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ABSTRACT

Identifying the flavour of jets plays an essential role in many ATLAS analyses. This subject is ex-
tensively discussed in this thesis, with a complete review of the algorithmic developments carried
out by the ATLAS Collaboration from 2020 to early 2024. Increasingly sophisticated machine
learning models called taggers have been developed for this purpose. The classical approach re-
lies on a hierarchical construction combining low-level physically motivated taggers with a deep
set network or a recurrent neural network as inputs to a high-level network predicting the jet
flavour. A more flexible design leveraging a single network to deliver state-of-the-art performance
has recently been introduced. The core of this network is either a graph attention network or
a transformer encoder unit. Expert knowledge is passed to the model by optimising multiple
tasks, with different physics input types analysed in a multimodal framework. The design and
training of these taggers are reviewed, as well as a hyperparameter optimisation study using
the µP parametrisation and the µTransfer technique from the ML literature on large language
models.

Following the discovery of the Higgs boson by the ATLAS and CMS Collaborations in 2012,
increasingly refined measurements of the new particle have been performed. The leading pro-
duction modes and the decay mode to third-generation fermions and gauge vector bosons of the
Higgs have now all been measured. Attention is shifting to second-generation fermions, such
as the c-quark, and precision differential cross section measurements. This thesis presents a
combined search for the H → cc̄ coupled with a differential measurement of the H → bb̄ in the
associated V H production mode. The analysis exploits the full 140 fb−1 proton-proton collision
luminosity collected in Run 2 by the ATLAS experiment at a centre-of-mass energy of 13 TeV.
Combining the decay modes allows for a coherent joint analysis strategy that improves the con-
straining of the shared backgrounds. Flavour taggers are used to identify candidate b- and c-jets
to reconstruct the Higgs. The full pT spectrum is covered, with the two candidate jets resolved
at low momentum and a single merged boosted signature at high momentum. Three leptonic
channels are defined based on the number of electrons and muons in the final state. Dedicated
Boosted Decision Tree discriminants are deployed to increase the signal sensitivity. The analysis,
which is still blinded, is expected to yield a 95% CLs upper limit for the V H(H → cc̄) signal
strength of 11.1 × the Standard Model prediction. The V H(H → bb̄) expected signal strength
is 7.9 σ over the background-only hypothesis, with the WH and ZH productions respectively
measured with expected significances of 5.5 σ and 6.2 σ. A standard cross section template
measurement is performed for V H(H → bb̄), in bins of pT and number of additional jets.
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CHAPTER 1

Introduction

Modern particle physics is built around the Standard Model (SM) [14, 15]. In the edifice of sci-
ence, the SM is our current best understanding of the foundation of Nature at its smallest scale.
The elegance of its structure resides in its use of symmetries and gauge invariance to describe
and predict the fundamental structure of matter and how it interacts under the strong, the weak,
and the electromagnetic interactions. The Brout-Englert-Higgs mechanism plays a central role
in the theory, allowing for the emergence of massive gauge vector bosons through spontaneous
symmetry breaking [16, 17]. The SM has been experimentally confirmed by countless measure-
ments, particularly with the ATLAS and CMS observation of the theorised Higgs boson in 2012
[18, 19]. The SM is not however a complete theory of the elementary components of the Universe.
Gravity is not included, neutrino masses are observed but not accounted for, and the SM does
not explain astrophysical observations of dark matter. The masses of fermions are introduced
somewhat arbitrarily through Yukawa interactions coupling these particles to the Higgs boson.
The origin of the mass hierarchy between the different fermionic generations is therefore left
unexplained. The High Energy Physics (HEP) community finds itself in the unusual situation
of having a remarkably accurate yet incomplete model. Searches are actively ongoing to test the
predictions of the SM, with the hope of uncovering some discrepancies shedding some light on
the way forward to improve the theory and include some of the currently unexplained properties
of the Universe. Concerning the Higgs boson, while the leading production modes and the decay
modes to third-generation fermions and vector bosons have been observed to agree with the SM,
the couplings to lighter fermions have not yet been measured. In particular, the coupling to the
second generation c-quark can be probed for signs of physics beyond the Standard Model [20–26].
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Chapter 1: Introduction University of Oxford

This thesis presents, in its last chapter, an ATLAS search for the H → cc̄ decay mode and
a differential cross section measurement of the H → bb̄. These analyses are for the first time
performed jointly to better constrain their common backgrounds. The vector boson V , standing
for a W or Z boson, associated production mechanism, V H, is used, with the V leptonically
decaying to 0, 1, or 2 electrons, muons, or neutrinos. This latter requirement reduces the oth-
erwise significant multi-jet background and provides an effective signature to select data to save
through the use of triggers. The search is performed with the 140 fb−1 of proton-proton collision
data collected by ATLAS at a centre-of-mass energy of 13 TeV during the Run 2 of the Large
Hadron Collider (LHC), from 2015 to 2018.

An essential component in the V H analysis is to reliably identify b- and c-quarks from the
complex structure of their decay called a jet. This is a challenging task due to the rich struc-
ture of jets and the large event rate. The ATLAS experiment is helped in this mission by the
tremendous amount of real and simulated data accessible, leading to the effective deployment
of state-of-the-art Machine Learning (ML) techniques. As such, the second central theme of
this thesis is the development of sophisticated neural network models called taggers to classify
the flavour of jets. The recent efforts of the ATLAS Collaboration to improve these methods
are extensively described, with a complete account of the algorithmic developments from 2020
to early 2024. First presented is the development and training of DL1d, a hierarchical tagger
relying on the DIPS subtagger built on a Deep Set network to replace the DL1r tagger using
the RNNIP subtagger [4]. More recently, a breakthrough in performance has been obtained by
adopting a single complex neural network with a powerful Graph Attention Network (GAT) or
a transformer encoder unit at its core, in models respectively called GN1 [9] and GN2 [27]. The
development, training, and performance of these revolutionary new taggers are reported here
in detail, as well as the latest efforts to leverage techniques from the Artificial Intelligence (AI)
community designed for Large Language Models (LLM) to optimise the hyperparameters of the
large transformer-based GN2 network [8, 28].

The thesis strives to present a coherent and connected narrative leading to the combined
V H(H → bb̄/cc̄) analysis presented last in Chapter 6. First, the SM, the Higgs mechanism,
and Yukawa interactions are reviewed in Chapter 2. The experimental conditions of the LHC
and the ATLAS experiment are then outlined in Chapter 3. As machine learning and artificial
intelligence play an essential role in modern science, and perhaps even more so in particle physics,
Chapter 4 is entirely dedicated to an overview of the part of that field most relevant to HEP.
Building on this ML introduction, Chapter 5 presents the development of the new flavour taggers
of the ATLAS Collaboration, reviewing the design and training of DL1r, DL1d, GN1, and GN2.
Finally, the V H(H → bb̄/cc̄) analysis is reported in Chapter 6, before concluding with a look
forward in Chapter 7.

2



22

CHAPTER 2

Theoretical Particle Physics

Particle physics is the field of science dedicated to the study of the most fundamental components
of the Universe. Nature at this microscopic scale is best represented by an intricate connection
between elementary particles, the indivisible constituents of matter resulting from the excitation of
fields, and their interactions, also represented by particles. This framework is encapsulated in the
foundation of Quantum Field Theory (QFT). A major scientific achievement of the second half
of the XXth century is the elaboration of the so-called Standard Model (SM) of Particle Physics,
describing all known elementary particles and three of the four fundamental interactions affecting
them. This theory has stood the test of countless experiments and grown with General Relativity
into one of the two pillars of modern physics. Among its main achievements, it correctly predicted
the existence of the Higgs boson, the W and Z bosons, the gluons, and the top and charm quarks.
This chapter reviews relevant elements of the theories on which high energy particle physics rests
to contextualise the significance of the analysis presented in Chapter 6.

2.1 The Standard Model of Particle Physics

To date, the Standard Model is the most successful theory to describe the constituents and the
dynamics of matter [15]. It stands at the centre of theoretical particle physics and was elabo-
rated by combining the theories of quantum mechanics and special relativity in the second part
of the XXth century. Its numerous exploits have been rewarded by more than 50 Nobel Prizes,
and the SM is often hailed as the most successful theory of science due to its unique ability to
predict properties of the subatomic world to a staggering degree of precision: most famously, the
electron anomalous magnetic dipole moment prediction is in agreement with measurements up
to 10 significant decimals [29]. The SM is expressed in the language of QFT as the dynamics of
quantised fields. These fields play two roles: describing matter itself through fermions, such as
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the electron, and the different interactions through bosons, such as the W and the Higgs boson
H. Bosons govern how matter interacts under the electromagnetic, weak, and strong interactions
and with the Higgs field. Particles are the results of local excitations of quantised fields that are
defined as operator-values distributions over Poincaré-Minkowski spacetime. Figure 2.1 displays
the fundamentals particles of the SM.

Figure 2.1: Elementary particles of the Standard Model [30]. Elementary fermions (quarks and
leptons) are listed in the three left columns representing the three generations, and elementary
bosons in the two right ones, with the gauge bosons in the first column and the Higgs scalar
boson in the last one. The mass, electrical charge, and spins of the particles are also reported.

Particles are separated based on their intrinsic angular momentum or spin, with half-spin
particles following the Fermi-Dirac statistics constituting the fermions, and integer-spin particles
obeying the Bose-Einstein statistics making the bosons. The elementary fermions are split into
6 quarks and 6 leptons each paired into three generations, with only the first generation being
stable. The distinction between quarks and leptons stems from the different quantum numbers
categorising them. Quarks carry a fractional electromagnetic charge as well as a colour charge,
making them sensitive to the strong interaction. On the contrary, leptons are colour neutral and
are either electromagnetically neutral or have a charge of -1, in units of the electron charge |e|.
The charged leptons include the electron e−, the muon µ−, and the tau τ−. The neutral leptons
are called neutrinos, with one neutrino νℓ associated per charged lepton ℓ, e.g., the electron-
neutrino νe for the electron e. In the SM, the number of leptons of each generation throughout
an interaction is a conserved number. For the quarks, the electromagnetic charge is fractional,
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dividing them between up-type quarks with charge +2/3 consisting of the up u, charm c, and
top t flavours, and the down-type quarks with charge -1/3 and the flavours down d, strange
s, and bottom b. To every particle corresponds an antiparticle, with some quantum numbers
changed such as the electromagnetic charge that takes the opposite sign: e.g., the antiparticle of
the electron e− is the positron e+.

The kinematics and dynamics of the fields representing the particles in the theory are ex-
pressed through a Lagrangian density L, a spacetime discretised element of the general La-
grangian. Symmetries of the Lagrangian density play an essential role as they define conserved
quantities through Noether’s theorem. The construction of the SM Lagrangian is dictated by
the expression of these symmetries to satisfy the experimentally observed conserved quantities,
such as the electromagnetic charge. Two types of symmetries can be considered: global ones that
are valid across spacetime and local ones, the so-called gauge symmetries. The SM Lagrangian
must satisfy the global Poincaré symmetry, encapsulating the symmetries required by Special
Relativity, and a local non-Abelian SU(3)C ⊗ SU(2)L ⊗ U(1)Y gauge symmetry. Non-Abelian
groups are such that their generators do not commute and constitute the backbone of Yang-Mills
theories [31]. The Lagrangian density of a field ψ is a function of ψ and its spacetime partial
derivative ∂µψ, where µ indexes the time and space dimensions in the 4-vector formalism. The
full SM Lagrangian LSM can be decomposed into 4 terms:

LSM = LEW + LQCD + LHiggs + LYukawa. (2.1)

Each term encodes a different fundamental property within the unified framework of the SM.
Three of the four known interactions of nature are encapsulated in the SM: the strong, the
electromagnetic, and the weak forces. The gravitational interaction is set aside due to the weak-
ness of its influence at subatomic scales. The mediators of the three included interactions are
the gauge bosons, which are spin 1 particles with different properties arising from the nature
of the interaction they exchange. The electromagnetic and weak forces have been successfully
unified as a single Electroweak (EW) interaction, while the strong force is described by Quantum
Chromodynamics (QCD). One essential element in the SM is the so-called Brout-Englert-Higgs
interaction, a special force through which some particles acquire mass. This interaction, sum-
marised as Higgs, is underpinned by the Higgs field, an excitation of which is a Higgs boson
H. Yukawa interactions between the Higgs field and quarks are introduced to assign masses
to the latter parametrised by Yukawa couplings. The analysis presented in Chapter 6 of this
thesis is dedicated to a measurement of the Higgs couplings to the b- and c-quarks. The different
fundamental interactions and their theoretical modellings are further reviewed in this chapter.

2.1.1 Quantum Electrodynamics

Quantum Electrodynamics (QED) is the theory underpinning the behaviour of free fermions
and the electromagnetic interaction, for which the gauge carrier is the photon γ. Fermions
are represented by a Dirac spinor field ψ(x) defined over spacetime x. The Dirac equation of
quantum mechanics is a first-order partial derivative equation modelling the free dynamics of
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such spin-1/2 fermions with
(iγµ∂µ −m)ψ(x) = 0, (2.2)

where γµ are the Dirac γ-matrices generalising the Pauli spin matrices to spacetime dimensions
µ, and the Einstein notation is adopted whereby indices repeated as covariant and contravariant
are summed over. For conciseness, any contraction γµOµ of the γ-matrices with a 4-vector object
O is denoted as ��O . The following Lagrangian density is constructed to lead - after application
of Euler-Lagrange - to the dynamics of Equation 2.2:

LDirac = ψ̄(i�∂−m)ψ, (2.3)

where the dependency on the spacetime coordinate x is henceforth omitted for clarity. Such a
Lagrangian models the free dynamics of any fermion, such as an electron e− or a c-quark. The
electromagnetic charge q of particles is conserved by every known interaction. Per Noether’s
theorem, this conservation must in turn result from a symmetry, leading the Dirac Lagrangian
to be made invariant under a local gauge U(1) transformation

ψ(x)→ ψ′(x′) = e−iqα(x)ψ(x), (2.4)

which corresponds to a rotation in the complex spacetime by a phase qα(x). For the Lagrangian
of Equation 2.3 to satisfy this symmetry, the partial derivative ∂µ must be replaced by the gauge
covariant derivative Dµ

Dµ = ∂µ + iqAµ, (2.5)

where a new vector field Aµ is introduced and required to transform under the U(1) symmetry
as Aµ → A′

µ = Aµ + ∂µα(x). The elegance of this approach is the possibility to give the gauge
field Aµ its own dynamics, modifying the Lagrangian of Equation 2.3 into the QED Lagrangian

LQED = ψ̄(i�∂−m)ψ + qψ̄��Aψ −
1

4
FµνF

µν ,

LQED = ψ̄(i��D −m)ψ − 1

4
FµνF

µν , (2.6)

where Fµν = ∂µAν − ∂νAµ is the electromagnetic field tensor. The FµνF
µν part in Equation

2.6 introduces a kinetic term for the gauge field. The interaction between the fermion ψ and
the gauge field A is represented by the term qψ̄��Aψ, combining them with the coupling q. The
strength of electromagnetism is defined in scale by the charge e of an electron. In the present case,
the electromagnetic charge q is the conserved quantity of the gauge symmetry, which requires the
introduction of a gauge field Aµ that is interpreted as the photon field. The Lagrangian is adapted
to include the full dynamic of the electromagnetic interaction through the strength tensor Fµν .
Fermionic fields are introduced with this approach for the different known fermions, ψe, ψµ, ψu,
ψc, etc. Their interaction with Aµ defines each time a unique conserved electromagnetic charge
qe, qµ, qu, qc, etc. This procedure is general: the gauge invariance of a Lagrangian introduces
a spin-1 gauge boson. Interestingly, the required U(1) invariance forbids the presence of mass
terms of the form m2AµAµ in the Lagrangian, seemingly condemning gauge bosons to remain
massless.
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2.1.2 Electroweak Sector

The weak force is propagated by two massive gauge vector bosons: the W±, of mass mW ≈ 80.36

GeV1, and the Z0, of mass mZ ≈ 91.19 GeV [32]. This apparent contradiction with the massless
requirements of a U(1) symmetry is elegantly solved by the Brout-Englert-Higgs mechanism
[16, 17]. This mechanism, described in the next section, is applied to a unified expression of
the electromagnetic and weak interactions known as the Electroweak (EW) interaction in the
Glashow-Weinberg-Salam (GSM) model [33–35]. The fundamental symmetry group the theory
is built upon is the non-Abelian SU(2)L ⊗U(1)Y , where SU(2)L is the weak isospin and U(1)Y

the weak hypercharge. The local SU(2) transformation acts as

ψ → ψ′ = eigα
a(x)Ta

ψ, (2.7)

where T a = σa/2 are the generators of the SU(2)L group, built from the σa Pauli matrices
(a = 1, 2, 3). Each generator corresponds to a gauge field. Since these generators do not commute,
the EW sector is built on a non-Abelian group and is, therefore, a Yang-Mills theory with self-
interacting gauge mediators [31]. The gauge fields linked to SU(2)L lead to a covariant derivative,
similarly to QED, to ensure the invariance of the Lagrangian under the symmetry. It is expressed
as

Dµ = ∂µ + igTaW
a
µ , (2.8)

with three gauge fields W 1
µ , W 2

µ , W 3
µ and a unique interaction strength g. The particularity of

the weak interaction is that the so-called charged current interactions that are described by the
symmetry group SU(2)L only apply to left-handed (L) particle states and not the right-handed
(R) states. Consequently, the fermionic fields are decomposed into

ψ = ψL + ψR

with left- and right-handed particles represented by isospin doublets. The weak isospin IW

charge of left-handed particles is IW = 1/2, with a third component I3W = ±1/2. For the right-
handed part, IW = 0 with I3W = 0, decoupling it from the gauge bosons W a

µ . Physically, the
observed weak charged current interactions correspond to the W± bosons resulting from a linear
combination of the first two gauge fields

W±
µ =

1√
2

(
W 1

µ ∓W 2
µ

)
. (2.9)

The W± bosons are electromagnetically charged and only couple to left-handed particles, but
the experimentally observed electromagnetically neutral Z boson couples to both left- and right-
handed particles. In the SM, this is represented by the additional U(1)Y symmetry of the weak
interaction, the weak hypercharge Y with coupling g′, and an additional gauge field Bµ. The weak
hypercharge is set as Y = 2(Q−I3W ) so that the electromagnetic charge Q matches observations.
The complete covariant derivative of the electroweak sector of the SM is therefore expressed in

1The unit system adopted throughout this thesis is to set the speed of light in vacuum c at 1, leading to
masses expressed in GeV. To convert to mass units, one simply needs to adopt SI units and divide by c2.
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the GSM model as
Dµ = ∂µ + ig

σa
2
W a

µ + ig′
Y

2
Bµ (2.10)

whereW a
µ and Bµ are respectively the SU(2)L and U(1)Y gauge bosons. The full EW Lagrangian

built with this covariant derivative is

LEW = −1

4
Wµν

a W a
µν −

1

4
Bµν

a Ba
µν +

∑
j

[
ℓ̄Lj i��DℓLj + ēRj i��DeRj

]
+
∑
j

[
Q̄Lj i��DQLj + ūRj i��DuRj + d̄Rj i��DdRj

]
,

(2.11)

where the Wµν
a and Bµν

a matrices are the electroweak field strength tensors. The sum over j
represents the three fermionic generations, each introduced separately for the lepton fields, with
the left-handed doublet ℓ and the right-handed singlet e for the charged lepton, and the quark
fields, with Q representing the left-handed doublet and uR and dR the right-handed up- and
down-type singlets. Neutrinos, that are in the left-handed ℓ doublet, only interact through the
weak force.

The linear combination of Equation 2.9 is required to represent the physical charged fields
W±. Similarly, the physically observed electromagnetic photonic field Aµ and the Z boson field
Zµ are the result of a linear combination of the neutral Bµ and W 3

µ . This combination depends
on a fundamental parameter of the SM called the weak mixing angle θW such that

cos θW =
g√

g2 + g′2
, (2.12)

thereby establishing a connection between the coupling strengths of the weak interaction and
the electromagnetic interaction as

e = g sin θW = g′ cos θW .

The intrinsic strength of the weak interactions is of similar order to that of the electromagnetic
interaction but is weak in appearance due to the large mass of its gauge vector bosons. The weak
force is the only known fundamental interaction to violate symmetry under parity transformation.
A significant achievement of modern particle physics is the unification of interactions that are
perceived as different at low energies. The problem of the mass of the gauge bosons however
remains. Additionally, the split of fermionic fields into left- and right-handed components leads
fermionic mass terms in the QED Lagrangian of Equation 2.6 to violate the gauge invariance.
Both issues are resolved by considering an additional scalar field, following the Brout-Englert-
Higgs mechanism, and introducing Yukawa interactions, as explained in the next sections.

2.1.3 The Brout-Englert-Higgs Mechanism

The Brout-Englert-Higgs mechanism (BEH) offers an elegant solution to introduce mass terms
for the gauge fields W±

µ and Zµ [16, 17]. It postulates the existence of an additional scalar Higgs
field permeating the Universe. The field is mathematically defined as a weak isospin doublet,
with a neutral component ϕ0 and a charged one ϕ+. They are jointly expressed as a complex
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scalar field ϕ with 4 degrees of freedom

ϕ =

(
ϕ+

ϕ0

)
=

1

2

(
ϕ1 + iϕ2

ϕ3 + iϕ4

)
. (2.13)

This complex scalar field interacts with the electroweak gauge fields through the covariant deriva-
tives of Equation 2.10 as

LHiggs = (Dµϕ)
†(Dµϕ)− V (ϕ), (2.14)

where the first term describes the kinetic energy of the ϕ field and the second term is the Higgs
potential energy

V (ϕ) = −µ2ϕ†ϕ+ λ(ϕ†ϕ)2. (2.15)

The expression of this potential is constrained by the need for the theory to be renormalisable.
Two scalar constants govern the Higgs potential: µ and λ describing, respectively, the quadratic
and quartic interactions of the complex Higgs field ϕ. The former manifests the interaction with
the electroweak gauge bosons, while the latter introduces Higgs self-interactions. The minimum
of this potential corresponds to the vacuum state. The requirement that the vacuum be stable
demands λ > 0. For a positive µ2 > 0, a degenerate minimum is found at non-null field values
such that

ϕ†ϕ =
1

2
(ϕ21 + ϕ22 + ϕ23 + ϕ24) =

µ2

2λ
=
v2

2
(2.16)

introducing in the last equality the so-called vacuum expectation value v =
√

µ2

λ of the field
ϕ. The infinite degeneracy of the Higgs potential vacuum states underlines a special SU(2)

symmetry such that ϕ†ϕ = v2/2. Through spontaneous symmetry breaking, the BEH mechanism
crumbles this degeneracy into one single vacuum state, typically chosen by setting the components
ϕ1 = ϕ2 = ϕ4 = 0 and ϕ3 = v so that the vacuum expectation is simply

⟨0|ϕ|0⟩ = 1√
2

(
0

v

)
. (2.17)

The breaking of the symmetry enforces SU(2)L⊗U(1)Y → U(1)Q, preserving the electromagnetic
symmetry with the vacuum state correctly set as chargeless [36]. To model the full field dynamics
around the chosen vacuum state, the particular unitarity gauge [37] choice is adopted to absorb
unphysical Goldstone bosonic fields [38], simplifying the expansion to

ϕ(x) =
1√
2

(
0

v + h(x)

)
, (2.18)

where h is the neutral Higgs real scalar field. Introducing this expression into the Higgs La-
grangian of Equation 2.14 gives

LHiggs =
1

2
(∂µh)(∂

µh) +
µ2

2
(v + h)2 − λ

16
(v + h)4

+ v2
g2

4
(W+

µ W
µ−)(1 +

h

v
)2 + v2

g2 + g′2

8
(ZµZ

µ)(1 +
h

v
)2,

(2.19)
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where mass terms appear for the physical gauge fields W±
µ and Zµ in the last line, but not for Aµ

as required from observations that photons are massless. The masses of the gauge vector bosons
are

mW =
v

2
g, mZ =

v

2

√
g2 + g′2 (2.20)

or equivalently expressing the mass of the W boson in terms of the Z boson mass and weak
mixing angle θW

mW = mZ cos θW .

