most important to jet avour tagging. As a charged particle traverses a detector
its trajectory is governed by the Lorentz force. This allows for the precise determination of
a particle's momentum, based on its track curvature in the presence of a B eld. Moreover,
measurements of energy depositions in the sensors the particle traverses allow the identi cation
of its species via its energy loss per unit length dE=dx). One of the most powerful applica-
tions of charged patrticle tracking is the reconstruction of displaced vertices due to the longer
lifetimes of certain hadrons, typically dubbed secondary vertex reconstruction. Secondary ver-
tex reconstruction plays a central role in the jet avour tagging described above, allowing the
identi cation of bottom or charmed hadrons in a jet, providing a direct handle on the avour of
the originating parton.

At future lepton colliders high-resolution sensors will be instrumental for precise impact pa-
rameter measurements and secondary vertex reconstruction, enabling both jet avour tagging
and a rich avour physics programme. A primary complication as particles traverse detector
material is their small-angle de ection due to multiple coulomb scattering, signi cantly de-
grading the precision of track reconstruction. Monolithic Active Pixel Sensors (MAPS) o er
a compelling avenue to low-material, high-precision tracking, by combining the sensor and the
readout circuitry onto the same silicon die.

While this entails a variety of advantages with respect to having dedicated sensing and
readout chips, ranging from a lower material budget to miniaturisation, MAPS have seen limited
adoption at hadron colliders due to their lower radiation tolerance. At lepton colliders, however,
the radiation environment is foreseen to be considerably milder than at the LHC. MAPS are thus
quickly emerging asthe enabling technology for vertexing systems at future lepton colliders. As
detailed later in this thesis, all four primary detector concepts proposed for the FCC-ee foresee
the use of MAPS for vertexing. The characterisation of MAPS tests structures produced in the
65nm TPSCo CMOS imaging process, targeting future vertexing systems, and in particular the
FCC-ee, is presented in Part Il of this thesis.

This thesis begins with an overview of the general prerequisites for understanding the material



herein presented. Chapter 2 starts with a brief overview of the Standard Model, followed by
a discussion of some of its known limitations, which serve as the motivation for future collider
projects. The details of the Future Circular Collider project are given in Chapter 3, which
is primarily framed as an answer to the open questions mentioned in the previous chapter.
Particular emphasis is placed on the FCC-ee's physics potential, and the detector concepts
that have emerged to exploit it. Chapter 4 discusses the reconstruction of physics objects by
combining di erent subdetector measurements, with particular emphasis on jets, serving as a
segue to Part I, which details jet avour tagging studies at the FCC-ee.

Part Il begins with a pedagogical introduction to the topic of machine learning in Chapter 5,
presenting the foundations before delving into topics particularly relevant for jet avour tagging.
The chapter concludes with a brief survey of machine learning in jet avour tagging, providing
context for the studies that follow. Chapter 6 subsequently presents avour tagging studies at
the FCC-ee based on fast simulation of the IDEA detector concept. Focus is placed on strange
jet identi cation and its dependence on the identi cation of charged and neutral Kaons.

Part 1ll encompasses the characterisation of MAPS test structures produced in the 65nm
TPSCo CMOS imaging process. Chapter 7 presents the fundamentals of semiconductor de-
tectors, beginning with the semiconductor band structure before delving into signal formation.
The chapter ends with a brief discussion of signal readout and a presentation of MAPS princi-
ples. The details of the CE-65 family of chips are presented in Chapter 8, setting the stage for
their characterisation. Chapter 9 details the lab characterisation of the CE-65v1 and CE-65v2
chips conducted at the University of Zurich, including measurements of noise, gain calibration,
charge sharing, and gain uniformity. Chapter 10 subsequently details the characterisation of
the CE-65v2 chips at an SPS and DESY testbeam, focusing on the achievable e ciency and
spatial resolution, as well as on the rami cations of a staggered matrix geometry. The thesis
concludes with Part IV, where the ndings are summarised and future directions of research are
highlighted.
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2 Standard Model

The Standard Model of particle physics represents a triumph of quantum eld theory that
continues to withstand experimental scrutiny. Developed throughout the 20th century, the
Standard Model neatly classi es all known particles into three generations of spinl=2 fermions
and integer spin bosons Figure 2.1 depicts the Standard Model particles and their properties.

In the Standard Model picture, fermions represent the fundamental constituents of matter,
while forces are represented by the exchange of vector bosons. Comprehensive treatments of the
Standard Model can be found in Ref. [9]. This chapter presents a qualitative overview of its
central elements and known limitations.

Figure 2.1: Overview of the Standard Model of particle physics. Figure taken from Ref. [10].

Matter

Fermions are the fundamental constituents ofmatter. The most familiar particle of the Stan-
dard Model is arguably the electron. It interacts electromagnetically and its low mass means
it is stable. Together with its closely related, but heavier, second and third generation cousins,
the muon and the tau, electrons form what are called leptons: particles which interact both
electromagnetically and via the weak force. Theoretically, they are treated as part of an elec-
troweak SU(2). doublet together with their charge-less counterparts, the neutrinos. Neutrinos,
by contrast, only interact via the weak force, and are thus notoriously di cult to detect.



Most observable matter, however, appears not as fundamental particles, but in the form of
hadrons or composite particles consisting of more than one quark. Hadrons appear overwhelm-
ingly in the form of baryons, consisting of three quarks, typically of the rst generation. Quarks
are grouped into up-type (+ %) and down-type ( %) according to their electric charge. As with
leptons, each subsequent generation is considerably more massive than the one preceding it, and
second and third generation quarks are orders of magnitude rarer than their rst generation
cousins, as their large masses render them unstable and only produced in high-energy processes.
The peculiar ordering of fermion masses in the Standard Model remains an open question.

The fact that quarks are not observed as free particles, but as hadrons, is a direct consequence
of the strong force, whose potential rapidly increases as quarks are separated in a process called
con nement. Hadrons are fundamentally colour singlets, which in e ect means that they do not
carry any charge associated with the strong force, and are thus not subject to it. Before delving
into the details of con nement, some more background is necessary, and the details are thus left
to the following passages.

Forces

The vector bosons mediate three of the four known forces: the electromagnetic, the strong,
and the weak force. Although the Standard Model fails to accommodate gravity, it in some sense
has no bearance on collider physics, as the gravitational coupling is many orders of magnitude
lower than comparable couplings of the remaining forces at 1 GeV [11]:

1
137 >

Electromagnetism is arguably the simplest of the three Standard Model forces after symmetry
breaking, as the theory that describes it, Quantum Electrodynamics (QED), is an Abelian
gauge theory based on &J(1)gpm symmetry, where the conserved quantity is the electric charge.
More tangibly, this means that while the massless photon mediates electromagnetic interactions
between charged particles, it does not couple to itself. This aligns with the intuitive picture of
electric eld lines spreading across space, where Gauss' law gives the familiar 1=r? scaling
extending to in nity. In the infrared limit, the coupling constant of QED is given by the ne
structure constant ogp = €°=4 1=137. Self-energy corrections to the photon propagator
modify this value depending on the momentum transferQ, giving rise to an increase known as
the running of the coupling.

The strong force, by contrast, is described by Quantum Chromodynamics (QCD), which is a
non-Abelian gauge theory based on arsU(3)c symmetry. While the strong force also features
a massless vector boson as its mediator, the gluon, the key distinction is that the gluon carries
both a charge and an anti-charge, and thus couples to itself. Moreover, rather than a single
charge as in the case of electromagnetism¥(1)gy symmetry, the SU(3) symmetry features
three distinct charges, collectively denoted the colour charge, which takes the values ofg; b. A
core feature of QCD is that, in contrast to QED, the running of the strong coupling s decreases
with increasing momentum transfer Q. More precisely, the running of the coupling is governed

s 1> oep w 110°¢ 4 10% (2.1)



by the Beta function® [12]
dg_ Iy
dQ (4 )2

where g = pr, lbp = 11  (2=3) n¢ with ny = 5 as the number of quark avours that
contribute?, and the right-most term is the 1-loop result. The 1-loop di erential equation is
solved by

(@=0Q g%+ O(g°) (2.2)

(Qo)
bo Q

1+ > (Qo)In o)

where Qg is some reference momentum at which the value of the coupling is known. It is the
running of the strong coupling ultimately leads to jet formation, brie y described in Section 4.3.
An interesting feature of the Standard Model is that the couplings seem to converge to a similar
value at high energy scales, hinting at some yet-unresolved deeper symmetry.

The nal force is the weak force, which is described by electroweak theory. Electroweak theory
uni es electromagnetic and weak interactions based on arsU(2).  U(1)y symmetry [13 15].
The SU(2). symmetry acts on left-handed fermion doublets and introduces three massless gauge
bosons(W1; W?2; W3), where the weak isospin is the conserved charge in interactions. THe(1)y
symmetry acts on all fermions and introduces a single massless gauge boddn, with the weak
hyperchargeY as the conserved charge. The breaking of th&U(2). U(1)y symmetry by the
introduction of a Higgs doublet with non-zero vacuum expectation value leads to the mixing of
the gauge bosons, and the generation of mass terms for three of the four resulting gauge bosons:

(Q) =

(2.3)

1 .
W = %(Wl iw 2) (2.4)
Z =cos wW? sin wB (2.5)
A =sin wW?3+cos wB (2.6)

where  is the Weinberg, or weak mixing, angle, de ned by the relation tan( w) = gy =gw for
the couplings of theU(1)y and SU(2)_ gauge groups. TheA is the massless photon described
above, while theW ;Z are the resulting, physical bosons with masses of 80 GeV and 91 GeV,
respectively. It is primarily the large mass that the weak gauge bosons acquire after symmetry
breaking that gives the weak force its name. The virtuality of particles respects Heisenberg's
uncertainty principle E t & ~, and thus the timescale of weak interactions is very small, or
in other words short range.

Perhaps the most peculiar feature of the weak force is that it is the only force that allows
avour changing decays. This results from the fact that the interaction eigenstates of charged
currents do not align with the quark mass eigenstates. The change of basis matrix for quarks is

Technically the Beta function is de ned in terms of the renormalisation scale , not the momentum transfer.
However, a discussion on renormalisation is beyond the scope of this short introduction.

2The top quark is too massive to contribute at momentum transfers below hundreds of GeV.



known as the Cabibbo-Kobayashi-Maskawa (CKM) matrix [16, 17] and is given by

0 1
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The small but non-zero o diagonal elements are in essence responsible for avour changing weak
transitions between up-type and down-type quarks of di erent generations. These transitions
underlie the decay of heavy hadrons, and are ultimately responsible for their nite lifetimes, key
in the avour tagging discussed in Part Il of this thesis.

Higgs Boson

The nal element of the Standard Model is the Higgs boson, which is uniquely situated as the
only scalar boson. The Higgs boson is not a force carrier like its vector boson counterparts, but
rather an intimate part of the mass-generating mechanism of the Standard Model. In particular,

the Higgs boson appears in the Standard Model as a complex scalar doublet
!
+

= 0 (2.8)
The gauge symmetry of the Lagrangian is spontaneously broken by the non-zero vacuum ex-
pectation value [18, 19], with the weak vector bosons acquiring mass via the interaction terms
in the covariant derivative, while the photon remains massless. Fermion masses, on the other
hand, arise from the so-called Yukawa couplings: interaction terms between the Higgs eld and
the left- and right-handed fermion elds. After symmetry breaking these terms reduce to mass
terms proportional to the Higgs vacuum expectation value

\
me = Yt P (2.9)

with heavier fermions, like the top quark, exhibiting the strongest Higgs couplings. The central
role of the Higgs in the Standard Model, along with the unknown nature of its properties such
as its potential, situate it at the very focus of current research.

2.1 Beyond the Standard Model

The Standard Model of particle physics is widely regarded as one of the most successful scienti ¢
theories ever devised. Its role in unifying three fundamental forces into a single quantum eld
theory, and accurately describing all known elementary particles, position the Standard Model at
the very core of our understanding of the universe. It has been tested with unprecedented rigour
at collider experiments, and a sizeable deviation from its predictions is yet to be observed. And
yet, the present sentiment is that the Standard Model is the low-energy limit of some deeper,
underlying theory.

Despite its success, the Standard Model leaves a number of observed phenomena unexplained,
and does not accommodate gravity. A straightforward quantisation of gravity has yet to be
demonstrated, due to the apparent non-renormalisability of a gravitational quantum eld the-
ory. Extensions such as String theory [20, 21] o er possible routes towards quantum gravity.
Nevertheless, the path forward is unclear since the e ects of gravity are negligible at the en-
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ergy scales probed at current and foreseeable collider eaoﬂments. Dimensional analysis of the

relevant constants reveals the Planck energy scalep = %5 10'° GeV at which quantum
corrections to classical gravity are expected to become relevant, which is many order of magni-
tude higher than even the reach of the LHC. The uni cation of gravity and the Standard Model
thus remains one of the primary open questions of modern physics.

A number of cosmological measurements appear to be incompatible with the Standard Model
and general relativity. The rotation curves of spiral galaxies [22, 23], for instance, appear to
deviate from expectations based on the luminous mass, which is located primarily in the centre,
displaying instead a linearM (r R) R dependence, hinting at some form of invisible matter
that does not interact electromagnetically, dubbed dark matter. Roughly 85% of matter in the
universe is thought to be dark matter, and yet the Standard Model o ers no compelling dark
matter candidates. A class of models extending the Standard Model to include weakly interacting
massive particles (WIMPS) postulates dark matter candidates whose small cross sections and
subtle signatures have meant they have thus far remained undetected. Experiments at the LHC
are at the forefront of WIMP searches, revolving around experimental signatures such as missing
energy, as well as deviations in precision measurements.

A well-motivated extension of the Standard Model, supersymmetry, introduces an additional
symmetry between fermions and boson, where every Standard Model particle has an associated
superpartner whose spin di ers by1=2. While supersymmetry introduces dark matter candidates
addressing the problem stated above, the primary motivation lies in resolving the problem of
naturalness whereby the Standard Model requires the precise cancellation of the bare Higgs
mass and its large self-energy corrections to 1 part ii0** in order to obtain the comparatively
miniscule pole mass ofmy 125 GeV. Supersymmetry instead addresses the observed Higgs
mass by introducing cancellations between loop corrections of Standard Model particles and their
superpartners. Despite its motivations, the LHC has placed stringent limits on supersymmetry,
excluding many models and placing lower bound on superpartner masses.

Beyond gravity, dark matter, and naturalness, further glaring limitations of the Standard
Model include the observed non-zero neutrino masses [24 26] and the matter-antimatter asym-
metry of the universe. However, the Standard Model does not accommodate massive neutrinos,
since the absence of right-handed neutrinos forbids a Dirac mass term. Extensions including
treating the neutrino as its own antiparticle exist, but minimally require a modi cation of the
Standard Model. While the Standard Model does accommodate some matter-antimatter asym-
metry via CP violation, it does not su ce for the observed baryon asymmetry. The precise
properties of the Higgs boson, including the shape of its potential, may hold clues regarding the
prerequisite conditions for baryogenesis.

Thus the particle community is rallying behind a number of proposed "Higgs factories”, or
lepton colliders where Higgs bosons may be plentifully produced in a clean experimental environ-
ment. These include linear collider concepts, such as the ILC [7] and CLIC [27], which generally
feature high centre-of-mass energies, albeit with reduced luminosity, and circular colliders, such
as CEPC [8] and the FCC-ee [6]. The following chapter introduces the FCC project in detail,
outlining its design, physics goals, and proposed detector concepts.
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3 The Future Circular Collider Project

Colliders have historically served as engines of discovery, providing a way forward in tandem
with theoretical e orts, and hinting at the existence of yet-undiscovered phenomena. Today
however, the eld of particle physics is at a crossroads. Following decades of success, the eld
has shifted from targeted discoveries to precision tests of the Standard Model, and studying
any deviations therefrom. The discovery of the Higgs boson at the LHC marks its most recent
triumph, but does not chart a clear course forward. The Future Circular Collider (FCC) project
[28, 29] has emerged as a two-pronged answer to the open questions the eld currently faces,
tackling present challenges both at theprecision and energy frontiers.

This chapter begins with a brief introduction into the fundamentals of collider physics, before
presenting the Future Circular Collider in Section 3.2. The remainder of this chapter details
several aspects of the FCC-ee, including the proposed runs in Section 3.3 and physics programme
in Section 3.4, before concluding by presenting the detector concepts that have emerged to
address these challenges.

3.1 Introduction to Collider Physics

Particle colliders function by accelerating particles to high energies and colliding them in bunches.
The resulting interactions produce on-shell particles that manifest as nal state objects which can
be directly studied. Additionally, the scattering process is in uenced by o -shell virtual parti-
cles, o ering an avenue to indirectly infer their properties, often at higher energy scales. Particle
colliders can be broadly divided into lepton colliders, which collide electrons and positrorfs and
hadron colliders, which collide protons and (anti-)protons. Additional collider types featuring
linear geometries or alternative particle combinations (e.g. eh, heavy ion, ...) exist and have
played signi cant roles in advancing the eld, particularly in contexts like deep inelastic scat-
tering or QCD matter at high temperatures and densities, but will not be discussed for brevity.
Presently, the largest particle collider is the LHC at CERN, which collides hadrons at energies
of up to 13.6 TeV.

Hadron and lepton colliders dier greatly in their motivation. While the more massive
hadrons allow collisions at considerably higher energies, the collision environment is substantially
more challenging as hadrons are not fundamental, and their constituents carry colour charge.
Lepton colliders, on the other hand, are fundamentally precision machines.

The precise energy at which a particle collider operates is de ned with respect to the Man-
delstam variable s, given as

S=(pL+P)?=(p +P)(p1 +p2)=(E1+E2? | p+ pj° (3.1)

where p,., are the 4-momenta of the incoming particles in a 2-body scattering process. In the
centre-of-mass frame, where the total 3-momentum vanishes, this reduces tos = ESM + ESM,

'Ref. [30] provides a review of recent e orts exploring the feasibility of a multi-TeV muon collider.
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and de nes the centre-of-mass energy of the collision, interpreted as the total energy available for
particle production. Operating at higher centre-of-mass energies broadens the collider's physics
reach, as it allows the on-shell production of more massive particles and access to new kinematic
regimes. However, increased energy entails notable drawbacks, including the need for stronger
bending magnets, increased synchrotron radiation, and substantially higher energy consumption.

Beyond the centre-of-mass energy, the second key parameter is the number of events that is
produced for the physics process under consideration. The number of events depends both on the
cross section , which characterises the probability of a process, and on the luminosity.. The
luminosity is a measure of the number of particles through a unit area per unit time, quantifying
the intensity of beam overlap. It is given in units of inverse area (e.g. cm?) and inverse time
(e.g. s 1). Inthe case of the head-on collision of two Gaussian beams, the luminosity is given
by [31]

N1NofN b

L =
4xy

(3.2)
where N1.» are the number of particles per bunch for the colliding beamsNy, is the number of
bunches per beamf is the revolution frequency, and ., are the transverse beam sizes. The
number of events can be obtained by integrating the product of the luminosity and the cross

section, given as
z

where Ny is the number of produced events for the given process anj,; is the integrated
luminosity. With the basic concepts of centre-of-mass energy and luminosity established, the
following section discusses how they inform the design of future facilities such as the FCC.

3.2 The FCC Integrated Project

The Future Circular Collider (FCC) project is an ambitious two-stage project that envisions
the construction of a 90.7 km tunnel at CERN, to successively host a high luminosity electron-
positron collider, the FCC-ee, followed by a high energy hadron-hadron collider, the FCC-hh.
It will serve as the successor to the LHC, and de ne the future of particle physics for the latter
half of the 21st century. Figure 3.1 depicts the proposed geometry for the FCC-ee accelerator.
Additional civil engineering constraints to host both colliders in the same tunnel are being
considered in the design phase, including an increase in the tunnel diameter, with respect to the
LHC, to 5.5 m.

The natural synergy observed between LEP and the LHC serves as a primary motivation
for the two-stage approach adopted for the FCC project. As a lepton collider, LEP operated
in a comparatively clean environment, instrumental in the precise determination of a variety of
Standard Model parameters, particularly related to the Z boson, such as the massnfz) and
width ( z), which remain state-of-the-art. Moreover, and just as importantly, is the oft-touted
phrase that "precision is discovery". High-mass patrticles enter lower energy precision measure-
ments though virtual loop corrections, shifting observables away from their expected values in
the absence of such contributions, as exempli ed in Section 3.4. Thus, the precise measurement
of Standard Model parameters, and potential deviations from theoretical predictions, can pro-
vide sensitivity to heavier states, helping chart the course forward for future high-energy hadron
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Figure 3.1: Schematic of the FCC-ee accelerator. The four collision points are marked in red.
Figure taken from Ref. [28].

colliders.

The FCC-hh is planned to begin operations in the 2070's with proton-proton collisions at a
baseline energy of 85 TeV, potentially increasing to 120 TeV, depending on ongoing R&D.
Operating at nearly an order of magnitude higher centre-of-mass energy than the LHC, the
FCC-hh will enable direct searches for heavy resonances at energy regimes inaccessible to its
predecessor. Additionally, the copious Higgs boson production, expected to exceed 20 billion
[29], will constrain rare Higgs decays includingH ! ; ;Z at unprecedented precision, and
facilitate the precise measurement of the Higgs self-coupling via double-Higgs production. Many
of the proposed detector and accelerator technologies for the FCC-hh require signi cant R&D, a
challenge made tractable by its distant timeline. One of the most critical areas for development
are the high- eld superconducting magnets required for the 100 TeV FCC-hh collisions [29].

In comparison, the preceding stage, the FCC-ee, relies on more mature and well-established
technologies. The FCC-ee is optimised for precision physics at lower centre-of-mass energies,
ranging from the Z-pole (90 GeV) to just above the tt production threshold (365 GeV)
during its 15 year runtime, presumably beginning around 2045. Its rich physics programme
spans Higgs physics, precision electroweak measurements, avour physics, precision QCD, and
even light BSM searches, as detailed in Section 3.4. Moreover, the FCC-ee features the highest
number of collisions of the proposed colliders at the production thresholds of the Z boson, W
boson pairs, and a Higgs in association with a Z. Thus it o ers the most exquisite precision, and
has garnered much support in Europe and beyond.

3.3 FCC-ee Parameters

The FCC-ee will be hosted in the 90.7 km tunnel described above, and will feature four inter-
action points delivering unprecedented luminosities across a range of energies. The collider will
operate at a variety of di erent beam con gurations depending on the targeted centre-of-mass
energy, requiring the tuning of a number of parameters including beam current, bunch multiplic-
ity and spacing, as well as transverse bunch dimensions. During the Z-pole run the FCC-ee is
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expected to achieve a luminosity ofl45 10%*cm 2s ! per interaction point, delivered as 11200
bunches per beam with a spacing of 27 ns. Detailed beam parameters for other energies can be
found in Ref. [29].

A summary of the proposed run schedule detailing the centre-of-mass energies, integrated
luminosity, and associated physics targets is depicted on Figure 3.2. It should be noted that
Figure 3.2 assumes the baseline scenario, with the precise order and duration not yet xed [29].
The FCC-ee will explore the vicinity of the Z-pole during its initial four year run at centre-of-
mass energies o? s = 88;91; 94 GeV, during which an integrated luminosity of 205 ab * will be
achieved. This corresponds to a production 06 102 Z bosons, o ering unprecedented statistics
for the measurement of Z boson properties and rare avour physics decays. Following the Z pole
run, the FCC-ee will operate at centre-of-mass energies corresponding to the WW-threshold at

s = 157;163 GeV for two years. The integrated luminosity of 19.2 ab * corresponds to the
production of 2:4 10 W boson pairs, a factor 5 10° higher than at LEP, allowing the
precise study of W boson properties, improved determinations of CKM elements, and detailed
studies of non-perturbative QCD e ects in WW decays, detailed in the following section.

Figure 3.2: The integrated luminosities to be delivered in the baseline run schedule of the
FCC-ee, shown as a function of centre-of-mass energy. A luminosity range for linear colliders is
shown above 200 GeV. Figure taken from Ref. [29].

The Higgs programme of the FCC-ee begins with theZH run at p§ = 240 GeV. The

three year run will result in an integrated luminosity of 10.8 ab 1, corresponding to2:2 10°
Higgsstrahlung and6:5 10* WW fusion events.

The tt run is sub-divided into a 1 year run scanning the production threshold at p§ =
340 350GeV, and a 4 year run slightly above the threshold atID s = 365 GeV. The threshold
scan will deliver an integrated luminosity of 0.42 ab 1, allowing a precise determination of the
top quark mass (m;) and decay width ( ;). The 365GeV will deliver an integrated luminosity of
2.70 ab 1, with the primary goal of measuring top couplings, and o ering indirect sensitivity to
the Higgs self coupling when combined with theZH run. Across both tt runs, a total of 2 10°
tt pairs, 3:7 10° Higgsstrahlung events, and9:2 10* WW fusion events will be produced.
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3.4 Physics Programme

The full physics programme of the FCC-ee is much too detailed to be explained in the space
herein alloted, so the interested reader is encouraged to consult Refs. [6, 29] for a more com-
plete discussion. As mentioned in Section 3.2, the FCC-ee physics programme spans Higgs
physics, precision electroweak measurements, avour physics, precision QCD, and even light
BSM searches. Some aspects of these will be highlighted.

The Higgs programme at the FCC-ee is centered around the measurement of the Higgs boson
mass, constraints on its total width, as well as the precise determination of many of its couplings
to Standard Model particles. The recoil mass method exploits the well-determined kinematics of
a lepton collider to reconstruct the invariant mass of the system recoiling against thez ! [* |
produced in Higgsstrahlung events, allowing the identi cation of Higgs events without reference
to a speci c decay mode. The peak position of the recoil mass will allow the determination of the
Higgs mass ty ) to high precision. The recoil mass method additionally provides a measurement
of the total ZH cross section 7y, which when coupled with theH | ZZ branching fraction
allows the determination of the Higgs width y [29]. The FCC-ee will improve the precision
on a number of parameters, which quantify deviations of Higgs couplings from their Standard
Model predictions, with respect to HL-LHC projections, with 7 improving by over an order of
magnitude, and more moderate gains expected for couplings to the/, b, c, g, , , ,Z [29].
Beyond this, the prospect of constraining the electron Yukawa coupling [32] with a dedicated
run at the Higgs boson pole mass is being actively considered. While not explicitly included in
the baseline run plan depicted on Figure 3.2, a dedicateé*e ! H run would allow a 1.6
Standard Model value upper limit to be set within 2 years [32]. The s-channel Higgs production
presents one of the most formidable challenges to the FCC-ee due to the narrow Higgs boson
width. An excellent control over the beam energy spread would be required, lest the Higgs
resonance be rendered invisible.

The precision electroweak programme at the FCC-ee is complemented by the Z-pole, WW
threshold, and tt run. In particular, the exquisite statistics in the vicinity of the Z-pole will
allow a precise determination of both the Z boson massnz) and width ( z) from the line shape
scan, improving present determinations by over 1 and 2 orders of magnitude, respectively [29].
A multitude of additional precision observables will become accessible during the tera-Z run,
including the weak mixing angle and theb-quark forward backward asymmetry (AEB), likewise
improving by over two orders of magnitude. Improvements of a similar scale are expected the W
mass My ) and width () from the WW threshold scan. Rapid advances in avour tagging
precision, such as those presented in Chapter 6, will additionally allow the direct extraction of
the jV¢sj and jVqj CKM matrix elements from hadronic W decays, as was done at LEP in the
case of the former [33 35]. The t threshold scan will improve present determinations of the top
guark mass M) by almost two orders of magnitude, instrumental for a precise determination
of a number of electroweak precision observables, where it enters as a parametric uncertainty
[29]. The top quark width ( ;) will likewise be extracted from the tt threshold scan, albeit with
milder improvements in precision. The high precision measurement of the top quark’s properties
will substantially tighten the global electroweak t, improving constraints on Standard Model
parameters and exposing any potential tensions that may arise.

The FCC-ee is seldom framed as a QCD machine, but o ers a clean environment and exquisite
statistics, accommodating a rich precision QCD programme. The collision of colourless parti-
cles xes the initial state kinematics, and allows quarks and gluons to hadronise in a relative
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"QCD vacuum", devoid of partons unrelated to the main physics process. The determination
of the strong coupling is paramount to improving the precision of virtually all cross sections
and decays at colliders, where it can enter either directly (e.g.gg! ttH), or via higher order
corrections (e.g.e*e ! Z(qgg)). At the FCC-ee, the strong coupling s is expected to be the
leading parametric uncertainty in the determination of the Z boson width described above [36].
Nevertheless, the FCC-ee is uniquely suited for a per-mille level determination of the strong
coupling at the Z-pole ( s(mgz)) through combined ts of the hadronic-to-leptonic decay ratio
(Rz(Q)), the total width ( z), and the hadronic cross section (Qad-). The strong coupling
could similarly be determined at the W boson pole ( s(my)) from hadronic W decays, o ering
an improvement of around two orders of magnitude with respect to present determinations [29].
Additional determinations of the strong coupling are possible via hadronic decays, as well as
event shapes and jet rates [37, 38], as was done at LEP for the latter [39]. The FCC-ee also
o ers a plethora of opportunities to study non-pQCD e ects, such as colour reconnection in
WW events, or gluon radiation patterns from an ultra-pure gluon jet sample (ZH (! gg)).

The avour physics programme at the FCC-ee is centered around the exquisite statistics at
the Z-pole, and will cover a wide variety of topics ranging from searches for avour-changing
neutral currents to the precision study of bottom and charmed hadrons. Moreover, the tera-Z
run will produce over 10! boosted leptons, corresponding to an improvement of over an order
of magnitude in lepton avour universality tests [29].

The potential of the FCC-ee as discovery machine is often understated. Besides probing
extensions of the Standard Model that feature direct signatures, such as long-lived particles, the
improvements by orders of magnitude in a number of precision observables will o er a hint at
physics beyond the Standard Model. Deviations from values predicted by the Standard Model
would o er compelling evidence of mass states that are yet to be identi ed. The signature of
yet-undiscovered particles in precision measurements at energies substantially lower than their
pole mass has signi cant historical precedent. The mass of both the top quark and the Higgs
boson were predicted prior to their discovery through their in uence on the cross section of
the e"e ! ff process via loop corrections, as depicted on Figure 3.3. In similar fashion, the
FCC-ee is expected to o er sensitivity to particles with masses up to 10 70 TeV [6].

e t f
Z Z Z
e f e f
(@) Tree-level (b) Top quark loop correction
f
f

(c) Higgs loop correction

Figure 3.3: Tree-level (a) and 1-loop corrections involving the top quark (b) and the Higgs
boson (c) totheee ! Z ! ff scattering amplitude. Figure inspired by Figure 1.3 of Ref.

[6].
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3.5 Detector Concepts

The rich physics programme at the FCC-ee imposes a stringent set of performance requirements
on the rapidly evolving detector concepts. For instance, beam collimation considerations at the
Z-pole run limit the magnetic eld strength to 2 T, requiring large tracking detector volumes

to compensate [29]. The detector requirements of the FCC-ee are detailed in Refs. [29, 40, 41].
The present discussion focuses on a selection of the more optimistic targets outlined in Ref.
[29], along with their motivation. Table 3.1 lists the key performance requirements on each
sub-detector in the FCC-ee detector concepts.

| Subsystem | Requirement | Subsystem | Requirement \
15 E 30%
d))=3 ————um — = p—;
Vertex (do) p sin® H HCAL E E’
X=X < 1% X y=2 2mm?
Tracking p=p < 0:1% for O(50) GeV Muons pID for p< 1 GeV
e 3% ~ .
ECAL E PE Partticle ID | ° f‘ ji%aéat\';’n
X y=2 2mm? uptop €

Table 3.1: Selected detector requirements for the FCC-ee detector concepts. Values adapted
from "Aggressive" requirements given in Ref. [29].

The requirements on thevertex detectorare centered around the transverse impact parameter
resolution and the minimisation of the material budget in order to suppress multiple coulomb
scattering, as described in Section 7.2.1. A precise reconstruction of secondary vertices is in-
strumental not only to heavy- avour jet tagging, where the presence of secondary vertices helps
to discriminate b-, ¢c-, and light jets, but also to avour physics, with the reconstruction of the
thus-unseenB | K decay placing some of the most stringent requirements on the transverse
impact parameter resolution. In particular, the impact parameter resolution itself consists of
an asymptotic term, assumed to be 3um in the optimistic case, which can be improved by
moving the rst vertex layer as close to the beampipe as possible, and using small-pitch pixel
sensors in order to achieve the exquisite spatial resolution required per layer. Moreover, the
ambitious target of maintaining the entire material budget of the vertex detector below 1%
X=X is instrumental to minimising multiple scattering. Recent developments in Monolithic
Active Pixel Sensors (MAPS) have demonstrated the feasibility of combining the twin goals of
high-resolution and ultra-low material budget in vertexing systems. Some developments target-
ing vertexing at future colliders are detailed in the latter part of this thesis. All of the detector
concepts presented in this Section envision the use of MAPS for vertexing.

The requirement on the tracking detector is expressed in terms of the momentum resolu-
tion for energetic particles, and is driven primarily by the measurements of the Higgs recoil
mass fn,rfcc’”), the Z boson decay width ( z), and searches for lepton avour violating decays
(Zz! ), all of which require exquisite momentum measurements of energetic leptons. Both
the electromagnetic calorimeter (ECAL) and the hadron calorimeter envision a high transverse
resolution, expressed as the granularity x y, with the requirement being primarily driven
by the reconstruction of 0! decays for the electromagnetic calorimeters, and the precise
reconstruction of neutral jet constituents for the hadron calorimeter. The additional energy reso-
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lution requirement in electromagnetic calorimeter is driven by the need to accurately reconstruct
photon nal states, such ase*e ! ¢ ¢ , while in the hadron calorimeter it is driven by the
jet energy resolution, particularly for H ! 2-jet decays. The primary performance metric for
the muon systemis the muon identi cation performance, as precise momentum measurements
are already provided by the tracking detector. Particle identi cation (PID) has additionally
emerged as a performance requirement. As evidenced by the jet avour tagging studies reported
in Chapter 6 and other prior studies, the discrimination of K = s instrumental in the identi-
cation of strange quark initiated jets, and the promising novel physics studies thereby enabled
(e.g. H! ss).

From the above requirements four primary detector concepts have emerged either as adap-
tions of detectors designed for other proposed lepton colliders, or as dedicated developments
for the FCC-ee. With four interaction points, the FCC-ee will accomodate a wide variety of
detector technologies and concepts, optimising slightly di erent aspects of particle detection.
The IDEA and the CLD detector concepts are the most studied among the detector concepts
under consideration, and are thus listed in most detail.

3.5.1 IDEA

The Innovative Detector for e* e Accelerator (IDEA) [42 44] detector concept emerged as
a standalone development for the FCC-ee, combining novel subdetector designs. Figure 3.4
depicts a schematic cross section of the upper-right quadrant of the IDEA detector. While
this iteration of the IDEA detector will be detailed in this section, it should be noted that
the detector concepts are rapidly evolving and being optimised, thus the precise positions and
details of individual subdetectors are subject to change. Beginning at the beampipe and moving
radially outwards, the IDEA detector concept consists of a silicon vertex detector, a low-mass
drift chamber surrounded by a silicon tracking layer, a crystal dual-readout electromagnetic
calorimeter, a superconducting magnet, a dual-readout hadronic calorimeter, and nally a muon
system [29].

Figure 3.4: Schematic cross section of the upper-right quadrant of the IDEA detector concept.
Adapted from Ref. [29].
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The silicon vertex detector barrel consists of 5 layers of sensors extending from= 1:37 cm
to r = 31:5 cm, wherer denotes the radial distance from the beampipe. The vertex detector
can be further sub-divided into the inner and outer subsystems, where the inner subsystem
comprises the three barrel layers closest to the beampipe at radii between = 13:7 mm and
r = 35:6 mm, respectively, while the outer subsystem comprises the outer two layers at radii of
r =130 mm and r = 315 mm and the three endcap layers at each detector end. The baseline
design of the inner subsystems assume 3m 25 um MAPS based on the current ARCADIA
prototype [45]. Each layer of the inner subsystem contributes 0.25%X g radially. An alternative
ultra-light design mimicking the ALICE ITS3 upgrade [46] features fully-stitched MAPS sensors
in a self-supporting structure, allowing a reduction of 3 in the material budget per layer to
0.07% X [47]. The outer subsystem assumes hybrid pixel sensors featuring a pixel pitch of 50
um 150 um and a similar sensor thickness to the inner subsystem MAPS of 50 um.

The second part of the IDEA tracking system is the low-masddrift chamber. It consists of 112
layers of wires spanning 4 m along the axis at radii betweenr =0:35m andr =2 min a 90%
He and 10% iGH1o mixture. The drift chamber o ers a low-material budget alternative to full-
silicon tracking detectors, with a budget of only 1.6%X ¢ for the entire subdetector, orthogonally
to the beampipe. Besides providing high-precision tracking measurements, the drift chamber
is expected to provide exquisite particle identi cation capabilities for a wide momentum range
using the cluster counting technique @N=dx). The drift chamber is surrounded by a large
area silicon tracking system, providing an additional high-precision spatial measurement, and
potentially a time-of-arrival measurement.

The nal subdetector lying within the superconducting coil 2 T magnet is the crystal elec-
tromagnetic calorimeter providing energy and position measurements for electrons and photons.
The electromagnetic calorimeter extends fromr 2mtor =2:5m

The penultimate subdetector is the hadronic dual-readout calorimeter spanning fromr = 2:7
mtor 45 m. The dual-readout calorimeter consists of alternating rows of scintillating and
Cherenkov bres in capillary tubes. An excellent energy resolution of30%= E is expected
for hadrons. While the subdetector e ectively functions as the hadron calorimeter in the pre-
sented design of the IDEA detector concept, its use as a combined electromagnetic and hadron
calorimeter, distinguishing between the two via the ratio of scintillation and Cherenkov light,
was originally the baseline and is still being actively explored.

The nal subdetector is the muon systemconsisting of layers of chambers embedded in the
iron return yoke surrounding the solenoid. The baseline technology is derived from the-RWELL
muon detector system [48]. While the muon system is primarily designed for muon detection,
as its name suggests, its potential for detecting LLPs is currently being explored.

It is worth highlighting two key di erences between the IDEA detector concept presented in
this section and the con guration used for the avour tagging studies in Part 6:

~

First vertex detector layer was placed at a radius of1:7 cm, rather than the current,
reduced baseline ofl:37 cm

" Absence of a dedicated dual-readout electromagnetic calorimeter

3.5.2 CLD

The CLIC-like detector (CLD) [49] is an adaptation of the most recent CLIC detector model
to the FCC-ee. A number of modi cations in order to accomodate the FCC-ee conditions was

21



necessary, including an increase in the tracking detector volume in order to accommodate the
weaker 2 T eld strength. Figure 3.5 depicts a schematic cross section of a transverse slice and
the upper-right quadrant of the CLD detector concept. The CLD detector features a full-silicon
tracking detector, surrounded by an electromagnetic calorimeter and a hadron calorimeter, both
lying within the superconducting solenoid. Surrounding the coil is the muon system.

Figure 3.5: Schematic cross section of a transverse slice (a) and the upper-right quadrant (b)
of the CLD detector concept. Adapted from Ref. [29].

The silicon pixel vertex detector of the CLD detector concept is organised in double-layers
of ultralight MAPS sensors. The barrel consists of three double-layers located at = 12:5-135
mm, r = 37-38 mm, and r = 57-58 mm, respectively. Each barrel double-layer contributes
a material budget of 0.63%Xo. The three endcap double-layers are located az = 160 mm,
z =230 mm, and z = 300 mm, where z denotes the longitudinal distance from the interaction
point. The endcap double-layers contribute a material budget of 0.70%X ¢ each.

The tracking detector surrounding the vertex detector is likewise comprised of silicon detec-
tors, and is sub-divided into the inner tracker and outer tracker. The inner tracker is comprised
of three barrel layers and seven endcap layers, while the outer tracker adds three additional
barrel layers and four endcap disks. Each tracker layer contributes a material budget of 1:2%
Xo.