The Higgs field is massive with mass

mH =
√
2µ2.

The BEH mechanism elegantly assigns mass to the gauge vector bosons while leaving the photon
massless. It requires the addition of the scalar Higgs boson H as a massive spin-0 elementary
particle. Furthermore, the introduction of the Higgs field permits the expression of mass terms
for the fermions in the SM, as explained in Section 2.1.5 on Yukawa interactions.

2.1.4 Quantum Chromodynamics

The strong interaction is described by the theory of Quantum Chromodynamics (QCD) under-
pinned by an SU(3)C symmetry with a conserved quantum number called colour. The only
particles having a colour charge in the SM are quarks and the gauge mediators of the strong
interaction: the gluons g. There are three colour charges typically labelled red, blue, and green,
each coming with anticolour, e.g., red and antired. Quarks carry one such charge. Similarly to
the electroweak sector, the symmetry leads to a covariant derivative under the SU(3)C group of

Dµ = ∂µ + igs
λa
2
Ga

µ (2.21)

where the coupling constant gs of the strong interaction is often re-expressed as αs =
gs
4π , and the

generator of the SU(3)C group are built with the set of λa Gell-Mann matrices. The gauge fields
introduced here are the Ga

µ corresponding to the gluonic mediators of the strong field. Gluons
carry 2 colour charges, leading to the 8 Gell-Mann matrices λa and 8 gauge vector fields Ga

µ,
indexed by a. The generators of the SU(3)C group do not commute since

[λa, λb] = ifabcλc,

where fabc are the SU(3)C structure constants. The non-commutation of the SU(3)C generators
means the SU(3)C part of the SM is a non-Abelian group, and therefore a case of a Yang-Mills
theory with self-interacting gauge fields [31]. Gluonic strength tensors are built similarly to the
electromagnetic strength tensor as

Ga
µν = ∂µG

a
ν − ∂νGa

µ − gsfabcGb
µG

c
ν ,

with the structure constants generating self-interactions.
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The full QCD Lagrangian is

LQCD = −1

4
Ga

µνG
µν
a +

∑
f

ψ̄f (i��D −mf )ψf , (2.22)

where ψf are the six quarks fields, one per flavour f , transforming as an SU(3)C triplet with
one component per colour quantum number.

Like every coupling constant, αs varies with energy. At low energies, the interaction is so
strong that perturbative calculations break and the behaviour of colour confinement is observed:
any attempt to isolate a quark requires such a large amount of energy that a quark-antiquark pair
is spontaneously produced. The shear strength of this interaction explains its short propagation
distance despite the fact its gluonic mediators are massless. At higher energies, asymptotic free-
dom and perturbative calculations are possible thanks to the reduced coupling strength. This
typically requires higher-order corrections for the calculation to converge, with some terms, such
as quark self-energy loops, diverging to infinity. These so-called ultraviolet divergences are re-
moved by renormalising fields and parameters so that the infinities are absorbed away. This
correction requires two parameters to arbitrarily define the scale of the process: the renormal-
isation scale µR and factorisation scale µF [39]. The former is introduced to deal with the
ultraviolet divergences in the running of αs. The latter addresses the so-called infrared diver-
gences due to massless particles radiating further massless particles at low energies, and enters
the parton distribution and fragmentation functions introduced later in this chapter.

Quarks combine to form colourless aggregates of matter called hadrons, with either a di-quark
system combining a quark and an antiquark into a meson, or a tri-quark system forming a baryon
of which the proton p (uud, qp = +1) and the neutron n (udd, qn = 0) are prime examples. The
particles constituting the hadrons are called partons. The process leading to the neutralisation
of the colour charge of an asymptotically free quark is called hadronisation.

2.1.5 Yukawa Interactions

In the QCD Lagrangian of Equation 2.22, the introduction of mass terms for the quarks breaks
the gauge invariance of the theory under SU(2)L ⊗ U(1)Y , requiring mf = 0. The masses of
all fermions are instead included in the SM through Yukawa interactions between the Higgs and
fermionic fields [40]. These terms are expressed by the following Lagrangian

LYukawa = − 1√
2

∑
f

yf ψ̄f (v + h)ψf , (2.23)

where ψf are the fermionic fields and the fundamental Yukawa couplings yf =
√
2mf/v are

introduced as coupling strengths for each flavour of electrically charged fermion f . Picking the
v components in the sum in parentheses gives mass terms mf to the fermions, with the h terms
leading to Higgs-fermion interactions proportional to the fermion mass. The vacuum expectation
value plays the role of a general mass scale of the theory, with Yukawa couplings refining the
specific mass of each fermionic species.
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For the quark sector, a further correction is required as the weak interaction eigenstate basis
is different from the mass basis in which physical particles are detected. The transformation
from the mass eigenstates basis is specified by the complex unitary Cabibbo-Kobayashi-Maskawa
(CKM) matrix [32]

VCKM =


Vud Vus Vub

Vcd Vcs Vcb

Vtd Vts Vtb

 , (2.24)

where the probability of a transition p → q is given by the magnitude |Vpq|2 of the associated
element. Through this quark mixing matrix, weak-charged current interactions allow for flavour-
changing processes. The matrix is almost diagonal in magnitude, hence transitions between
quarks of the same generation are preferred: e.g., t→ b is favoured over t→ d.

2.2 Experimental Higgs Phenomenology

The experimental process to observe the Higgs bosons at the LHC is to collide two proton beams
head-on, as described in Chapter 3. Protons are composite particles and, at high energies, the
main hard-scattering interaction is between components of the protons called the partons. These
partons consist of the valence quarks (uud for a proton) but there are also contributions from sea
quarks, as well as gluons and photons, present within the hadron due to quantum fluctuations. In
a pp collision, two interacting partons a and b from each proton undergo the main event ab→ X,
with the activity from the rest of the protons assigned to the Underlying Event (UE). The cross
section for the global process pp→ X is expressed using the factorisation theorem [39] as

σpp→X =
∑
a,b

∫ 1

0
dxa

∫ 1

0
dxbfa(xa, µF )fb(xb, µF )

∫
dσab→X (xaPa, xbPb, µR, µF ) , (2.25)

where fi(xi, µF ) is the Parton Distribution Function (PDF) giving the probability for the parton
i to undergo a hard scattering with momentum pi = xiPi taken as a fraction xi of the proton mo-
mentum Pi, and µF is the previously introduced factorisation scale symbolising the dependency
of the PDF on the energy scale of the underlying process ab→ X. The interaction is effectively
factorised into two terms: the first picking up the interacting partons and their fraction of mo-
mentum and the second considering the main ab→ X event.

As introduced in the previous section, the Higgs H couples to particles proportionally to their
mass, which impacts the production and decay modes of the boson. The leading order production
modes of the Higgs boson are schematised in Figure 2.2. At the LHC, with the centre-of-mass
energy of

√
s = 13 TeV in Run 2 pp collisions and a Higgs boson mass mH = 125 GeV, the main

processes are, by decreasing cross section:

• Gluon-gluon fusion (ggF ): two partonic gluons fuse into a quark loop with a radiated Higgs
boson as pp → H. The quarks in the loop couple to the Higgs, hence the massive top
t-quarks are preferred, followed by bottom b-quarks. The cross section for this process is
σggF = 48.6± 2.4 pb [41]. This process is favoured thanks to the large contributions of gluons
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to the protonic PDFs at the energies considered.

• Vector boson fusion (V BF ): two off-shell vector bosons V (W or Z) radiated from partonic
quarks fuse to form a Higgs as pp→ qqH, with cross section σV BF = 3.77± 0.09 pb [41]. The
quarks leave the characteristic signature of a forward jets pair in the event.

• Associated production with a vector boson (V H): the Higgs boson is produced in association
with a vector boson V as pp → V H, with a cross section of σV H = 2.24± 0.14 pb [41]. This
process is studied in detail in Chapter 6, through an analysis of Higgs bosons decaying to pairs
of b- or c-quarks in this V H production mode. Experimentally, requiring leptonic decays of
the associated vector boson gives a clean event signature.

• Associated production with a quark pair (qq̄H): an open quark loop is produced from a pair
of partonic gluons, with a Higgs radiated as pp → qq̄H. The dominating contributions come
from the tt̄H associated production with cross section σV H = 0.51± 0.04 pb, followed by the
bb̄H [41].

Figure 2.2: The leading order Feynman diagrams for Higgs production at the LHC, from left
to right: gluon-gluon fusion, vector boson V fusion, vector boson associated production, and qq̄
associated production.

The cross section dependency of the Higgs boson production modes from proton-proton
collisions at

√
s = 13 TeV are represented in the left of Figure 2.3 as a function of the Higgs

boson mass mH . The total width of the SM Higgs boson with mH = 125 GeV is ΓH = 4 MeV,
implying a short lifetime of τH ∼ 10−22 s limiting direct measurements to the decay products.
The branching ratios at

√
s = 13 TeV are displayed on the right of Figure 2.3, with decays to

heavier particles favoured due to the proportionality of the Higgs coupling strength to the mass.
Decays to the massless gluons g and photons γ are possible thanks to intermediate quark loops,
similarly to ggF . Relative decay rates are quantified by their branching ratio BR as

BR(H → X) =
Γ(H → X)

ΓH
, (2.26)

where the total Higgs width ΓH is the sum of all partial decay width Γ(H → X), for all possible
X. The most likely Higgs decay mode is to a bb̄ pair (∼ 58%), followed by the decay to a WW

pair (∼ 21%). The cc̄ decay branching ratio is ∼ 2.9%.

The WW and ZZ decays can only be achieved via virtual off-shell Higgs bosons, reducing
their contributions despite their large mass. Fermionic decays are challenging to observe in
hadron colliders due to the large multi-jet background. The vector bosons and di-photon leptonic
decays benefit from advantageous experimental conditions, being easier to identify thanks to the
presence of leptons and suffering from less background contamination. For these reasons, the
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Figure 2.3: The Standard Model production cross sections from proton-proton collisions (left)
and decay branching ratio (right) of the Higgs boson as a function of mH at

√
s = 13 TeV [41].

Figure 2.4: Ratio of observed signal strengths to the SM predictions for different combinations
of Higgs boson production and decay modes [42]. Horizontal bars denote the 68% confidence
interval, with grey bands showing theory uncertainties on the SM cross section × branching ratio
predictions.

ATLAS and CMS Collaborations observed in 2012 a particle of mass mH = 125 GeV with the
properties of the Higgs boson by combining searches for H → γγ, H → ZZ → ℓ+ℓ−ℓ′+ℓ′−, and
H →W+W− → ℓ+ℓ−νν̄ [18, 19]. This paved the way for many additional Higgs measurements,
summarised in Figure 2.4. Decay modes to the electroweak gauge bosons and third-generation
fermions (t, b, τ) have all been observed, and the sensitivity to the second generation (µ) is
approaching evidence level. The observed Higgs boson is remarkably consistent with the SM
predictions [42].
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CHAPTER 3

The LHC & ATLAS Experiment

Modern particle physics explores the frontier of the technological reach of science. A remarkably
complex infrastructure was necessary to probe physics at the required scale to discover the Higgs
boson. The Centre Européen pour la Recherche Nucléaire (CERN) hosts the largest and most
powerful particle accelerator ever built: the Large Hadron Collider (LHC). It has held this title
since its construction concluded in 2008 [43], and ranks among the most intricate machines ever
created. Protons are accelerated to 99.9999991% of the speed of light in a giant 27 km-long
ring-shaped beamline, located 100 m below the surface of the French-Swiss border in the suburbs
of Geneva. Superconducting magnets cooled with liquid helium to 1.9 K steer this energetic
beam thanks to powerful magnetic fields of 8.33 Tesla. The beams, composed of bunches of
particles, collide at four precise interaction points where large detectors are built and operated by
dedicated collaborations: ATLAS [44], CMS [45], ALICE [46], and LHCb [47]. The first two are
multipurpose experiments with overlapping physics programs, while ALICE and LHCb respectively
study heavy-ion and heavy-flavour physics. This chapter describes the experimental setup of the
LHC and the ATLAS experiment, focusing on proton-proton collisions and introducing relevant
elements for the work presented in this thesis.

3.1 The Large Hadron Collider

The last machine in the complex multi-stage accelerator system of CERN depicted in Figure 3.1,
the Large Hadron Collider (LHC) is capable of frontally colliding proton or heavy ion beams
packed into bunches. The beams collide at four interaction points, where dedicated experiments
such as ATLAS measure the resulting physics signatures in large detectors designed for their
specific physics programmes. The life of a proton beam starts in a bottle of ionised hydrogen

15



333
Chapter 3: The LHC & ATLAS Experiment University of Oxford

(H−) gas, the contents of which are passed through a linear accelerator called linac 41 to
reach an energy of 160 MeV [48]. After stripping the ionised hydrogen atoms of their two
electrons to leave bare protons, the next acceleration stage happens in the Proton Synchrotron
Booster (booster), bringing the beam’s energy to 2 GeV [49]. The protons are then handed to
increasingly larger synchrotrons: the Proton Synchrotron (ps) to reach an energy of 26 GeV [50],
followed by the Super Proton Synchrotron (sps) to reach an energy of 450 GeV [51]. The beam
is finally injected into the LHC in two different beamlines circulating the proton in opposite
directions [52]. Superconducting dipole magnets generating an 8.33 T field steer the highly
energetic beams, while complex geometries of magnets, such as quadrupoles and sextupoles,
refine the bunch shape through focusing effects. Powerful radiofrequency cavities accelerate the
protons to their final energy of 6.5 TeV each, giving a total pp collision centre-of-mass energy of
√
s = 13 TeV in Run 2.

Figure 3.1: The complete accelerator complex of CERN for Run 3 [53].

The operation of the LHC is split into dedicated runs of data-taking separated by shutdowns
to maintain or upgrade the infrastructure. Key metrics about these runs from the point of view
of the ATLAS experiment are displayed in Table 3.1. Run 2 operated at a larger centre-of-mass
energy (

√
s) and higher average instantaneous luminosity (L) than Run 1.

1linac 2 before 2020.
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Year
√
s [TeV] ⟨µ⟩ Luminosity L [cm−2s−1]

∫
L [fb−1]

Run 1 2010 - 2012 7-8 18 0.8 × 1034 26.4

Run 2 2015 - 2018 13 34 1-2 × 1034 140.1

Run 3 2022 - 2025 13.6 50 2 × 1034 65

Table 3.1: Metrics on the accelerator performance of the LHC in the different runs of data taking.
The reported values correspond to those recorded by the ATLAS experiment [54–56]. Numbers
for the ongoing Run 3 are preliminary, with the integrated luminosity listed considering events
recorded until July 2023. The number of interactions per bunch crossing averaged over each run
is displayed as ⟨µ⟩.

The average instantaneous luminosity L measures the rate of data collection as

dN

dt
= L × σ, (3.1)

relating the event rate of a particular process to its cross section σ. The instantaneous luminosity
is a machine parameter: it depends on the design and the operation of the accelerator. It is
calculated from

L =
N1N2Nbf

4πσxσy
(3.2)

where N1 and N2 are the numbers of protons in each bunch, Nb the number of bunches, f is
the collider revolution frequency, and σx and σy are the geometrical extensions of the beam
density distribution in the x- and y-directions. The integrated luminosity

∫
L dt measures the

number of events collected over a certain period, often expressed in units of inverse barn b−1,
where 1 b = 10−28 m2. For Run 2, the total luminosity recorded by ATLAS corresponds to
140.1 ± 1.2 fb−1, with a small uncertainty of 0.83% [55] thanks to a complex measurement
involving luminosity-dedicated detectors such as LUCID-2 [57]. Figure 3.2 shows the cumulative
distribution of the integrated luminosity during Run 2, along with another important machine
parameter: the average number of interactions per bunch crossing ⟨µ⟩.

Figure 3.2: The cumulative integrated luminosity delivered, recorded, and useful for physics
(left), and the average luminosity-weighted pile-up distribution (right) during Run 2 at ATLAS
[58]. The luminosities listed correspond to an early calculation that was refined in Ref. [55].
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The main event during the collisions of two protons is the inelastic hard scattering, where
most of the energy transfer occurs. Other protons in the bunches can have softer interactions,
leading to background activity referred to as Pile-up (PU). Two types of pile-up are distinguished:
in-time PU when the soft interaction is from protons in the same bunch as those involved in the
hard scattering, and out-of-time PU if the protons are from bunch-crossings just before or after
the collision of interest. The LHC separates bunches by a 25 ns delay, corresponding to a machine
frequency of 40 MHz. To control the luminosity, the angle of attack of the beams is tweaked so
that their geometrical overlap, measured by σx and σy, at the point of impact is tunable. Having
more head-on collisions leads to a larger overlap and higher luminosity but comes at the price of
more PU.

3.2 The ATLAS Detector

The ATLAS Collaboration maintains and operates the eponymous cylindrically shaped multi-
layered detector, lying 100 m underground, with a length of 45 m and a diameter of 26 m [44],
as presented in Figure 3.3. The experiment is designed to probe a broad range of physical phe-
nomena. Aiming to be as hermetic as possible, the detector wraps around the interaction point,
with the barrel forming the central part of the cylinder and the endcaps closing the geometry
at its extremities. Essential requirements in the technical design had to be met to manage the
extreme event rate, requiring a fast response from radiation-hard sensors with state-of-the-art
readout electronics in combination with good spatial and temporal resolution to disentangle the
effect of pile-up.

Figure 3.3: Cut-away view of the ATLAS detector [59].
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The coordinate system adopted in ATLAS is described in Figure 3.4: the x-axis points to the
centre of the LHC ring, the y-axis points upwards, and the z-axis is in the longitudinal direction
along the beamline, anti-clockwise when viewed from above. The azimuthal angle ϕ is defined in
the transverse plane x− y, and the polar angle θ is measured upwards from the beam axis. The
transverse momentum pT of a particle is obtained from its momentum vector p = (px, py, pz), of
magnitude p, as pT = p sin θ =

√
p2x + p2y. This projection plays a crucial role, as the longitudinal

component pz is not fully resolvable due to the openings for the beamline and the interacting
partons carrying only a fraction of the original proton momenta. Therefore, only the transverse
momentum can be reliably measured. Since the partons are mostly longitudinally boosted, the
transverse momenta in an event are approximately balanced. The rapidity y of a particle is
expressed as

y =
1

2
ln

(
E + pz
E − pz

)
(3.3)

with E and pz the energy and longitudinal momentum of the particle. In the ultrarelativistic
limit, when p >> m, the rest mass is negligible, and E ≈ p. In this case, the rapidity y is well
approximated by the experimentally reconstructable pseudorapidity η:

η = − ln

(
tan

θ

2

)
. (3.4)

At high energies, ∆η becomes approximately invariant under Lorentz boosts along the z-axis.
The pseudorapidity is often combined with the azimuthal angular aperture ∆ϕ to define the
angular separation ∆R between two objects as

∆R =
√
∆ϕ2 +∆η2 =

√
∆(ϕ2 − ϕ1)2 +∆(η2 − η1)2. (3.5)

Figure 3.4: The ATLAS coordinate system [60].

As depicted in Figure 3.3, ATLAS is composed of many subdetectors measuring information
in the range |η| < 2.5, with some specialised subdetectors such as the calorimeters extending
further. An essential feature of the detector is its magnetic fields. In ATLAS, they are provided
by four superconducting magnets: the Central Solenoid, which generates a 2 T axial magnetic
field used by the central trackers, and a tangential magnetic field of about 1 T at the muon
detectors, achieved by the Barrel Toroid and the two Endcap Toroids. A q-charged particle of
momentum p is deflected by a magnetic field B due to the Lorentz force, leading to a relation
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between the radius of curvature R of the trajectory and the momentum p such that

p⊥ = 0.3 qBR [GeV/c], (3.6)

where p⊥ is the magnitude of the momentum perpendicular to the magnetic field B, and q is
expressed in the unit of proton charge. Therefore, the component of the momentum transverse
to the magnitude B can be inferred by measuring the curvature. Higher magnetic fields induce
larger curvature, simplifying the measurement of R and improving the resolution of p⊥.

The rest of this chapter reviews the different subdetectors of ATLAS and introduces some
common reconstruction methods that are relevant to the work presented in this thesis.

3.2.1 The Inner Detector Tracker

The detector placed closest to the beam crossing point is the Inner Detector (ID) [61]. This
tracker, covering the range |η| < 2.5 in a radius of 3 cm to 1 m, is designed to record localised
energy deposits called hits in silicon semiconductors or straw tubes from the passage of charged
particles. Subsequently, the trajectories or tracks of these particles can be reconstructed by
combining these signatures. The powerful 2 T magnetic field of the Central Solenoid enables this
detector to measure both the charge and the momentum of charged particles. The ID combines
three subsystems, represented in Figure 3.5.

Figure 3.5: The Inner Detector of ATLAS [59].

First, the high-granularity Pixel Detector covers the innermost region with three barrel and
three endcap layers, for a total of 80 million sensitive semiconductor pixels [61, 62]. During Run
2, an additional Insertable B-Layer (IBL) with 12 million pixels was added at a radius of 33
mm [63]. This detector gives robust and precise tracking performance and plays a major role
in flavour tagging, as described in Chapter 5. The pixel dimensions range from 50 × 400 µm2

in the Pixel Detector to 50 × 250 µm2 in the IBL, where the smaller dimension is used for
the Rϕ measurement. The geometrical position resolution delivered is of 10 µm (67 µm) in the
transverse Rϕ plane (z-direction) [64, 65].
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The Semiconductor Tracker (SCT) is the next detector, constructed by arranging pairs of
silicon microstrips layers into modules assembled into 4 concentric barrel layers and 9 disks in
each endcap [66, 67]. The resolution is of 17 µm in Rϕ and 580 µm in z [68].

The final system is the Transition Radiation Tracker (TRT), a gas-based straw-tube tracker
aiding track reconstruction by delivering numerous hits [69]. Approximately 300,000 drift tubes
of a 4 mm diameter filled with a mixture of argon and xenon are arranged along the beamline
in the barrel and radially in the endcaps. Each tube is fitted with a conducting wire at its
centre and the surface is electrically charged, so that the passage of a charged particle ionises the
gas leading to a measurable signal. Polyethylene is placed between the tubes to encourage the
emission of transition radiations from relativistic particles proportionally to their Lorentz boost
γ ∼ E/m. The TRT is used for both tracking and electron and pion identification, by recon-
structing the mass of the charged particles from the amount of γ-radiation. For tracking, the
position resolution is 130 µm in the Rϕ plane for the barrel and the zϕ plane for the endcaps [70].

Altogether, the track inverse transverse momentum resolution of the ATLAS ID is

σ(1/pT ) = 0.36⊕ 13

pT sin θ
TeV−1 (3.7)

where ⊕ denotes a sum in quadrature [44]. This corresponds to a relative error of about 0.01%
for a track with pT ∼ 500 MeV, and 4% at a pT ∼ 100 GeV.

3.2.2 Electronic and Hadronic Calorimeters

Covering the |η| < 4.9 region, calorimeters collect the energy of all interacting particles, neutral
and charged. The system is composed of an Electromagnetic Calorimeter (ECAL) and a Hadronic
Calorimeter (HCAL), both covering the |η| < 3.2 central region, and a forward calorimeter for
the 3.2 < |η| < 4.9 region [44], as displayed in Figure 3.6.

The ECAL is designed to collect the energy of electrons and photons and contributes to the
measurement of the energy of jets. The active material is Liquid Argon (LAr), with absorbing
plates of lead used as passive material to encourage bremsstrahlung, e→ eγ, and pair production
from photons, γ → e+e−. The ECAL has a depth of at least 22 X0, where the unit of radiation
length X0 tracks the distance for an electron to retain only 1/e of its original energy. The energy
resolution is parametrised into three terms representing the sampling term, the electric noise,
and a constant contribution for miscalibrations, summed in quadrature as [71]

σECAL
E (E)

E
=

10%√
E
⊕ 0.17[GeV]

E
⊕ 0.7%, (3.8)

giving an energy resolution between ∼0.5% for 10 GeV electrons, and ∼ 0.6% for 60 GeV photons.