It should be noted that at the time of writing the inclusion of a novel ring-imaging Cherenkov
detector surrounding the tracking detector is being considered. The detector would supplement
the particle identi cation capabilities of the CLD detector, but requires a reduction in the
tracking detector radius, deteriorating the momentum resolution [50].

The electromagnetic calorimeter and the hadron calorimeter both lie within the supercon-
ducting solenoid, enabling a precise reconstruction of particle trajectories in the particle- ow
approach. The electromagnetic calorimeter employs tungsten as the absorber material, with
silicon sensors providing a high-granularity readout. The hadron calorimeter utilises alternating
steel and scintillator tiles.

The nal subdetector, located outside the coil, is the muon systemcomprised of seven resistive
plate muon chambers.

3.5.3 ALLEGRO

The ALLEGRO [51] detector concept, short for A Lepton-Lepton collider Experiment with
Granular Read-Out, is the most recent of the presented detector concepts. Its main innovation
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is a high-granularity electromagnetic calorimeter using a noble liquid as the active material. The
interested reader is referred to Ref. [29] for a detailed schematic of the detector layout.

The vertex detectoris expected to make extensive use of the promising MAPS developments,
as for the detector concepts already presented. The baseline vertex detector design is that of the
IDEA detector concept, and will thus not be repeated. Surrounding the vertex detector is the
tracking detector, whose precise technology is still being explored. Fundamentally, two avenues
are being explored: a full-silicon tracker, as proposed for CLD, and a gaseous tracker either in
the form of a straw tracker or a drift chamber, as proposed for IDEA, with the latter serving as
the baseline. Theelectromagnetic calorimeter is situated within the superconducting coil, and
will consist of a combination of a noble liquid as an active medium and a metallic absorber as
the passive material. Proposed combinations include tungsten or lead as absorbers paired with
liquid argon, or tungsten with liquid krypton, with lead and liquid argon currently serving as
the baseline. Thehadron calorimeter situated around the coil will adopt a design combining
steel absorber plates and scintillator tiles, much like CLD. Finally, technology options for the
muon systemare still under active investigation, with drift tubes, resistive plate chambers, and
micromegas among those proposed.

3.5.4 ILD

The International Large Detector (ILD) [52] is a detector concept originally developed for the
ILC, but more recently adapted for the FCC-ee. As the CLD detector concept was developed
from the ILD [29] it shares signi cant overlap in design choices. In particular, both detector
concepts feature high-granularity electromagnetic and hadronic calorimeters within the super-
conducting solenoid, and envision the use of MAPS for their high-precision vertexing detectors.
The primary distinction between the two detector concepts is the adoption of a time-projection
chamber as the tracking detector for the ILD. While a time-projection chamber features a very
low material budget and allows excellent charged particle identi cation via ionisation clusters,
the concept still faces signi cant challenges for FCC-ee operation [29], particularly at the Z-pole.

Having surveyed the principal detector concepts under consideration for the FCC-ee, the
following chapter provides an overview of how measurements of subdetectors are combined into
reconstructed physics objects.
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4 Reconstruction

The raw output of detectors, such as the concepts presented in Section 3.5, is a large number
of localised signals resulting from particle interactions with di erent subdetectors. However, it

is not until these measurements are combined and interpreted as reconstructed particles, with
an associated charge and 4-momentum, that meaningful physics can be extracted. This chapter
provides a very brief overview of the reconstruction chain, beginning with individual hits in the
tracking system and culminating in high-level physics objects like jets.

4.1 Tracks

Charged particle tracking forms the backbone of event reconstruction at collider experiments.
The sequential measurement of charged particles as they traverse nely-segmented detectors
allows the reconstruction of their trajectories. The trajectory of a charged particle is bent into

a helix by the Lorentz force, with a curvature that is inversely proportional to the particle's
momentum. The determination of a particle's trajectory relies at minimum on two?! points
which can be interpolated. It can be shown that for an idealised two layer tracking detector the
impact parameter resolution  is approximately given by [53]

2 2
2 1+ 1 , + 2 (4.1)
r. ra r n ms

b:

whererq;r, denote the radii of the detector layers from the beamline, while 1; » their resolu-
tions. The ns termisincluded to describe the degradation of the resolution due to the multiple
scattering of particles as they traverse the detector. It is immediately manifest that the radius
of the rst detector layer r; should be minimised in order to improve the resolution. Thus it is
customary to place the rst detector layer as close to the beampipe as possible, as evidenced by
the IDEA detector concept's reduction in the innermost layer's position from 1.7 cm to 1.37 cm.
Subsequent detector layers provide additional measurements which are combined into a single
track.

The process begins with the formation of hits on each detector layer, consisting primarily
of identifying pixels where signals are large enough (although this often occurs internally at
hardware level) and combining measurements of adjacent pixels in a process described in Chapter
9. Track seeds, which are initial track candidates, are subsequently formed from two or more
hits, typically close to the beampipe. Trajectories are then built by iteratively adding hits
to track seeds and using techniques like the Kalman lter [54] to update track parameters at
each step to minimise goodness of t metrics like the 2, while accounting for uncertainties
and track curvature. The tting procedure is considerably more involved than the straightline
ts described in Chapter 10, as the tracks must follow helical trajectories consistent with the
magnetic eld strength and particle momentum hypotheses. After all hits have been included

!In the absence of a magnetic eld, two points su ce to de ne a straight line trajectory.
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in the track candidate, the track is re t in order to re ne track parameters, typically using the
same tting method as during the track nding.

While the tracking concepts discussed here are presented through the lens of silicon tracking
detectors, the overall trajectory reconstruction procedure applies more broadly. A similar ap-
proach can be adapted for track reconstruction in a gaseous detector like IDEA's drift chamber,
albeit with some notable di erences in hit reconstruction and resolution.

4.1.1 Vertexing

Tracks are reconstructed into points from which they originate, referred to asvertices. The
most important of these is arguably the primary vertex, corresponding to the location of the
hard scattering, and thus the origin of most tracks associated with its decay products. Particles
with lifetimes of O(10 ?) s can travel several mm before decaying, leaving behind two or more
tracks that are displaced from the primary vertex. These displaced vertices, dubbedecondary
vertices, are typical of bottom or charmed hadrons, as well as tau leptons, and thus instrumental
in their identi cation. Figure 4.1 shows a schematic of a 3-jet event, where the heavy avour
jet contains a secondary vertex, characterising it distinctly with respect to the other two. The
inner component of the tracking detector is often optimized for vertex reconstruction and is thus
dubbed the vertexing detector

Figure 4.1: Schematic of a heavy avour jet containing a secondary vertex. The impact pa-
rameter of one of the displaced tracks in marked in green. Figure taken from Ref. [55].

The LCFIPlus framework [56], used for vertex reconstruction in the studies presented in
Part Il of this thesis, employs a three step approach. In the rst step, the primary vertex is
reconstructed from all tracks in an event, for which a global 2 value is computed. Tracks
contributing the most to the 2 are then iteratively removed until a threshold is reached. The
remaining tracks are then assigned to the primary vertex. Subsequently, all possible track pairs
constructed from tracks not associated with the primary vertex are considered secondary vertex
seeds. Tracks are then added to track pairs with a low 2, provided their contribution to the
resulting 2 remains below a prede ned threshold. The procedure continues until all tracks
satisfying the criteria given in Ref. [56] have been considered. In the nal step of the vertex
tting procedure, V ° candidates are identi ed and removed. The studies presented in Chapter 6
deliberately added \° candidates as reconstructed objects. In the studies presented in Chapter
6, VO candidates were deliberately retained as separate reconstructed objects.

While secondary vertexing performance depends on the precise association of tracks to dis-
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placed decay points, the resolution of a track's distance from the primary vertex is often used
as a proxy. This is commonly parametrised by the transversedp) and longitudinal ( zp) impact
parameters, corresponding to the distance of closest approach in each respective dimension.
The performance of a vertexing detector can be quanti ed via the transverse impact parameter
resolution as

©=a psitr)13=2 4.2)
where the a and b are parameters describing thespatial resolution and multiple scattering of a
given detector, respectively, whilep denotes the particle momentum and its angle to the beam
axis. The spatial resolution of the sensor is largely driven by its granularity, or so calledpixel
pitch in the case of silicon pixel detectors. Positional reconstruction schemes making reference
to the charge deposited in each pixel can be exploited to further improve the spatial resolution

of a detector layer, as explored in detail in Chapter 10 for the chips presented in this thesis.

4.2 Particle Reconstruction

The particle ow algorithm [57] has emerged as a powerful paradigm in event reconstruction,
combining information from all subdetectors into a single coherent picture. Inputs to the parti-
cle ow algorithm include tracks reconstructed from charged particle depositions in the tracking
system, clusters in the electromagnetic and hadronic calorimeters formed from energy deposits
in neighbouring calorimeter cells, and standalone tracks in the muon system reconstructed from
hits in the muon chambers. By combining di erent signatures into physics objects with cor-
responding identity and 4-momenta, dubbed particle ow candidates, the algorithm achieves
a superior energy resolution for composite objects like jets, and an improved reconstruction
accuracy compared to what any individual subdetector can achieve. A particle ow approach
is foreseen for the reconstruction of physics objects at the FCC-ee. The Pandora particle ow
algorithm [58], for instance, is already well-integrated with the CLD and ILD detector concepts,
stemming from its long use in linear collider contexts. In the following, the reconstruction of
the particle ow candidates will be brie y described, without reference to a speci ¢ detector
concept.

4.2.1 Leptons and Photons

Muons are often the rst physics object to be reconstructed in particle ow reconstruction chains
due to their clean experimental signature. Given that muons do not interact strongly, and are
much more massive than electrons, they traverse considerably more detector material before
su ering signi cant energy loss. This is exploited by situating the muon system outside of the
superconducting coil, often interweaved with the return yoke, as described for several detector
concepts in Section 3.5, such that virtually only neutrinos and muons themselves reach the
muon system. Particle ow algorithms then begin by reconstructing the muon trajectory from
individual deposits in the muon chambers. The track can be extrapolated to the interaction
point, and then matched to the tracks constructed as detailed in Section 4.1, often coupled with
additional constraints like minimal calorimeter deposits along the extrapolated track. Deposits
in the tracking system are often instrumental in increasing the track resolution of low-energy
muons, as these are more subject to multiple scattering. Once a muon particle ow candidate is
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added to the collection, all associated deposits (e.g. the track) are removed from consideration
for subsequent stages of the particle ow algorithm.

The reconstruction of electrons by comparison, is more challenging, and makes use of both
tracking information and deposits in the electromagnetic calorimeter. Calorimeter clusters with
identi able tracks along the extrapolated electron trajectory are identi ed as electrons. Due to
substantial bremsstrahlung and multiple scattering, electron tracks are often constructed in a
dedicated step with considerably more relaxed criteria than that of muons or charged hadrons.
Additional criteria are imposed, including the absence of deposits in the hadronic calorimeter to
minimise misidenti cation from hadrons, and isolation criteria to reject electrons from photon
conversions in the detector material. The identi cation of photonsis of course intimately related.
Bremsstrahlung photons originating from identi ed electrons are typically not reconstructed as
independent objects, but are instead associated with the electron through extended calorimeter
clustering. This association ensures that ECAL deposits are correctly attributed and prevents
double counting. Clusters that remain unassociated with any track are identi ed as photons,
with the photon energy de ned by the ECAL deposit itself.

4.2.2 Hadrons

Unlike the leptons and photons reconstructed above, the identi cation of hadrons hinges pri-
marily on the absence of a signature. Charged tracks that are not associated to a lepton are
considered to originate from charged hadrons, primarily pions ( ), protons (p), and Kaons
(K ). Associated deposits in the hadron calorimeter are used for consistency checks, but are
generally considered too coarse to resolve the track invariant mass. Dedicated particle identi ca-
tion techniques exist in the form of ionisation energy loss measurementslE=dx) or time-of- ight
measurements. In either case, the dependence of an uncorrelated observable is coupled with mo-
mentum measurements of the tracking system in order to determine the particle mass. These
two types of particle identi cation measurements are particularly e ective when combined, as
foreseen in the IDEA detector concept, as they cover slightly di erent momentum ranges, with
time-of- ight measurements providing better sensitivity at low momenta [59].

After the subtraction of deposits in the hadronic calorimeter associated with charged hadrons,
the remaining deposits are interpreted as originating fromneutral hadrons. The energy of neutral
hadron candidates is de ned by the calorimeter deposit, resulting in a considerably worse energy
resolution than for other reconstructed particle ow objects. The momentum vector is then
de ned by the relative position of the calorimeter cluster and a mass hypothesis. Despite the
limited precision of neutral hadron reconstruction, it plays an important role in the completeness
of the event reconstruction, particularly in observables such as the missing transverse energy.

4.3 Jets

At high energy scales partons produced in a hard scattering emit radiation in the form of gluons
as they travel outward, which may themselves branch into quark-antiquark pairs, or further
gluons. The cascade of emissions, known as a parton shower, is governed by perturbative QCD
and continues until the energy scale approache®(1) GeV, where the strong coupling s becomes
large, and the perturbative treatment of partons begins to break down. In a non-perturbative
process known ashadronisation, the outgoing partons recombine into colourless hadrons. The
exact dynamics of hadronisation are poorly understood, and it is customary to instead resort to
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phenomenological models, such as the Lund String model [60]. The curious reader is referred
elsewhere for the details, but it su ces to note that the model revolves around the treatment of
a linear potential between the partonsV(r) k r, wherek is known as the string tension. In
this picture, colour eld lines are con ned to a narrow tube, analogous to a 1-d electric potential,
rather than spreading spherically. As the quarks begin to separate and their potential increases,
it becomes energetically favourable for the string to "snap" and produce a quark-antiquark pair
from the vacuum. This process repeats iteratively until all partons recombine into colourless
hadrons, and the resulting experimental signature is a collimated spray of particles.

Formally a jet is de ned with respect to a jet algorithm, in other words a mapping from the
(hadronic) nal state P to the jet pattern Q [61]

P="fp,:spag! Q="Fa; 5000 (4.3)

where the p, and G denote the momenta of thei" particle and | jet in the nal state. A
particle in this thesis refers to a particle- ow object as de ned in Section 4.2, unless stated oth-
erwise. Jet clustering algorithms are generally sub-divided intocone algorithms and sequential
recombination algorithms. Cone algorithms exploit the fact that jets appear as ows of energy
in conical shapes to de ne angular regions in y and within which particles are clustered
into jets. However, cone algorithms are generally not infrared and collinear (IRC) safe, and have
thus largely been superseded by sequential algorithms.

Sequential clustering algorithms, which can be designed to be IRC safe, use less obvious
measures often related to the momentum of particle pairs to group particles into pseudo-particles
until some minimal distance between pseudo-particles is obtained. The resulting set of pseudo-
particles de ne the jets. The anti-kt algorithm [62] is de ned as

1. De ne the clustering set C as the set of all particles in an event

2. Begin by de ning the distances between all pairs of (pseudo-)particles
fdjji;j 2 Candi 6 jg, and (pseudo-)particles and the beam
fdgji 2 Cg
2
" dj = min (k% ky 2 &
" dig = kti2
3. Find min(fd;ji;j 2 Candi 6 jg, fdgji 2 Cg)
T if min(:) 2fdjji;j 2 Candi 6 jg, combine (pseudo-)particles i and j into new
pseudo-particle, and remove (pseudo-)particles i and j fronC
“ifmin(::) 2 fdgji 2 Cg, de ne (pseudo-)particle i as a jet and remove (pseudo-

)particle i from the C

4. Repeat from 2. until there are no (pseudo)particles left

where the distance measure § = (yi y;)>+( i j)*isdenedasthe(y ) separation
between (pseudo)particles and j. The anti-kt algorithm is known to result is roughly conical-
shaped jets, as depicted on Figure 4.2 where it is shown alongside a number of other clustering
algorithms, whose size is de ned by the parametelR.

Although the anti- ky algorithm is widely adopted at the LHC, it is not very well suited for
e" e collisions where spherical coordinates provide better measures of angular distance. The
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Figure 4.2: Jets clustered from partons with the ki, Cambridge/Aachen, SISCone, and antik;
algorithms. Soft ghosts are used to indicate catchment areas. Figure taken from Ref. [62].

generalised &€e kr algorithm [63] replaces the distanceslj and dig by

- - mi 2p. =2py (1 cos( j ))

* dg = EP

where j is the angle between particlesi and j, and p;R are parameters of the algorithm.
In processes where a certain number of jets is expected, such as the! qg decays studied
in Chapter 6, the clustering recipe can be modied to stop once a certain number of jets is
reached. This is the case for the Be kr, or Durham, algorithm [64], which only includes a
single distance metricdj

" dj =2 min(EPE®)@  cog )

and was adopted for the results presented in Part Il of this thesis.

While the jet clustering algorithm de nes the mapping presented in Equation 4.3, jets are
often treated as proxies to the nal state partons originating from the hard scattering. Consider-
ing the notion of jets as collimated sprays of particles resulting from the hadronisation of a given
parton, the jet avour can loosely be de ned as the avour of the initiating parton. The notion
is ill-de ned since a jet is not guaranteed to exclusively include the particles resulting from the
hadronisation of a single parton, or indeed only particles from the hard scattering. This may
at rst seem salvageable by noting that the ambiguity arises from imperfect knowledge of the
event, and that if each hadron were perfectly reconstructed and mapped back to its initiating
parton, then the avour de nition given above would hold. However, the de nition still depends
on the notion of a nal state parton, which is inherently energy scale dependent, as gluon emis-
sions alter the nal state structure. Even the notion of a parton is only well-de ned at tree
level, beyond which the concept becomes increasingly ambiguous. Thus it becomes necessary
to approach the problem of jet avour in the same way as the problem of jet clustering was
approached above: with a precise recipe.
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The physics de nition? derives its name from the intuitive picture above, and matches the
avour of the jet to the avour of the parton from which it was initiated. The ambiguities
discussed above are dealt with by constraining this de nition to the leading order contribution
to a scattering process. The physics de nition was adopted for the studies presented in Part
Il of this thesis, where the Z ! qgq and Z (! JH(' qqg) events allow the assignment of jet
avour without reference to a particular jet. Generalising the de nition to more non-trivial
decay topologies is done by matching the parton lying withinR < 0:3 of the given jet's axis
in ( ) space. Jets for which this not is unambiguously possible are left unde ned. While
generally superseded by the ghost matching de nition presented below at CMS, the physics
de nition is well-motivated at lepton colliders, where the parton to jet matching is considerably
more straightforward.

The ghost-matching de nition [66] revolves around the inclusion of hadrons containingb or
¢ quarks, herein referred to asb and ¢ hadrons, during a separate reclustering of the jets. In
particular the process begins with the rescaling of the momenta foib and ¢ hadrons that do
not have b and c hadrons as daughter particles, as well as partons from the end of the parton
showering, by a small constant =10 '8, turning them into "ghost". Jets are then reclustered
with the inclusion of ghosts, which do not a ect the jet kinematics. Flavour is then assigned
according to the presence of a ghosb or ¢ hadron, with precedence given tob hadrons, such
that jets containing both are consideredb-jets. Jet avour for jets containing neither a b nor c
hadron is further subdivided with reference to the clustered partons. If the jet contains ab or ¢
parton then it is assigned the respective avour in analogy to above. For jets containing neither,
the hardest light quark or gluon de nes the jet avour.

Having surveyed how a jet is constructed and its avour de ned, the following part of this
thesis explores how to map the spray of particles back to its assigned jet avour. Chapter 5
begins by introducing a powerful tool that has emerged over the past few decades: Machine
Learning. Given the extensive availability of labelled datasets in the form of Monte Carlo simu-
lation, machine learning has emerged as thee facto avenue to exploiting the subtle correlations
characteristic of hadronisation.

2The jet avour de nitions presented here stem from conventions of the CMS experiment [65].

31






Part Il

Jet Flavour Tagging at the FCC-ee

33






5 Machine Learning

Machine learning (ML) broadly describes the emergence of algorithms from speci ed boundary
conditions and learning rules, rather than being explicitly programmed. The concept revolves
around the iterative improvement of algorithms as they acquire more experience, often with
minimal human intervention, standing in analogy to Darwinian evolution. Ref. [67] provides a
de nition for ML as

"A computer program is said to learn from experienceE with respect to a class of tasks
T and performanceP, if its performance at tasks in T, as measured byP, improves with
experiencek."

where the taskT in Ref. [67] is playing checkers, while the performanc® is the probability of
winning a game, and the experiencée is the amount of games played.

Machine learning techniques are largely subdivided along th& / E/ P into three categories:
supervised learning, unsupervised learning, and reinforcement learning. Isupervised learning
the task revolves around learning a mapping from a set of inputg %g to a set of outputs f ¥g. In
the case where the outputsf yg are classes, the task is referred to as classi cation, while in the
case where the outputs are real-valued, the task is referred to as regression. The experience takes
the form of labelled inputs, turning the problem into a minimisation problem according to some
metric de ned on the labels of the given inputs, and the prediction of the algorithm. These are
referred to asloss-functions and are detailed in Section 5.2. Inunsupervised learningno such
labels exist, and the task is more abstractly to learn latent structure in the input data. Classic
examples of unsupervised learning include clustering, dimensionality reduction, and anomaly
detection. One of the primary challenges in unsupervised learning lies in de ning a meaningful
measure of performance, which is often task-dependent. For clustering, for instance, this could
be the silhouette score, which revolves around the distance of each data point to its assigned
cluster compared to other clusters. Inreinforcement learning the task revolves around decision-
making in some environment. Examples include decisions in a game, robotics, and self-driving
cars. While often considered one of the most promising areas of machine learning, reinforcement
learning also presents unique challenges due to the need for exploration and delayed reward
signals. The experience is not neatly available in the form of data, but rather is acquired
through interaction with its environment. The performance is then de ned according to a
reward function that re ects the desired outcome following the actions taken. The goal is to
maximise the cumulative reward through interaction with the environment.

All three types of machine learning have been gainfully applied in high-energy physics, with
early applications dating as far back as the 1980s. Supervised learning has been applied to
classi cation tasks including particle identi cation [68] and jet tagging [69]. More generally,
supervised learning has been employed in the classi cation of events, including BSM particles
[70]. Regression-based calibration tasks involve the use of machine learning models to predict
the values of true physical observables based on reconstructed detector data. These include
jet energy calibration [71] and detector response calibration [72]. Two tasks that have greatly
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bene tted from unsupervised learning are anomaly detection [73] and generative modelling [74],
where explicit labelling is either not possible or impractical. The identi cation of signals de-
viating from the Standard Model background relies on the model's ability to detect statistical
anomalies without prior knowledge of the signal's characteristics. In generative modelling, the
underlying distribution of the physics data is learned, allowing for fast sampling of distributions
that are numerically challenging. This manifests as learned simulations that are substantially
faster than their traditional MC counterparts. Reinforcement learning is arguably the least
explored of the three within the eld of HEP, not least due to the computational challenges it
entails. A promising application is beam control at collider experiments, where precise tuning
of parameters is required in order to ensure optimal beam parameters, including luminosity and
stability. Recent attempts [75] at autonomous control of a particle accelerator have demonstrated
a better-than-human performance in beam quality in high- delity simulation.

Given that the work in this thesis revolves around the application of a transformer architecture
to the classi cation of jets at the FCC-ee, focus will be given to modern deep learning techniques
applied to supervised learning. In particular, this chapter provides the necessary foundations
to understand the results presented in Chapter 6, and the architecture oDeepJetTransformer
[2] detailed in Section 6.3. The chapter begins by delving into the foundational block of deep
learning: the fully-connected neural network. Techniques for training of neural networks are
presented, along with challenges often encountered. Subsequently, more sophisticated architec-
tures are presented, with special emphasis on those appearing in DeepJetTransformer. Finally,
the core building block of DeepJetTransformer is presented: the Self-Attention Mechanism. The
chapter concludes with a brief overview of machine learning in jet avour tagging at the LHC.

5.1 Neural Networks

A natural starting point for any discussion on machine learning is the introduction of the percep-
tron [76] by Frank Rosenblatt. The idea was to mimick the functioning of a neuron by connecting
information encoded in a set of featured %g, in order to produce a single outputy = 1, cor-
responding to whether or not the neuron had red. The remarkably simple algorithm consisted
of a linear combination of the input features

y = sign(wg + WiX1 + i+ WpXp) (5.1

where the w; are the trainable weights of the algorithm. The update rule of the perceptron
revolves around adding the input vector of any incorrect predictiony; to the weight vector as

w! w+yd % (5.2)

where y? corresponds to the correct prediction for input vector x;. It was proven that the per-
ceptron converges for a nite number of passes [77]. Nevertheless, the perceptron is constrained
to linearly separable problems. Extending the perceptron to non-linear problems requires in-
troducing non-linearities into the algorithm. The rst approach revolves around extending the
basis of the input vectors with non-linear feature transformations. This involves introducing

a mapping to a higher-dimensional space, where the data does become linearly separable. A
conceptually simple yet powerful approach is extending the basis to include polynomial terms,
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which for a simple 2-d vector becomes
(X1;X2) | (X1} X2, X35 X35 X1X2; :22) (5.3)

It quickly becomes clear that while a polynomial basis expansion is much more expressive than a
linear model, it su ers from an exponential increase in basis dimension if the data lies in a high-
dimensional space. This is commonly referred to as theurse of dimensionality. Kernel methods
provide a way to address this challenge by implicitly mapping data to high-dimensional spaces
using kernel functions, avoiding explicit feature computation. Nevertheless, kernel methods still
su er from computational complexity, as large datasets require computing theN N kernel
matrix, which can become prohibitively expensive.

An alternative approach to increasing the expressiveness of the perceptron revolves around
noting that multiple perceptron outputs can be concatenated into an output vector ¥y, where

each of the elements of the output vector is referred to as a neuron:
X X
Xo;unxn) b (0 woixg; Wi Xi) = (Yo, i Ym) (5.4)
| |
where the w;; are the weights connecting inputj to output i. Clearly, the operation could be
repeated on the output vector ¥, but this would not make the model more expressive, since
a linear combination of linear combinations is itself a linear combination of the input vector.
Non-linearity is introduced to the model by subjecting the output neurons of each linear layer
given in Equation 5.4 to a non-linear function f , denoted the activation function. Including this

intermediate step in the computation of ¥ gives
X X
Xo;unxn) ! (FC woixi + bo);nf( WmiXi + b)) =( Yo Ym) (5.5)
i i
where bias termsh are included to shift the activation function. The above operation, consisting
of a linear combination followed by a non-linear activation function applied element-wise, is
referred to as a fully-connected layer.

Figure 5.1: Simpli ed schematic of a 4-layer MLP. Edges denote weighted addition. Activation
functions are not explicitly depicted. Throughout this section n =100, i = j =512, m =10 are
assumed.

One of the most common examples of an activation function is the recti ed linear unit (ReLU),
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de ned as
8

<x ifx 0
f(x)= | (5.6)
-0 ifx<O
Another widely used activation function is the softmax function, which is de ned over a vector
of inputs v = fvp; :::;vng| as
e¥i
(= Py (5.7)
and is often used to map the output vector of a neural network to a vector of numbers in
the interval (0;1), which sum to 1, allowing the interpretation of the vector as a probability
distribution. The RelLU activation function is typically favoured for hidden layers, due to its
relative simplicity and piecewise constant derivative, while the softmax function often appears
at the very end of the network, particularly during inference.
The seemingly trivial adjustment of introducing an activation function has profound impli-
cations, by stacking such layers a Multi-Layer Perceptron (MLP) is obtained:

x! hi(3®) ! hohi(%)! hpihy(%)! ¥y (5.8)

where %, ¥ are the input and output vectors respectively, andh; is a fully-connected layer given
by Equation 5.5. The Multi-Layer Perceptron was proven to approximate any "well-behaved"
function arbitrarily [78]. The MLP laid the foundations of Deep Neural Networks (DNNSs),
with early theoretical results showing their universal approximation capability, albeit limited by
training and hardware bottlenecks.
Nevertheless, DNNs are notoriously compute-heavy. It suces to consider the number of
multiplications in a forward pass for a 4-layer network presented in Figure 5.1:
Niygers
Nmuit: = Ni Nj 1=100 512+512+512 10 = 318464 (5.9)
i=1
where N; is the number of neurons in thei®" layer with N being equal to the input dimension.
Even a comparatively simple MLP presents a formidable challenge for the Von Neumann CPU
architecture, which requires inputs to be processed sequentially at a high clock frequency, making
such a large number of multiplications, and their associated memory lookups, quickly intractable.
It was not until the advent of heterogeneous computing, and the Graphics Processing Unit
(GPU), that interest in DNNs resurged.

GPU Paradigm
Indeed, Equation 5.5 can be rewritten as a matrix multiplication by de ning the input vector
asx = (Xo; i Xn)T
x! W x+Db! f(W x+b! ¥y (5.10)

where the W is the weight matrix whose elementswj are given as in Equation 5.5, =
(bp; 22 bm) T is the bias vector,y = (yo;:::;ym)T is the output vector, and f is the activation func-
tion. Not only is the matrix form of Equation 5.5 considerably more concise, but it highlights
that the bulk of the computation in a neural network consists of matrix multiplications. As
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ubiquitous as matrix multiplications are, one eld of computing that saw a particular need for
their optimisation was computer graphics. In computer graphics, operations such as rotations,
scaling, and projecting 3d objects onto 2d space, are implemented as repeated matrix multipli-
cations. The acceleration of these tasks hinged on the development of GPUs, which unlike their
CPU counterparts feature a lower per-thread performance, but typically include thousands of
threads. The slowdown in the rate of improvement of the single-thread performance of CPUs
in the early 2000s, depicted on Figure 5.2a, motivated the adoption of parallel architectures.
The high number of threads that GPUs feature is uniquely suited for parallelisable tasks, in-
cluding matrix multiplication, where concurrent execution can e ectively hide the latency of the
computation.

Thus the wider adoption of DNNs can be regarded as having been hardware-gated [79], with
the emergence of programmable consumer-grade GPUs in the 2000s e ectively enabling their
training, for the rst time. While shallow neural networks could be trained on CPUs, the
introduction of GPU-based training in the mid-2000's [80, 81], and the demonstration of its
performance on large-scale tasks [82], marked the beginning of modern deep learning.

Figure 5.2: Overview of transistor count, single-thread performancé, clock frequency, power
use, and core count of agship CPUs from major vendors since the 70s. Figure adapted from
Ref. [83] (a). Number of articles with keywords "Neural Network" or "Machine Learning" by
year in INSPIRE-HEP since 1995 (b).

Figure 5.2b depicts the number of INSPIRE-HEP articles containing the keywords "Neural
Network" or "Machine Learning". While GPU-training of neural networks had already begun
in the mid-2000's, it was not until the advent of deep learning libraries such as Tensor ow [84]
and PyTorch [85] around 2015, that deep learning became widespread in HEP. These libraries
abstracted the often cumbersome and error-prone process that is writing GPU kernel functions,
even compared to earlier frameworks that were primitive and lacked robust GPU support.

5.2 Learning as Optimisation

The goal of training a neural network is the minimisation of the loss-function particular to the
given task with respect to the network parameters. In the case of classi cation, a commonly

!Based on SPEC CPU benchmark data. Seehttps://www.spec.org/cpu/
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used loss function is the categorical cross-entropy given by

e

L(ty)= tilog(yi) (5.11)
[
wheret refers to the truth vector, de ning the class to which a given input belongs, andy is the
vector of predictions given by the neural network.
Denoting the weights of a single output neuron for a single-layer neural network asv gives

w =argmin L (w) (5.12)
W

wherew are the optimal weights. For a given weightw; = ( w); we wish to nd the roots of the

rst derivative, which we can do by performing a Taylor expansion about some initial estimate

wo:

@Uw?) 1 @L(wd)

@lwi) _ @ 0 N w02
ow _ Ow L(wi) + ow wewd (Wi wp)+ 2 @w - (Wi wy) |+
@ 0. @) oy, 1 ELwY) N
Qw L(wi) + aw wewd (Wi wp)+ 5 @\& e wd (Wi wyp)
_ @uw) N @L(w) Wi WP

@w wi=w? @\& wi=w?
(5.13)

Setting the LHS equal to 0, gives

| LYw)

W = w; )

(5.14)

which is the well-known Newton's method for optimisation, typically expressed as an update-rule
Ofyyn

with win+1 = w E)T({% As a second order method, the algorithm converges quadratically,

with the L%term giving the direction and magnitude of the function's growth, while the L%term

accounts for the local curvature. Generalising the method to higher dimensions, we obtain
Whei = Wh T 2L(Wn) 1 L(th) (5.15)

wherer 2L (w,) is the Hessian matrix at wy,, and the subscripts no longer denote the component
of the vector, but the step in the iteration. However, Equation 5:15 reveals two aspects of
Newton's method that have prevented widespread adoption when training neural networks:
computational complexity and numerical instability. In particular, the Hessian is a N N
matrix of the mixed partial derivatives that must be inverted, which can be computationally
expensive for large numbers of weights. Moreover, if the Hessian is singular or ill-conditioned
then the update of w,+1 can either not be performed, or leads to numerical instability by
distorting the update vector.

This can be addressed by simply replacing the Hessian with a constant 1, such that the
update rule becomes:

Whil = Wh r L(wh) (5.16)

and is denoted as thegradient descent Although gradient descent converges only linearly as it
is a rst-order method, it circumvents the computational challenges that the Hessian introduces.
Gradient descent became the de facto foundation for neural network training algorithms following
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its successful application in 1986 by Rumelhart, Hinton, and Williams [86].

Computing the gradient of the loss over all examples in the dataset before updating the
weights, known asbatch gradient descent, is computationally expensive for large datasets. In
stochastic gradient descent the gradient of the loss is computed for individual training examples
before updating the weights according to Equation 5.16. While the advantage is immediately ob-
vious: reduced computation, this also entails a noisier training which may not converge smoothly.
Thus mini-batch gradient descent o ers a compromise, where the derivative of the loss is com-
puted over a small sample of size before updating the weights. Typical values for the batch size
n are 32, 64; 128, :::, balancing a quick computation of the gradients with reduced noise resulting
from the averaging.

Modern Optimisers

Despite o ering a simple recipe for weight optimisation, gradient descent often struggles in
regions of high curvature, leading to slow convergence or oscillatory behaviour. Momentum
methods were introduced to account for the value of previous gradients:

Vp = vh 1+ (1 ) r L(w,) (5.17)

where v; is denoted as the velocity, which can be interpreted as a smoothed gradient, and
2 [0;1) is a parameter controlling the extent of the smoothing. The update rule then takes
the form

Wn+l = Wn Vn (518)

Extensions include the Adam optimiser [87], which in addition to the velocity term that exponen-
tially averages the gradient, includes an uncentered variance term that exponentially averages
the square of the gradient. Adopting a convention where the velocity is denoted byn, and the
variance by v, the two terms are given by

Mp= 1 My 1+(1 1) rL(W) (5.19)

Vo= 2 Va1t (1 2) (r L(wn))? (5.20)

where the square in the computation ofv,, applies component-wise, and the 1.2 2 [0;1) pa-
rameters control the degree of the exponential averaging for the velocityn, and variance vj,
respectively. Since the velocity and variance are initialised at 0, this can lead to excessively
small updates at early training steps. The terms are bias-corrected by scaling them as

o Ma o Ve

L (" "1 (2n

where it can be seen that the( 1)" and ( »)" terms scale up the velocity and variance early into
the training, but vanish at high training epochs. The term ¥, is then used to scale the velocity
in Equation 5.18, accounting for directions in which the gradients have consistently been large
and taking smaller steps, leading to the Adam optimiser update rule:

h
Wn+l = Wn piin (521)
Un +

Mn =

where the is a small term added for numerical stability. The Adam optimiser tends to struggle
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with over-aggressive weight updates early in the training process, before the bias-corrected
velocity and variance terms stabilise. The rectied Adam optimiser (RAdam) [88] addresses
this by introducing a term , that serves to estimate to the reliability of the variance v,, and
reducing the Adam optimiser update rule to a simple momentum update rule early into training.

In particular, the update rule is given by Equation 5.18 if , < 5, as the adaptive learning rate
component is considered unreliable below this threshold. The, term is de ned as

2n(2)”. _ 2
1 (2 Y1

n= 1 1

For , > 4 arecti cation term rp is introduced, which is de ned as
s

(n 4(n 2)1
(l 4)(1 2)n

The recti cation term is included in the Adam optimiser update rule to suppress updates early
into the training, and tends towards 1 asn!1

M =

(5.22)

rh
Wn+1 = Wn rn piin (523)
Un +

Having detailed some sophisticated update rules for the weights, attention can be shifted to how
to train the full neural network.

Back-propagation

Until now we have constrained our discussion only to the optimisation of the weights in a
single layer of a neural network. While instructive, this is clearly not the full story, and it is
evident that the weights appearing in the nal layer of a neural network cannot be optimised
without considering those before it, complicating the problem. Rumelhart, Hinton, and Williams
o ered the solution in their landmark 1986 paper [86]. Their landmark paper introduced the
concept of back-propagation, whereby the weights of the nal fully-connected layer are related
to weights of earlier layers by the chain rule. Letx" denote the output neurons of layern, then
for the last layer we have

X
@L_X @L @y _ @L @y (5.2

@) |, @y @f @y @§
wherey; denotes thej ™ neuron of the output layer and W denotes the weight connecting it to
x{'. Considering the partial derivative of the loss-function Wlth respect to a weightwf, * of the
previous layer gives

@. _@L @r _X @L @y @X
@' @ @f' |, @y @f @y’

This procedure generalises naturally to earlier layers, where the partial derivative of each weight
Wk| can be computed by evaluatlng @'- recursively. In this way, the gradients are propagated

backward through the network, aIIowmg the computation of the updated weights at each layer

according to Equation 5.16.

(5.25)

Training and Performance
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The introduction of gradient descent provided a practical algorithm for training the largely
theoretical constructs that neural networks had been, while the emergence of parallel hardware
made it technically feasible. This led to an explosion in the complexity of models, and with it
exacerbated a problem familiar to curve tting: overtting . The ultimate goal in classi cation
supervised learning, in the words of the performance? introduced earlier in this Chapter, is
the correct prediction of an arbitrary element of a given class according to its label. While
minimising the loss-function according to the training dataset improves the performance of
the algorithm as distinguishing features are learned, this does not continue inde nitely, and
models often being extracting patterns that are particular to the given dataset, rather than
general properties of the labelled classes. Thus one of the most important cornerstones of
training a neural network is splitting the dataset into training, validation, and test sets, with
a typical split being 80:10:10. Thetraining set is the data set on which the loss-function is
minimised, comprising the vast majority of the computation as gradients are back-propagated.
The validation set is kept separate, and no weight-updates are performed with reference to it.
Rather, at the end of each training epoch after the training dataset has been traversed, the loss
is evaluated on the validation set. This is instrumental for identifying if the model has over t
the training set. Figure 5.3a depicts the loss computed on the training set and the validation
sets at the end of each epoch for a typical neural network. The training and validation losses
initially decrease very rapidly, before incrementally improving. After some epoch the training
and validation losses diverge as the model begins to over t the training dataset. Thus it is often
prudent to include a stopping condition for when the model's performance on the validation
set stops improving. Typically stopping conditions include early stopping, whereby training is
halted if the validation loss does not improve over a set number of epochs, or a maximum cap
is placed on the number of epochs, regardless of convergence. Tiest set is the nal set and
does not partake in the training of the model. Rather, it is set aside until the hyperparameters
and weights of the model have been xed, and only then is the model evaluated on it. In this
way, it is possible to obtain an unbiased estimate for the performance of the model on the task
T, and its ability to generalise what has been learned on the training dataset.