The HCAL is designed to capture the energy of hadronic showers, with LAr as active material
for the endcap and forward calorimeters and scintillating plastic tiles for the barrel. As passive
material, the endcaps use copper plates, the forward calorimeters use copper and tungsten, and
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Figure 3.6: The calorimeter systems of ATLAS [59].

the tile calorimeter in the barrel uses steel. The depth of the hadronic calorimeter is approx-
imately 10λ, where λ is the nuclear interaction length tracking the average distance before a
hadron interacts with a nucleus. The calorimeters collect the majority of the energy of hadrons,
with an HCAL resolution expressed as [71]

σHCAL
E (E)

E
=

52.9%√
E
⊕ 5.7%. (3.9)

This translates into a resolution of ∼17% (∼6%) at energies of ∼10 GeV (∼100 GeV).

3.2.3 Muon Detection Systems

Muons require dedicated detection systems to be efficiently and precisely reconstructed. While
they leave good tracks in the ID, muons do not leave much energy in the calorimeters due to their
high mass suppressing bremsstrahlung radiations. For this reason, the outermost subdetectors
of ATLAS are specially designed to be sensitive to muons. The Muon Spectrometer (MS), shown
in Figure 3.7, is a dedicated muon tracking system that also provides an effective triggering
hardware, as described later in this chapter. The muon tracker is composed of drift tubes
split between the barrel region for |η| < 1.2 and the endcaps 1.2 < |η| < 2.7, with cathode
strip chambers in the inner layers of the endcaps. The trigger system relies on resistive plate
chambers in the barrel and thin gap chambers in the endcaps. To improve momentum and
charge measurements from the reconstructed tracks, powerful superconducting toroidal magnets
are used to deflect muons in the MS. The resolution on pT is measured to be of ∼ 2.3% (2.9%)
for muons from Z decays in the central (forward) region [72].
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Figure 3.7: The muon detectors of ATLAS [59].

3.3 Operation and Reconstruction with the ATLAS Detector

For physics-quality data taking, the different subdetectors of ATLAS must be performing ac-
cording to specifications. In operation, the event rate produced by the LHC in the heart of the
ATLAS detector is 40 MHz, due to the 25 ns bunch-crossing. This unfortunately leads to a data
generation rate that is too high for the computing resources available, requiring the Collabora-
tion to design specific approaches to reduce the rate to a manageable level [73]. This is the task
of the trigger system, which is described in this section. Events that pass the trigger thresholds
are stored and must be further analysed to reconstruct the physics processes from the low-level
measurements performed by the different subdetectors: this is the task of reconstruction, the last
subject described in this chapter for object types relevant to the presented work. This latter step
is performed thanks to the extensive ATLAS software [74, 75], exploiting the specific signatures
of the different detected particles as schematised in Figure 3.8.

3.3.1 Trigger System

The ATLAS trigger system relies on a hierarchical approach to progressively reduce the data
rate and select events deemed interesting for physics. Firstly, the Level-1 (L1) trigger is built on
fast electronic hardware accessing coarse information to reduce the rate to 100 kHz in ∼ 2.5 µs.
This is followed by the High-Level Trigger (HLT) that runs on a farm of 40,000 Core Processing
Units (CPUs) to implement a finer software-based selection, bringing the rate down to 1.2 kHz
or 1.2 GB/s, suitable for data storage [77]. In this process, increasingly complex information
is accessed by dedicated readout and measurement systems. Some commonly used triggers are
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Figure 3.8: Schematics of different particles signatures in the ATLAS detector [76].

based on signatures of electrons, muons, missing transverse energy, and b-jets. Different trigger
menus are designed by the Collaboration, with dedicated data-taking periods for each setup.
Analyses can then select data collected with the optimal trigger stream for the specific signatures
sought.

3.3.2 Low-Level Signatures: Tracks, Vertices, and Clusters

Low-level signatures are used in higher-level reconstruction processes to identify physics objects,
such as electrons and jets. Three types are described here: the trajectory of charged particles
called tracks, the construction of vertices, and the formation of calorimeter clusters.

Tracks are the reconstructed trajectories of charged particles through the detector from the
collected localised energy deposits called hits. A hole is a missing hit in a sensitive detector
element when one is expected based on the reconstructed track trajectory. With denser pile-up
activity, the number of hits in a single event becomes significant, making track reconstruction
a computationally challenging problem [78, 79]. The trajectories are curved due to the previ-
ously described superconducting magnets. From a set of hits, tracks are fitted inside-out [79]:
clusters of three hits in the Pixel or SCT detectors are first identified as seeds, with additional
hits associated by a combinatorial Kalman Filter [80] based on compatibility criteria with the
initial track. Hits can initially be shared by several tracks, with the ambiguity resolved later
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when the reconstructed tracks are ranked by quality and χ2 fits are performed to quantify the
best possible association while favouring high pT tracks. The process is then extended to the
TRT from the outside-in, and followed by additional quality criteria such as requiring tracks to
have a pT > 500 MeV in |η| < 2.5, a minimum of 7 hits in the Pixel and SCT, at most one
hole, and at most two shared hits. Tracks are parameterised by the longitudinal (along z) and
transverse (in the x− y plane) Impact Parameters (IPs), respectively z0 and d0, measuring the
distance from the Primary Vertex (PV) to the point of closest approach of the track (the perigee).

If a reconstructed charged particle is produced in the hard scattering event, its trajectory
leads back to a location called the Primary Vertex (PV) [81], where the pp interaction occurs.
If the particle is produced in a subsequent decay, the point of emission can sometimes be distin-
guished and is labelled Secondary Vertex (SV) [82]. Reconstructing the vertices is crucial for the
physics programme of the Collaboration. The primary vertex is identified from a seed vertex first
from the set of all well-reconstructed tracks [83]. The vertex position is then iteratively refined
by removing tracks incompatible with the reconstructed vertex and refitting until quality criteria
are met. Discarded tracks are then used to identify secondary and tertiary vertices. The primary
vertex is the one with the highest sum of squares of contributing track transverse momenta pT .

In the ATLAS calorimeters, clusters are identified by grouping cells with energy deposits
matching specific criteria, using either the sliding window or topocluster algorithms [84]. The
former generates fixed-size rectangular clusters by translating a window to maximize the trans-
verse energy ET measured. The latter clusters neighbouring cells based on a signal-to-noise
criterion. As the sliding window method is easier to calibrate, it is used in electron, photon, and
hadronic-τ reconstruction. Topoclusters are robust against noise and are therefore used for jet
and missing transverse energy reconstruction.

3.3.3 Electrons

Electrons leave signatures in the ID and the ECAL. In the central region |η| < 2.5, electrons are
identified and reconstructed with both subdetectors. The forward region 2.5 < |η| < 4.9 is only
covered by the calorimeters, and the shape of the shower is used to identify electrons. Here, only
centrally produced prompt electron reconstruction is described, where non-prompt electrons are
not produced from the main physics process but through subsequent decays or interactions with
the detector itself.

Since photons, pions, and jets can be mistaken for electrons, identification and isolation
criteria must be implemented to provide high-purity electron candidates for analyses. The re-
construction relies on calorimeter clusters and track information. Tracks are matched to clusters
with the expected energy loss taken into consideration. The track is extrapolated to ensure com-
patibility with the cluster barycentre, and the process is run again with more stringent conditions
after refitting the matched tracks. A prompt electron is required to have a track matched to the
PV. The absence of precision hits or a matched track leads to considering the calorimeter clusters
as a photon deposit. Photons can however be mistaken as electrons due to the photon-conversion
process, where γ → e+e−. Converted photons are allowed hits in the outer layers of the ID.
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To further distinguish prompt electrons from non-prompt electrons and photons, a likelihood-
based identification algorithm built on a Multivariate Analysis (MVA) discriminant is deployed
[85]. Features exploited include the number of hits in each tracker layer, the track IPs, and some
calorimeter cluster parameters. Several operating points that are progressively more selective
are defined on the MVA discriminant, from Very Loose, Loose, Medium, to Tight. Prompt
electron candidates are required to be isolated from other tracks and energy deposits, with specific
isolation criteria that are either ID- or calorimeter-based. In the former case, the sum of tracks
pT in a ∆R cone around the electron is used, while the latter analyses the sum of calorimeter
energy deposits in a cone around the electron cluster. As further described in Chapter 6.7, the
efficiencies of the electron reconstruction, including identification and isolation, are estimated by
comparing the measured and simulated measurements of the Z → e+e− and J/ψ → e+e−.

3.3.4 Muons

The MS is the main detector to identify muons, with other subdetectors such as the ID used
to reconstruct the properties of these leptons. Muons also leave some energy deposits in the
calorimeters. The signatures in the different subdetectors are combined to reconstruct muon
candidates. In the MS, tracks are constructed from a fit of the successive hits in the different
chambers. Combined muons are defined by matching a track in the MS to a track in the ID,
with additional information from the calorimeters.

Prompt muons are separated from background-produced muons (such as in the decay of a b-
hadron) by specific criteria targeting discrepancies in the pT between the MS and ID. Increasingly
selective operating points are defined to identify muons as Loose, Medium, Tight, and High-pT .
Isolation requirements are applied similarly to the electron case, either track- or calorimeter-
based, in a ∆R cone around the candidate muons. The calibration of muons is performed
similarly to the electrons, on Z → µ+µ− and J/ψ → µ+µ− samples.

3.3.5 Jets

Quarks and gluons are the most commonly produced particles in a hadron collider. As described
in Chapter 2, these particles carry colour charges and therefore undergo hadronisation when
produced to neutralise their free colour. This complex phenomenological process leaves a unique
signature in the detector: a spray of particles emitted within the original parton direction called
a jet. Electrically charged and neutral particles are contained within jets, with most of the energy
deposited in the hadron calorimeters. These aggregated objects are constructed by applying a
clustering algorithm on tracks and/or calorimeter clusters, depending on the jet definition.

The most notorious clustering method is the anti-kT algorithm, thanks to the robustness of
the defined jets to collinear splitting and additional soft emissions [86]. The algorithm starts by
considering high-momentum objects, after which softer objects are considered and potentially
added to grow the jets or start a new jet. Two objects are considered at a specific step of the
algorithm: the seed object i, either the highest momentum object or the jet in construction, and
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the currently unassigned highest transverse momentum object j. Two distances are evaluated
when considering whether to cluster these objects

dij = min

(
1

k2T i

,
1

k2Tj

)
∆R2

ij

R2
and diB =

1

k2T i

. (3.10)

The first distance, dij , combines the angular aperture ∆Rij =
√
(ηi − ηj)2 + (ϕi − ϕj)2 between

i and j with the transverse momentum kT of the two objects and a fixed radius parameter R.
This distance defines a radius limiting the size of the jet cone. It is compared to the second
distance, diB, assessing the size of the already formed jet i. If dij < diB, j is clustered with i

into a larger jet i, otherwise i is identified as a jet and removed from consideration. The algo-
rithm proceeds after updating the distances until all constituents are assigned. Typical radii for
ATLAS are R = 0.4 and R = 1.0, defining respectively small-R and large-R jets. The former is
commonly used for quark and gluon jets, while the latter is employed to identify heavy object
decay, such as W or Higgs bosons.

Jets can be constructed from tracks, calorimeter clusters, or both. In ATLAS, several types
of jets are deployed. The following types are all reconstructed with the anti-kT algorithm but
clustering different objects:

• PFlow jets combine particle-flow objects [87] with a radius R = 0.4. These objects combine
tracking information from the ID with the calorimeter clusters, leading to a better energy
resolution at low pT and lower pile-up contamination after calibration [88].

• EMTopo jets are constructed from denoised topological calorimeter clusters called topoclusters,
based on the per-cell energy significance Scell = Ecell/σcell, where Ecell is the energy and σcell

the expected noise level in the cell [89]. The topoclusters are then used with the anti-kT
method with a small (0.4) or large (1.0) radius.

• Large-R jets are built from topological calorimeter clusters with a radius R = 1.0. These
jets are trimmed to remove the contributions from soft contamination, which is mainly due to
pile-up and underlying event activity, leading to an improved mass resolution [90].

• Track-jets or Variable Radius (VR) jets are constructed with a variable radius depending on
the jet pT , such that the wide cone used at low pT (R ∼ 0.4) becomes narrower at high pT

(R ∼ 0.02). They are typically identified as sub-jets of a large-R jet, to give access to the
single-jet flavour tagging techniques described in Chapter 5.

PFlow and VR jets are used to train the algorithms of Chapter 5, while large-R, and track-
jets are used in the analysis of Chapter 6. Jets are assigned a flavour based on the presence
of an original parton within a ∆R = 0.3 cone around the jet axis. Experimentally, the flavour
is often determined based on the hadrons found within the jet, as described in detail in Chapter 5.

27



333
Chapter 3: The LHC & ATLAS Experiment University of Oxford

Jets benefit from an extensive calibration to correct their reconstructed properties such as
the mass, the energy, and the jet axis. In particular, corrections to account for PU activity and
out-of-cone emissions and deposits are considered. Detector effects are also taken into account,
such as differences between the electromagnetic and hadronic calorimeters and leakage out of the
active regions. The Jet Energy Scale (JES) calibration implements these corrections in successive
steps [91]:

• Origin: the jet axis, initially constructed from the centre of ATLAS, is corrected to point from
the PV, and the reconstructed pT is updated.

• Pile-up: both in-time and out-of-time pile-up leave additional energy deposits in the calorime-
ters. This is subtracted from the jet, first from an overall estimation based on the average PU
and then from the actual number of interactions and vertices in the event.

• Absolute: absolute energy corrections dependent on the energy E and η are derived to match
the data energy scale to the particle-level energy scale with dedicated simulation samples.

• Eta inter-calibration: the detector is not homogeneous and the forward region measurements
(|η| > 1.4) are typically less accurate. Corrections are applied to forward jets based on central
jets (|η| < 1.4).

• Global sequential calibration: energy leakage in the calorimeters is accounted for with a set
of momentum corrections based on five different observables representing the jets shape and
energy.

• In-situ calibration: corrects any potential differences due to an incorrect description of the
detector in the simulations by performing a fit to data in the dedicated measurement of a well-
reconstructed object. Events from the following processes are used at increasing pT scales:
Z+jet events with the leptonic Z decays, γ+jet, and QCD multi-jet events.

The JES is parametrised by pT , and uncertainties are derived for analyses to include in their
modelling. The Jet Energy Resolution (JER) is then defined as σpT /pT , and also calibrated with
uncertainties derived from a fit to di-jet events [91]. Despite the JES correction procedure, PU
jets can still be significant and a Jet Vertex Tagger (JVT) is used to reject this background [92].
This implements a 2D likelihood method built from track variables. From this discriminant,
different selection criteria are derived as operating points with specific PU jet rejections.

3.3.6 Taus

Taus are the heaviest generation of charged lepton, with a mass of 1.8 GeV slightly higher than
that of c-quarks [32]. Their lifetime is so short that they mostly decay within the beampipe.
They leptonically decay 35% of the time to neutrinos and an e or a µ, hence their hadronic
decays are more frequent. The leptonic decays are hard to disentangle from prompt electrons
and muons. Hadronic decays however leave a discernible signature reconstructed as a small-R
jet identified by a Recurrent Neural Network (RNN), to disentangle them from PU and QCD
jets [93]. Different operating points are derived at specific efficiencies.
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3.3.7 Missing Transverse Energy

Some physics objects do not leave a signature in the detector, such as neutrinos. Their presence
is not directly detectable but can be inferred thanks to the negligible initial pT of the two
interacting partons. Requiring the transverse energy Emiss

T and momentum to be balanced, the
missing transverse energy is calculated as the negative vectorial sum of the transverse momenta
of objects, as

Emiss
T = −

∑
hard

pT −
∑
soft

pT , (3.11)

where the sum is decomposed into a hard term encompassing all high-level physics objects and a
soft term including good-quality ID tracks associated with the primary vertex but not matched to
a high-level physics object [94]. The performance of the reconstruction is measured by comparing
simulations to data, with scale and resolution derived with uncertainties to be used by physics
analyses.
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CHAPTER 4

Machine Learning & Deep Learning

This chapter is dedicated to a review of relevant machine learning and deep learning methods
in the context of High Energy Physics. As for other fields of science and technology, the recent
advancements in artificial intelligence have introduced a plethora of useful techniques that can
be leveraged in particle physics. Before starting the review, the often confounded terminology
is defined. It is followed by an overview of the most commonly deployed approaches in particle
physics: decision trees and deep neural networks. A final word on optimisation techniques is
given at the conclusion of this chapter.

4.1 Definitions

4.1.1 Artificial Intelligence

Artificial Intelligence (AI) encapsulates any software program that aims to mimic an aspect of
human intelligence. A non-exhaustive list of these abilities includes:

• Reasoning, the ability to conduct logical thoughts and establish their validity.

• Inferring, the ability to connect logical statements to induce or deduce new statements.

• Creating, the ability to generate new content or information.

• Acting, the ability to perform a task or to modify the direct environment.

AI research is a large field of investigation that studies these various aspects through numer-
ous subjects such as robotics, Natural Language Processing (NLP), computer vision, generative
modelling, and Reinforcement Learning (RL) [95].
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Artificial intelligence is broadly separated into three levels according to the performance of
the underlying system:

1. Narrow Intelligence represents artificial intelligence capabilities on a unique task, for which
the software is specifically trained or designed. This field includes reactive AI, where a
model is trained to output an optimal decision or prediction based on current conditions
only, and limited-memory AI, where a model can draw knowledge from past experience and
build an internal understanding of the problem to make better-informed decisions later.
An example of the former is the IBM chess player Deep Blue [96], while the latter is today
most famously demonstrated by OpenAI’s GPT-4 model [97].

2. General Intelligence refers to an artificial intelligence capable of matching human problem-
solving skills in multiple environments. In particular, this hypothetical setting requires
machines to learn new tasks on their own and extrapolate from pre-acquired knowledge,
a process referred to as transfer learning. Such a model would have the ability to adopt
and combine several of the traits of intelligence and to generalise the automated learning
process to any task.

3. Super Intelligence: describes a hypothetical type of intelligence able to exceed human
abilities and exhibit independent control of thoughts.

Of these, currently, only the first type is attainable and routinely deployed, while the second one
is the focus of the most ambitious research in the field of AI.

The inception of reactive AI, the initial approach attempted, comes from the research into
games in the 50s and 60s [95]. This paradigm saw the rise of algorithms capable of searching
for optimal moves in a large space of possible actions using heuristics, human-passed knowledge
on useful features of the specific environment of the game. For example, in chess, the point
system assigning arbitrary values to each piece helps to decide the worthiness of an action, e.g.,
a queen is typically worth more than a simple pion. In this reactive approach, neither the rules
of the game nor the decision process are learnt. The former is forced into the search logic and
the latter is the outcome of the search process. State space exploration of many realistic prob-
lems however scales asymptotically with the dimension of the input, quickly rendering reactive
approaches impractical. Combined with the need for human-encoded insights into the problem,
the potential of reactive AI is restricted to specific well-controlled settings with a high degree of
human understanding and low environment complexity.

Limited-memory AI revolutionised the field by removing the need for complete human control
of the data interpretation and state formulation, letting instead a well-crafted mathematical
model abstract and represent the information internally [95]. It opens the door to applications
that are not otherwise realistically tractable, such as autonomous driving, speech recognition,
seamless robotics, etc. For such problems, a complete programmatic transcription of the problem
formulation is not feasible, which prohibits a reactive approach. The revolutionary paradigm of
limited-memory AI nowadays outperforms reactive AI in all settings (e.g., in chess) and can be
exploited in abstract scenarios where heuristics finding is impractical or intractable. For this
reason, the focus of this chapter is on limited-memory AI as exemplified by machine learning.
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4.1.2 Machine Learning

Machine Learning (ML) underpins the field of narrow AI with limited-memory capabilities. It
introduced a paradigm shift to the field, moving away from human-declared logic-based rules
written in a specific syntax, the hallmark of reactive AI. The latter involves the execution of
statements such as

If x happens, do y ,

for an input x and an output y. With limited-memory AI, the state representation and decision
steps are encoded in the mathematical models of the data space (D) and the learning process:

∀x ∈ D, do f(x) = ŷ; update f(x) given (x, y),

where ŷ is the prediction of the model. In this case, both the internal representation of the rules
and the decision-making are underpinned by the trained mathematical model f . Essentially, two
distinct steps are applied to the model constructed with adjustable parameters:

1. Inferring: the model has to give its prediction ŷ on a new data point x: f(x) = ŷ.

2. Learning: the parameters of the model are updated based on a specific training or fitting
procedure, depending on whether the training will be progressively exposed to the data
points of a training dataset or directly exposed to the entirety of the set. The objective
is to align the output of the model ŷ with the expected behaviour y: given the couple
(x, y), let f(x) = ŷ → y under training convergence. The model f is trained to become an
accurate estimator of the label y.

The training process closely depends on the type of model being deployed. These can be broadly
separated into two groups:

• Classical machine learning: covers models deploying specific algorithms to exploit the data
in a pre-defined and fixed approach. They include linear regression, decision trees, Support
Vector Machine (SVM), logistic regression, kernel methods, k-Nearest Neighbours, etc.

• Deep Learning (DL): these methods are based on a core logical module called the artificial
neuron. This module is stacked into layers of given widths, meaning a given number of
neurons, and several such layers are then connected along its depth. Within this category,
the information flow through the network defines different types of DL.

Deep learning is thus very much a part of machine learning, constituting a specialised approach
to building models from the core artificial neuron unit. Classical machine learning techniques
prove valuable in many applications thanks to their ease of use and their ability to be trained
when data is scarce. ML can be deployed on various tasks:

• Classification: assigning a discrete variable called label to a data point: e.g., identifying
b-jets. The general case is multiclass, with n possible labels, and a particularly common
case is binary classification. Clustering is an analogous task where similar data must be
grouped.

• Regression: predicting a continuous variable for a data point: e.g., pT reconstruction.
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• Features extraction: given a dataset with specific internal features, construct new features,
e.g., reconstructing the secondary vertex from a set of tracks. A special subcase of this
category is embedding data points into a hyperspace. The dimension of this final space
can be larger, when embedding the data into a richer space, or smaller, in the case of
dimensionality reduction. A popular example of the latter is Principal Component Analysis
(PCA), which projects the data to a subspace spanned by its principal eigenvectors, those
associated with the largest eigenvalues.

• Generation: sampling new data from a distribution matching the training dataset distri-
bution, e.g., sampling new tt̄ events from a learnt statistical model.

• Anomaly detection: identify and flag rare events in an unlabelled dataset.

To perform these different tasks, models are constructed following different paradigms of ML,
divided according to the amount of human intervention [98]:

• Supervised learning: the data used for training is endowed with the information the model
must learn to predict. In the training step, the model is therefore optimised to make
predictions that closely align with the target. Classification and regression are the most
common tasks to fall under this realm.

• Unsupervised learning: the model is trained with an objective to optimise without explicit
targets and should discover patterns and insights without guidance. Generative models
and clustering are prime examples.

• Semi-supervised learning: also called weak supervision, is a paradigm combining the su-
pervised and unsupervised approaches. The model is mostly unsupervised but can benefit
from some labelled cases, or human input in active learning. A prime example is to com-
bine an unsupervised clustering task with a classification of the formed groups. This is
particularly fruitful when data labelling costs are expensive, as is the case with real-world
data.

• Self-supervised learning: a machine instructs itself on what tasks to learn. The overarching
goal of the model is defined but the learning process generates its own supervisory signals
from the data.

• Reinforcement learning: this paradigm of ML is dedicated to the setting of a game-theoretic
environment. An agent - an actor of the game - explores and interacts with the environment
by choosing actions from a learnable policy and estimates its current situation and expected
reward. In reinforcement learning, the agent must learn to construct the best policy to
satisfy a reward function and obtain the best outcome.