Figure 5.3: Schemati@ training and validation loss curves as a function of training epoch.
At high epochs the training loss continues to decrease, despite the validation loss stagnating,
indicating over tting (a). Typical ROC curve depicting the true positive rate on the x-axis
and the false positive rate on they-axis at varying classi er thresholds. A random classi er is
included as the dashed black line for reference (b).
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While the loss serves as the arbiter of the model performance during training, it is somewhat
abstract, and additional metrics are often included when considering the performance of the
model on the test set. In the case of classi cation, it is useful to describe the rate at which
elements of a class are identi ed correctly and incorrectly. Thetrue positive rate describes the
fraction of elements of a class that are correctly identi ed as belonging to that class, i.e.

N (yp= git=q)

TPR = (5.26)

N(yr=git=c) * N(yreit=c)
whereyP describes the class predicted by the network, and describes the true class the element
belongs to. The network prediction for classc can be obtained by considering thec™ component
of the output vector ¥y, appearing for instance in Equation 5.8, and setting a decision threshold

c-
8
Sc o ifye> ¢

. (5.27)
coc ifyg c

yP =
The true positive rate is used as a proxy for the probability of correctly identifying an element
of classc: P(yP = cjt = ¢). While it is clear that a high true positive rate is desirable, this
comes at the cost of incorrectly labelling elements of other classes as belonging to the class
The "cost" of incorrectly labelling elements of other classes is given by thdalse positive rate

N (yp= cjte c)

FPR = (5.28)

N(ypzcjte c) + N(ype cjté c)

The tradeo between the true positive rate and the false positive rate is given by computing a
receiver operating characteristic (ROC) curve, obtained by computing the true- and false positive
rates at a number of di erent decision thresholds , appearing in Equation 5.27. Figure 5.3b
depicts a ROC curve, where thex-axis is the true positive rate, and the y-axis is the false
positive rate. Although the more common convention ips the axes, with the true positive rate
appearing on they-axis, Figure 5.3b adopts an axis orientation often used in jet avour tagging.
Classi ers are considered to be more performant the closer the ROC curve is to the bottom-right
corner, suggesting a high true positive rate, and a low false negative rate. On the other hand,
a random classi er would appear along thex = y diagonal. This corresponds to guessing, with
the probability of an element assigned to a class truly belonging to that class being 50% in a
balanced binary dataset.

Though the above discussion has been deliberately general with respect to what constitutes
the background to classc, it can be subdivided into two evaluation strategies commonly referred
to as one-vs-rest and one-vs-all. In the one-vs-rest evaluation scheme the classs taken to be
the signal, while all non-c elements are treated as the background. This entails that the entire
dataset is used in the computation of the ROC curve, but also that the ROC curve will depend
on the distribution of the classes in the dataset. If for instance a class that is particularly di cult
to resolve with respect toc, then the measured performance of the classi er will be worse. On
the other hand, in the one-vs-one evaluation scheme, the classis considered only with respect
to one background class at a time. In other words, the expressionsy® 6 c, t 6 ¢ appearing in
Equations 5.26 and 5.28 are replaced byP = b, t = b. The one-vs-one evaluation strategy is
adopted throughout this thesis, and in particular in Section 6.5 presenting the jet avour tagging

2These curves are illustrative and do not correspond to an actual NN training.
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results. With the foundations of fully-connected neural networks, along with their training and
evaluation, established, the following Section introduces more sophisticated architectures that
have shown strong performance in jet avour discrimination. A key distinguishing feature of
these architectures is how jets are represented.

5.3 Beyond Fully Connected Networks

A primary consideration in the architecture of a neural network is the input representation.
While the MLPs introduced in Section 5.1 are powerful in their own right, they are not well
suited for geometric inputs, such as those arising in jet tagging. Though MLPs can be useful,
they typically require extensive pre-processing of the data. High-level features are constructed
which capture dependencies between jet constituents explicitly. For instance, in the case of quark
gluon discrimination features like the jet mass or the charge-weighted trackor are constructed
to capture the discrepancies expected from the di ering colour factors and charges of quarks
and gluons [89]. Many applications in machine learning, including HEP, arise from information
measured by detectors and sensors. This information often comes coupled with spatial informa-
tion, and is thus laid out in an irregular cluster of points in space, denoted apoint cloud. Each
point in a point cloud corresponds to a set of information. In the case of jet tagging each point
in the cloud might represent a particle, with its location corresponding to kinematic coordinates
(e.g9. px, Py, Pz), and additional features including the energy, charge, and particle type being
treated as attributes of the point. The point cloud representation aligns naturally with the
particle- ow reconstruction detailed in Chapter 4, where each candidate is treated as a point
by virtue of not only the tracking information, but also the precise location of the calorimeter
deposits with respect to the interaction point. While point clouds encode geometric information
well, they are not particularly easy to deal with from a neural network perspective due to their
irregular, unordered nature. A common approach, and the rst that will be discussed in this
section, is mapping the point cloud to a regular grid, and subsequently using aonvolutional
neural network (CNN) to extract local features. Figure 5.4a depicts this approach for jet tagging
by representing the jet as a set ofipj-weighted images binned with respect to distance in

from the jet axis. An alternative, and more direct, approach revolves around treating the point
cloud as an unordered graph and using graph neural network (GNN) to process the input, as
depicted in Figure 5.4b.

Convolutional Neural Networks

CNNs emerged as an attempt at reducing the computational complexity of neural networks
when applied to image recognition tasks [90]. Considering, for instance, 828 128 pixel image
with three channels for the RGB colours gives an input dimensionality of128 128 3 =
49152 Plugging this into the simple 4-layer MLP introduced in Section 5.1 gives a formidable
512 (49152 +1)+512 (512 + 1)+ 10 (512 + 1) = 25434122 weights. Larger pictures, and
more sophisticated models, would increase this number polynomially, again presenting a familiar
problem: the curse of dimensionality. Instead, the constraints of early hardware motivated the
exploitation of correlations between local pixels. Features appearing in images are often local.
A picture of a dog, for instance, will almost always contain two ears, but these will appear only
in small corners of the image, rather than extending across it. Thus, the network should sample
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Figure 5.4: Two-lgimensional distribution of K particles in strange jets frome*e !

Z! ggevents at' s=91 GeV. The image consists 029 29 pixels and is centered at the jet
axis. Pixel intensities are weighted by thejpj=jpjetj of the corresponding jet constituents (a).
Simpli ed schematic of a graph representation of a jet. Nodesx; represent jet constituents and
their feature vectors, while edgesy; encode di erences between the features of connected nodes.
Node ¥%; is connected only to its 4 nearest neighbours, highlighting some common limitations of
GNNs (b).

small neighbourhoods of the image when aiming to extract features. Moreover, although the
ears will be spatially separated, they anatomically share many similarities. A nal challenge is
that the dog would not always appear in the same position or orientation, and thus the network
should be able to extract features regardless of where they appear in the image.

Convolutional neural networks address these challenges by introducing kernels (also called -
ters) that slide across the input and extract features by computing the cross-correlation between
the input and the kernel, as depicted on Figure 5.5.

Figure 5.5: Simpli ed schematic of a single output y33 of a convolutional layer consisting of a
3 3 kernel. Stride directions are indicated by the white arrows.

The output for each kernel K that is used on ann nimagel isanm m imageS, where
padding can be used to setn = n. Formally, a 2-d convolutional layer is de ned by sliding the
kernel along the input image and computing the Hadamard product between the kernel and the
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local elements of the input image and summing the output as

Rin K Kw

Sij = lci+mj+n Kemn (5.29)

c=1 m=1 n=1
where Cj, denotes the number of channels of the input image, and ky , kw denote the height
and width of the kernel K, respectively. The sliding of the kernel is controlled by the so-called
stride, which describes for which elementd; the cross-correlation is computed. For instance
a stride sy = 2 along the height, and a stride sy = 2 along the width, would entail the
computation of the cross-correlation of every second element df; along both dimensions, such
that

i2f2kjk2N; 2k Npyg; j2f2jI2N;21 Nwg

Computing the cross-correlation between the input and the kernels addresses several of the
aforementioned challenges, since the kernels extract features of adjacent pixels, and are agnostic
to where features appear in the image, since the kernel does not change as it is slid across the im-
age. By introducing several, distinct kernels, whose outputs are passed to further convolutional
layers, a variety of low-level features can be extracted by early Iters which are combined into
more sophisticated objects in later layers. Convolutional neural networks have enabled highly
accurate image recognition, particularly following the introduction of GPU training [82, 91, 92].

In particle physics convolutional neural networks have been used to process detector images
including calorimeter deposits as energy omr-weighted distributions of particles [93].
Despite the advantages with respect to the reduced number of weights that CNNs o er, they
are not very well suited for sparse representations, where a large number of the pixels are equal
to 0, such as those appearing in detector or particle images. Not only do sparse images entail
computational ine ciency, but a main bottleneck in modern compute is the memory access
speed, and thus modern jet tagging algorithms adopt more straightforward representations of
jets, including the point cloud [94 96].

Recurrent Neural Networks

Recurrent neural networks (RNNs) rst emerged in the late 80's and early 90's [97, 98],
primarily in the context of natural language processing and time series modelling, as a way to
address input data with temporal or sequential structure. Traditional approaches like the MLPs
introduced in Section 5.1 assume independent inputs, and are thus not well suited for input
data with sequential structure like natural language. While it is in principle possible to simply
pass entire sequences to an MLP, this would entail using xed-length sequences and increased
complexity. While CNNs used kernels to exploit correlations between spatially adjacent inputs,
RNNs preserve memory of previous inputs by introducing recurrent connections as a way to
exploit correlations between temporally adjacent inputs. In this way weights are reused, and
the symmetry of the problem is exploited as a way to reduce compute. Simple RNNs, or ElIman
networks [97], resemble 2-layer MLPs, but introduce a connection to the values of the hidden
layer for the previous element of the input sequence. For the™ element of some sequence
%1, 111 %n, the output y; is computed as

fe=9g(U N 1+ W %) (5.30)
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yo=f(V ) (5.31)

where U, W, V are the weight matrices, andg, f are the activation functions. However,
simple RNNs often struggle in propagating forward information that is distant in the input
sequence. Moreover, the repeated multiplications that the hidden layers are subjected to in a
recursive pass during the gradient computation can lead to vanishing and exploding gradients
[99]. More sophisticated RNN architectures relying on gating mechanisms to control the ow
of information, such as Long Short-Term Memory (LSTM) [100] and Gated Recurrent Unit
(GRU) [101] networks, were introduced to address these challenges. RNNs have been used for
jet tagging by representing jet constituents as elements of a sequence sorted according to their
impact parameter or some other metric [102, 103], achieving considerably better performance
than their MLP predecessors.

Graph Neural Networks

Graph neural networks (GNNs) are a class of neural networks that operate directly on a
graph representation of the input data, consisting of nodes containing input feature vectorsx;
and edgess; that encode relationships between node pairs. GNNs function by aggregating
information of a node and its connected edges into an updated representation of the node in
some latent space. The node is iteratively updated to encode information not only of itself, but
also its relation to adjacent nodes, allowing for the extracted information to be processed by
later layers in the neural network, in analogy to the feature extraction performed by successive
convolutional layers in CNNs. GNNSs are naturally permutation invariant unlike RNNs, making
them an attractive candidate for tasks like jet avour tagging, where the constituents of a jet
do not display an inherent ordering.

GNNs have found a variety of applications in particle physics, including jet avour tagging
[94, 95, 104, 105], secondary vertex nding [105, 106], and particle reconstruction [107 109].
In the context of jet avour tagging, jets are represented as sets of nodes, corresponding to jet
constituents, and edges, corresponding to some pair-wise de ned feature, often the di erence in a
given variable between jet constituents. In order to lower complexity, nodes of a graph are often
only connected to a subset of its closest neighbours. Determining th& nearest neighbours,
and according to what metric, is a non-trivial operation that cannot be neatly included in
the backpropagtion given in Equation 5.25, as it is not di erentiable. Moreover, long-range
correlations between nodes that are distant in the graph may be neglected by considering only
a subset of its neighbouring nodes. These limitations motivated the use of architectures which
dynamically assigned weights to the connections between a node and all other nodes in a graph.
The attention mechanism introduced in the following section addresses these challenges, and its
adoption in jet avour tagging resulted in architectures that were not only more performant,
but also signi cantly faster to train [2, 110].

5.4 Transformers and the (Self-) Attention Mechanism

Attention rst emerged in the context of machine translation [111], as a way to address chal-
lenges of pure RNN encoder-decoder architectures. Encoder-decoders [112, 113] function by
transforming the input sequencef xq;::;; ¥, g into some latent representation €, which is then
translated into an output sequencef y;:::; ¥ng by a decoder. While e ective for short sequences,
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these architectures struggle for long inputs as the latent representatiore is often taken to be
the nal hidden state of the encoder, and thus may not represent early elements of the input
sequence well. Attention mechanisms were introduced as a way to dynamically assign weights
to all elements of a sequence, thereby focusing on di erent parts of the sequence when relevant.
In particular, rather than including only a single latent representation € of the input sequence, a
set of representationsf § g could be constructed by computing similarity scores between di erent
elements of the sequence as:

exp(scorefi? ;;1f))
ij =P

(5.32)

" | exp(scorefid ;;1if))

X
€ = ij Y (5.33)
j
where thescore()is some similarity score, j are the attention scoresi¢ ; is the decoder hidden
state of the previous output sequence element, anﬂije is the hidden state of thej" element of
the input sequence. More generally, attention mechanisms compute a scorg; between a query
vector § and a key K; vector, which determines the contribution of a value vector v to the
output. The key and the value vectors typically originate from the same set. The specic
similarity score that is used to relate the query and the key de nes the type of the attention
mechanism, with variants including additive attention [114], dot-product attention [115], and
its re nement, scaled dot-product attention [116]. Self-attention denotes the special case where
the key, query, and value all originate from the same set.
Transformers are a class of neural networks that make use of a self-attention mechanism [116].
At its core, the self-attention mechanism captures the relations of an element of a sequence
to all other elements of the same sequence. In this work, we will consider the self-attention
mechanism in the form it was introduced in [116]: the scaled dot-product attention. Given an
input sequencef x1; ::3; %,0, each element is projected into a query g = %W 9, key ki = W K,
and valuex = W V by the weight matrices W @, WK, W V. The scaled dot-product attention
is given as

P—
X exp@ K= d) o _ X

y— = — =
| ;i oaexp(e K= dy) J ,-

i Vi (5.34)

where j are attention weights, ¥ are the output vectors, and dy is the dimension ofg K. In

scaled by the attention weights jj, which re ect the importance of the j input to the ™
output vector via the softmaxed dot product of the query § and key ;.

One of the key motivations for Transformer NNs is that the computation of ¥ in equation
5.34 does not depend on any othe#ygi, i.e. there is no recursion. Moreover, equation 5.34 can
be rewritten in matrix form by de ning Q = (dj:zjeh)!, K = (Rlj::jkh)!, vV = (¥Wjizjvh)! . The
scaled dot-product attention Y = (y'lj:::j’y'ln)| is then given as

Y = softmax( %};—l)v (5.35)
k

3Throughout this section a row-vector convention is adopted, in accordance with standard treatments of
transformer models. This departs from the column-vector convention adopted for previous sections in this chapter.
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Complex dependencies between elements are not fully captured by a single attention weight.
Transformers employ multiple attention heads in parallel, by de ning a set of weight matrices
for the queriesfW ,Qg, keys fW IK g, and vaIuestIVg. The dimensionality of the query and
key vectors is typically set to the ratio of the input dimensionality and the number of heads,
dx = d=n,, such that each attention head operates in adx-dimensional subspace of the input.
The scaled dot-product attention is then computed for each setl of queries, keys, and values
according to Equation 5.35, resulting in a set of output scores wheréd; = Y|, 2 R" % whered,
denotes the dimension of the value vectors. The output of alh, attention heads is concatenated
along the feature dimension, resulting in a matrixH 2 R" ("n &) which is projected back into
R" 9 by a weight matrix W© 2 R dv) d:

h; = Attention( Q';K'; V!, H =(hyj:jhp,)

MultiHeadAttention( f . %,g) = H W© (5.36)

Multi-head attention (MHA) is the workhorse of Transformer models. Figure 5.6 depicts a
schematic representation of multi-head attention on an input setf %1; :::; %,0.

Figure 5.6: Simpli ed schematic of a 2-head MHA layer on input sequenceX = (x'lj:::ij)I .
The whijte  denotes matrix multiplication. Query, key, and value projections, as well as softmax
and 1= d scaling, are omitted for clarity. Blue matrices denote learnable parameters.

The fact that the computation of self-attention can be written as matrix multiplications,
according to Equation 5.35, highlights one of the key advantages of Transformers with respect
to previous architectures: parallelisability. In practice, this means that Transformers can often
be trained and perform inference considerably faster than competing architectures such as RNNs
or GNNs.

Given the fact that Transformers capture correlations between potentially distant neighbours
(in the case of jet tagging, these could be jet constituents) and also come with sizeable compu-
tational advantages, several applications already exist in HEP [2, 96, 110, 117].

In the context of FCC-ee feasibility studies, fast training is of utmost importance, as present
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NN architectures are being used to gauge the physics potential of di erent detector con gu-
rations, to each of which a NN will have to be optimised. The Z boson run will be the most
challenging computationally with roughly 4:8 10 visible decays [29]. Moreover, given th@0+
year timeline, until the FCC-ee would be in operation, it is certain that current ML approaches
will be superseded by more performant architectures.

5.5 Machine Learning in Jet Flavour Tagging

Machine learning techniques are uniquely suited to the task of discriminating jet avours, where
training samples are abundant in the form of MC simulation, but the underlying dynamics are
poorly understood. Jet avour tagging is often sub-divided into avour tagging, which aims to
identify b, ¢, s, and light quarks, and jet substructure tagging, which targets W, H, Z, t, and
gluons. A primary distinction is how the discriminating information manifests [93]. In the case
of (heavy) avour tagging, the long lifetime of B/D-mesons results in displaced vertices. By
contrast, gluon jets do not display such identi able structure, and much of the distinguishing
information is encoded in the distributions of the outgoing hadrons. This section provides a
brief overview of machine learning in avour tagging, mostly from an LHC perspective. The
interested reader is encouraged to consult the comprehensive review of jet avour tagging at the
LHC found in Ref. [69].

Clearly, there were many ML developments in jet tagging prior to the LHC, but the LHC-
era has coincided with the shift to the GPU paradigm, and thus modern machine learning.
Early applications of ML to jet tagging revolved primarily around simple MLPs trained on
hand-engineered features and date back to LEP [118 121].

The introduction of BDTs at the MiniBooNE experiment [122, 123] and at the DO experiment
[124, 125], shaped early ML architectures at the LHC, particularly during Run 2. The com-
putational advantages of BDTs were leveraged by providing algorithms with carefully curated
high-level variables that had been shown to be discriminating between jet avours, as those
presented in Section 6.2. BDTs often outperformed their simple MLP counterparts [126].

Initial jet tagging algorithms at the CMS and ATLAS experiments relied on likelihood ratios
constructed from high-level physics-motivated variables [127 129] Improvements were observed
with the inclusion of MLPs, such as from the Combined Secondary Vertex (CSV) algorithm [127]
to its successor, CSW2 [55, 130]. Simple MLP architectures were used to combine the outputs
of several individual tagging algorithms, both at CMS [55, 130] and at ATLAS [128, 131]. With
Run 2 of the LHC came the advent of BDTs in the form of cMVAv2 [55] at CMS and MV2
[132, 133] at ATLAS, leading to sizeable improvements in performance [69].

BDT-based architectures were eventually superseded by MLPs in jet tagging as the shift
to GPU-training allowed models to become deeper and include more input features. Dense
Neural Networks (DNNSs), that is to say fully-connected neural networks with several hidden
layers, have been used in the context of jet tagging using a variety of inputs. Ref. [134], for
instance, uses physics motivated high-level variables as inputs for quark gluon discrimination.
The DeepCSV algorithm [55, 135] incorporated similar features to its predecessor, but with an
increased number of tracks and model complexity leading to a performance increase. The DL1
algorithm [136, 137] similarly implemented a DNN, with many of the same features as MV2.

The emergence of CNNs occurred mostly in the realm of jet substructure tagging. Contrary
to the secondary vertex variables that proved discriminating for heavy avour jets, quark gluon
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tagging relies on variables that capture the spatial distribution and multiplicity of outgoing

partons, which hint at the colour factor of the initiating parton. Motivated by the success of
CNNs in computer vision, CNNs were applied to quark-gluon discrimination [138 140] and top
tagging [141].

RNNs allowed the processing of more complex dependencies between jet constituents. Deep-
Jet [102], in particular, is tailored to processing large input sequences, and allowed the processing
of considerably more information, including that of neutral jet constituents. DeepJet achieved
a 20% improvement with respect to DeepCSV in b tagging e ciency at a light-jet mistag rate
of 0.1% [69].

Graph representations of jets [94, 95, 104, 105] emerged as one of the most performant
representations. The ParticleNet [94] algorithm uses EdgeConvolutions [142] in order to extract
correlations between jet constituents, outperforming previous CNN architectures in quark-gluon
and top tagging [94], and RNN architectures in heavy avour tagging [69].

With the introduction of Transformers [2, 96, 110, 117], jet tagging algorithms addressed two
shortcomings of pure GNNs: computational e ciency and full connectivity among elements of
an input sequence. ParT [110] and GN2 [117] achieve similar, or improved, performance with
respect to their pure GNN counterparts [69]. Transformers have emerged as a considerably more
e cient architecture, with ParT displaying a reduced number of FLOPs, despite including vastly
more parameters [110].

Recent developments in jet avour tagging have been marked by a general trend to process
low-level inputs with ever more complex models. While the additional information, coupled with
the additional expressivity of the models, has resulted in demonstrable improvements in tagging
e ciencies, a concern has become ampli ed: the taskT does not perfectly align with the dis-
crimination of actual jets. Indeed, while jet tagging algorithms are primarily trained on labelled
simulations, the ultimate goal is to perform inference on detector data. Sophisticated models
are particularly susceptible to learning unphysical artifacts of the simulation as distinguishing
features. For instance, the classi cation of quark and gluon jets has been observed to perform
di erently with di erent generators such as Pythia and Herwig, with quark and gluon jets ap-
pearing more distinct in Pythia than in Herwig [138]. Moreover, classi cation performance is
also sensitive to the particular jet avour de nition that is adopted, including those introduced
in Section 4.3. Much emphasis is put on the Data/MC agreement and the computation of scale
factors in an e ort to quantify the errors carried over from simulation. Promising avenues to
better align the task T with the discrimination of true jets, rather than merely optimising a
pure data science classi cation problem on simulations, include adversarial [143, 144], as well as
weakly- and unsupervised [145 149] learning techniques. Ref. [93] expands on this discussion,
and highlights some further problems that emerge from the trade-o of performance against
systematic uncertainties and interpretability.
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6 Jet Flavour Tagging at the FCC-ee with a
Transformer-based Neural Network

The identi cation of jets is instrumental to the exploitation of the full potential of collider
experiments. The steady evolution of the machine learning techniques presented in the previous
chapter has led to ever increasing accuracy in the task of jet avour tagging. Nevertheless,
the relatively messy environment at hadron colliders has meant that jet avour tagging e orts
have focused primarily on heavierb- and c-jets, whose distinctive signatures allows them to be
disentangled from the formidable QCD background. The FCC-ee, and lepton colliders in general,
o er much cleaner environments in which the initial state kinematics are known, without the
additional complications of parton distribution functions or initial state QCD radiation. The
prospect of tagging strange jets at the FCC-ee would enable studies of processes suctZzas ss
production, rare Higgs decays tos-jets, CKM matrix elements via W decays, and BSM physics
scenarios such as FCNCs at tree level.

DeeplJetTransformer [1, 2], a multiclassi er neural network using a transformer-based ar-
chitecture, is coupled with secondary vertexing and K-short reconstruction at the FCC-ee to
discriminate strange quark initiated jets. This chapter begins by introducing the input fea-
tures and network architecture of DeepJetTransformer, followed by details of the training pro-
cedure. The classi cation results of DeepJetTransformer orZ | qqjets at” s=91:2 GeV and
Z(! JH(! qg) jets at p§ = 240 GeV are presented, with a focus on strange jet discrim-
ination. Subsequently, the importance of individual features to the classi cation performance
is evaluated. Finally, the chapter concludes with a case study demonstrating the isolation of
Z ! ss jets using DeepJetTransformer, before the main ndings are summarised.

The jet avour tagging results covered in this chapter have been published in Ref. [2].
Parts of the text have been reproduced from the original publication.

6.1 Jets

Jets were clustered fromZ ! qq events at P s =91:2 GeV and Z(! JH(! qg) events at
P s =240 GeV. The events were generated using Pythia 8.303 [150], including parton showering
and hadronisation, while the detector response was simulated using Delphes [151], assuming the
IDEA [152, 153] detector concept described in Section 3.5. Charged tracks were reconstructed
with e ciencies of 99.7%, 65%, and 4% in the high & 0.5 GeV), medium (0:5-0:3 GeV), and low
(< 0:3 GeV) momentum ranges, respectively. No fake tracks were included in the simulation.
The exclusivee™ e kt algorithm [64], implemented in FastJet 3.3.4 [63], was used for clus-
tering the particle ow style objects output by Delphes. While other algorithms, including the
anti-kt algorithm [62] and the generalisede* e kr [63], were explored, thee* e kr algorithm
was found to be the most suitable due to the simple event topology, and its robustness to gluon
emissions (i.e.Z ! qqg).
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Jet avour labels were de ned as the avour of the outgoing partons from the boson decay.
While this provides a natural and unambiguous de nition in the 2-parton decays studied (e.g.
Z ! qg), it does not generalise to multi-parton decays such atZH ! 4 jets, or allow the
sub-division into quark and antiquark jets. It is worth noting that this jet labelling approach
departs from the ghost-matching [66] technique commonly used at hadron colliders, where jet
avour is de ned by the reclustering of particles with partons from earlier stages in the Monte
Carlo history.

6.2 Input Features

The input to DeepJetTransformer consists of 5 distinct classes: jet-level variables, charged
jet constituent variables, neutral jet constituent variables, secondary vertex variables, and \P
variables. The rst of these, jet-level variables, are either kinematic variables derived from the
4-vector of the jet, or properties of the entire jet derived from its constituents. These include
variables such as the number of charged constituents or the various jet angularities constructed
from the momentum-weighted spatial distributions of the jet constituents. The full set of jet-level
variables used in DeepJetTransformer is listed in Table 6.1.

Table 6.1: Summary of per-jet global input variables to DeepJetTransformer.

Input Feature \ Description
ipi; E; m 3-momentum magnitude, energy, and invariant mass of the jet
; polar and azimuthal angle of the jet axis
Ncharged charged patrticle (track) multiplicity in the jet
Nneutral neutral particle multiplicity in the jet
jet angularity [154] as sum of normalized jet constituent energy &;)
= 2tz R and angular distance to jet axis R;) for ( =0, =0),
(=1, =0:5),( =1, =1),( =1, =2),( =0, =2)

Jet constituents themselves are split into charged particles and neutral particles, correspond-
ing to the sub-detectors that were used for their reconstruction in the particle ow-like algorithm
[155]. For both charged and neutral particles, a set of kinematic variables related angle and mo-
mentum with respect to the jet (axis) is de ned, as listed on Table 6.2. For each jet up to 25
charged jet constituents and 25 neutral jet constituents are considered. This is enforced by trun-
cating the input feature array of a given jet if the number of charged/neutral jet constituents
is more than 25. Conversely, if the number of charged/neutral jet constituents is less than 25,
then the input feature array is zero-padded.

Charged particles additionally include track-speci ¢ variables such as the signed transverse
and longitudinal impact parameters, which describe the distance of closest approach to the pri-
mary vertex for a given track. Figure 6.1a depicts the transverse impact parameter signi cance,
which serves as a distinguishing feature as tracks with a large transverse impact parameter
originate overwhelmingly from heavy jets. Finally, a set of ags identifying the particle type is
included for charged and neutral particles. Many of these ags are naturally output by particle
ow-like algorithms with high precision. Thus in this implementation, they are perfectly re-
constructed from the MC truth. This includes the "isMuon" and "isElectron" ags for charged
particles, as well as the "isPhoton" ag for neutral particles, which tellingly describe the type
of a given jet constituent. The "isKaon" ag identi es a particle as a charged Kaon (K ) and
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Table 6.2: Summary of jet constituent input features, divided into charged and neutral jet

constituents.
Input Feature

Description

Do(20)
Do= po(Z0= z,)
rel( rel)

signed transverse (longitudinal) impact parameter
signed transverse (longitudinal) impact parameter signi cance
polar (azimuthal) angle of track with respect to the jet axis

R angular distance of track and jet axis
C half-curvature of the track
Mch.; G track invariant mass and charge
JjE;Ch. ;In(jpjcn.); In Jngh- (normalised) magnitude of track momentum and logarithms
jet jet
E E : :
—N e In(Egn);In = (normalised) track energy and logarithms
Ejet Ejet
isKaon if the particle is identied as a K
isMuon if the patrticle is identi ed as a
isElectron if the particle is identi ed as an e
rel( rel) polar (azimuthal) angle of particle with respect to the jet axis
R angular distance of neutral particle and jet axis
J?:)?e“t' :In(jpineut.); I J?L?e”t' (normalised) magnitude of particle momentum and logarithms
jet jet
E E . . .
F:‘e”t' IN(Epeut ); I —neut (normalised) neutral particle energy and logarithms
jet jet
isPhoton if the patrticle is identi ed as a Photon

is thus central to the identi cation of strange jets. Figure 6.2a depicts the charged Kaon multi-
plicity of s-, u-, and d-jets, where it can be seen that Kaons are more prevalent in strange jets.
This e ect is ampli ed when particle momentum is accounted for, as discussed in Ref. [156].
The identi cation of charged Kaons relies on distinguishing Kaons from other charged hadrons,
primarily pions and protons. Cluster counting and time-of- ight have emerged as promising
particle identi cation techniques, with separations of > 3 achievable in the momentum range
of jpj < 30 GeV with the IDEA detector concept [59]. In this work the identi cation of charged

Kaons is emulated by sampling a uniform distribution with a K
and a background e ciency of

eciency of &, = 90%,

= 10%, with charged pions serving as the false positive

for the "isKaon" ag. This constitutes the baseline scenario of DeepJetTransformer, although
some additional scenarios are explored in Section 6.5.1. The deliberately conservative estimate
re ects PID studies at Belle, where an e ciency of X =87:99 0:12% with a fake rate of

sig

sig = 8:53  0:10% was achieved for particles below 4 GeV [157].

The nal two classes of features are SVs and ¥s, both of which originate from the vertexing
algorithm acting on charged patrticle tracks. The set of SV and \ features is listed on Table 6.3.
The V° and SV input feature arrays are likewise truncated/zero-padded, with an array length
of 4 being enforced. The distinguishing power of some of these variables is discussed below.

The reconstruction of SVs has long been the cornerstone of heavy jet identi cation, and
begins with the identi cation of tracks originating from the primary vertex. Figure 6.1b depicts
the number of secondary vertices reconstructed fob-, ¢c-, and light-jets, illustrating that jets
containing at least 1 secondary vertex originate almost exclusively from heavy jets. As the
primary goal of vertexing algorithms is the reconstruction of secondary vertices associated with
the decay ofb or ¢ quarks, neutral particles decaying to a pair of charged tracks, denoted s, are
often reconstructed, and subsequently discarded. This is done in order to prevent the erroneous
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Figure 6.1: Distributions of the transversed'mpact parameter signi cance (a) and the number
of secondary vertices (b) inZ ! qgjets at = s =91:2 GeV. The distributions are split by MC
avour, highlighting their discriminating power in heavy- avour tagging.

Figure 6.2: Distributions of the K multiplicity (a%) and track-pair invariant mass under the
Kg Pt mass hypothesis (b) inZ ! qqjets at = s=91:2 GeV.
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Table 6.3: Summary of input features characterising each reconstructed secondary vertex. Input
features are de ned analogously for \?s, with the addition of the PDG ID [158].

Input Feature | Description
ipi; m 3-momentum magnitude and invariant mass of the SV
Niracks track multiplicity of the SV
2: NpoF 2 and number of degrees of freedom of the SV
rel: rel polar and azimuthal angle of the SV with respect to the jet axis
p:p collinearity of SV with respect to PV
d3p; dyy 3D and transverse distance of the SV from the PV

association of these decaying neutrals with bottom or charmed hadrons. Subsequently, remaining
tracks undergo a tting procedure to reconstruct secondary vertices, known as vertexing. In
this work, an implementation of the vertexing module of the LCFIPlus framework [56, 159] in
FCCAnalyses [160] was used, using a2 vertex tter [161]. One of the key di erences in this
implementation with respect to other vertexing approaches is that rather than reconstructing
VOs only for the purpose of discarding their tracks, \Ps are saved as separate objects within
the jet. The nding of V s begins with the assumption of a mass hypothesis related to the &
decay under consideration. The decayK‘SJ Pt and 9! p were included in this study.
For instance, assuming a mass hypothesis of the® would entail assigning one of the tracks the
mass of a proton and the other the mass of a charged pion. Using the measured 3-momentum,
the invariant mass of the track pair is computed. Figure 6.2b depicts the invariant mass of track
pairs under the K 2 mass hypothesis. The pronounced peak at approximately the mass of thg 2
con rms the e cacy of the V © reconstruction algorithm. Track pairs are subsequently subjected
to a set of constraints, in order to determine whether or not they originate from a \° decay.
These revolve around how close the reconstructed invariant mass is to the true mass of the®V
particle under consideration, and whether or not the \P is displaced enough from the primary
vertex. Additionally, the track pair 3-momentum must be collinear with the vector linking the
primary vertex to the V 0. The exact constraints that were adopted can be found in Ref. [2].

6.3 Network Architecture

The architecture of DeepJetTransformer, depicted on Figure 6.3, can largely be split into three
sections: the convolutional layers that encode the input, the Heavy-Flavour (HF) transformer
blocks, and the fully connected layers at the end of the network. The input to DeepJetTrans-
former consists of 5 classes of variables detailed in Section 6.2. All variable classes barring
jet-level variables are passed through 1-d convolutional layers withl 1 Iters and stride 1.

In the context of convolutional layers, introduced in Section 5.3, thel 1 Iters act as linear
projections of each input constituent. By using the same lIters for the entire input set, weights
are shared for each of the constituents. This is desirable physically, as all constituents of a given
class (e.g. charged particles) should be subjected to the same embedding. Moreover, it is worth
noting that this is a suitable encoding for jet constituent variables, since the length of the input
(e.g. number of charged particle variables) is not constant. More speci cally, and focusing only
on charged particles (though valid for all other classes), denote by.,. the m-dimensional vector
of input features for a single charged particle in a jet. Then for a jet with charged multiplicity
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components oft; as
(t)k = (v w) (6.1)

where (tij) denotes the k" component of the encoded vectors;, f is the ReLU activation
function, and the vectors wy are weight vectors corresponding to the Iters of the convolution.
The number of lters | determines the dimension of each output vectord. Clearly, the 1-d

lters to obtain a further encoded set f+9;49;:::;43g. In DeepJetTransformer the rst 1-d
convolution encodes the inputfg of n charged particles with 19 features (e.g. constituentjpj)
into a set of n 64-dimensional vectorsf tg. These are then passed to a second 1-d convolution,
which in addition introduces skip-connections § that are added to Equation 6.1, such that
(#)k ! (&)k +(5)k. The skip connections are typically included in order to improve gradient
ow, but in the case of the second convolution are de ned by a separate 1-d convolution acting
on fdg, as in Equation 6.1, resulting in a set ofn 128dimensional vectorsf +°g. E ectively,
the set f4g is encoded into a set ofn 128dimensional vectorsf %y, by adding the output of
two separate 1-d convolutions. These are nally passed to a third 1-d convolution that encodes
f+% into a new set ofn 128-dimensional vectorsf +°4, again employing skip-connections, where
the components of the skip vector are now given by the input set itself:s = +°. The set f+°g
is concatenated with the sets resulting from the encoding of other variable classes:+02,. g,

f 4, (g, f 00,0, which are constructed in the same way. It is worth noting that while the 1-d
convolution may alter the dimension of the vectors in the set it acts upon, it does not alter the
length of the set. Each 128-dimensional vector t°corresponds to a single charged particle in
the jet. In particular, the 1-d convolution does not capture any contextual information of the
charged particle with respect to its neighbours. This instead happens in the next section of the
network: the HF transformer blocks.

Figure 6.3: Schematic overview of the DeepJetTransformer architecture, illustrating the pro-
cessing of input from left to right. Convolutional layers are greatly simpli ed, with details like
the skip-connections described in Section 6.3 omitted for clarity.
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In the rst step of the HF transformer blocks, the output of the convolutional layers above

128 lters, with a skip-connection again de ned as the input § = %;. Next, the encoded set
fx% is used to de ne a set of queriesQ, keys K, and valuesV, in order to compute the
scaled dot-product attention, as de ned in equation 5.35. This is repeatedn = 8 times for
di erent weight matrices WiQ, WiK, WiV, and concatenated before being projected back tan

128-dimensional vectorsf yya 0, as de ned in Equation 5.36. Subsequently, the output of the
Multi-head attention step is added to the input via a skip connection such that 3 = yMHA + x0,

before nally being passed to a pair of fully connected layers. The rst fully connected layer
projects f g to a set of 512-dimensional vectors % followed by a ReLU activation function,

whereas the second serves simply to linearly project the setyyy back to m 128-dimensional
vectors f ¥°§. Finally, a skip-connection is employed to de ne the output of the HF transformer

layer as¥°"t = ¥%% y. The output set f ¥, g Serves as input to another HF transformer block.
This is stacked 3 times in DeepJetTransformer, enabling the attention mechanism to act on
progressively more abstracted features.

The nal section of DeepJetTransformer are the fully connected layers, where higher level
features output by the HF transformer blocks are abstracted into class scores for each jet- avour.
In particular, the output of the HF transformer blocks f¥,u:g is passed through an attention
pooling layer. The pooling layer begins by computing a score for each element in the sequence
as a linear combination of all 128 features of each element, via a 1-d convolution with a single
Iter followed by a softmax activation function. This reduces Equation 6.1 to

= w) (6.2)

where ; are scalar scores for each element éfy,,:g that will be used for the pooling, w is the
Iter of the convolution, and f denotes the softmax function applied over alli. The elements of

f¥outg are then pooled into a single output vector
X
¥oool = f i yf’“t (6.3)

where f denotes a ReLU activation function applied element-wise. The vectory,oo is subse-
quently concatenated with the jet-level variables, before being passed to the fully connected
layers. There are four stacked fully connected layers consisting af40, 140, 140, and 6 nodes,
respectively, which were found to be performant hyperparameter choices. The rst three layers
are followed by a ReLU activation function, and a skip connection that adds the input of the
layer to the output. The nal layer simply projects the vector to a vector of dimension c, corre-
sponding to the number of jet avours. During inference, the raw network scores are normalised
by a softmax function, given in Equation 5.7. These normalised outputs, which are constrained
to lie between 0 and 1 and sum to 1 across all jet avours, are referred to as "softmaxed classi er
outputs" for brevity.

Throughout this discussion some details, including normalisation and dropout layers, have
been omitted for clarity. Batch normalisation is used throughout the network, particularly
following convolutional and linear layers, while layer normalisation is used in the HF Transformer
blocks to improve training stability. The full implementation, along with documentation for the
sample preparation, the training methodology described in the following section, and the relevant
code, is publicly available here: DeepJetFCE&

 https://github.com/Edler1/DeepJetFCCltree/master/docs
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6.4 Training Details

Training and inference of the DeepJetTransformer algorithm was performed in Pytorch (v1.10.1)
[85]. As detailed in Section 5.2, the training of a neural network entails the computation of
weights that minimise the loss function, which in this case was chosen to be the categorical
cross-entropyL (t; ), de ned in Equation 5.11. By punishing incorrect predictions of each node
separately, a multi-class classi er was trained for which each output node corresponds to a
distinct jet avour: b, c, s, u, d, (g). Weights were optimised by combining the recti ed Adam
optimiser [88], given in Equation 5.23, with the Lookahead optimiser [162]. The Lookahead
optimiser introduces a set of "slow" weights alongside a set of "fast” weights computed by the
RAdam optimiser. After k updates of the fast weights, the slow weights are updated by moving
a fraction  towards the fast weights, improving training stability, particularly for aggressive
weight updates. During training, the number of updates was set tok = 6, while the fraction
was set to = 0:5. An initial learning rate  of 5 10 2 and decay rates 1, » of 0.95, 0.999
were chosen for the RAdam optimiser.