These different settings are addressed using deep learning, which is widely recognised as the
most effective technique currently available, thanks to its ability to scale in complexity while
remaining computationally tractable.
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4.1.3 Deep Learning

Deep Learning (DL) specifically refers to family of ML methods that were predominantly derived
in the 1980s and have quickly grown in popularity in the last decade, with widely advertised
results on competitive benchmark tasks in pattern recognition, such as the super-human perfor-
mance of the DanNet model [99] based on Convolutional Neural Networks (CNNs) [100]. The
basis of any deep learning method is the artificial neuron, a logical unit inspired by the human
neuron. Several such units are combined into layers of any number of neurons defining the width
of the layer, and the layers are stacked, with deeper layers receiving as input the output of earlier
layers. Different DL models are constructed by modifying the structure of the layers - in partic-
ular, the input, output, and activation function used - and the transfer of information between
neurons, be that depth-wise between layers or width-wise between neurons.

Deep learning is well-suited to the needs of the ATLAS Collaboration because:

• Large datasets of both real and simulated data are available.

• Thanks to advanced Monte Carlo (MC) simulation programs of both the physics process
and the detector reconstruction, these simulations are faithful representations of the real
data.

• The data and data model from which the data originates is well understood in physics,
the former coming from measurements from well-calibrated detectors and the second from
crafted theories of the field.

• The data exhibits rich features due to the different collection patterns of various detectors
and the different scales of the underlying physics processes. The available representations
span images, sequences, sets, and graphs, aligning with the main data representations
studied by the deep learning community.

Given how important this form of AI has become, this chapter is dedicated to introducing some
of the most relevant approaches for High Energy Physics (HEP).

4.2 Machine Learning Methods for Particle Physics

A typical HEP analysis can be described as a five steps process:

1. Data collection: real data is collected from a detector.

2. Simulated data is generated to match the condition of collection of the real data in terms
of detector effects and operational conditions such as energy, PU, and luminosity. This
simulated data is built upon our best theoretical knowledge.

3. The detectors deployed in modern particle physics experiments are composed of a complex
set of subdetectors sensitive to different physical phenomena. The low-level information
collected by different devices must be processed and recombined to generate physics objects,
aggregating low-level information to hold physical meaning, as introduced in Chapter 3.
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4. An analysis strategy is established, to similarly restrict the full datasets of both simulated
and real data to a portion of the data that is most sensitive to the studied signal or process.

5. With the optimally selected set of real and simulated data points, a statistical model is
built to quantify the agreement of the measured data with the expectations from the theory
under the conditions of the experiment. This is often achieved through a profile likelihood
fit, where the parameters of interest targeted by the analysis are measured to be those
maximising the likelihood under the given measured data.

Modern advanced machine learning has the potential to improve all steps of this process:

1. The operational side of running the detector and the accelerators can benefit from RL
methods for improved control of the different electronic devices and online data qual-
ity monitoring. Triggers, an essential component of the ATLAS experiment described in
Chapter 3.3.1, can be upgraded to use sophisticated DL models running online thanks
to a hardware backbone built on Field-Programmable Gate Arrays (FPGAs) or Graphics
Processing Units (GPUs).

2. Simulating a Monte Carlo dataset is a computationally intensive task. Generative AI has
the potential to accelerate this step by providing a statistical model that can be efficiently
sampled. Generative Adversarial Network (GAN) and Variational Auto-Encoder (VAE)
have been shown to competitively perform the sampling step. However, a key current
limitation of these approaches is the difficulty in fully incorporating the sophisticated the-
oretical model required to simulate the data, as any discrepancy or non-closure introduces
levels of disagreements that are counter-productive in the final physics analysis.

3. ML is particularly well-suited for object reconstruction. Broadly, machine learning offers
scalable, efficient, and accurate techniques for this essential task. Important examples in
ATLAS are particle identification (e.g., τ identification), Emiss

T reconstruction, and heavy-
flavour jets classification, as demonstrated in Chapter 5.

4. Historically, physicists have relied on a cut-based approach to selecting data. For example,
in a leptonically decaying Z boson measurement to two charged leptons ℓ+ℓ−, restricting the
invariant mass of the lepton pair mℓ+ℓ− to lie close to the Z boson rest mass is beneficial
to select this process. Machine learning entirely bypasses this process, learning directly
from an appropriate set of signal and background samples to optimise the separation of
the signal from the background.

5. The likelihood function of the constructed statistical test, quantifying the level of agreement
between the real data and the theory through the simulated sample, can be directly learnt
by a model given access to both sets. Additionally, anomaly detection, such as the search
for unknown resonances, can be automated with unsupervised machine learning.

Contributing to step 3 in the aforementioned list is of the main focus of Chapter 5 of this
thesis: developing DL tools for improved jet classification. The analysis presented in Chapter 6
also introduces some classical ML techniques of data selection as suggested in step 4.
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4.2.1 Decision Trees

Decision Trees (DTs), also known as Classification and Regression Trees (CART), are the bread
and butter of any data analysis. They are simple to train, perform well for both classification
and regression tasks, and are interpretable. The model works by recursively partitioning the
input feature space [98]. Each partition creates a node, forming a tree structure. The initial
node, called the root, is sequentially split into branches, with each branch leading to a leaf node
representing a final output region. The splits are based on the features of the input data, which
can be either discrete categorical values (e.g., lepton labels such as e, µ, τ) or continuous values
(e.g., mℓ+ℓ−). Here is a simple example of a classification tree that predicts the class as either
0 or 1:

xi ≤ ci

True
xj ≥ cj

True

1

False

0

False
xk ≤ ck

True

0

False
xl is cl

True

0

False

1
At each node, a condition is learned with xi, xj , xk representing continuous features of the

dataset that are cut at the thresholds ci, cj , ck, and cl representing a categorical feature (e.g.,
whether the lepton is an electron). The leaf values represent the output of the tree in different
regions defined by the combination of successive selections. In this example, a binary variable
indicating the class is used. Figure 4.1 shows an example of a classification tree, where a tree
with two nodes can isolate most of the blue class from the red class within the region limited by
the green lines, which correspond to the conditions x1 ≥ c2 and x2 ≥ c2 being satisfied.

Figure 4.1: A binary classification
problem with two features. A de-
cision tree applies two successive
cuts c1 and c2 to isolate most of
the blue class from the red.
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In terms of complexity, finding the optimal set of partitions for a dataset is an NP-complete
problem, making it intractable for large datasets. Instead, a greedy method is adopted to build
a tree, using a heuristic approach to find a satisfactory solution [98]. A common approach is to
choose the most optimal step at each stage, without guaranteeing a global optimum, but rather
a local one. The chosen split is selected based on a defined cost function, given by

(j∗, t∗) = arg min
j∈{1,...,D}, t∈Tj

(cost({xi, yi : xij ≤ t}) + cost({xi, yi : xj > t})) , (4.1)

where Tj is the set of possible thresholds, and xj and yj are the features and labels (or regressive
objectives). The cost function depends on the objective of the tree, with the regression case
typically using the Mean Squarred Error (MSE) error function

cost(D) =
1

|D|
∑
i∈D

(yi − ȳ)2,

and the loss is often one of the following for classification [98]:

• Misclassification rate: 1
|D|
∑

i∈D I(yi ̸= ŷ), where D is the data in the leaf of the tree and
I is the indicator function, defined as I(x) = 1 if x is True, else 0.

• Statistical entropy: defining the class conditional probability as πc = 1
|D|
∑

i∈D I(yi ̸= c),
the entropy over the C classes is defined as

H(π) = −
C∑
c=1

πc log πc, (4.2)

with π a vector (π1, π2, ..., πC) of the class-condition probabilities.

• Information Gain: an equivalent formulation to the entropy, measuring the gain in infor-
mation from the change in entropy induced by adding a selection on feature Xj to the
current selection

Gain(Xj < t, Y ) = H(Y )−H(Y |Xj < t)

• Gini: computes and minimises the expected error rate:

C∑
c=1

πc(1− πc). (4.3)

The pseudocode algorithm to train a DT with the update rule of Equation 4.1 is summarised
in Algorithm 1 of Appendix A.

DTs can overfit a dataset when the model tunes itself to specific features of the training set
that do not generalise well. Regularisation serves as an important step to prevent this undesirable
behaviour. One approach is to interrupt the growth of the tree when it is no longer beneficial
to continue, or to prune the tree by removing nodes or branches that contribute little to the
overall performance. This helps prevent the tree from becoming too complex and overfitting the
data. Another technique is to train multiple trees with different random subsets of the data and
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aggregate the results into a single prediction. By averaging the predictions of multiple trees, the
overall performance can be more reliable and less prone to overfitting. For regression tasks, the
predictions of the individual trees are averaged, while for classification tasks, the predicted class
can be determined by majority voting. This statistical technique of combining different predictors
is referred to as bagging or ensembling. The different predictors can be built on subsets of the
input features and training data points, thereby forming a random forest [95]. Random forests
are a popular ensemble method that combines the strengths of multiple decision trees to create a
more robust and accurate model. They are widely used in various machine learning applications
and have proven to be effective in reducing overfitting and improving generalisation performance.

4.2.2 Boosted Decision Trees

A popular extension to the simple DT approach is to introduce the concept of boosting, leading
to a technique referred to as Boosted Decision Tree (BDT) or Multivariate Analysis (MVA).
Boosting is a greedy algorithm leveraging a weak learner and applying it sequentially to weighted
versions of the data, with a larger weight given to misclassified data points. The method is hugely
popular in data science, having earned the title “best off-the-shelf classifier in the world” [101].
Two particularly useful approaches are adaptive boosting (AdaBoost) [102] and gradient boosting
[103], both combining an ensemble of M weak learners fi (i = 1, ...,M) into a strong learner F :

F (x) =
M∑
i=1

fi(x).

For the following discussion, the model is built using a training dataset {(x1, y1), ..., (xN , yN )}
with input vectors xi ∈ {R⊗ D}d of d features that are real or discrete (D) and yi ∈ R is a real
value that serves as output to be predicted by the model.

AdaBoost

AdaBoost combines the M weak learners fi with adaptive weights αi to improve the ensemble
performance as

F (x) =
M∑
i=1

αifi(x),

where F is the boosted model, and the successive boosting stages FT =
∑T≤M

i=1 αifi(x) define
stronger combinations of the weak learners fi with weights αi ∈ R. At each iteration m of the
training process (m = 1, ...,M), a weak learner fm is fitted to the training set to minimise a loss
function L(yi, Fm(xi)). AdaBoost relies on the exponential loss

L(y, Fm(x)) =

N∑
i=1

exp (−yiFm(xi)) =

N∑
i=1

exp (−yi(Fm−1(xi) + αmfm(xi))) , (4.4)

that the new weak learner αmfm added at step m has to minimise. The typical case for AdaBoost
is binary classification with yi ∈ {−1, 1}, but the algorithm is generalisable to multi-class [98].
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Equation 4.4 can be re-expressed as:

N∑
i=1

wi,m exp (−αmyifm(xi)) ,

where wi,m = exp (−yiFm−1(xi)) is interpreted as a weight applied to the data point (xi, yi)

indexed by i at step m proportionally to the error of the current strong learner. One can show
that the weak learner fm minimising the optimisation objective at step m is the one minimising
the misclassified weights sum error ϵm of the reweighted version of the dataset with weights wi,m

[98], where
ϵm =

∑
i

wi,mI(yi ̸= fm(xi)).

For the first step m = 1, the weights are initialised to 1/N . They are then updated to

wi,m+1 = wi,me
−αmyifm(xi),

and renormalised so that
∑

iwi,m+1 = 1, before being assigned to each training input in the next
step. The weak learner is combined with the strong learner using an optimal weight αm found
by minimising the loss L of the combined learner

αm =
1

2
log

1− ϵm
ϵm

,

giving the overall update rule

Fm(x) = Fm−1(x) + αmfm(x) (4.5)

that combines the new weak learners fm with optimal weight αm to the current strong learner
Fm−1. The AdaBoost algorithm is summarised in Algorithm 2 of Appendix A.1.1.

Gradient boosting

Gradient boosting is a generic approach which, unlike AdaBoost, is not restricted to a specific
loss function. The objective to minimise is the empirical risk, the expected value of the loss
function L on the training set

f̂ = argmin
f

Ex,yL(y, f(x)). (4.6)

As the name suggests, the approach leverages gradient descent to find the optimal f̂ . At step
m, the gradient of the loss L is evaluated at f = fm−1 as

gi,m =

[
∂L(yi, f(xi))

∂f(xi)

]
f=fm−1

,

which is then used to update the learner with a step fm = fm−1−αmgm,, where gm is the gradient
of each data point and the step-length αm is chosen to minimise the residual loss L(y, fm−1

−αmgm). This implements functional gradient descent and leads the model to fit the N data
points of the set. This procedure naturally leads to overfitting, an undesirable feature that is
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remedied by using a weak learner to approximate the negative gradients. In the specific case of
gradient-boosted decision trees, at step m a decision tree hm(x) is fitted to the pseudo-residuals
gi,m. This DT hm at step m defines Jm disjoint regions through its leaves with predictions bjm
in each region indexed by j = 1, ..., Jm:

hm(x) =

Jm∑
j=1

bjm1Rjm(x),

where 1Rjm(x) is the indicator function - equal to 1 when x ∈ Rjm and 0 otherwise. The model
update is

fm(x) = fm−1 + αmhm(x),

with αm selected by minimising the empirical risk

αm = argmin
α

N∑
i=1

L (yi, fm−1(xi) + αhm(xi)) .

The full algorithm for gradient boosting is presented in Algorithm 3 of Appendix A.1.1,
where the update rule is added a learning rate hyperparameter LR to introduce regularisation
and reduce the risk of overfitting. By keeping 0 < LR ≤ 1, the ability of the model to fully adapt
to the training error is limited, thereby improving generalisation to unseen data. The price is
a slower updating of the model and a higher computational complexity. Further regularisation
techniques are bootstrap aggregation - training each weak learner on a random subset of the data
-, limiting the number of leaves, penalising models of larger complexity, and pruning branches
that do not sufficiently reduce the loss.

BDTs resist better to overtraining thanks to the regularisation effect. An undesirable feature
of boosting is the loss of direct interpretability of the decision-making process. However, this
is more than compensated by an appreciable gain in the performance of the underlying model.
An interesting property exhibited by all tree-based algorithms and many ML approaches is the
ease of quantifying the impact of a specific feature on the result. This technique of feature
importance assigns a score to each input feature, typically the Gini importance of Equation 4.3.
Another popular technique, taken from the field of cooperative game theory, is the Shapley value,
measuring the average marginal contribution of each feature to the objective function [104, 105].

4.2.3 Artificial Neurons

The artificial neuron or perceptron, as initially named by its inventor Frank Rosenblatt in his
seminal 1958 paper [106], is the logical unit at the core of modern deep learning. Notably, Deep
Neural Networks (DNNs) are obtained by stacking layers of artificial neurons. Inspired by bi-
ological principles, the perceptron, shown in Figure 4.2, accepts multiple inputs and gives as
output 1 if the combination of inputs exceeds a certain modifiable threshold, otherwise 0. This
combination accepts weights to scale the input which are modified during training to correct the
output of the perceptron.
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Artificial neurons are a direct generalisation on this principle, with the output no longer
subject to a threshold but passed through a chosen activation function f after being added to a
learnable bias term b.

Figure 4.2: An artificial neuron: the inputs xi (i = 1, ..., N) are multiplied by learnable weights
wi, summed and added to a learnable bias b and passed to an activation function f .

The interest in artificial neurons stems from a significant theoretical result: stacks of artificial
neurons are universal function approximators [107, 108], as shown in the next section. This
theoretical result is built on a mathematically advantageous function chosen for f : the sigmoid
σ, illustrated in Figure 4.3 and defined as

σ(x) =
1

1 + e−x
. (4.7)

Figure 4.3: The sigmoid function σ.

Thanks to its property to map the set of
real numbers to the [0, 1] range, this activa-
tion function is often used for numerical sta-
bility and probability distribution mappings.
An essential mathematical property of the sig-
moid, particularly relevant for DL, is the ease
of computing its derivative:

σ′(x) = σ(x)(1− σ(x)).

The strength of artificial neurons stems from their ability to be efficiently combined into
ordered structures with powerful representational expressivity. For an input x ∈ Rd, an individual
neuron applies an affine transformation f(W T

i x+bi), where Wi ∈ Rd, bi ∈ R are the weights and
bias of the neuron i, with the result passed through an activation function f . Combining these
operations leads to a mathematical model capable of approximating any continuous function, as
shown in the next section.
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4.2.4 Deep Neural Networks

A Deep Neural Network (DNN) - also called Multilayer Perceptron (MLP), Artificial Neural
Network (ANN), feed-forward neural network, or sometimes only Neural Network (NN) - is
constructed by stacking layers of artificial neurons as shown in Figure 4.4. Each neuron in a
layer receives as input the output of the neurons of the previous layer, and connects to the
neurons of the next layer. Layers of artificial neurons that are placed between the input and
output ones are said to be hidden layers. The particularity of the design underpinning this
architecture is that layers of neurons connect to all neurons of the next layers only, defining a
feed-forward computational graph flowing from the input x to the output y. Mathematically, a
single layer at depth i with m units, given the previous layer at depth i − 1 with n neurons as
input, computes an affine transformation

ai = f i
(
Wi

Tai−1 + bi
)
, (4.8)

where W i ∈ Rm×n is the matrix of learnable weights of layer i - one row per unit of layer i,
one column per unit of layer i− 1, bi ∈ Rm is the vector of learnable biases, f i is the activation
function of layer i, and ai−1 ∈ Rn is the vector of the n activated outputs of the previous layer.
The activations can differ for the units of the same layer but are often kept similar to vectorise
the mathematical operations.

Figure 4.4: A deep neural network
with d layers of width m, l, ..., k.
Each artificial neuron, represented
by a ball of darkening shades of blue
along the depth, computes an affine
transformation of the input of the
layer followed by an activation func-
tion. The input of the DNN is x and
the output is y.

Neural networks implement a recursive system of computation based on Equation 4.8. A
powerful theoretical property of neural networks is their capacity to be universal function ap-
proximators. This family of theorems, defined for various types of activations and networks,
demonstrates that neural networks built with appropriate activation functions and sufficient ca-
pacity can approximate most well-behaving functions [107–109], as presented in Appendix A.2.
This result only requires the activation function to be sigmoidal or discriminatory in the sense

σ(x)→

1 if x→∞,

0 if x→ −∞,
(4.9)

which is satisfied by the sigmoid function. Additionally, the function applied to the neurons
should possess some degree of non-linearity. A neural network with strictly linear functions
would indeed collapse into a linear regression model. Such a non-linear function, when applied
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to the output of an artificial neuron, is said to activate it and is hence called activation functions.
Some common activation functions, shown in Figure 4.5, are:

• The sigmoid function of Equation 4.7.

• The hyperbolic tangent function tanh(x) = ex−e−x

ex+e−x .

• The Rectified Linear Units (ReLU) function[110]

ReLu(x) = max(0, x). (4.10)

The non-linearity here is strictly between positive and negative inputs, making this acti-
vation function the simplest that can be leveraged in DNN. A popular generalisation of
ReLU is leakyReLU = max(αx, x), which introduces a linear function in the negative range
controlled by a parameter α ∈ [0, 1[.

• The Exponential Linear Unit (ELU) function modifies the leakyReLU in the negative
domain while keeping the saturation property as

ELU(x) =

x if x >= 0,

α(ex − 1) otherwise,
(4.11)

with the hyperparameter α > 0.

• The softmax function which, for an x ∈ Rn, return a vector softmax(x) = [..., e
xi

Z , ...] with
Z =

∑
i e

xi . The softmax and sigmoid functions are equivalent when x is 2-dimensional. In
n-dimension, it maps each entry of x to the range [0, 1] and guarantees

∑
isoftmax(x)i = 1.

The softmax can therefore be used to define probability distributions over multidimensional
outputs.

The sigmoid is no longer the choice of reference, due to its tendency to quickly saturate - mean-
ing its gradient for large positive or negative values vanishes by tending to 0. The hyperbolic
tangent offers larger gradients thanks to its [-1, 1] range with steeper curvature, making it the
activation of choice for autoregressive architectures such as the RNN. The ReLU function is the
most widely used activation function as its derivative is trivial and does not suffer from vanishing
gradients for positive values. Its fixed 0 value for negative input is a double-edged sword: on one
side, it helps the network regularise itself by deactivating neurons, on the other some neurons
can be stuck in off -mode. For this reason, it is important to correctly initialise the weights of
a DNN. A workaround for this limitation is to introduce leakage for the negative inputs with
leakyReLU or ELU activations.

While the universal approximation theorems are a powerful endorsement of neural networks,
they do not state how to derive the best network. The task of choosing the right architecture
in terms of depth and width and the correct weights and biases is approximated by a learning
strategy updating the parameters to reduce the error as measured by the empirical risk. What
sets apart neural networks from other universal function approximators is the simplicity of the
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procedure to update their weights: with a suitable computational structure and activation func-
tion choice, NNs are differentiable. Gradients can therefore be computed from a loss function
measuring the quality of the output ŷ and backpropagated across the neurons to update the
weights and biases. The recent rise of deep learning can be traced back to improvements in per-
forming this backpropagation of the gradients with publicly available software, such as PyTorch
[111] and TensorFlow [112], implementing efficient algorithms for this essential step.

Figure 4.5: The most common non-linear acti-
vations used in deep learning.

There are two main difficulties encountered
when optimising a neural network: the non-
convexity of the objective function means sad-
dle points and local minima are abundant, and
the computational complexity due to the large
number of parameters makes a single update
using a large dataset expensive. The large
number of parameters implemented by neural
networks requires a large dataset to correctly
assign values to the parameters without suf-
fering from overtraining. The backpropagation
algorithm of Algorithm 4 in Appendix A.2.2
circumvents these problems [113] by efficiently
computing

∂L(x, θ)
∂θ

=

N∑
i=1

∂li(xi, θ)

∂θ
,

where θ encapsulates all parameters of the model, with a loss li per data point xi. It starts with
a forward pass through the network before computing the gradient of each layer from the output
and applying the chain rule of calculus. Once all the local gradients are available, the parameters
are updated to reduce the loss by taking a step in the direction opposite the gradients, giving
the largest reduction in loss. For example, for a specific parameter wij at training step t+ 1:

wt+1
ij ← wt

ij − LR× grad
[
wt
ij

]
, (4.12)

where the learning rate LR controls how large a step is taken in the opposite direction of the
gradient. Since the gradient of the earlier layers will be derived from the gradient of later layers,
the gradients need to respect some numerical stability to avoid the risk of vanishing (→ 0) or
exploding (→∞). This requires some care in the architecture choice and can motivate the use of
a specific activation function over another. Concerning the loss function L, some typical choices
are:

• The cross-entropy loss function, based on the definition of entropy in Equation 4.2. It is
commonly used to assign probabilities in a classification problem with c ∈ C classes:

−
c∑
i

yi log ŷi,
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where yi is the real label of the data point and ŷ ∈ [0, 1]C is the model prediction, such that∑
i ŷi = 1. Given the requirements of the output, it is typically combined with a softmax.

• The Mean Squarred Error (MSE) and Mean Absolute Error (MAE)

1

N

N∑
i

(yi − ŷi)2 and
1

N

N∑
i

|yi − ŷi|.

This section introduces deep neural networks, the fundamental architecture constituted of
artificial neurons stacked into layers. In the next sections, refinements to the basic DNN are
discussed.

4.2.5 Recurrent Neural Networks

Recurrent Neural Networks (RNN) are an important modification of DNNs, derived to work with
sequences such as those occurring in NLP. The main adaptation from the DNN architecture is
in the way information is passed through the network: RNN are autoregressive models. The
information flow is bidirectional: the computation sequentially processes the input at a given step
along with the output of the prior step. The advantage of this representation is that the cyclical
flow can be unfolded into a directed acyclic computational graph that, for a given sequence length,
is equivalent to a DNN tailored to the specific length of the input seen. Figure 4.6 presents the
structure of an RNN-based network as well as its unfolding. The input x is a sequence of N
tokens, and the length of different inputs xi in the dataset can vary. The mathematical structure
implemented by this architecture to generate an output y of length equal to the input is

yt =W (ht) =W (V (xt) + U(ht−1)), (4.13)

where U and V are DNN mappings taking at timestep t respectively the previous hidden state
ht−1 and the current input token xt, with W mapping the new hidden state ht = V (xt)+U(ht−1).
The initial hidden state h0 is usually initialised from a special mapping from the whole input x.