The training dataset is comprised of roughly 1 million jets fromZ ! qqg events atp s=91:2
GeV, split roughly evenly among the di erent jet avours. The dataset was divided 80/20% into
training and validation datasets. Training was conducted for 70 epochs with the learning rate
being unchanged for the rst 49 epochs, but decaying exponentially thereafter. A relatively large
batch size of 4000 was used for training stability. Figure 6.4 depicts the training and validation
loss for each epoch during the training of the baseline version of the classi er. Upon inspection,
an epoch at which the training training and validation losses were similar was selected, before
the onset of over tting and subsequent divergence of the loss. With aboutl®® parameters and
e cient transformer blocks as the workhorse, training DeepJetTransformer takes about 2 hours
on an NVIDIA Tesla V100s GPU. Finally, the model's performance was evaluated on a separate
set of 1 million jets, with similar balancing of jet avours, to which it was not exposed during
training.

The tagger was trained separately onZ (! JH(! qg) events at ™ s = 240 GeV for the
H(! qq) results shown in Section 6.5. The focus of these studies was jet avour tagging at the
Z resonance, with the classi cation ofH ! g events serving primarily as a comparison to the
classi cation performance of other jet avour taggers for future colliders, like ParticleNetIDEA
[59, 163].

P

6.5 Classi cation Results

A binary classi er was constructed for each jet avour q u;d;s;c;b;(g) with a signal avour
(i) and a background avour (j):

Si
; 6.4
S+ S (6.4)

Sj =
where S; are the softmaxed classi er outputs, shown in Figure 6.5 for the ve quark avours.
ROC curves were computed for eacl$ combination and are depicted in Figure 6.6 for theZ
resonance and theZH training. Predictably, the strongest discrimination is between b-jets and
s-, U-, d- jets and is roughly equivalent for all three background jets. The dominant background
is from c-jets, originating from the similarity of b- and c-jets with a single reconstructed SV.

Discriminating c-jets from u-, d- and s-jets exhibits similar performances, with relatively worse
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Figure 6.4: Training and validation loss cuB/es as a function of epoch for the baseline Deep-
JetTranformer trainingon Z ! qqevents at’ s=91:2 GeV.

discrimination of the s-jet background. Figure 6.6b shows that as the e ciency increases from
the right to the left side of the plot, s-, u- and d-jets are discriminated worse thanb-jets in the
high-e ciency regime for c-jets until a turnover point at gig 80%, after which distinguishing

s-, U- and d-jets becomes considerably easier thab-jets. Such a turnover can also be found in
ParticleNetIDEA [59]. The sub-leading background comes froms-jets, clustered at low to mid
charm scores, as also evident in Figure 6.5b, primarily as no SVs can be reconstructed for a
signi cant number of c-jets, leaving few variables to distinguishc- and s-jets.

When s-jets are taken to be the signal, as shown in Figure 6.6c¢c- and ud-jets present
the most challenging backgrounds, withc-jets being easier to discriminate against at all signal
purities. The c-jet background comes from jets where a charm hadron decays to a strange
hadron, and only the VP can be reconstructed, or a strange hadron carries excess momentum.
Some discrimination against the dominant ud-jets background can be achieved at higher cuts
on the strange score, owing to theK =  separation and \P reconstruction. Finally, Figures
6.5d and 6.5e show almost overlapping distributions of classi er scores fan- and d-jets. Figure
6.6d validates that classi cation is most challenging foru- and d-jets. When u-jets are taken to
be the signal, it can be seen that DeepJetTransformer learns to discriminatel- vs d-jets with a

sig 15%ata pkg=10%, which is better than a random classi er, although not considerably.
The discrimination is likely related to a mapping to the initiating parton's charge, such as the
jet charge [164, 165], the e ect of which is diluted by the presence of antiquarks.

While considering the performance forH (! qg) jets, depicted as dashed lines in Figure 6.6,
no clear trend can be observed. Slight degradation in performance can be observed in the case
of btagging, compared toZ ! qq jets, particularly when c-jets are taken to be the background.
The discrimination of c-jets vs s-, u-, and d-jets is found to perform relatively the best with
respect to theZ ! qg jets when considering the percent-improvement in the ROC Area Under
the Curve metric.

Figure 6.6f shows that the best quark-gluon discrimination can be achieved against the
b quarks. This performance can be attributed to several discriminating variables, like jet-
constituent multiplicity, constituent momentum distribution, etc., but is dominated by the
presence or absence of reconstructed SVs. It is the most challenging to discriminate the
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u, and d quarks from gluons due to their similar jet composition.

Qualitative Comparison with Other Taggers

A fair quantitative comparison with other taggers developed for future colliders is not fea-
sible due to di ering event samples and input features. However, the jet tagging performance
trends are very similar to those of ParticleNetIDEA [59, 163]. The strange tagging e ciency
of ParticleNetIDEA against the u-, d-jets surpasses that of DeepJetTransformer, owing to PID
techniques like cluster counting and time-of- ight used by ParticleNetIDEA and the conserva-
tive PID estimates of DeepJetTransformer. A more detailed training dataset including such PID
variables is expected to improve the tagging e ciencies of DeepJetTransformer.

DeepJetTransformer outperforms ParticleNetIDEA in bottom-gluon discrimination, espe-
cially for e ciencies lower than 90% DeepJetTransformer also has a better discrimination
of b-jet background for all other signal quark jet avours. This e cient discrimination can be
attributed to the inclusion of SVs.

6.5.1 Dependence on Particle Identi cation

SeveralK classi cation scenarios were de ned by xing the e ciency of misidenti cation to

and varying the K identi cation e ciency. In addition, the limiting cases of Kaon identi cation
with 0% and 100%e ciencies were considered. These are referred to henceforth as the i¢ 1D
and the perfectK ID scenarios. The considered e ciencies and the misidenti cation rates are
the following:

Table 6.4: Set of K and particle identi cation points used to evaluate classi cation
performance.

K ID e ciency 0%

misID e ciency || 0%

20%
10%

40%
10%

60%
10%

80%
10%

90%
10%

95%
10%

100%
0%

The no K ID scenario is used as the reference in this section to assess the impact of adding
PID variables as input features for jet avour tagging. The largest performance gain with
the addition of K ID information is predictably in the classi cation of s vs ud jets, shown in
Figure 6.7. Relative to the reference noK ID scenario, with a sjg of 31:6% at a kg of 10%,
strange tagging e ciency improvements of 11:4%, 25:9%, and 329% are evident as theK ID
e ciency is increased to 60% 90% and 95% respectively. The perfectK ID scenario shows
the most sizeable performance gain insig of 82:9%. This large performance improvement over

the 95% K ID e ciency with the e ciency of misidenti cation to of 10% scenario suggests
that minimising this misidenti cation is crucial to tagging strange jets, given their high
multiplicity [156].

The performance gain for other forms of classi cation was marginal, with the exception of
c vs ud and u vs d discrimination. For c vs ud, a performance gain of1:8% from a sjg of 89:3%
to 90:9% at a kg of 10% is observed while comparing the noK ID and the perfect K ID
scenarios. In the case ofi vs d, a 125% performance gain from a sjg of 13:6% to 15:3% at a
bkg Of 10% is observed.

These results con rm the importance and necessity of particle identi cation techniques, es-
pecially for strange quark studies, as was also noted by some previous studies [59, 166, 167].
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(a) (b)

(©) (d)

(e)
Figure 6.5: The softmaxed classi er outputs (S;) of the bottom (a), charm (b), strange (c), up
(d), and down (e) output nodes of DeepJetTransformer forZ ! qq events at™ s = 91:2 GeV.
The distributions are sub-divided by MC avour.

63



(a) bottom tagging (b) charm tagging

(c) strange tagging (d) up tagging

(e) down tagging (f) gluon tagging
Figure 6.6: ROC curves for eachS;; combination, as de ned in Eq. 6.4, wherei is the signal
parton avour and j is the[doackground avour. The solid lines correspond to the classi cation of
jets at the Z resonance at s=91:2 GeprhiIe the dashed lines correspond to the classi cation
of jets from Z(! JH(! qg) events at
each process.

s = 240 GeV. The tagger was trained separately for
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As noted earlier, an excess of ¥, reconstructeng and ©, carrying the bulk of the jet
momenta is also a distinguishing feature of strange jets and these are expected to be more
signi cant in the scarcity of charged Kaons. The inclusion of \? variables, as Figure 6.7 shows,
results in an improvement of signal e ciency ranging from 14:3% in case of noK ID to 4:2%
in the case of perfectK ID at a background e ciency of 10% for s vs ud discrimination. The
percent improvement in signal e ciency for each of the K ID scenarios listed in Table 6.4 is
depicted separately in Figure 6.7b. This trend proves the importance of Vs to identify strange
jets with low K  multiplicities or substandard K = discrimination. The performance gain
in other forms of classi cation was again marginal.

6.6 Feature Importance

Aiming to estimate the relative importance of a given variable class (e.g. SV variables) in the
task of classifying jets, the classi er performance was evaluated using the Permutation Feature
Importance [168, 169] method. For a jeti, let the variable classes introduced in Section 6.2 be
denoted byf Jj; Ci; Ni; Si; Vig. Then for the given variable class under investigation, for instance
S, the variable class was shu ed amongst all jets in the test data set, such that the jeti becomes

fJ,CiiNi;Si;Vig!'f Ji;Ci; Ni; §j; Vig (6.5)

where the variable classS now corresponds to that of some randomly selected jgt. In this way,
the values for the variable class under investigation were randomly permuted across all jets in the
dataset, disrupting the relationship between the permuted variable class and jet classi cation.
This allows for an estimate of how much the performance of the classi er depends on the given
variable.

The resulting performance change was considered for discriminating betweelr vs c-, c-
vs s-, and s- vs ud- jets, compared to the baseline where no variable classes were permuted,
with respect to the change in signal e ciency. Charged jet constituent variables, listed in
Table 6.2, were found to be the most impactful variable class for all types of discrimination
at a background e ciency of g = 10%, as detailed in Table 6.5. This is presumably due to
more precise and discriminating information available for charged particles, arising from high-
resolution tracking and vertexing measurements. SV variables, listed in Table 6.3, primarily
bene ted c vs s discrimination, with s vs ud tagging particularly insensitive. Of the remaining
three variable classes, ¥ variables and neutral jet constituent variables were found to almost
exclusively impact the performance ofs vs ud discrimination, with little impact on both bvscand
c vs s discrimination, justifying the inclusion of V %s for identifying s-jets through conservation
of strangeness. Jet-level variables were found to be the least signi cant, marginally impacting
s vs ud discrimination, and having virtually no impact on heavy avour discrimination. While
jet-level variables, including jet angularities, re ect di erences in the initiating parton, it can
be expected that sophisticated architectures like DeepJetTransformer capture these di erences
intrinsically by constructing mappings involving other variable classes. Moving to the high purity
regime at a background e ciency of g = 0:1%, primarily the same trends were observed,
with the impact of any variable type being amplied. SV variables, in particular, became
hugely important to heavy avour tagging, reaching almost equal in impact to the charged jet
constituent variables, proving that the presence and properties of SVs are de nitive indicators
for identifying heavy avour jets.
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(@) ROC curves

(b) Percent change in signal e ciency

Figure 6.7: The dependence of strange jet tagging performance on the inclusion of% and
5harged Kaon identi cation scenarios. ROC curves fors vs ud tagging at the Z resonance at

S =91:2 GeV (a). Solid lines represent results with the inclusion of \?s, while dashed lines
show the results without them. Percent change in signal e ciency ( sig) with the inclusion of
Vs for s vs ud tagging for each of theK D scenarios listed in Table 6.4 (b). The axes are
swapped with respect to Figure 6.7a to present the percent change in signal e ciency §ig) as
a function of 12 xed background e ciencies ( pig).
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Table 6.5: Performance decrease in signal e ciency (sig) after permutation of variable classes
de ned in Section 6.2 for xed background e ciencies ( pkg) of 10% and 0.1%.

Variable Class | Jet-level Charged Neutral SV \

bvsc 2:4% 624% 22%  139% Q1%
bkg = 10% CVSS 1:2% 657% 29% 296% 02%
svsud | 7:6% 594%  218% 50% 164%
bvsc 6:6% 97.0% 80% 899% Q6%
bkg =0:1% cvss 9:3% 961% 110% 779% 02%
svsud | 359% 910%  573% 74% 438%

The above studies were repeated to estimate the relative importance of individual variables
(e.g. mSY), where rather than shuing an entire variable class amongst jets, one individual
variable was shu ed amongst itself. Adopting the same notation as for Equation 6.5, the jet-level
variables of jeti can be written out, such that the variable classes becoméJi; Ci; Ni; Si; Vig =
fJ7; Ci; Ni; fs; 1 sbeg; Vig. Then for the k™ SV variable (e.g. mSV), the sy is permuted amongst
all other jets

£ Ciy N fsh sk shsgy Vig U E 375 G N Fsh; o sk o shsg Vig (6.6)
where the variable sL now corresponds to that of some randomly selected jgt. The 64 variables
included in DeepJetTransformer can be loosely split into the following categories:

~

Kinematic (jpj, E, jpigPjjet, » ,---)
" PID (isPhoton, K D, ...)
" Track (Do, zg, ...)

At a background e ciency of 10% it was found that kinematic variables of charged particle

E ipi : . o
°h. and J_pJ_Ch' , were generally impactful, particularly for ¢ vs s discrim-

jet JPljet
ination. Track variables, such asDo= p, and zp, were the most impactful, though less forb

vs ¢ than other types of discrimination, possibly due to their redundant information after the
inclusion of SVs. PID variables had little impact on bvs ¢ and ¢ vs s discrimination, but K 1D
and photon ID were the most important for s vs ud discrimination, as was observed earlier. The
high purity regime at a background e ciency of 0:1% resulted in similar trends, though with
PID variables, including K ID and photon ID, decreasing in importance and being somewhat
replaced by kinematic ones. It should be stated that the baselin&k D scenario, as mentioned
in Section 6.2, is deliberately pessimistic, which could account for its decrease in importance.
Track variables remained the most impactful. The secondary vertex massnSY became the most
impactful variable in bvs c discrimination at high purity by a sizeable margin, as SV kinematics
store essential information about the decaying hadrons. The results of this study are summarised
in Table 6.6 below.

constituents, including

6.7 Z Peak Extraction

The decay of the Z boson was chosen for the evaluation of DeepJetTransformer due to the rel-
ative uniformity of its hadronic branching fractions, as well as the exquisite statistics that are
expected from the FCC-ee's 4 year run at the Z-pole. IsolatingZ ! ss events is a challenging,
yet promising, avenue that has largely remained unexplored, in favour of leptonic or heavy-
avour channels, with their distinct signatures [158]. In this section the extraction of Z | ss
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Table 6.6: Performance decrease in signal e ciency (sig) after permutation of individual vari-
ables de ned in Section 6.2 for xed background e ciencies ( pkg) of 10% and 0.1%. A set of
seven variables, chosen among the most impactful, is presented here.
Variable \ IN(Een) isPhoton K ID mSY  jpV° 20 Do= b,
bvsc 3:5% 03% 02% 30% 01% 78% 116%
bkg =10% cvss 23:8% 07% 05% 03% 02% 209% 391%
svsud | 128% 166% 388% 00% 92% 233% 267%
bvsc 13:8% 13% 09% 672% 08% 341% 450%
bkg =0:1% cvss 57:6% 09% 48% T70% (03% 562% 795%
svsud | 350% 280% 500% 04% 347% 605% 8Q1%

events fromZ ! qg events at the FCC-ee is reported, providing a realistic scenario for evaluat-
ing DeepJetTransformer's performance in discriminating againstb, c, u, d-jets, simultaneously.
Backgrounds beyond the hadronic jets fromZ decays are not considered, but are expected to
constitute less than 1% of events at the Z-pole. The events used in this study originate from
the sameZ ! (qqg at p§ = 91:2 GeV sample introduced in Section 6.1. Events were required
to consist of exactly two jets of matching MC avour. Jets were required to pass ducial cuts
corresponding to a jet 3-momentum of at leastjpj > 20 GeV and a polar angle in the range
14 < < 166, ensuring the jet axis was su ciently distant from the beam pipe. If either jet
from an event did not satisfy the requirements, the event was rejected.

The adopted strategy for isolating s-jets consisted of rst de ning a s vs bcclassi er according
to Equation 6.4, where the individual scores for each clas§; were computed from the DeepJet-
Transformer softmaxed output nodes. It is important to note that the score for eachZ ! qq
jet was computed individually, with no knowledge of the event propagated to the network, as
in previous sections in this chapter. Thes vs bcclassi er was evaluated at a set of background
e ciencies E;fg of 10% 1%, and 0:1%. Jets passing thes vs bccut were subsequently subjected
to a second cut by as vs ud classi er de ned similarly. The s vs ud classi er was likewise eval-
uated at a set of background e ciencies gk% of 10%, 1%, and 0:1%, now de ned with respect
to the set of jets passing the rst cut. Four working points (WP) of increasing purity were
de ned by considering di erent combinations of background e ciencies, or mistag rates, for the
sequential classi ers. The working points, along with their respective e ciencies, are summa-
rized in Table 6.7, where it can be seen that while the rst classi er removes the comparatively
"easy" background of heavy avour jets while maintaining a high signal e ciency, even at the
1% working point. The s vs ud classi er, however, shows a sharp decrease in signal e ciency
when moving to more stringent working points, as discrimination againstud-jets relies heavily of
Kaon identi cation, and the baseline version of the DeepJetTransformer makes relatively modest
PID assumptions. Interestingly, the signal e ciency of the s vs ud classi er only varies from

gig =40:03 0:04%to gig =39:28 0:06%, demonstrating the apparent orthogonality of the
classi cation problem.

The Z resonance depicted on Figure 6.8a was obtained as the invariant mass of the sum of
the 4-momenta of both jets in an eventp = (p1) +(p2) : m = pW. Events are split
by avour, with light jets appearing roughly symmetrically about 90 GeV. Z boson decays
to heavy quarks display a pronounced tail towards lower mass corresponding to energy carried
away by neutrinos arising from semi-leptonic decays of the hadrons containingp and ¢ quarks.
Figure 6.8b depicts the dijet invariant mass for all events passing thes vs bc cut for WP2/3.
Figure 6.9a depicts the dijet invariant mass for all events which additionally pass thes vs ud cut
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Table 6.7: Signal e ciency at the four working points de ned with respect to mistag rates of
the s vs bcand s vs ud cuts. The number of signal eventsNgjg and background eventsNyg is
listed explicitly for an integrated luminosity of 125 ab !. Signal e ciencies and mistag rates
are de ned with respectto Z ! qqjets.

| Mistag Rate [%] E ciency [%] N'sig Nkg
WP1 svshbc 10 9893 0:03 735 101 1.35 10%
s vs ud 10 4003 0:04 145 101 325 10%
WP2 s vsbc 1 5418 0:.04 238 10" 2:06 10U
s vs ud 10 3928 0:06 510 10° 557 10°
WP3 s vshc 1 5418 004 238 10" 2:.06 101
svsud 1 1005 0:11 112 1099 477 10°
WP4 svsbc 0:1 1796 0:.06 323 10 698 10°
s vs ud 0:1 198 033 356 10 338 1C°

de ned sequentially for WP3 in Table 6.7. The Z peak is extremely pure, with the remaining
background consisting almost exclusively ofu- and d-jets. The precise number of signal and
background events passing the WP3 cuts is listed on Table 6.7 for an integrated luminosity of
125 ab 1. While this study does not consider machine backgrounds or irreducible backgrounds
from other Standard Model processes, both expected to be at the per cent level, it is nevertheless

instructive to consider the Asimov estimate of the discovery signi cance [170, 171], de ned as
S

N .
Z= 2 (Nsig+ Npkg)log 1+ Nﬂ Nsig : (6.7)
bkg
Figure 6.9b depicts the discovery signi cance as a function of integrated luminosity for the
di erent working points. A discovery signi cance corresponding to the canonical 5 is reached
extremely quickly for all four of the working points. WP3, in particular, reaches 5 after an

integrated luminosity of only 60 nb 1, corresponding to less than a second of the Z-pole run at
the FCC-ee.

Figure 6.8: Dijet invariant mass of Z ! qg events atp s =91:2 GeV before any cuts (a), and
for events where both jets pass thes vs bccut of WP2/3 of Table 6.7. An integrated luminosity
of 125 ab ! is assumed.
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Figure 6.9: Dijet invariant mass of Z ! g events atp s =91:2 GeV where both jets pass thes

vs bcand subsequents vs ud cut of WP3 of Table 6.7 (a). An integrated luminosity of 125 ab ®

is assumed. Discovery signicance oZ ! ss events at 91.2 GeV as a function of integrated
luminosity for WP1-4. The dashed lines denote the luminosity required for a 5 signi cance

for each of the WPs.

6.8 Conclusions

The discrimination of strange quark jets at the Z-pole run of the FCC-ee was demonstrated
using a computationally-e cient, transformer-based neural network. This approach combines
the representational power of the attention mechanism with a novel implementation of vertexing
at the FCC-ee, achieving state-of-the-art performance. The impact of particle identi cation on

strange tagging was explicitly explored through the inclusion of \? reconstruction and varying

degrees ofK discrimination.

An excellent discrimination of b-, c-, s-jets was achieved, with signal e ciencies in the g
90%+ range for both b vs c and c vs s tagging, at a background e ciency of g 10% The
model performance showed little dependence on the events, with jets originating frod ! qq
and H ! qqg decays being discriminated with similar e cacy, though a slight improvement was
observed in the Higgs sample forc-jet tagging speci cally.

The u; d background proved to be the most challenging throughout these studies, particularly
for s-jets, though this was mitigated by Kaon identi cation. Among the considered K scenarios,
the improvement was found to depend more on the  misidenti cation than on increasing
K identi cation e ciency, re ecting the high pion multiplicity in light jets. Similarly, the
reconstruction of VO particles was found to benet strange jet tagging sizeably, though the
improvement was reduced as theK identi cation improved.

Subsequent permutation feature importance studies orb vs ¢, c vs s, and s vs ud tagging
performance further emphasised the importance of Kaon identi cation for strange jet discrim-
ination. For heavy avour tagging, and even for s vs d at high purity, track and SV variables
proved most impactful.

Finally, a case study targetting the isolation of Z ! ss jets using DeepJetTransformer at the
Z-pole was performed, illustrating its use in a concrete physics scenario. It was shown that a
discovery signi cance of 5 is reached after less than a second of the Z-pole run at the FCC-ee,
albeit in a simpli ed scenario where non-Z backgrounds are neglected.
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DeepJetTransformer o ers a lightweight architecture for e cient discrimination of jets initi-
ated by all quark avours. The computational complexity, measured in FLOPs, is approximately
19.7 MFLOPs. Comparatively, DeepJetTransformer requires fewer FLOPs than competing ar-
chitectures [94, 110], making it an excellent choice to e ciently evaluate the impact of the
constantly evolving detector design on avour tagging.

Future work may focus both on the optimisation of the machine learning algorithm, and
the realism of input features. The network performance could benet from re ning the input
feature set, hyperparameter tuning, and a larger training set. In parallel, more realisticK PID
scenarios using the time-of- ight or number of primary ionisation clusters, as in Ref. [59], could
be incorporated. A detailed outlook for further developments is presented in Chapter 11 at the
end of this thesis.

Ultimately, while increasingly sophisticated architectures may be able to extract additional
discriminative power, the jet tagging performance will be gated by the quality of information
that is available. These studies emphasise the central importance of particle identi cation to
strange jet tagging at future colliders. The potential for further gains through precise vertexing
enabling not only increasing precision in secondary vertex reconstruction, but also ¥ decays,
motivates ongoing MAPS development and optimisation, as explored in the following chapters
of this thesis.
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7 Silicon Detectors

Silicon detectors have emerged as the enabling technology in high-precision tracking applications
since their adoption in the 1980s. Their introduction vastly improved the spatial reconstruction
of particle tracks, leading to a more precise determination of particle properties such as momen-
tum, and enabling the reconstruction of SVs for the rst time. Secondary vertex reconstruction,
and tracking in general, are critical components of detector-level information for a wide variety
of measurements, and in particular the identi cation of jets. While novel jet tagging algorithms,
such as the one introduced in Chapter 6, will continue to incrementally improve the achievable
jet avour tagging accuracy, the fundamental constraint will always remain the information
on the particle trajectories and properties from which the algorithm must infer the initiating
parton.

Owing to the low energy ( 3:6 eV) required to create an electron-hole pair, silicon detec-
tors can be regarded as extremely sensitive ionisation chambers, where energy deposited by an
impinging particle is translated to an electrical signal by the generation and subsequent motion
of charge carriers. The resulting signal, however, is a small current and must thus undergo a
sophisticated signal processing chain in order to become practically usable, balancing a variety
of design requirements including the spatial and energy resolutions, power density, material bud-
get, radiation tolerance, cost, and many others. Naturally, a variety of di erent technologies,
each optimal for a di erent environment or measurement, have emerged.

This chapter provides an introduction to silicon detectors, with a strong bias towards topics
relevant to the characterisation of the monolithic active pixel test structures presented in this
thesis. Much more comprehensive treatments of the topics covered can be found in Refs. [53,
172, 173]. The chapter begins with the fundamental properties of semiconductors, followed by an
overview of pn-junctions. Subsequently, Section 7.2.1 explores the energy deposition of charged
particles and photons in matter. The signal formation and its readout are presented in Sections
7.2.2 and 7.3.1, respectively. Noise sources and their impact on signal detection are presented
in Section 7.3.2. Finally, Section 7.4 provides a brief overview of monolithic active pixel sensors
and their applications.

7.1 Semiconductors

Solid materials can be classi ed according to their conductivity into insulators, conductors, and
semiconductors. The close spacing of atoms leads to overlapping of the individual wavefunctions
of atoms, leading to a splitting of the energy levels [53]. For a large number of atoms typical of a
solid, this results in an almost continuousband of allowed energies. The electrical conductivity
of a solid is determined by two of these bands: the valence band and the conduction band.
The valenceband is the highest energy band that is completely lled at 0 K. The valence band
is separated from the conduction band by a nite energy gap covering a range of "forbidden”
energies, as depicted on Figure 7.1. The size of the band gap de nes whether a material is
considered an insulator or a semiconductor. While this distinction is not strict, typical band
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gap values include 0:5 3 eV for semiconductors and> 4 eV for insulators.

Figure 7.1: Schematic of the bandgap structure of an insulator and a semiconductor. The
bandgap energy is denoted byEq. Figure taken from Ref. [173].

The Fermi energy E, or chemical potential, describes the highest allowable energy level for
an electron at 0 K. In the case of insulators and semiconductors the Fermi energy lies near the
middle of the band gap. Thus, the valence band is completely lled, while the conduction band
is completely empty for both insulators and semiconductors at 0 K, preventing the conduction
of any current. Above 0 K, the behaviour of insulators and semiconductors begins to dier.
Electrons can be thermally excited into the conduction band of semiconductors. The probability
for an electron to occupy a higher energy state is given by [172]

1
fe(E) = eE Er)=ka T 4+1

(7.1)

where kg is the Boltzmann constant. While the probability of an individual electron occupying
an energy state in the conduction band is negligibly small, the high density of states leads to
a non-trivial conductivity for semiconductors. While this in principle also occurs in insulators,
the band gap of insulators is large enough that the concentration of electrons in the conduction
band is negligible.

In the case of silicon, the thermal excitation of electrons corresponds to overcoming the
energy of the valence bond with the neighbouring atom, and "freeing" the electron. This process
generates an electron which now acts a free charge carrier, and a hole in the valence bond in
which the electron once partook. The hole, as the electron, contributes to overall conductivity
of silicon, and through the collective motion of neighbouring electrons behaves as a free charge
carrier, albeit with a reduced mobility with respect to the electron. The concept of mobility

describes how quickly a charge carrier moves in a material under the in uence of an electric
eld. At low electric elds the relationship is roughly linear [173]:

Veh = eh JE] (7.2)

where ve., denotes the drift velocity of electrons and holes, respectively.
The conductivity of a semiconductor is given as

=en e+p ) (7.3)

wheren;p and ,; p denote the electron and hole densities and mobilities, respectively. The
electron and hole densities are related by théaw of mass action which states that the product
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of the charge carrier densities in a semiconductor is constant at equilibrium:
- 2
n p=n: (7.4)

where n; is intrinsic carrier density. In an intrinsic semiconductor like pure silicon, the thermal
generation of charge carriers, and their potential recombination, will by construction generate
an equivalent number of electrons in the conduction band and holes. Thus, the free electron and
hole concentration will be equal, simplifying Equation 7.3 to0 = enj( ¢+ ).

Doping

Extrinsic semiconductors denote semiconductors to which an impurity has been introduced.
The introduction of impurity atoms into the pure semiconductor lattice is known as doping,
and entails an increase in the conductivity of the respective semiconductor. Im-type silicon
pentavalent atoms such as phosphorus are introduced to the silicon lattice. Four of the valence
electrons form covalent bonds with neighbouring silicon atoms, while the remaining electron
remains in a quasi-free state. The remaining electron can be easily excited into the conduction
band by thermal excitations as it is not tightly bound in a covalent bond. It occupies an energy
level slightly below the conduction band in the band gap, as depicted on Figure 7.2a. While the
law of mass action still holds, the concentration of electrons in the conduction band begins to be
dominated by electrons from the impurity atoms. In addition, the sharp increase in electrons in
the conduction band leads to a recombination with remaining holes, such thah >> p . Equation
7.3reducesto = e n ¢, as the conductivity of the material begins to be dominated by the
majority charge carrier, in this case electrons.

Figure 7.2: Schematic of the modi ed bandgap structure of ann-doped (a) and p-doped (b)
semiconductor. Figures taken from Ref. [173].

Similar doping can be performed with trivalent atoms, such as boron, which instead of in-
troducing an excess electron into the lattice, have one too few. The doping, known ag-type
doping, entails a new energy level which appears slightly above the valence band, as depicted
on Figure 7.2b. Electrons in the conduction band preferentially recombine with the holes from
the impurity atoms, as the electrons are less tightly bound than in the Si-Si valence bonds.
Analogously to n-type doping, the holes now become the majority charge carriers, and the con-
ductivity likewise increases. Typical doping concentrations in Silicon are in the rangel0'?-10'8
cm 3 [172]. In semiconductor detectors doping is used either for implants or for bulk material.
Implants refer to small regions of highly doped silicon which can act as ohmic contacts (e.g.
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for the collection electrode). The high doping ensures a low resistivity, and such regions are
accordingly denoted asp* ;n* depending on the type of impurity. By contrast, the active region
where electron-hole pairs are generated is often doped with at much lower concentrations, as the
higher resistivity is bene cial to charge collection, as detailed in the following section. The low
doping is denoted byp ;n

pn -junctions

Combining two oppositely-doped regions of silicon, typically by introducing n- and p-type
impurities to di erent volumes of the same silicon crystal, results in the creation of adepletion
region, which has several desirable properties for particle detection. Figure 7.3 depicts the
interface between then- and p-type regions, referred to as apn-junction. The formation of the
depletion region in apn-junction begins with the majority carriers in the n-type silicon di using
into the p-type silicon, and vice-versa. This leads to an electron-hole pair recombination, whereby
conduction electrons from then-type silicon form valence bonds with holes in thep-type silicon.
In this way both atoms in the n-type and p-type silicon are ionised, and the depletion region,
which is devoid of charge carriers, begins to form. While thgn-junction as a whole is electrically
neutral, the n-type impurity atoms are positively charged, while the p-type impurity atoms are
negatively charged. Accordingly, a potential di erence across the depletion region resulting
from the oppositely charged ions also forms. The resulting electric eld opposes the ow of
charge carriers along the di usion gradient, with conduction electrons being swept back to the
now positively-charged n-type silicon, and vice-versa. At equilibrium, the motion of the charge
carriers due to di usion and drift along the electric eld are equal and opposite, such that the
depth of the depletion region remains constant. Although electron-hole pairs continue to be
thermally-generated within the depletion region, the electric eld causes them to drift to their
correspondingn- or p-type silicon, before any meaningful build-up of charge carriers.

The depletion region is central to the functioning of semiconductor detectors, since the ab-
sence of thermally-generated charge carriers translates to greatly reduced noise. Moreover,
charge carriers resulting from the energy deposition of particles traversing the detector material
drift towards either the n- or p-type silicon generating a signal, as detailed in Section 7.2.2.
By applying a reverse bias voltage, that is to say a voltage along the built-in potentialVy,;, the
depth of the depletion region can be increased, as depicted in the bottom panel of Figure 7.3.
In particular, the electric potential ' () satis es Poisson's equation:

r? (9= ") (7.5)
where is the dielectric constant and (¥) is the charge density. Assuming the potential depends
only the direction perpendicular to the pn-junction, and noting that the charge density is given

by the respective carrier concentrations for each of the junction sides, reduces Equation 7.5 to
8

< eN ;
d?2 =0 if0<X<Xp

o 07w o (7.6)

Xp<x< 0

where Xp and x, denote the boundaries of the depletion region, andx = 0 the junction
interface. Given the constant charge density, Equation 7.6 can easily be integrated in order to
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obtain the x-component of the electric eld in each respective region:

d. npryy = EMNP(x) = P +C 77
dx (x) = xt(X)= — X n;p (7.7)
where the integration constant is determined from the boundary condition that the electric eld

vanishes at the boundaries, yielding
8

d, .S MNox x;) ifO<x<xn
(X + Xp) if  Xp<x< O

The above Equation can be integrated again to obtain
8

) = < o (X Xn)?+ Vhias if 0<X<X n 7.9)
- eA(x + Xp)? if  Xp<x< 0
where the integration constant is how determined from the boundary conditions of the applied
voltage: ' (Xn) = Vpias @and' ( Xxp) =0.

The continuity of the potential at the junction interface ' (0") = ' (0 ) allows the expression
of the bias voltage as a function of the depletion region depth of each regionxf; xp) using
Equation 7.9. Using the charge neutrality across the junctionNp X, = Na Xp, the relation can
easily be solved for the depth of the depletion regiond = xn + Xp), making its approximately
square-root dependence on the bias voltage manifest [173]:

2
which can be written as
r
2 p—
d 7Vbias / Vbias (7-11)

Nape

by letting d  Xp. This holds when the doping concentration of the n-type region is much higher
than for the p-type region, as is the case for the junction between the n-well collection electrode
and the lightly-doped p-type sensitive layer of the chips explored in this thesis. Notably, the
depth of the depletion region also depends on the inverse root of the doping concentration of
the lightly-doped layer, suggesting that the extent of the depletion region can be increased by
minimising the doping concentration.

The extent of the depletion region is one of the de ning characteristics in the performance of
a semiconductor detector. In addition to de ning the region in which generated charges will drift
to the collection electrode, the width of the depletion region determines the junction capacitance
of the detector. Treating the pn-junction as a parallel plate capacitor, a capacitance of

C= A A r 7NA7e
d 2 Vbias

is obtained, where A is the area of thepn-junction interface. The capacitance should be min-
imised in order to induce a larger signal for an equivalent number of deposited charge. A
reduction in capacitance can greatly mitigate electronic noise contributions arising from later
stages of the signal processing, as described in Section 7.3.2.

The thermal generation of charge carriers can contribute to a current in the absence of a charge
deposition from an ionising particle. Theleakage currentis increased substantially by impurities
and radiation damage to the silicon bulk, which can introduce intermediate energy levels that

(7.12)

79



Figure 7.3: Schematic of apn-junction consisting of a p-doped and ann-doped region. Free
charge carriers are denoted by+ and  signs, while the resulting ions are circled (top). The
width of the depletion region is increased if a reverse bias voltage is applied, denoted by.
Figure adapted from Ref. [172].

facilitate excitations. The leakage current is a signi cant source of noise in semiconductor
detectors, that is not mitigated by reducing the junction capacitance.

Although the discussion has focused exclusively opn-junctions thus far, it is worth noting
that p* p- and n* n-junctions, formed from the same type of impurity at di erent doping levels,
share some similar properties withpn-junctions [53]. Assuming ap* p-junction, as the interface
between the active layer and the substrate for the chips studied in this thesis, the hole con-
centration will be much higher in the p* region leading to the di usion of holes into the more
lightly-doped p region. This causes the build up of negative ions in thep® region, and thus
the build-up of an electric eld opposing further di usion, in analogy with a pn-junction. This
eld acts as a re ective barrier for electrons approaching the p* region due to the negative ion
build-up [174].

7.2 Signal Formation

Fundamentally, the signal in a semiconductor detector consists of the electron-hole pairs created
by impinging radiation. For instance, a 5.9 keV K photon from an >°Fe decay will create a
photoelectron as it impinges on silicon, which will in turn generate 1640 electron-hole pairs
as it deposits its energy in the detector. More generally, the energy required to generate a single
electron-hole pair in silicon is 3.6 eV, which is considerably larger than the band gap of 1.12 eV,
as large fraction of the energy goes into phonon excitations [172]. Electrons and holes then drift
along the electric eld into the p and n-type region respectively, generating a signal, as described
in Section 7.2.2. Before detailing the collection of said signal, some of the fundamentals of the
energy deposition of particles as they traverse detector material will be presented.

7.2.1 Particle Interactions with Matter

The energy deposition of charged and neutral particles di ers substantially due to distinct in-
teraction mechanisms, and must thus be treated separately. In what follows, the interactions of
electrons and heavier charged particles is discussed, followed by a brief overview of the photon
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interactions with matter, in line with measurements presented in Chapters 9 and 10.
Charged Particles

Charged patrticles traversing detector material deposit a fraction of their energy by ionising
the atoms in the detector material. The mean energy deposited by charged particles in the range

01. . 1000per unit length is given by the Bethe-Bloch equation [158, 175]:
dE zZ1 1 2mec? 2 2W,
= = Kz23~Z - = € max 2 7.1
dx Az 2" 2 2 (7.13)

where K =4 N ar2mec?, z is the charge of the impinging particle, Z; A are the atomic number
and mass of the absorber,| is the mean excitation energy, Wmax IS the maximum possible
energy transfer to an electron, and is a high energy correction related to the polarisation
of the absorber [158]. The energy loss in a number of media is depicted on Figure 7.4a. The
distribution is characterised by three regions. In the low-momentum range, primarily for < 1,
Equation 7.13 is dominated by thel= 2 term. The high energy-loss can be associated with large
momentum transfers that occur due to the long interaction times [53]. At even lower energies
Equation 7.13 does not hold.

Figure 7.4: Mean energy loss in a range of media as a function of (a). Straggling functions
of silicon for 500 MeV pions, shown for a range of absorber thicknesses, as a function of the
energy loss per unit length =x (b). Figures adapted from Ref. [158].

Around 3 the energy-loss reaches its minimum as the scaling from thd= 2 term
becomes diminished, but the high-momentum scaling ofn 2 2 has yet to kick-in. Particles
in the 3 range are accordingly denotedminimum ionising particles (MIPs), though in

practice, and throughout this thesis, the term is also used to include particles with higher
momenta. While the Bethe-Bloch equation given in Equation 7.13 predicts a rise at high due
to the scaling of theln 2 2 term, before density corrections begin to atten it, a fraction of
the ionisation energy is often not measured as it is carried away from the detector by energetic
electrons. This e ect can be substantial, particularly for thin silicon detectors. The so called
delta electrons arise from rare collisions where the energy deposition by the impinging charged
particle is substantially higher than the typical ionisation energy (e.g. 3.6 eV in Si). The Bethe-
Bloch equation can be modi ed to suppress the contribution of delta electrons, resulting in the
restricted Bethe-Bloch equation, whose scaling at high energies is considerably more mild [176].
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