Figure 4.6: A recurrent neural network, using 3 feed-forward neural networks (DNN) U , V , W ,
to map the input sequence x = [x1, x2, ..., xN ] to the output y = [y1, y2, ..., yN ] using the internal
hidden state ht evolving for each timestep t. h0 would typically be obtained by a mapping of
the whole input sequence x.
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An interesting feature of such a network is its ability to build an internal memory of previous
inputs up to a timestep T due to the chain of hidden states ht<T . The tanh function is often
used as activation in RNN to avoid exploding or vanishing gradients, thanks to its smooth distri-
bution and limitation to the range [−1, 1]. As the network relies on repetitive multiplications of
numbers in the range [−1, 1], the effect of much earlier timesteps (ht<<T ) is lost when processing
later input at T . This process is referred to as memory loss. This undesired property is remedied
with architectural modifications to RNNs that improve their operational memory, such as the
Long-Short Term Memory (LSTM).

As shown in Figure 4.7, am LSTM cell implements a specific architecture to propagate in-
formation along the sequence, with the introduction of a new control state c [114]. Three gates
regulate the flow of information through the cell. The forget gate F decides what information
to keep from prior states, by multiplying these values by a factor of 1 and discarding the rest
through multiplication by a factor close to 0. The input gate I is tasked with creating the new
internal state of the cell and determining what information to store in it. Finally, the output
gate O decides what information in the cell should be passed to the output. This selectivity
of the LSTM cell in deciding what to use from memory, what to keep in memory, and what
to output gives this architecture a greatly improved memory for long sequences, resulting in
much-improved efficiency.

Figure 4.7: An LSTM cell. Lines that merge imply concatenation of the inputs, the ×, +, and
tanh are element-wise operations, and the σ are different layered transformations (1-layer neural
network). Ft is the forget gate, It the input gate, and Ot the output gate.

RNNs and their modification have been designed for ordered sequence analysis and have had
great results in such settings. Ordered sequences are natural in language analysis. The choice
to sequentially analyse the tokens of a sequence with memory lets RNN-based models operate
with the powerful representational flexibility of a Universal Turing Machine [115]. A significant
drawback, however, is the impossibility of fully parallelising the processing of a sequence due to
the strict ordering, making RNNs expensive models to train. The main motivation behind the
transformer design, introduced in Section 4.2.8, is to address this crucial weakness.
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4.2.6 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) [100, 116] have emerged as a powerful class of deep learn-
ing models, particularly effective in computer vision tasks, including image and video analysis.
The architecture consists of convolutional layers — implementing the fundamental convolution
operation —, pooling layers, and DNNs. This architecture, presented in Figure 4.8, enables
CNNs to automatically learn hierarchical representations of features while respecting properties
of image-based data: spatiality (pixels have a position), locality (pixel share information within
their neighbourhood), and symmetries.

Figure 4.8: A layer of a convolutional neural network, implementing a convolution with 4 kernels
followed by a pooling operation. This design can be stacked to create deep architecture, and
combined with a feed-forward neural network, after flattening the output at some depth, before
reaching the final loss function layer.

CNNs leverage convolutional layers to extract local patterns and features from input data.
Convolutional operations are applied to the input data by multiplying, entry-by-entry, a learn-
able kernel or filter, represented by a matrix of weights of smaller dimension than the total image
size, with an equal size subpart of the input and applying an activation function. The size of the
kernel restricts the processing of the input to a given receptive field dimension, and this window
is passed over the full input image, moving it by a chosen stride length. Pooling layers are then
used to reduce spatial dimensions and retain important features. This process is parallelisable for
an image with multiple channels. For classification and regression, a CNN typically stacks several
convolutional and pooling layers before leading to a fully connected neural network “flattening”
the last representation to make predictions. Flattening refers to the process of transforming the
input image, represented as a matrix Rx × Ry, into a vector Rx×y.

CNN-based models, such as AlexNet [116] and ResNet [117], have demonstrated state-of-the-
art performance in various computer vision tasks. A main advantage of the convolution operation
on an image of size x× y is the reduction of the number of artificial neurons required to process
the image, which helps to regularise the network. For a given image:

• A DNN processing the flattened image requires x× y neurons.

• A CNN with k kernels of size α× β requires k × α× β artificial neurons.

For example, for an image of size 100 × 100, a DNN requires 10,000 neurons while a CNN can
process the image with only 25 units if a single kernel of size 5 × 5 is used. Typical pooling
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functions are max pooling or sum pooling, which respectively take the largest element or the sum
in each window of their input, with specific hyperparameters governing the size and the sliding
of the window.

4.2.7 Graph Neural Networks

Recently, Graph Neural Networks (GNNs) have garnered attention for their ability to model
and analyse complex relationships within graph-structured data [118]. Originally designed for
tasks such as node classification and link prediction, GNNs have found applications in diverse
domains such as social network modelling, recommendation systems, and physics, for modelling
the dynamics of an N -body system, performing tracks reconstruction, and identifying particles.

GNNs operate on graph-structured data, where nodes or vertices represent entities, and edges
represent relationships between these entities. The functioning of GNNs involves iterative ag-
gregation of information from neighbouring nodes and updating of the edges, allowing them to
capture both local and global patterns defined by the graph. An interesting feature of graphs
is that the input information does not need to be given a rigid structure. Consequently, graph-
based methods have a much greater representational power than image- or sequence-based ones.
Graphs can represent arbitrary relational structures through directional weighted edges [119].
A particular feature arising from this property is that graphs are permutation equivariant: the
order of nodes can be rearranged without consequence.

Figure 4.9: A graph neural network update step of a directed graph G(E, V, u) with a global
representation u, four initial nodes xi ∈ V and edges eij ∈ E connecting nodes i → j. By
analysing the neighbours of each node, the graph is updated to a new graph G∗(E∗, V ∗, u∗).

A GNN architecture consists of multiple layers of message-passing operations. Each layer up-
dates the node representations by aggregating information from neighbouring nodes, as schema-
tised in Figure 4.9. Different architectures implement different update processes, with popular
GNN architectures being Graph Convolutional Networks (GCNs) [120] and GAT [121]. In this
thesis, the notation adopted is to represent a graph G as a tuple of three sets (E, V, u), where:

1. E = {(ek, rk, sk)}k=1:Ne is the set of edges, with each edge having a real vector of features
ek ∈ Re and storing the index of the receiver (sender) as rk (sk).
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2. V = {v}i=1:Nv is the set of nodes, each node having a real vector of features vi ∈ Rv.

3. u is a global attribute of the graph modelled by a real vector of features u ∈ Ru.

The most general graph algorithm describing an update stage of a full GNN block is presented
in Algorithm 5 of Appendix A.2.3. Essentially, for a given step the input is a graph G(E, V, u)

that is updated into a new graphG∗(E∗, V ∗, u∗) by first updating the edges e ∈ E, then modifying
the nodes v ∈ V , and finally the global representation u. The update rule leverages different
neural networks ϕ and aggregation functions ρ. The aggregation function must accept a variable
number of inputs with permutation invariance to output a single element per group, and is
typically implemented with the sum or max pooling. A global update is decomposed into the
following successive steps:

1. Update the edges with a DNN ϕe mapping each of the input edges, their respective receiver
and sender nodes, and the global state u to output a new edge feature vector e∗k for each
edge k: e∗k = ϕe(ek, vrk , vsk , u). The new edges are stored in a set E∗.

2. Before updating a vertex i represented by vi, the E∗
i updated edges connecting to i are

pooled locally over the node as e∗i = ρe→v(E∗
i ).

3. The vertex is then updated with a DNN ϕv mapping the pooled representation of the
edges e∗i connected to the vertex being updated, the input vertex feature vi, and the global
representation u to update vi → v∗i = ϕv(e∗i , vi, u). The new vertices are stored in V ∗.

4. The set of edges is updated through global pooling e∗ = ρe→u(E∗).

5. The set of vertices is updated through global pooling v∗ = ρv→u(V ∗).

6. The global representation is updated by a DNN ϕu mapping u∗ = ϕu(e∗, v∗, u), with the
globally pooled updated edges (e∗) and vertices (v∗).

This formulation of a graph as a message-passing device with edge updates is the most complete
architecture of a GNN. However, the design is flexible: for example, RNNs or CNNs can be
used instead of DNNs. Furthermore, many specialisations of the structure exist to reduce the
complexity of the model and avoid overfitting or convergence issues, as listed in Figure 4.10. A
notable example for this thesis is the Deep Set architecture [122], designed to run specifically on
sets where the ordering does not matter. It essentially simplifies the graph network by dropping
altogether the edges and considering instead a fully connected graph with static edges, with an
update of the global representation only based on pooled node information:

v∗i = ϕv(e∗i , vi, u) = ϕv(vi, u),

v∗ =
∑
i

v∗i ,

u∗ = ϕu(e∗, v∗, u) = ϕu(v∗, u).

This is somewhat similar to PointNet, a GNN designed to analyse sets of 3D points, which uses
an analogous update with max-aggregation instead of sum pooling after updating the nodes in
two steps [123].
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(a) Full GNN. (b) Message-passing GNN.

(c) Deep Set. (d) Non-local NN.

Figure 4.10: Different types of GNN update rules, defining different GNN architectures [119].

A different approach introduced in [124] defines the non-local neural network, unifying dif-
ferent types of attention-based architecture. Attention is an essential feature of modern deep
learning: it refers to a weighted version of the inputs, with weights representing the degree of
attention given to different parts. Attention is not restricted to GNNs but is easily encapsulated
in their formalism. As will be shown in the next section, the transformer is a special case of a
non-local NN. In this section, only Graph Attention Networks (GATs) are introduced for concise-
ness [121]. GATs implement a learnable weighting of the neighbours of the node being updated.
When updating node vi, a score is computed for each of the connected neighbours vj of vi by a
NN mapping

e(vi, vj) = ϕ(vi, vj) = aT leakyReLU([Wvi,Wvj ]),

where the nodes vi, vj ∈ Rd are connected and the operation implements an embedding of the
two nodes to a dimension d′ with two learnable parameters: a ∈ R2d′ and W ∈ Rd′×d. The
operator [, ] stands for matrix concatenation. These scores are then combined for each node i
over its neighbours {j} to give αij attention scores

αij = softmaxj(e(vi, vj)) =
exp(e(vi, vj))∑

j′∈neighours of i e(vi, vj′)
.

The final step is to leverage these attention weights when updating each node vi as

v∗i = σ

∑
j

αijW
vvj

 ,

where the sum over j is taken over neighbouring nodes of i, σ is an activation function, and W v

is another matrix of learnable parameters.
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4.2.8 The Rise of the Transformers

The transformer architecture, introduced in 2017 [125], has become a foundational and ubiq-
uitous design across machine learning. It has significantly impacted the field, enabling the
development of state-of-the-art models such as BERT [126] and GPT [127]. More recently, the
transformer has also spearheaded a revolution in computer vision tasks thanks to the generali-
sation of the architecture into the Vision Transformer (ViT) [128].

Transformers rely on the mechanism of self-attention, as introduced in the previous section. It
removes the sequential processing of RNNs by favouring a fully parallelisable approach, allowing
for efficient computation on dedicated hardware. The key components in the transformer are
the self-attention mechanism and position-wise feed-forward networks. Self-attention allows the
model to weigh the importance of different words or tokens in a sequence for each token. This
mechanism enables the model to capture long-range dependencies in the input data without
the added complexity of LSTM. Strictly speaking, the input to a transformer is an unordered
sequence. For NLP, the ordering is built into the model with positional encoding, giving the
model a handle to determine the index of the token in the sequence. In computer vision, the
vision transformer first splits the input image x into patches of fixed size, flattens them into
vectors, and maps them with a learnable positional encoding before processing them as a classical
transformer.

Figure 4.11: The full transformer architecture, combining an encoder and a decoder, each made
of an arbitrary number of layers. The input x is first embedded with a dedicated mapping and,
when order matters, supplemented with positional encoding. The encoder generates an internal
representation h that is passed to the decoder. This component, depicted on the right, produces
the next output using the internal representation y and the output shifted to the right to force
output tokens to access only prior information.
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The general transformer architecture, presented in Figure 4.11, consists of an encoder and
a decoder. The decoder works in an autoregressive way, combining the current outputs yt<T

with an internal representation h built by the encoder to generate the next output tokens yT .
Both the encoder and the decoder are composed of multiple layers, each containing a multi-head
self-attention mechanism, feed-forward networks (DNNs), and optionally positional encodings.
The decoder is further endowed with a masked attention layer, for the output to compute self-
attention with information accessible only before the token’s position. The attention mechanism
allows the model to focus on different parts of the input sequence, while the feed-forward net-
works provide additional non-linear transformations. Residual connections are added to let the
gradients propagate efficiently in-depth, and layer normalisation is used after each block to avoid
vanishing or exploding gradients and improve training speed [129]. This type of normalisation
scales each activation (each neuron) by subtracting the empirical mean and dividing by the stan-
dard deviation per data point.

The attention mechanism maps the queries and a set of key-value pairs to an output as defined
in Equation 4.14 and schematised in Figure 4.12a, with query Q ∈ Rdk×dq , key K ∈ Rdk×dv , and
value V ∈ Rdv and the output is a vector Rdq×dv of values reweighted by the attention scores.
This combines dq different queries of the dk keys mapping to dv values. Therefore, Equation
4.14 implements for each query a weighted sum of the values, based on a compatibility function
established by comparing the queries and keys:

Attention(Q,K, V ) = softmax
(
QT K√
dk

)
V, (4.14)

where the scaling
√
dk is applied per row of the attention matrix to reduce the magnitude

of the dot product QTK, preventing saturation in the subsequent softmax. This scaled dot-
product attention mechanism leverages the extensive research into numerical optimisation of
matrix multiplications, making this operation less time and memory-consuming than using a
DNN mapping to compute the attention - a technique referred to as additive attention [130].
As shown in Figure 4.12b, multi-head attention runs this dot-product attention in parallel for
h different heads, each head hi (i = 1, ..., h) implementing a separate learnable projection from
the input (Q,K, V ) with linear transformations of weights WQ

i ∈ Rd×dk , WK
i ∈ Rd×dk , and

W V
i ∈ Rd×dv , where N is the length of the sequence, d is the model dimension:

Qi = QWQ
i , Ki = KWK

i , Vi = VW V
i ,

Hi = Attention(QWQ
i ,KW

K
i , V W

V
i ).

The multi-head module then concatenates the h different heads Hi and applies another linear
transformation with parameters WO ∈ Rhdv×d to generate the output

Multi-Head Attention(Q,K, V ) = [H1, ...,Hh]W
O.

In multi-head attention, there are therefore 3 different learnable projections WQ
i , WK

i , and W V
i

per head and a single global projection WO for the output of the cell. Self-attention is a special
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case in which the input of the cell is not a tuple (Q,K, V ) of distinct vectors but a single input
x ∈ RN×d that is mapped to the tuple with the learnable projections:

Q = xWQ
i , K = xWK

i , V = xW V
i .

(a) Scaled dot-product attention with optional
masking.

(b) Multi-head attention module, where L stands for
a linear transformation of the input.

Figure 4.12: Multi-head attention mechanism in a transformer. The core operation is an option-
ally masked scaled dot-product attention of the queries Q, keys K, and values V . A head receives
linear projections of the tuple (Q,K, V ), each implementing a separate scaled dot-product. The
multi-head modules then concatenate all the different head results and finish with another linear
transformation.

4.3 Training and Optimising Deep Learning Models

Training and optimising neural networks involve a combination of selecting appropriate architec-
tures, fine-tuning the hyperparameters that are not learnt by backpropagation, and employing
acceleration techniques to improve efficiency and convergence. In this section, key aspects of the
training process are explored.

4.3.1 Training Algorithms

When optimising the learnable parameters of a model, different training algorithms can be de-
ployed to update the weights. All strategies are refinements of the gradient descent rule of
Equation 4.12, and each method has different advantages. The two main approaches are:

• Stochastic Gradient Descent (SGD): instead of deriving the gradients on the whole dataset
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(full-batch), the expected gradient over a random sub-batch of b elements is taken

∇wb =
1

b

b∑
s=1

∇ws,

with ∇ws the gradient of the parameter w computed for a single data point s. A common
observation is that for sub-batches - from now on referred to as just batches - of sufficient
size b, the statistical estimator of the gradient based on the batch is unbiased. This greatly
reduces the time needed to compute the gradient and naturally splits the loop over the dataset
into different iterations called steps at which a batch is passed through the network. This
is a beneficial feature when dealing with large datasets that would not fit in memory. SGD
has also a positive effect on the regularisation of the model, as each per-batch gradient has a
larger variance than a full-batch, making it harder for the model to overfit, but slowing the
convergence to an optimum.

• Adam is an algorithm published in 2014 leveraging an adaptive moment estimation approach
as well as batch processing [131]. The moment in this sense is analogous to the physical
moment and encapsulates the dynamic of the optimisation as driven by gradient descent. The
fundamental idea is that larger gradients indicate a steeper slope that can be quickly traversed
so that any slowing down due to a changing curvature of the objective function landscape can
be mitigated from the inertia of the previous gradients. This behaviour is implemented as an
exponentially decaying moving average: the moment mt

w of weight w at step t is updated with
a gradient forgetting factor β1 ∈ [0, 1[ such that

mt ← β1m
t−1
w + (1− β1)∇wt

b,

where the previous contribution is successively multiplied by β1, reducing the importance of
earlier gradients progressively. Additionally, another element is taken into account in the gra-
dient descent rule: the second moment (∇wt

b)
2. This tracks the magnitude of the gradient and,

by multiplying the gradient update by a term inversely proportional to the second moment,
accelerates the gradient updates in flatter regions of the objective landscape, which have small
gradient magnitudes, with the term

vt ← β2v
t−1
w + (1− β2)(∇wt

b)
2,

where a second moment forgetting factor β2 ∈ [0, 1[ is introduced. To avoid biasing the gradient
update, both the first and second moments are corrected with

m̂t
w ←

mt
w

1− β1
and v̂tw ←

vtw
1− β2

.

The two contributions are then combined into a single gradient descent step as

wt ← wt−1 − LR× m̂t
w√

v̂tw + ϵ
, (4.15)

where a very small ϵ is added for numerical stability.
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A key hyperparameter in any gradient descent-based algorithm is the learning rate LR. There
is no evident choice for this parameter, and suitable values have to be derived on a case-by-case
basis. A useful technique to allow the training process to converge to a good minimum of the
loss function and avoid unsuitable local minima is to adopt a learning rate schedule, modifying
the parameter throughout training to navigate different parts of the loss function landscape.
Initially, a relatively large LR allows the model to quickly update its weights in the direction of
the minimum. If the rate is kept too high, the weights will not approach the minimum and will
overshoot or “bounce” around the optimum. To avoid this, the scheduler reduces the learning
rate to later take smaller steps and converge towards the optimum. Initially, the rate is typically
not set to its maximum value to guide the gradient updates to a valley of interest. An equivalent
choice is to modify the batch size while keeping the LR fixed [132]. This also has a regularising
effect on the gradient: small batch sizes capture large variances and allow the optimisation
to make drastic changes in orientation in the optimisation function landscape, thereby avoiding
unsatisfactory local minima. Having larger batch sizes stabilises the direction of descent, thereby
offering lower variance but potentially biasing estimates towards a minimum. Combining these
two characteristics at different epochs of the training is an effective way to improve training
performance. Some methods, such as Adam, have additional hyperparameters to optimise.

4.3.2 Regularisation

Regularisation techniques are applied in the architecture and training procedure to prevent over-
fitting. Common methods include dropout, which randomly drops connections or neurons with
probability p during training. Regularising terms can be added to the loss function to restrict
the size of the weights: either with the L2-penalty or L1-penalty, respectively penalising the sum
of the squared or absolute values of the weights, as

λ
∑
i

w2
i or λ

∑
i

|wi|.

The latter approach results in sparse networks where unnecessary weights are set to 0. The
amount of regularisation is controlled by the regularisation hyperparameter λ. Both p and
λ require careful optimisation as regularising the model can introduce bias and affect overall
performance. Additionally, batch normalisation is a technique that normalises the inputs of a
layer across the batch, reducing internal covariate shifts. This helps to stabilise and accelerate
the training process. This is distinct from the layer normalisation used in the transformer
architecture, as the normalisation is applied across the batch samples rather than per activation.

4.3.3 Architecture & Hyperparameters Optimisation

Several characteristics of the network need to be optimised:

• Architecture Selection: choosing the right architecture is crucial to get the best performance.
Factors to consider include the complexity of the task, the nature of the data, and the desired
trade-off between model complexity and interpretability. Limits in computing power should
be factored in. Elements of the architecture include the type of ML chosen (BDT, DNN,
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transformer, ...), the choice of activation functions (ReLU, tanh, ...), and the number of layers,
nodes, and connections between the units.

• Hyperparameter Tuning: optimising the hyperparameters - parameters that are not optimised
through backpropagation of the loss - is essential for achieving the best possible performance.
Key hyperparameters include optimiser-related parameters such as the learning rate, batch
size, regularisation parameters, and initialisation of the weights and biases.

The optimisation process for both hyperparameter tuning and architecture selection is expensive:
the model must be trained with different combinations of hyperparameters and architecture to
evaluate their respective performance and uncover the best-performing options. Techniques such
as grid search, random search, and Bayesian optimisation can be employed to efficiently explore
the hyperparameter space. Architecture search is usually performed by trial and error, with the
ML literature offering some insight into what models might best perform in specific situations.

4.3.4 Acceleration Techniques

Training an ML model is a computationally demanding task that can be carried out more effec-
tively on specifically designed hardware and with some tricks in the process.

• Parallel Dataloading: can significantly speed up the training process. Instead of preparing a
single batch, multiple batches can be loaded by different processing units in parallel to avoid
this bottleneck.

• Early Stopping: prevents overfitting and saves computation time by interrupting the training
when the performance saturates.

• Hardware Accelerators: specialised hardware accelerators can accelerate the training. Graphics
Processing Units (GPUs) are specifically designed to perform matrix operations in parallel,
and are therefore well suited for ML. Utilising GPUs for training and inference can give a
substantial speedup compared to CPU-based computing.

• Transfer Learning: leverages pre-trained models on large datasets and applies them to a new
task. The idea is that there are some fundamental similarities between the new task and
the task used to pre-train the model, giving the latter a head start. Fine-tuning a well pre-
trained model on specific tasks or connecting additional modules can significantly reduce the
required data and training time compared to training from scratch. This approach is becoming
increasingly popular, as large foundation models trained on multiple tasks with huge datasets
can then be applied to a specific task, with the pre-trained weights either kept fixed or modified
for the new task. Such large foundation models are already available in NLP (e.g., the 7 billion
parameters Mistral transformer [133]) and computer vision (e.g., the 500 million parameters
Florence-2 [134]).

Training and optimising deep learning models involve a combination of careful architectural
choices, hyperparameters tuning, and the use of acceleration techniques. Selecting the most
appropriate techniques is a task-specific challenge that depends on available resources and trade-
offs between training time, model performance, and interpretability.
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CHAPTER 5

Flavour Tagging

This chapter is focused on an essential task for the ATLAS experiment: disentangling which
specific quark flavour should be associated with a jet, an association called flavour tagging. This
chapter introduces a computational method to tag jets, as labelled by the flavour of the initial
parton. In particular, the different algorithms and techniques relevant to this task that have been
developed concurrently with this thesis project are reviewed, including the DIPS, DL1d, GN1, and
GN2 models as well as early studies on the hyperparameter optimisation of GN2.

5.1 Heavy-Flavour Jet Tagging

A fundamental ingredient in any ATLAS analysis is the ability to correctly identify particles
in the aftermath of a collision, from τ -leptons, to b- and c-quarks, and gluons g. Having well-
calibrated and optimally performing b- and c-tagging tools is of primary importance in studies of
the Higgs boson’s couplings to b- and c-quarks. It is also critical for top quark measurements and
in many searches for physics beyond the Standard Model. As described by the theory of QCD,
colour-charged particles, such as a b- or a c-quark, undergo hadronisation to form collections of
colour-neutral hadrons. These hadrons, mostly B for b-quark and D for c-quark, are quasi-stable
and further decay in the volume of the detector. Such a succession of decays leaves a collection
of particles within a cone oriented in the direction of the original parton, a recognisable pattern
referred to as a jet. By analysing the complex structure of jets, the flavour of the original decaying
particles can be determined. Jets are labelled based on the species of hadrons found: a b-jet
must contain at least one b-hadron, a c-jet at least one c-hadron and no b-hadron, and if none
of these hadrons are found the jet is said to be a light-jet, thereby grouping u-, d-, and s-quarks
with gluons g. This process is known as flavour tagging, and the tool used for this identification
is called a flavour tagger. The focus of this chapter is on the development of novel taggers to
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identify b- and c-jets for the ATLAS experiment during the 2020-2024 period, spanning the end
of Run 2 analyses (2015-2018) and the beginning of Run 3 (2022-2026).

5.1.1 Decay Topology

When a b-quark is produced, such as in the aftermath of a hard scattering from a proton-proton
collision, it quickly undergoes the process of hadronisation to neutralise its free colour charge.
This process, which brings the initial free quarks and gluons to a final state of hadrons and lep-
tons, is intrinsically non-perturbative and can only be described using phenomenological models
of fragmentation [135]. The family of b-hadrons consists of different combinations of a bottom
quark b with one or more lighter quarks. These include the B-mesons, mainly B0 = db̄, B− = ūb,
B+ = ub̄, as well as the strange and charmed B-mesons, and baryons such as the Λ0

b = udb [136].
For b-quarks, the hadronisation process is hard, and most (∼ 75%) of the quark’s momentum is
transferred to the b-hadron [135].

Tagging b-jets benefits from a particularly advantageous configuration: b-quarks are the light-
est element of the third generation and must decay through a weak interaction flavour-changing
process. Because of the relatively small value of the CKM matrix element |Vbc|, decay processes
involving a b → c transition are suppressed, resulting in b-hadrons having a characteristically
long proper lifetime τB ≈ 1.5 ps, corresponding to a proper decay length cτB ∼ 450 µm [32]. In
the laboratory frame, considering a boost of the b-hadron given by a Lorentz γ factor (γ > 1) in
the high-energy limit, where β = v/c ≈ 1, the distance travelled is

d = γβcτB ≈ γcτB.

In this high-energy limit, γ ≈ EB/mB and the B-hadron rest mass is in the range of 5 to 6 GeV.
Consequently, a 50 GeV b-hadron decays at a distance of d ≈ 4.5 mm from the primary vertex,
which can be resolved using current detector technology. This distance increases with rising jet
pT , and, at pT ∼ 250 GeV, even surpasses the first detector layer of the IBL located at a radius
of 33 mm from the centre of ATLAS, as shown in Figure 5.2. The location of the hadron decay,
called the Secondary Vertex (SV), can often be reconstructed with the ATLAS detector [137].
Some important variables describing the decay of hadrons are the Impact Parameters (IPs) d0
and z0 of the tracks left by charged particles originating from the SV. As shown in Figure 5.1,
d0 and z0 are the transverse and longitudinal distances from the primary vertex to the perigee of
the track. For a b-jet, the IPs can be large due to the long lifetime of the associated hadron. On
average, a b-hadron decays into 4 or 5 charged stable particles [136]. Another characteristic of
b-jets is the likely presence of leptons in the jet cone, as approximately 40% of b- and c-hadron
decays are semi-leptonic [32].

While b-jets benefit from an advantageous topology, tagging c-jets at ATLAS proves more
challenging as they are at an intermediate mass scale between light- and heavy-flavour jets. A
c-jet must contain at least one c-hadron, from either a D-meson (e.g., D+ = cd̄, D− = c̄d,
D0 = cū) or a c-baryon (e.g., Λ+

c = udc). The average decay length for charged (neutral)
D-mesons, cτD ∼ 300 (100) µm [32], is smaller than for b-hadrons and is harder to resolve
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Figure 5.1: Representation of a b-jet [138].

Figure 5.2: b-hadron (black circles) and D-
hadron (empty circles) decay distance as a
function of jet pT in simulated Z ′ events,
adapted from [139]. The blue and orange
dashed lines indicate the locations of the IBL
and first Pixel layer.

with the currently deployed tracker, as highlighted in Figure 5.2. The decay chain of b-hadrons
often includes a c-hadron, making a clean separation of c-jets from b-jets harder. Compared
to b-jets, c-jets have a lower final state average charged particle multiplicity of 4. This allows
τ -jets to be easily mistaken for c-jets, as these leptons can hadronically decay into a similar
number of particles and leave a jet signature in the detector. However, tagging c-jets is becoming
particularly important due to the focus on the challenging H → cc̄ search [140–142], as presented
in the analysis of Chapter 6.

5.1.2 Flavour Tagging at ATLAS

In ATLAS, a choice was made to centrally develop a tagger to be used throughout the Col-
laboration. The tagger simultaneously performs b- and c-tagging, and the software stack and
methods are continuously improved to meet the requirements of the physics program. Currently,
all studied approaches rely on deep learning methods due to their vastly superior effectiveness.
As such, various models have been introduced, which can be split into two generations.

1. The DL1 generation consists of DL models built in a hierarchical way. These methods rely
on high-level features reconstructed by subalgorithms based on physics variables, such as
the tracks IPs, and the reconstruction of secondary vertices [143]. The most important
models in this family are those including a DL submodel to analyse tracks using either
a RNN approach for DL1 with RNNIP (DL1r) [144], leveraging the Recurrent Neural
Network Impact Parameter (RNNIP) subtagger [145], and a Deep Set approach for DL1
with DIPS (DL1d), leveraging the Deep Impact Parameter Set (DIPS) subtagger [3]. At
the time of writing this thesis, this last tagger is the ATLAS state-of-the-art calibrated
tagger [74]. Algorithms from this generation were primarily developed for the end of Run
2 of the ATLAS experiment [146], with DL1d developed just before the start of Run 3.
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2. The GN taggers are built on more advanced deep learning methods that go beyond the
hierarchical approach of the DL1 generation. These models directly analyse tracks and jet
information using a unique and powerful architecture. The GN generation is based either
on a full Graph Attention Network (GAT) for GN with GAT-core (GN1), or a transformer
encoder for GN with Transformer-core (GN2) [4, 9, 27]. The streamlined algorithm pipeline
greatly simplifies maintenance and reduces the turnaround time for modifications, making
the process of updating the taggers faster and easier to tailor to specific applications. The
GN taggers greatly outperform the DL1 models and represent a promising area of progress
for future analyses requiring precise flavour jet tagging. At the time of writing, GN2 is
being calibrated and integrated into the ATLAS software stack [74].

Figure 5.3: Comparison of the performance of flavour tagging models introduced through the
years [4]. Light (cyan) and c-jet (green) rejections (inverse of the mistagging efficiency) are
plotted for different taggers at a fixed b-jet tagging efficiency of 70% on a tt̄ evaluation set. The
multiplicative factors in the bars are with respect to the bare DL1 model performance.

A historical perspective on the evolution of performance attained with the different taggers
mentioned is presented in Figure 5.3, showing a remarkable and consistent improvement in light-
jet and c-jet rejections at a fixed b-tagging efficiency of 70%, as evaluated on a tt̄ simulated
dataset. The analysis presented in Chapter 6 was conducted from 2021 to 2024 and was therefore
restricted to the tools and methods available to the experimental team during this period. As
such, due to the need to calibrate the GN taggers, as explained later in Section 5.4 of this chapter,
the analysis was constrained to using the DL1 generation. The taggers described in this chapter
have now all been integrated into the ATLAS software [74].

5.1.3 Datasets

ATLAS analyses cover a pT spectrum that spans a wide range of energies. To train models capa-
ble of performing over this large phase space, two training datasets are typically combined and
they are described in this section. The datasets simulate proton-proton collisions at a centre-of-
mass energy of

√
s = 13 TeV. The lower pT phase space is filled with simulated SM tt̄ events,

where both top quarks decay into a W boson and a b-quark and one of the W bosons decays
leptonically. A Beyond the Standard Model (BSM) Z ′ process is used for the higher-momentum
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region. The latter simulates a modified Z boson with an increased mass to generate a flat jet
pT spectrum up to 6 TeV. These Z ′ bosons decay in similar proportions into pairs of b-, c-, and
light-jets. All simulations include realistic effects present in the real data, such as Pile-up (PU)
that is modelled with an average value of ⟨µ⟩ = 40. Other effects included in the simulations are
the detector response from prior and posterior bunch crossings (out-of-time PU), as well as the
activity from the rest of the underlying event.

Events in the tt̄ sample are simulated using POWHEGBOX V2 generators at Next-to-
Leading Order (NLO) in the strong coupling constant αs [147–150]. The hard scattering matrix
element is computed for proton-proton collisions using the NNPDF3.0NNLO set of Parton Dis-
tribution Functions (PDFs) [151], and the simulated hard scattering events are interfaced with
PYTHIA 8.230 [152] using the A14 parameter tune [153] and the NNPDF2.3LO PDFs for the
parton shower, hadronisation, and underlying event simulations [154]. Studies in Refs. [155, 156]
showed that these choices suitably model the top quark pT and the number of additional jets in
the event, with the hdamp parameter set to 1.5 times the mass of the top quark mtop = 172.5 GeV.
The Z ′ events are fully simulated with PYTHIA 8.212, the A14 tune, and the NNPDF2.3LO

PDFs. The decays of b- and c-hadrons are simulated using EvtGEN v1.6.0 [157].

The detector reconstruction effect and the modelling of the interaction between long-lived
hadrons and the detector material are simulated with a dedicated software [158] built on GEANT4
[159]. Jets are selected in the phase space region defined by |η| < 2.5 and pT > 20 GeV, with no
overlap allowed with prompt generator-level e or µ from the W decay. Pile-up contamination is
further reduced by an additional selection using the Jet Vertex Tagger algorithm (introduced in
Section 3.3.5) at a tight operating point for jets with pT < 60 GeV and |η| < 2.4 [92]. Tracks are
associated with a jet using a ∆R association cone with a width that decreases with pT , such that
∆R ≈ 0.45 at pT = 20 GeV and ∆R ≈ 0.25 at pT = 200 GeV. Tracks within the cone of several
jets are associated with the jet that minimises the angular distance ∆R(track, jet). The label of
the jet is inferred from the presence of a truth-level hadron within the cone∆R(hadron, jet) < 0.3

centred on the jet axis.

5.2 DL1 Generation of Taggers: DL1r & DL1d

This generation of taggers is built with a hierarchical approach, combining low-level algorithms
that are independently optimised into a final DNN network of a few layers to output the predic-
tions. Several low-level modules are not based on deep learning but instead directly implement
physics-inspired algorithms. The low-level algorithms consist of [146, 160]:

• IP Likelihood Discriminants: IP2D and IP3D - jointly denoted as IPxD - are likelihood
ratio templates assigning flavour-discriminating weights based on the transverse and global
impact parameter significances1 Sd0 (35 bins) and Sz0 (20 bins) of the tracks, and track
categorisation (14 bins) in addition for IP3D [144]. For the three main flavours, this results
in 35 × 20 × 14 × 3 = 29, 400 final bins, with each probability computed per track. The

1Corresponding to the reweighted IP variables by their respective uncertainties.
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likelihood assigned to the jet assumes that all tracks are independent, and is therefore
calculated as the product of the individual track likelihoods. A discriminant is derived
from the conditional log-likelihood, e.g., Db

IP3D,f =
∑

i∈tracks log(p
i
b/p

i
f ) to discriminate

b-jets from f -jets (f = c or light) [143].

• Track Collection Analyser : either with RNNIP [145] or DIPS [3]. These are deep learning
approaches to extract discrimination information from the set of tracks associated with
a jet. They importantly do not assume that tracks are independent. These taggers are
described in detail later in this chapter.

• Secondary Vertexer 1 (SV1): combines a secondary vertex finder and a tagger to provide
flavour discrimination information [146]. The former, based on the VKalVrt vertex re-
construction package [82], returns a list of candidate secondary vertices with measured
quantities assigned to each vertex. The latter derives jet weights based on discriminative
variables and computes properties of the SV, such as its mass.

• Jet Fitter : is a vertexing algorithm based on a Kalman filter to reconstruct the topology
and fit the decay chain PV → B → D, assuming that the direction of the final D-hadron
tends to be collinear with that of the B [139, 146].

Figure 5.4: The algorithms for flavour tagging in the DL1
family. High-level taggers are in dark blue, track-based
taggers in light blue, and vertex taggers in white.

The outputs of these low-level algorithms, as well as certain jet-level variables such as pT
and η, are then passed as input to a high-level tagger consisting of a fully-connected NN called
DL1r or DL1d, depending on whether RNNIP or DIPS is used. The input vector contains 45
features. This high-level tagger outputs three scores pX for the analysed jet, corresponding to
the b-, c-, or light-flavour (summarised as u) probabilities, such that pb+pc+pu = 1. A b-tagging
discriminant Db is then derived by computing a scaled log-likelihood ratio

Db = log
pb

f bc × pc + (1− f bc )× pu
, (5.1)

where f bc is the c-fraction, a parameter that can be adjusted to tweak the relative importance
of the rejected flavours. The analogous c-tagging discriminant Dc, which relies on the b-fraction
parameter f cb , is

Dc = log
pc

f cb × pb + (1− f cb )× pu
. (5.2)

A jet is X-tagged if the DX discriminant score is above a set threshold constant cWP , defin-
ing a Working Point (WP) with a unique configuration of signal and background (mistagging)
efficiencies. In this context, the efficiency ϵXY for Y -flavour jets to be X-tagged and the corre-
sponding rejection RX

Y are defined as

ϵXY =
NX−tagged

Y−jets

NY−jets
and RX

Y =
1

ϵXY
, (5.3)
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where NX−tagged
Y−jets and NY−jets are the number of X-tagged Y -flavoured jets and the total number

of Y -flavoured jets, respectively. The f -rejection is the inverse mistagging efficiency of flavour f .

These high-level models are trained on MC simulated data samples, as described in Section
5.1.3, and need to be calibrated on real data to deliver an unbiased estimate by deriving scale
factors that correct the predictions for each jet, as detailed in Section 5.4. Uncertainties are
derived on the predicted score and passed along to analyses using the tagger. The novel algorithm
of this generation introduced in this work is the DL1d tagger, which relies on the new DIPS
subtagger to extract correlations between the tracks.

5.2.1 RNNIP

The RNNIP tagger runs on arbitrary-length input sequences composed of track features, ordered
by the absolute transverse IP significance |Sd0 |, to extract tagging information from correlations
between tracks [145]. The vector of track features, described in Table 5.1, includes the transverse
and longitudinal impact parameter significances, the jet pT fraction, the distance between the
tracks and the jet axis, and a learnt 2D embedding of track quality [160]. RNNIP outputs a
probability pX for the jet to belong to flavour X ∈ [b, c, light, τ ].

Track Variables Description
Sd0 Lifetime signed transverse IP significance d0/σd0 , with d0 the transverse

IP and σd0 the error on d0. The sign is positive (negative) if the perigee
is in front of (behind) the PV with respect to the jet direction.

Sz0 Lifetime signed longitudinal IP significance z0/σz0 , with z0 the
longitudinal IP and σz0 the error on z0. A sign is assigned as per the

prescription of Sd0 .
pfrac
T Fraction of the reconstructed jet pjet

T carried by the track
pfrac
T = ptrack

T /pjet
T .

∆R(track, jet) Geometric distance in 2D angle between the track direction and jet axis
∆R =

√
(ϕtrack − ϕjet)2 + (ηtrack−ηjet)

2.
Category 2D representation of the track quality learnt by an embedding layer.

The categorisation is based on the number of observed, expected, and
missing hits in the different layers of the tracker (silicon pixel and strip

detectors) [143].

Table 5.1: Track variables passed to the initial version of the RNNIP model [145]. Later versions
removed the category embedding and added the per-track hit information shown in Table 5.2.

The architecture of RNNIP, depicted in Figure 5.5, is an RNN-based model leveraging an
LSTM core - an ML unit introduced in Chapter 4.2.5. The arbitrary-length sequence fed as input
is mapped by the LSTM cell with a 100-unit hidden layer into a 50-dimensional vector. This
vector is then processed by a 20-unit fully-connected feed-forward neural network, outputting
the per-flavour probabilities by computing the softmax of the last layer’s output. To avoid over-
fitting, a dropout value of 0.2 is applied to the LSTM cell.

RNNIP is designed to capture correlations among the tracks of a jet, an important insight
explicitly missing from the IP-based discriminant of IP2D and IP3D due to the factorisation of
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Figure 5.5: Diagram of the RNNIP tagger [160]. The input consists of track features augmented
with an embedding of track categories. Tracks are then ordered by absolute transverse IP sig-
nificance and fed through an LSTM core. The unrolled sequence from this LSTM is padded to
a fixed size and processed by a DNN to output the per-flavour probabilities.

the likelihood. Some degree of correlation is expected among tracks, as these can emerge from the
same secondary or tertiary vertex of the displaced decays in b-jets and c-jets. RNNIP removes
the cumbersome procedure of building likelihood templates, which requires a large amount of
data to scale to finer bin resolutions and is computationally expensive due to the number of bins
scaling exponentially with the number of variables. RNNIP is effective at building a discriminant,
delivering superior performance to the IP-based approaches with only ∼ 40% of the parameters
- 11,636 trainable parameters for RNNIP [160].

5.2.2 DIPS

The DIPS tagger is based on the Deep Set architecture [122], as depicted in Figure 5.6, and
provides an alternative to RNNIP for modelling the correlations among an arbitrary number
of tracks [3]. As introduced in Section 4.2.7, such a model is composed of two fully-connected
feed-forward neural networks. A first DNN called the track network Φ maps each track feature
vector — similar to the input of RNNIP — to a latent space representing the nodes of a graph.
The representations of each track in this latent space are then pooled by a simple summation
operation - representing the unweighted edges of a fully-connected graph - and given as input to
a secondary DNN, called the jet network F . The latter outputs the predicted probability pX for
the jet to belong to flavour X ∈ [b, c, light, τ ]. This final network represents the global attribute
of the graph u, in the notation of Section 4.2.7. In summary, DIPS computes the following
equation on the set of track features pi (i = 1, ..., N) for an arbitrarily-sized jet of N tracks

DIPS({p1, ..., pN}) = F

(
N∑
i=1

Φ(pi)

)
. (5.4)
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Figure 5.6: Diagram of the DIPS flavour tagger [3]. The input consists of a set of N tracks,
each represented by a feature vector. Each track is embedded by a DNN track network Φ into
a fixed-dimensional vector. All embedded track vectors are then pooled by an element-wise
summation to a fixed-size vector. The last step is to process this vector with another DNN jet
network F outputting the per-flavour probabilities. The number and width of layers presented
here correspond to the nominal architecture.

The separation of the computation into a per-track embedding and a per-jet processing after a
size-independent pooling, performed by the summation operator, allows the model to process
unordered sets of variable size. The input track features are described in Table 5.2, with only
the top 15 tracks ranked by decreasing Sd0 considered.

This approach has several advantages over RNNIP, mainly the physically-motivated per-
mutation invariance of the input and the improved training and evaluation time, as the track
embedding performed by Φ can be massively parallelised on GPUs. These motivations translate
into an appreciable performance delivered by DIPS, which globally outperforms RNNIP while
operating at a reduced computational cost [3]. The performance can be assessed from Figure 5.7,
presenting the Receiver Operating Characteristic (ROC) curves for the baseline training of DIPS
and RNNIP in terms of light- and c-rejection for b-jet tagging on a tt̄ evaluation sample.

The training times on the same GPU hardware for a 48k-parameter DIPS model is 78 ±
4 seconds per epoch, while a 47k-parameter RNNIP requires roughly thrice as much, 241 ± 14
seconds per epoch [3]. The faster training time allowed the Collaboration to focus on optimisation
studies of the hyperparameters. An important observation was that loosening the track selection
criteria led to an improvement in performance. For RNNIP, IP2D, and IP3D, the selected tracks
must pass the following quality selection: ≥ 8 hits in the silicon layers, ≤ 2 missing hits in
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Variables Description
Sd0 Lifetime signed transverse IP significance d0/σd0 , with d0 the

transverse IP and σd0 the error on d0. The sign is positive (negative) if
the perigee is in front (behind) the PV with respect to the jet direction.

Sz0 Lifetime signed longitudinal IP significance z0/σz0 , with z0 the
longitudinal IP and σz0 the error on z0. A sign is assigned as per the

prescription of Sd0 .
log pfrac

T Logarithm of the fraction of the reconstructed jet pjet
T carried by the

track log pfrac
T = log ptrack

T /pjet
T .

log∆R(track, jet) Logarithm of the geometric distance in 2D angle between the track
direction and jet axis log∆R = log

√
(ϕtrack − ϕjet)2 + (ηtrack−ηjet)

2.
IBL hits Number of hits recorded in the IBL - 0, 1, or 2.
PIX1 hits Number of hits in the innermost pixel layer, after the IBL - 0, 1, or 2.

Shared IBL hits Number of hits in the IBL that are shared by more than one track.
Split IBL hits Number of split hits in the IBL, that are created by multiple charged

particles.
nPixHits Total number of hits in all the pixel layers.

Shared pixel hits Number of shared hits in the pixel layers.
Split pixel hits Number of split hits in the pixel layers.

nSCTHits Total number of hits in the SCT layers.
Shared SCT hits Number of shared hits in the SCT layers.

Table 5.2: Track variables passed to the DIPS model and later versions of the RNNIP model [3].
Compared to the initial RNNIP variables of Table 5.1, the pfrac

T and ∆R are passed as log values
to reduce the magnitude of the long tail observed at large values and to improve the training
time. Shared hits are hits used by multiple tracks without being classified as split by a dedicated
cluster-splitting NN [79].

(a) Light-rejection. (b) c-rejection.

Figure 5.7: Light- (left) and c-rejection (right) as a function of b-jet tagging efficiency for RNNIP
(green) and DIPS (purple) [3]. The curves and error bands show the mean and standard deviation
of the rejections for 5 trainings per algorithm.

the silicon layers, ≥ 1 hit in the pixel detector, ≤ 1 hit shared by multiple tracks, pT > 1

GeV, |d0| < 1 mm, and |z0 sin θ| < 1.5 mm. For DIPS, a looser track selection increasing the
acceptance of the last three cuts is preferable, modifying the nominal selection in the following
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way: pT > 0.5 GeV, |d0| < 3.5 mm, and |z0 sin θ| < 5 mm [3]. Loosening the selection and
keeping the top 25 tracks ranked by decreasing Sd0 to capture more tracks from heavy-flavour
decays gives a significant improvement in performance for jets with pT < 250 GeV for DIPS.
From a machine learning viewpoint, a larger set of input information with more noise can still be
beneficial if the underlying model is complex enough to capture useful features in the noisy data,
that would otherwise be removed by a more stringent selection. Some studies on interpreting
the performance of DIPS are summarised in Appendix B.1.

5.2.3 Training DIPS with Variable Radius Jets for Run 3

The physics programme of the ATLAS Collaboration covers a wide range of analyses, targeting
different topologies and processes at various energies. Regarding flavour tagging, a particularly
relevant aspect is the energy or transverse momentum of the jets to be labelled. Flavour taggers
are extremely sensitive to the dynamics of the underlying event. At higher energies, correspond-
ing to higher momenta of the hadronised quark or gluon, the jet constituents originating from
the decaying parton tend to be more collimated. This topology confounds tracks and blends the
rich internal jet dynamics in the measured signature, making track separation and secondary or
tertiary vertex identification more challenging. Analyses targeting jets from hadronic or semi-
leptonic decays of heavy particles, such as the top t-quark, Higgs H, or the gauge vector W/Z
bosons, have to study such highly energetic boosted jets.

So far in this chapter, jets have always referred to the objects reconstructed by the anti-
kT algorithm with a fixed radius R = 0.4 applied to PFlow objects, as introduced in Chapter
3. This reconstruction method proves robust in the hadron collider setting as it both leads to
suitably shaped jet structure and PU-resistant properties. The fixed radius however becomes a
hurdle to reconstruct boosted jets, as the average radius of a jet decreases with energy due to the
collimation of the jet contents. The angular separation ∆R between the products of a decaying
particle X of large mass mX scales inversely to the transverse momentum [90]:

∆R ≈ 2mX

pXT
. (5.5)

At low pXT , the individually produced particles from the decay are sufficiently separated to be
reconstructed as individual objects, hence the resolved regime label [161]. For example, a non-
boosted Higgs decaying to a bb̄ pair can be reconstructed as two b-jets with small R = 0.4. At
higher momentum, however, the content of the decay is collimated and overlaps: this is the
boosted regime. The decaying particle X in such a regime is typically reconstructed as a single
large-radius jet catching the different underlying jets, for example with the anti-kT method with
radius R = 1.0. Using such a large radius overestimates the size of boosted jets which are easily
contaminated by PU, as well as the underlying event and initial-state radiation.

Another approach to reconstruct jets for boosted objects decay is the Variable Radius (VR)
jet algorithm [162], as introduced in Chapter 3. VR jets have a size that scales with the inverse of
the reconstructed jet momentum, thus correctly following Equation 5.5. Such a significant change
to the jet reconstruction has an impact on algorithms learning structure from the jet contents,
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as is the case of all deep learning-based taggers presented in this chapter. These models must
therefore be fine-tuned for this new jet type for optimal performance, which is the focus of this
section. For the VR-training, the dataset is composed of three samples simulating proton-proton
collisions at

√
s = 13 with the following fractions:

• 85% of jets are sampled from the tt̄ with a maximal pT of 400 GeV. At least one of the W
bosons from the t-quark is required to decay leptonically.

• 7.5% are sampled from Z ′ events, where an exotic boson Z ′ decays as Z ′ → qq̄, with a
variable Z ′ mass to generate a flat pT spectrum extending the pT -range of the jets studied
up to 4 TeV. These jets are required to have a pT > 150 GeV.

• 7.5% are sampled from a simulated graviton process to also extend the range to higher
momenta. These jets are required to have a pT > 150 GeV.

The simulation process is similar to that introduced in Section 5.1.3. Appendix Figure B.3
displays the jet pT and |η| distributions for the hybrid sample as well as the individual samples
it is based upon, for a total of 40 × 106 jets per flavour in {b, c, light}.

To reach such high statistics, importance sampling with replacement is used to upsample the
limited number of c-jets while using all available b-jets and downsampling light-jets. A particu-
larity of the processing is the requirement for the pT and |η| spectra to be equally distributed for
all jet flavours so that these features, arising from inherent physical effects in the specific pro-
cesses simulated, cannot be used by the model to discriminate among flavours. Jets of different
flavours are selected to match a specific target distribution. The importance sampling weights
are derived by first computing the ratio of the targeted 2D distribution to the per-flavour one.
Weights above 1 indicate jets in that bin have to be oversampled, while values lower than 1
indicate they should be downsampled. Jets are iteratively resampled until the distribution of
each flavour matches the target distribution. As displayed in Appendix Figure B.3a for which
the target is b-jets, the constructed distributions have the same pT and |η| distributions for all
flavours. This work introduced the first implementation of the importance sampling method,
which is now widely used to develop flavour tagging tools leveraging the full statistical power of
the simulations.

For the VR DIPS version, the optimised DIPS model with 62,167 learnable parameters from
the previous section is trained for 200 epochs on 4 Quadro RTX 8000 GPUs. The learning rate
starts at 0.001 and is reduced by a factor of 0.8 on plateaus of 3 epochs, with a batch size of
15k jets, batch normalisation, and a dropout rate of 0.1 for the F network. The model at the
epoch giving the smallest loss on a validation set of 300k jets as well as the best light- and
c-rejections at a fixed 77% b-tagging efficiency is selected. Figure 5.8 show the ROC curves for b-
and c-tagging of the best DIPS model on VR jets (blue), as well as some comparison to the DIPS
model trained on PFlow jets (orange) and RNNIP trained on VR jets from the previous software
release (green). These ROC plots show, on the x-axis, the b-tagging efficiency (ϵbb) versus, on the
y-axis, the rejection Rb

Y for Y ∈ [c, light], or equivalently for c-tagging swapping b ↔ c. The
graviton ROC curve is presented Appendix Figure B.2.
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(a) b-tagging on tt̄. (b) b-tagging on Z ′.

(c) c-tagging on tt̄. (d) c-tagging on Z ′.

Figure 5.8: ROC curves for b-tagging and c-tagging on 300k jets test samples of tt̄ (left) and Z ′

(right). Models displayed are the VR jets DIPS in blue, the PFlow-trained DIPS in orange, and
RNNIP trained on VR jets from the previous software release in green.

Training DIPS on a dedicated set of VR jets improves performance compared to relying on
the PFlow-trained version, as observed by comparing the blue (VR-trained DIPS) to orange
curves (PFlow-trained DIPS). At a b-tagging efficiency of 77%, the light-rejection of the PFlow-
trained DIPS is approximately 40% lower than the VR-trained DIPS. However, the c-rejection
does not benefit as much, being either on par or even worse for the VR-trained DIPS on the
tt̄ samples. This difference in performance indicates an inappropriate choice of the fc value for
the b-tagging discriminant of the VR-trained DIPS. This parameter can be optimised to balance
background rejections using flavour fraction scans, an example of which is shown later in Figure
5.16. However, DIPS probabilities are not used directly in a discriminant but rather passed
on in the high-level algorithm DL1d; hence this optimisation is reserved for the final model as
presented in Section 5.2.5. Figures 5.8c and 5.8d lead to similar conclusions for c-tagging.
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5.2.4 Training DL1d and DL1r with PFlow Jets for Run 3

This work presents the first study of the retraining of DL1r on a new ATLAS software release for
Run 3 of the LHC, and the first training of DL1d including the DIPS subtagger in a high-level
flavour tagging tool. Other novelties of this work include the possible inclusion of τ -jets in the
DL1 model’s predictions and the importance sampling technique to process high-statistics train-
ing datasets introduced in the previous section. The interest in including τ -jets stems from their
tendency to be misclassified as c-jets when hadronically decaying, as both particles commonly
leave three to four particles in the detector. The new taggers are observed to efficiently identify
τ -jets, thereby providing a new way to perform τ -identification and improving c-jet tagging.

Two samples, the tt̄ and Z ′, are simulated in proton-proton collisions at
√
s = 13 TeV and

combined in the datasets, as described in Section 5.1.3. For both samples, PFlow jets are recon-
structed using the anti-kT algorithm with a radius of R = 0.4. These two samples are combined
into a single hybrid sample to train the taggers, with 70% of the total number of jets coming
from tt̄ and the remaining from the Z ′ sample. The tt̄ and Z ′ samples cover, respectively, low-
and high-pT regions based on a reconstructed b-hadron pT separation threshold of 250 GeV for
b-jets and a jet pT of 250 GeV for non-b-jets. They are resampled to have the same pT − |η|
distributions. The relative proportion of each sample was chosen to avoid any discontinuity in
the pT spectrum at their junction, as shown in Figure 5.9. The total statistics available for
training is 25× 106 jets per flavour. The final evaluation of the performance of a trained tagger
is performed on separate test sets of both processes and unfolded over the flavours. The tt̄ and
Z ′ samples for validation and testing are each made of 1 million jets and are not downsampled
to have the same [pT − η] distribution nor the same yield of different flavours.

Figure 5.9: The pT (left - in MeV) and |η| distributions of the resampled b-, c-, and light-jets in,
respectively, blue, orange, and green. The three sets are resampled to have the same pT − |η| 2D
distributions. The flat pT spectrum extending up to several TeV is due to the exotic Z ′ process
generated with varying masses, starting at 150 GeV. The large peak at lower pT is due to the tt̄
process. These sets each have 8.3 million jets per flavour.

Training is performed with the TensorFlow-based [112] Umami software [2] for 300 epochs
with a variable learning rate schedule and the default network structure adopted in the previously
released DL1r: 8 fully connected NN layers of decreasing sizes [256, 128, 60, 48, 36, 24, 12, 6]
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with ReLU activation, leading to a final softmax layer producing the predicted probabilities for
each flavour. The models from the epoch offering the best combined results in terms of b-tagging
efficiency and rejection from b-jets on the validation set are selected for further analysis. Ev-
ery training run converged to a fixed set of performance values, with no overtraining occurring.
Several modifications to the model architecture, list of input variables, and preprocessing and
training procedures were explored, with no significant gains observed. The conclusion drawn
from the lack of improvements from these attempts is that models built on this simple DNN
structure with such a large dataset are already saturating their performance. To establish a
meaningful benchmark for the newly trained taggers, the performance of the then-recommended
DL1r tagger, trained and evaluated on an analogous set of samples from the previous software
release, is included in the following results under the label Recom. DL1r.

Figure 5.10 presents the ROC curves for the tt̄ (left) and Z ′ (right) test samples for b-tagging.
The two bottom subplots present the ratio of the c-jet and light-jet rejection curves relative to
the recommended DL1r ones. Figure 5.11 shows similar plots for c-tagging, with respect to b-jet
and light-jet rejections. The important conclusion is the clear gain obtained by replacing RNNIP
with DIPS. Both the b- and c-tagging performance of DL1d dominate the DL1r versions, with
a significant improvement in background flavour rejection for all tagging efficiencies considered,
as summarised in Table 5.3. The largest performance improvement is obtained for b-tagging on
the tt̄ process at lower jet momenta. This latter point indicates a dynamic behaviour of the
DIPS subtagger that can be traced back to the looser jet selection. Higher momentum jets are
more likely to have a larger set of tracks, and these tracks tend to be closer to each other due
to relativistic boosting. The looser selection forces the DIPS model to sift through a noisier set
of tracks. This results in smaller gains in performance at higher momentum, while an improve-
ment is obtained at lower momentum due to the good geometric separation and smaller initial set.

b-tagging on tt̄
WP c-rejection light-rejection
60% +26% +73%
70% +19% +56%
77% +12% +41%
85% +7% +32%

c-tagging on tt̄
WP b-rejection light-rejection
25% +26% +5%
30% +25% +9%
40% +22% +12%
50% +18% +15%

b-tagging on Z ′

WP c-rejection light-rejection
60% +19% +43%
70% +10% +32%
77% +9% +26%
85% +6% +19%

c-tagging on Z ′

WP b-rejection light-rejection
25% +12% +22%
30% +11% +19%
40% +8% +14%
50% +7% +10%

Table 5.3: The change in background flavour rejections of DL1d relative to DL1r at various
tagging efficiencies, both trained on the new release. Top: b-tagging (f bc = 0.018); bottom: c-
tagging (f cb = 0.2); left: tt̄; right: Z ′.
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Figure 5.10: Performance for b-tagging with a flavour fraction of f bc = 0.018. Left: tt̄; right:
Z ′. Top: ROC curves; centre: ratio of c-jet rejection from b-jets relative to DL1r; bottom: same
ratio for light-jet rejection. The recommended DL1r from the previous release is shown in blue.
The new release DL1d is shown in orange and GN1 is in green.

Figure 5.11: Performance for c-tagging with a flavour fraction of f cb = 0.2. Left: tt̄; right: Z ′.
Top: ROC curves; centre: ratio of b-jet rejection from c-jets relative to DL1r; bottom: same
ratio for light-jet rejection. The recommended DL1r from the previous release is shown in blue.
The new release DL1d is shown in orange and GN1 is in green.
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The b-jet rejection from c-jets ROC curve in Figure 5.11 traces an elbow at high c-jet effi-
ciencies. These values correspond to a set of b-jets that do not overlap with the c-jets c-tagging
discriminants distributions, as shown in Figure 5.13. These “background“ jets are easily removed
from the core set of “signal” jets due to inherent differences between the flavours and the discrete
nature of some subtaggers used. The background rejections of the various taggers for b-tagging
(c-tagging) as a function of the jet transverse momentum pT at an inclusive b-efficiency of 70%
(c-efficiency of 30%) per region displayed are shown in Figure 5.14 (Figure 5.15). Throughout
the pT range considered, DL1d outperforms the DL1r tagger. The low pT b-jet rejection from
c-jets is noticeably better for the newly trained tagger compared to DL1r. The discontinuity
in the rejections between the two processes arises from the inclusive b-tagging efficiency being
computed per region and not exclusively for the whole range.

Figure 5.12: DL1d b-tagging discriminant distribution (fc = 0.018) for the different jet flavours
on tt̄ (left) and Z ′ (right).

Figure 5.13: DL1d c-tagging discriminant distribution (fb = 0.2) for the different jet flavours on
tt̄ (left) and Z ′ (right).

These results include a GNN-based tagger that was in development at the time: GN1 [9]. This
model is based on a graph attention network directly processing low-level inputs, thereby diverg-
ing from the traditional ATLAS flavour tagging philosophy of combining low-level subtaggers
into a high-level one, such as in DL1d. As exemplified in Figures 5.10 and 5.11, the method
significantly improves performance and is explored in further detail in Section 5.3.
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Figure 5.14: Background flavour rejections at a fixed b-tagging efficiency of 70% (per region
shown) for the various taggers. Top: tt̄; bottom: Z ′; left: c-rejection; right: light-rejection. For
each plot, the bottom panel presents the ratio relative to the recommended DL1r.

Figure 5.15: Background flavour rejections at a fixed c-tagging efficiency of 30% (per region
shown) for the various taggers. Top: tt̄; bottom: Z ′; left: b-rejection; right: light-rejection. For
each plot, the bottom panel presents the ratio relative to the recommended DL1r.
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The DL1d tagger has been quickly integrated into the ATLAS software thanks to its simi-
larities with DL1r. Its fast calibration has led to its rapid introduction to the Collaboration and
deployment in early Run 3 analyses [163]. To exploit the full potential of the trained model and
cater to the specific needs of individual analyses, several working points are centrally defined and
calibrated. An important parameter to control the relative importance of the jet classes to be
rejected with the discriminants of Equations 5.1 and 5.2, light and c for b-tagging and light and
b for c-tagging, are the flavour fractions fc and fb. Naturally, there is a trade-off: for b-tagging, a
larger fc value favours better c-rejection at the cost of degrading the light-rejection. To measure
this dependency, flavour fractions scans are performed at a fixed b-tagging (c-tagging) efficiency
of 77% (30%) in Figure 5.16a (Figure 5.16b).
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Figure 5.16: The flavour fraction scans of the DL1d model. The chosen values are marked on
the curves, displaying on the y-axis the c-rejection (b-rejection) for b-tagging (c-tagging) vs the
light-rejection on the x axis at a fixed operating point of 77% (33%). Increasing fc (fb) shifts
the marker upwards along the curves.

An effective technique to measure the relative importance of the different variables is to quan-
tify their contributions to the output using Shapley values. This technique calculates the average
contribution of each input to the output [105]. Figures 5.17 and 5.18 present the outcome of
applying this framework, as proposed in Ref. [164], to approximate the Shapley values of the
inputs to the b-tagging Db and c-tagging Dc discriminants of DL1d, respectively. These so-called
beeswarm plots measure the impact of the evidence on the output of the model for each input
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feature. The plots display how each feature’s Shapley value modifies the discriminant by moving
from a prior background-data distribution expectation to the final model prediction using the
real feature. A set of test data points of the targeted jet distributions are sampled and, for
each, a prior expectation was randomly sampled for the initial test. The impact of using the
real value in the prediction was then measured. Positive Shapley values indicate variables having
an increasing effect on the discriminant, thereby helping either b- or c-tagging depending on the
case considered. Each data point is coloured on a gradient scale from low feature value in blue
to high feature value in red, and the dots pile up to indicate the density of the distribution. A
feature that has more weight of its Shapley values distribution at larger values of the feature can
be expected to help the model in identifying the main flavour of jets. Conversely, if the Shapley
values are negative for large values of the feature, the feature value should be lowered for the
model discriminant to improve.

Inspecting Figure 5.17 reveals some interesting patterns in the DL1d network for b-tagging.
The most important family of features for this task are the DIPS probabilities, with higher values
of pb correctly identifying the jet as b while higher values of pc and plight (noted pu) have the
opposite effect. The number of 2-track pairs from SV1 and some JetFitter variables - the mass
of the vertex, the energy fraction and the number of tracks at the vertex - are also highlighted as
important features. These observations are in line with the physics-based reasoning that b-jets
are expected to have a large charged particle multiplicity, with the b-hadron taking most of the
b-quark momentum. Some other interesting features to consider are the ones formatted as “algo-
Name_isDefaults”: they encode whether the base-method “algoName” is activated (0 - blue) or
not and thus defaulting (1 - red) for each jet. Interestingly, most occurrences of a defaulting
behaviour of SV1 and JetFitter are associated with a negative Shapley value, demonstrating
the validity of the physics reasoning behind these methods and their active contributions to b-
tagging. IPxD variables generally score low in the ranking, indicating these methods contribute
little to the model predictions and can be safely removed, an observation confirmed by direct
optimisation of the input feature set. Contrasting the Shapley values for tt̄ (left) and Z ′ (right),
the same variables roughly rank in the same order, with the minimal differences explained by
the distinct kinematic properties of the two samples.

The same analysis can be carried out for c-tagging, with the results displayed in Figure 5.18.
As discussed for b-tagging, the most important features are again the DIPS probabilities, with
pc ranking first and contributing the most to Dc. Interestingly, the ranking of features is similar
to that of Db, with most features that had a positive impact on Db when taking larger values
now negatively impacting Dc. This is the case for most of the JetFitter and SV1 variables. The
defaulting behaviour of these algorithms, occurring when the conditions of a jet do not meet
certain requirements, has as expected a positive effect on Dc. Again, the IPxD family of features
scores low, indicating the limited importance of their contributions to the output now that this
information is provided by DIPS. This anti-correlation behaviour of subalgorithms to the Dc

discriminant is expected, as they were primarily designed to help b-tagging.
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5.2.5 Training DL1d with Variable Radius Jets for Run 3

As with DIPS, changing the jet definition from PFlow to VR jets is expected to have a large
impact on the performance of the methods described here. Building on the VR-trained DIPS
model introduced in Section 5.2.3, this section presents the training of DL1d for VR jets. The
datasets are similar to those in Section 5.2.3. The VR-trained DL1d is trained for 300 epochs
with no signs of overtraining. Its performance here is compared to the PFlow version introduced
in the previous section, as well as a DL1r version trained on VR jets and a pre-release GN1
trained on 20 million VR jets.

Table 5.4 reports the rejections obtained at different WP of typical interest in analyses. It
highlights that retraining on the dedicated VR jet sets leads to a significant improvement in
performance. The VR-DL1d outperforms the PFlow version for all b- and c-tagging efficiencies
considered, as highlighted by the ROC curves in Figures B.4 and B.5 in Appendix B.3. Introduc-
ing DIPS into the DL1 architecture has a significant impact on the performance of the tagger and
greatly improves on RNNIP. The specifically VR-trained DL1d outperforms the PFlow version
with the flavour fraction parameter for b-tagging f bc changed from 0.018 (used for the PFlow
model) to 0.1. For c-tagging, a clear gain in light-rejection comes at the cost of lower b-jet re-
jection, which can also be corrected by an appropriate change of the flavour fraction parameter
for c-tagging f cb , currently set at 0.2 for both DL1d models. As highlighted in Figure B.6 of
Appendix B.3, which displays flavour fraction scans for b- and c-tagging, this choice of f cb is
indeed suboptimal for the 30% WP.

b-tagging
tt̄ Z ′ Graviton

WP c-rej light-rej c-rej light-rej c-rej light-rej
60% +20% +6% +14% +83% +19% +72%
70% +18% +9% +14% +65% +16% +57%
77% +13% +15% +13% +56% +14% +51%
85% +1% +25% +11% +45% +12% +40%

c-tagging
tt̄ Z ′ Graviton

WP b-rej light-rej b-rej light-rej b-rej light-rej
25% -20% +137% -17% +90% -17% +80%
30% -25% +114% -21% +73% -19% +66%
40% -29% +99% -23% +53% -22% +48%
50% -29% +80% -24% +39% -22% +35%

Table 5.4: The change in background flavour rejection of VR-trained DL1d relative to the PFlow
trained DL1d at various tagging efficiency working points, both trained on the new release. Top:
b-tagging (f bc = 0.1 and 0.018 for the VR and PFlow training); bottom: c-tagging (f cb = 0.2).

While the physics-motivated architecture optimisation moving from an RNN-based to a Deep
Set-based track analyser improves the efficiency of the hierarchical model, a clear gain in perfor-
mance is achievable through the more radical modification of the architecture adopted for the
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GN1 model, as demonstrated in Figures 5.10, 5.11, B.4, and B.5. This is a common observation
in the field of machine learning: the vast amount of low-level noisy data can be better exploited
by sophisticated architectures than by using a simple model fed with a few highly engineered
and reconstructed features, even when these are physically motivated. GN1 is not based on any
specific physics principles. As shown in the next section, the tracks themselves contain enough
of the rich physics signature required to determine the label of the jet they compose.

5.3 Graph Neural Network Generation of Taggers

The new generation of classifiers developed for flavour tagging at ATLAS introduces a fundamen-
tal shift in design, moving away from the hierarchical approach. Instead, a single large neural
network operates on a set of track information as well as some jet features to directly output the
per flavour probabilities. As suggested in Figure 5.19, this change to the flavour tagging software
stacks greatly simplifies the maintenance and development, with all the attention focused on a
single network. A new software called Salt [5] built on PyTorch [111] is introduced to sim-
plify the definition and training of multitasking multimodal models with multiple GPUs. This
large network is built on a far more powerful architecture, thanks to a modified graph attention
network (GAT) [121, 165] for GN1 and a transformer encoder for GN2 [125].

Figure 5.19: Comparison of the tagging scheme between the DL1 generation (left) and the GN
generation (right) [9]. Solid lines represent reconstructed information while dashed lines represent
truth information only accessible from the simulations.

GN1 uses the information associated with charged tracks in a jet to directly output the
flavour-tag probabilities, which are then combined into analogous discriminants to Equations
5.1 and 5.2. This constitutes the primary goal of the network. Alongside predicting the flavour
of the jet, auxiliary objectives are also optimised to aid and guide the training. This so-called
multitasking framework is a common way to distil expert knowledge into the design of an ML
method, focusing the attention of the network on multiple metrics. In this case, two side tasks
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are passed along for the physical insights they highlight.

1. Track origin prediction: a classification task aiming to assign a physical process from which
the track arises, as per the prescriptions detailed in Table 5.5. The flavour of a jet is strongly
correlated to the origin of the tracks. This task brings the attention of the network to this
important information as a form of supervised attention [166].

2. Vertex prediction: a classification task predicting whether two tracks come from the same
vertex. The decays of b- and c-hadrons include secondary and tertiary vertices inside a jet.
Highlighting the compatibility of two tracks to share a vertex allows the model to infer the
presence of such vertices. On the truth side, vertices separated by a distance < 0.1 mm are
merged, and tracks labelled as Pile-up or Fake are forced to not have any shared vertex.

These complementary objectives use truth information from the simulation and cannot there-
fore be predicted at inference time on real data. They improve performance during the training
by providing useful information on the content of the jets. A modified approach in which a
model is pre-trained on the auxiliary objectives and then fine-tuned on the primary objective is
not observed to lead to a gain in performance, hence the objectives are optimised simultaneously.

Truth Origin Description
Pile-up From a pp collision other than the primary interaction
Fake Created from the hits of multiple particles
Primary Does not originate from any secondary decay
fromB From the decay of a b-hadron
fromBC From a c-hadron decay, which itself is from the decay of a b-hadron
fromC From the decay of a c-hadron
OtherSecondary From other secondary interactions and decays

Table 5.5: Truth origins used to label the physics process leading to the produced tracks [9].
Charged particles and tracks are matched using the truth matching probability [79], and a value
below 0.5 is taken to imply the reconstructed track parameters are mismeasured.

Being built around a graph computation, the GN1 and GN2 networks are directly adapted
to work with a variable number of unordered inputs. The input is composed of 21 tracks with
track features listed in Table 5.6. Each track is further enriched with 2 jet-level features: the jet
transverse momentum pT and pseudorapidity η. Tracks are selected from a set of requirements
slightly modified from those used for DIPS: ≥ 8 hits in the silicon layers with < 2 shared hits,
< 3 holes in the silicon layers, < 2 holes in the pixel detector, and tracks must have pT > 0.5

GeV, |d0| < 3.5 mm, and |z0 sin θ| < 5 mm. A hole is a missing hit that was expected on a layer
between two recorded hits of the same track. At most the first 40 tracks associated with a jet
as ranked by transverse IP significance sd0 are selected for processing. The input feature list
includes missing information from the track and shared hits to specifically target high pT jets,
where tracks are more collimated and their separation can be unresolvable with the deployed
detector technology. The GN1 and GN2 models share the properties presented so far. They
however differ in their architecture, which is explored in further detail in the next two sections.
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Jet Inputs
pt Jet transverse momentum
η Signed jet pseudorapidity

Track Inputs
q/p Track charge divided by momentum (curvature)
dη Pseudorapidity of the track, relative to the jet η
dϕ Azimuthal angle of the track, relative to the jet ϕ
d0 Closest distance from the track to the PV in the longitudinal plane

z0 sin θ Closest distance from the track to the PV in the transverse plane
σ(q/p) Uncertainty on q/p
σ(θ) Uncertainty on track polar angle θ
σ(ϕ) Uncertainty on track azimuthal angle ϕ
σ(d0) Lifetime signed transverse IP significance
σ(z0) Lifetime signed longitudinal IP significance

nPixHits Number of Pixel hits
nSCTHits Number of SCT hits
nIBLHits Number of IBL hits
nBLHits Number of B-layer hits

nIBLShared Number of shared IBL hits
nIBLSplit Number of split IBL hits

nPixShared Number of shared Pixel hits
nPixSplit Number of split Pixel hits

nSCTShared Number of shared SCT hits
nSCTHoles Number of SCT holes

Table 5.6: Input features of the GN generation of taggers [9].

5.3.1 GN1: Graph Attention Network for Flavour Tagging

The architecture of GN1, described in Figure 5.20, relies on a modified graph attention network
[165] specifically designed for graph learning on sets, the so-called Set2Graph [167]. The design
of the network architecture was subject to coarse hyperparameter optimisation. The first step
takes all tracks, each represented by a vector of features composed of the 21 track features plus
the two jet features, and embeds each of these track vectors into a latent space of dimension 64
with a feed-forward network of three hidden layers with 64 neurons. This is similar to the track
neural network Φ of the DIPS model.

A fully-connected graph is built with the embedded track representations as nodes. For this
section, there is one node per track labelled hi and represented by a feature vector of dimension
64. The graph network updates the defined graph G(N ) into a graph G′(N ′), with N and N ′

the set of nodes, by aggregating the features of each vertex hi and neighbouring nodes Ni to
hi using the operation of Ref. [165]. In the present case, the graph is fully connected, hence
Ni = N . The following 4 steps are applied during a single graph update [9]:

1. Each node feature vector is passed through a fully connected layer W producing an updated
representation W hi of size 64.
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Figure 5.20: The architecture of the GN1 network [9]. The combined input is made of the
set of tracks, each of which is given a copy of the two jet variables in addition to the track
features, as described in Table 5.6. After a first embedding taking the input to an enriched
latent representation, a fully connected graph is defined with the embedded tracks as nodes. The
output of the graph is a conditional track representation used by the three training objectives.

2. Pairwise scalar edge scores are computed for each pair of nodes i, j ∈ N by

e (hi, hj) = V T θ ([Whi,Whj ]) , (5.6)

where V is a second feed-forward layer of size 128, θ is the ReLU activation function, and
[, ] stands for the concatenation operation of two tensors.

3. Attention weights are derived from the pairwise edge scores, using a softmax over all j per
node hi:

ai,j = softmaxj (e(hi, hj)) . (5.7)

4. The final step is to aggregate the information to update each node hi → h′i by computing
the attention-weighted sum over all node representations ∀j ∈ N :

h′i =
∑
j

ai,j .Whj , (5.8)

For GN1, applying 2 attention heads with 3 successive graph network layers is found to deliver
optimal performance without any overtraining observed. The outputs of the graph network are
conditional track representations, updating every track representation with information from
other tracks. The ordering of the conditional tracks is kept similar to that of the original set
to match processed tracks to their truth information. Furthermore, a global representation
is derived by combining the conditional track representation with a pooling operation using
learnable attention weights. These rich conditional and global representations can now be passed
as inputs to three distinct feed-forward neural networks leading to the different objectives [9]:

1. Jet flavour prediction: performed by a graph classification network that is only fed the
global representation. The primary objective of predicting the jet flavour is done by this
network, composed of 4 hidden layers with 128, 64, 32, and 16 neurons respectively, finishing
on an output of size 3 with a softmax activation for b-, c-, and light-jet probabilities.
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2. Track origin prediction: performed by a node classifier processing each conditional track
representation with the global representation. This network is built with three layers of
reducing width 128, 64, and 32, to finish on the output layers of size 7 with a softmax
activation, matching to the 7 classes corresponding to the different truth origins considered
in Table 5.5.

3. Vertex prediction: performed by a node-pairs binary classifier that receives every possible
combination of conditional track representations as well as the global representation. This
network is made of 3 layers of size 128, 64, and 32 for a final output of size 1 with a sigmoid
activation, stating whether the pair of tracks have a common vertex or not.

The architecture of GN1 is somewhat akin to an enhanced version of DIPS, with the track
initialiser and graph classifiers corresponding to Φ and F . Added elements are the powerful GNN
layers, the conditional representation pooling layer with attention, and the auxiliary objectives.
GN1 is trained by minimising the combined loss function Ltotal defined as

Ltotal = Lflavour + αLtrack + β Lvertex. (5.9)

Lflavour is the categorical cross-entropy loss, as defined in Equation 4.2, over the different jet
flavours to output the per-flavour probabilities. Ltrack is the categorical cross-entropy loss for
the track origin prediction averaged over all tracks in a batch. Due to intrinsic differences in
the relative frequency of track origins, the contribution of each origin is weighted by its inverse
frequency of occurrence. Finally, Lvertex is the binary cross-entropy of the track-pair compati-
bility averaged over all track-pairs in a batch. The importance of matching tracks from b- and
c-hadrons is artificially increased by doubling the weights of their track-pairs. In Equation 5.9,
special weights are applied to combine the different tasks that are represented by distinct values,
reflecting their specific loss functions and difficulties. Weights of α = 0.5 and β = 1.5 [9] lead
the auxiliary objectives to converge to similar values, giving the different additional terms equal
weighting in Ltotal. This choice of parameters also lets the primary objective Lflavour dominate
the global loss, with small variations of α and β not significantly impacting the performance.
The results presented here come from Ref. [9], where a GN1 model is trained for 100 epochs
with a sample of 30 million jets made of 60% tt̄ and 40% Z ′, as previously described in this
chapter. The validation loss on a statistically independent sample of 500k jets is monitored, with
the epoch minimising it selected for further analysis. The optimiser is based on Adam [131] with
a learning rate of 10−3 and a batch size of 4000 jets spread across 4 GPUs.

The results of the training are presented in Figures 5.21 and 5.23 for b- and c-tagging re-
spectively, where a DL1r model retrained on similar inputs to the GN1 with 75 million jets is
presented as reference. The ROC curves of a GN1 model with an additional track input to those
of Table 5.6 indicating whether a track was used in the reconstruction of an electron or a muon
is also included as GN1 Lep. Most of the improvement in rejection from GN1 models is found
a lower tagging efficiencies. At the typical WP of 70% on the low pT region defined by tt̄, the
c-jet (light-jet) rejection is 110% (80%) above that of DL1r. As was highlighted in Figures 5.10
and 5.11, the performance of DL1d is approximately 20% to 50% above DL1r at the 70% WP,
which is much lower than the observed gains made by the GN1 models.
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(a) GN1 and DL1r performance on the tt̄ test sample, with 20 < pT < 250 GeV.

(b) GN1 and DL1r performance on the Z ′ test sample, with 250 < pT < 5000 GeV.

Figure 5.21: ROC curves tracing the b-tagging efficiency versus the c-jet (left) and light-jet
(right) rejections for the tt̄ (top) and Z ′ (bottom) test samples [9]. Models compared are DL1r
in red, GN1 in blue, and GN1 Lep in purple. The bottom panels show the ratio to DL1r. The
flavour fraction is set at f bc = 0.018 for DL1r and 0.05 for GN1 and GN1 Lep. The binomial
error bands are shown as shaded regions.

Improvements are made across the pT spectrum, with a 180% (500%) increase in rejection at a
30% WP on Z ′, which roughly corresponds to the efficiency obtained when applying the 70% WP
from tt̄ on this higher energy sample. The GN1 version with lepton information further improves
the performance, to a c-rejection (light-rejection) of 180% (150%) at the 70% WP on tt̄ and 180%
(600%) on the Z ′ at the 30% WP. A factor behind the observed performance improvement is
the looser track selection leveraged by GN1 and the more sophisticated exploitation of the noisy
set of low-level track information. The GN1 and DL1r discriminants for b-tagging are presented
in Figure 5.22. The distributions for GN1 move the b-jet distribution to higher values of the
discriminants, indicating higher confidence in the associated predicted pb.
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Figure 5.22: Comparing the GN1 and DL1r b-tagging discriminants Db normalised distributions
on the tt̄ (top) and Z ′ (bottom) test samples [9]. Models compared are DL1r in dashed lines and
GN1 in continuous lines. Flavours are indicated by a different colour: green for b-jets, yellow for
c-jets, and blue for light-jets. Flavour fractions are set at f bc = 0.018 for DL1r and 0.05 for GN1.

Concerning the c-tagging performance, the ROC curves and the discriminant distributions
Dc are presented in Figures 5.23 and 5.24. GN1 significantly outperforms DL1r for c-tagging:
both background rejections are doubled on the tt̄ sampled at a c-tagging WP of 25%, with a
more modest increase on the Z ′ sample of 60% for b-rejection and 100% for light-rejection at the
same c-tagging WP.

As previously highlighted, the tagging performance is strongly anti-correlated with the jet
energy considered, explaining the observed rejection differences between the tt̄ and Z ′ samples.
Higher energies correlate with higher transverse momentum pT . More energy in the system intro-
duces a higher multiplicity of fragmentation particles challenging the reconstruction process. The
direction of emission of the particles is more collimated and approaches the resolution power of
the tracking detector granularity. Different tracks are no longer individually resolvable and their
hits are merged. Due to relativistic effects, the time of flight of heavy-hadrons increases at higher
pT , delaying their decay further into the depth of the detector. Traces left by the heavy-hadrons
paths and fragmentation particles introduce inaccuracies in the reconstructed track parameters
[79]. This degradation of the track quality impacts the jet tagging performance significantly,
as displayed in Figure 5.25 showing the b-tagging efficiency as a function of jet pT for a fixed
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(a) GN1 performance on the tt̄ test sample, with 20 < pT < 250 GeV.

(b) GN1 performance on the Z ′ test sample, with 250 < pT < 5000 GeV.

Figure 5.23: ROC curves tracing the c-tagging efficiency versus the b-jet (left) and light-jet
(right) rejections for the tt̄ (top) and Z ′ (bottom) test samples [9]. Models compared are DL1r
in red, GN1 in blue, and GN1 Lep in purple. The bottom panels show the ratio to DL1r. The
flavour fraction is set at f cb = 0.2. The binomial error bands are shown as shaded regions.

light-jet rejection of 100 in each bin. GN1 outperforms DL1r across the studied pT spectrum,
with a very significant b-efficiency improvement of a factor ∼ 2 at high values of pT , above 2 TeV.

To conclude this section on GN1, the importance of the auxiliary tasks is discussed by pre-
senting ablations studies removing them iteratively from the full GN1 model. For this purpose,
three variants of GN1 are trained equivalently to the full GN1:

• Without any auxiliary objectives, leading to a model labelled “GN1 No Aux” only optimis-
ing the jet classification objective.

• With only the vertexing auxiliary objective, for the model labelled “GN1 Vert”.

• With only the track classification auxiliary objective, for the “GN1 TC” model.
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Figure 5.24: Comparing the GN1 and DL1r c-tagging discriminants Dc normalised distributions
on the tt̄ (top) and Z ′ (bottom) test samples [9]. Models compared are DL1r in dashed lines and
GN1 in continuous lines. Each flavour is indicated by a different colour: green for b-jets, yellow
for c-jets, and blue for light-jets. The flavour fraction is set at f cb = 0.2.

Figure 5.25: Comparing the GN1 and DL1r b-tagging efficiency as a function of jet pT at a
fixed 100 light-jet rejection in each bin on the tt̄ (left) and Z ′ (right) test samples [9]. Models
compared are DL1r in dashed lines and GN1 in continuous lines. The flavour fraction is set at
f bc = 0.018 for DL1r and 0.05 for GN1 and GN1 Lep.
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Figure 5.26 displays the ROC curves of these modified models compared to the previously in-
troduced DL1r and the full GN1. Removing the auxiliary objectives has a large impact on
performance. The GN1 No Aux model is effectively similar to a DL1d model, having similar
performance gains with respect to DL1r. Remarkably, this performance is obtained from a single
network processing track without any of the subtagger nor methods used by the DL1 generation,
effectively underlying the powerful representation power of GATs. Adding either of the auxiliary
tasks has the same beneficial impact on performance, as GN1 TC and GN1 Vert performs sim-
ilarly and each is enough to significantly outmatch DL1r. The real gain is obtained by adding
both auxiliary tasks, which further boosts the effectiveness of the model.

Figure 5.26: ROC curves tracing the b-tagging efficiency versus the c-rejection (left) and light-
rejection (right) for the tt̄ (top) and Z ′ (bottom) test samples [9]. Models compared are DL1r
in red, GN1 in blue, and versions of GN1 with missing auxiliary tasks. GN1 No Aux in green
has none of the auxiliary, GN1 Vert in purple only the vertexing task, and GN1 TC in orange
only the track classification. The flavour fraction is set at f bc = 0.018 for DL1r and 0.05 for GN1.
The binomial error bands are shown as shaded regions.
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So far, the performance of GN1 on the primary objective of jet flavour classification has been
discussed. The performance on the auxiliary objectives is not directly relevant as they are only
there to distil information to help the primary goal. The track-pairs vertexing performance can
be assessed by leveraging the information to perform vertex finding: grouping sets of tracks that
are found to share a vertex into a single reconstructed vertex. The result is compared to the truth
vertex label available in the simulations. Vertices identified by GN1 as containing tracks coming
from a b-hadron decay are grouped, and the same procedure is applied to the truth information.
To measure performance, the reconstructed and true vertices are compared as well as the number
of tracks correctly assigned. A vertex is correctly identified when it contains at least 65% of the
correct tracks with a purity of at least 50%. The comparison is only carried out for reconstructed
tracks, meaning a 100% GN1 efficiency corresponds to correctly identifying all possible secondary
vertices within the limit of the track reconstruction efficiency. An inclusive reconstruction effi-
ciency in b-jets of ∼80% is measured for GN1, effectively proving that the model can identify
b-hadron decay vertices. An important caveat is the current restriction is only on finding such
vertices, not on reconstructing them. To implement a fully-fledged secondary vertex fitter as an
auxiliary objective, the fitting of the vertex must be produced by a differentiable algorithm to
allow for backpropagation. This is a promising area of research, given the physics-based interest
in accessing this important SV information. A promising example from Ref. [168] is under study
to introduce an auxiliary differentiable single vertex fitting task in ATLAS.

Figure 5.27: ROC curves tracing the false positive rate versus the true positive rate of the truth
origin classification on the tt̄ (left) and Z ′ (right) test samples [9]. Heavy Flavour is a weighted
combination of the FromB, FromBC, and FromC by their relative abundance.

Concerning the track origin classification performance, Figure 5.27 presents some ROC curves,
comparing the false positive rate (tracks wrongly assigned a label) versus the true positive rate
(tracks correctly assigned a label), for the different track origin classes of Table 5.5. Some classes
are combined with weights dictated by the subclass relative abundance: this is the case of the
FromB, FromBC, and FromC classes that are combined as Heavy Flavour, and the Primary and
OtherSecondary labels. The Area Under the Curve (AUC) of the ROC of all groups is above
90%, indicating good classification performance. The most challenging categories are the Heavy
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Flavour, Primary, and OtherSecondary tracks, while the Fake and Pileup tracks are effectively
identified. The global mean (weighted) AUCs are of 92% (95%) on tt̄ and 94% (96%) on Z ′ [9].
This performance ranking is in line with a physics-based intuition, and the pT effect can be noted
by the reduction in AUC for the Heavy Flavour tracks on the Z ′ sample.

GN1 shows clear benefits in moving away from the previous recipe to build taggers by com-
bining several subalgorithms and methods with physics meaning. Embracing modern advanced
machine learning, it underlines the superiority of a single network built around an advanced core
unit. While the inner workings of the model are somewhat less interpretable than the previous
DL1 generation of taggers, expert knowledge is passed to the network thanks to the multitasking
paradigm.

5.3.2 GN2: Transformer Encoder for Flavour Tagging

GN2 is a fine-tuned modification of GN1 built with the same conceptual processing chain but
easier to train and simpler to scale in parameters. The main modification with respect to GN1 is
the replacement of the computationally complex and expensive GAT layers by a now ubiquitous
architecture in machine learning: the transformer [125]. As described in Chapter 4.2.8, trans-
formers are remarkably effective, both able to extract fine-grained correlations between ordered
and unordered tokens in a sequence through the mechanism of attention and to scale to very
large network sizes without suffering from overtraining. By design, transformers combine rich
attention-computing and regularisation-inducing steps letting these networks scale significantly
their number of parameters while guaranteeing effective parallelisable training on GPU hardware.

Modification Parameter GN1 GN2
Hyperparameter Trainable parameters 0.8M 1.5M
Hyperparameter Learning rate Fixed 1e-3 One-cycle scheduler
Hyperparameter Core unit layers 3 6
Hyperparameter Attention heads 2 8
Hyperparameter Embedding dimension 128 192

Architecture Attention Type GATv2 Scaled dot product
Architecture Dense update No Yes (dim 256)
Architecture Separate value projection No Yes
Architecture LayerNorm + Dropout No Yes

Inputs Number of training jets 30M 192M

Table 5.7: Main modifications between GN1 and GN2 [4].

In the case of GN2, the design only requires building a global representation of the sets of
tracks composing a jet, hence only the encoder part introduced in Ref. [125] and modified in Ref.
[169] is deployed to replace the GAT component of Figure 5.19. A summary of the modifications
adopted when switching from GN1 to GN2 is presented in Table 5.7. The reference to GN1
corresponds to the last version of the model that was developed, which already adopted some
minor modifications to the GN1 model previously described. Similarly, the GN2 model described
here corresponds to the first publicly released model, and this generation is also being refined

91



55555
Chapter 5: Flavour Tagging University of Oxford

and improved at the time of writing this thesis. Some significant changes adopted for GN2 are a
learning rate scheduler, a larger embedding space dimension giving a wider and deeper - thanks to
the doubling of the number of layers - core transformer unit, and the introduction of regularising
effects from layer normalisation and dropout [129]. The learning rate scheduler is based on
the one-cycle scheduler of Ref. [170], with some important parameters described in Table 5.8.
This scheduler speeds up the training by initially growing the learning rate to larger values,
corresponding to larger steps in the optimisation landscape, before annealing progressively the
learning rate to smaller values, helping the optimiser to converge to a specific minimum [171]. The
attention computation implemented by the transformer produces similar physics performance to
the GAT at a reduced memory footprint and training time [27]. The improved computational
performance of GN2 allows scaling up the number of parameters of the network and the training
dataset size. Consequently, GN2 has roughly twice as many parameters as GN1 and was trained
on a much larger training dataset. GN2 can indeed be trained on roughly ×6 more jets than
GN1 with the same computing resources. The datasets for the GN2 training presented here are
derived similarly to those previously introduced for DL1d and GN1, using importance sampling
to fully utilise the b- and light-jets statistics.

Parameter Description
LR initial Initial value of the learning rate

LR maximal Maximal value of the learning rate reached at the end of warm-up
LR final Value of the learning rate reached at peak epoch
Warm-up Period covering the increase from initial to maximal

Peak epoch Epoch at which LR maximal should be reached

Table 5.8: The five parameters of the one-cycle scheduler.

The attention mechanism in the transformer is subtly different from the GAT and corresponds
to the multihead self-attention process described in Chapter 4.2.8. The nodes are updated in
two steps: first attention is computed and applied, then a dense layer updates the set of nodes.
In more detail, the transformer implements the following update on the set of nodes hi ∈ N
defining the fully connected graph G(N ):

1. Layer normalisation is applied to the input set of nodes N .

2. For each attention head, 3 individual mappings represented by layers Wq, Wk, and Wv map
each node hi ∈ N to three independent representations Wqhi, Wkhi, and Wvhi.

3. For each node hi ∈ N , edge scores are computed with all nodes hj using the scaled dot
product attention

e (hi, hj) =
Wqhi .Wkhj√

s
,

where the s parameter representing the scaling weight is typically taken to be the dimension
of matrix Wk.

4. The edge scores are turned into attention scores for node i, by taking the softmax over all
nodes:

ai,j = softmaxj (e(hi, hj)) .
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5. Each node hi ∈ N is updated into a node h′i ∈ N ′ as:

h′i =
∑
j

ai,j .Wvhj

6. Using a skip connection, the updated nodes N ′ are added their original N values.

7. Layer normalisation is applied to the updated nodes N ′.

8. The updated nodes are passed through a DNN.

9. The output of the DNN is summed to the updated nodes by a skip connection.

The GN2 model presented here combines 6 such transformer layers with 8 attention heads.
A comparison of the global performance of this PFlow-trained GN2 model to the already intro-
duced PFlow-trained DL1r, DL1d, and GN1 models is displayed in the b-tagging ROC curves
of Figures 5.28. For this comparison, the GN2 and DL1d models have been retrained on the
same datasets, with the DL1r and GN1 models equivalent to those presented in the previous
section. GN2 delivers yet another significant boost in performance, drastically surpassing the
GN1 rejections at all efficiencies considered. The largest improvement is obtained at lower b-jet
efficiencies. Compared to GN1, GN2 delivers ×1.5 (×1.7) the c-rejection (light-rejection) on tt̄

at the 70% b-tagging WP and ×1 (×1.7) on Z ′ at 30% WP. With respect to DL1d, the gains
in c-rejection (light-rejection) are respectively close to ×3 (×2) for tt̄ and ×3 (×4) on Z ′ at
the same WP. The c-rejection on Z ′ of the GN models is essentially equivalent, although the
significantly improved light-rejection of GN2 indicates its c-rejection can be boosted by further
increasing its flavour fraction f bc above 0.1.

Turning to c-tagging, as displayed in Figure 5.29, a similar large performance gain is obtained
by the new GNN generation over the DL1 one, both in terms of b- and light-rejection. GN2 intro-
duces a large improvement on top of GN1, although their b-rejection performance is equivalent
on Z ′. The gains from GN2 with respect to GN1 are of a factor ×1.3 (×1.3) for b-rejection
(light-rejection) on tt̄ at the 30% WP, while they are ×1 (×1.2) on Z ′. The comparison to DL1d
is of ×1.9 (×2.1) on tt̄ and ×1.3 (×1.8) on Z ′, at the same WPs.

Fixing the b-tagging performance at the 77% WP for both the tt̄ and Z ′, Figure 5.30 scans
the f bc flavour fractions for the different models. A clear hierarchy of performance is observed:
GN2 is orders of magnitude above the DL1 generation and occupies undisputedly the highest
rejections regions, followed by GN1, DL1d, and finally DL1r. For b-tagging on Z ′, the c-rejection
can be further improved with limited impact on light-rejection by increasing f bc . However, the
flavour fractions are optimised for an improved c-rejection on tt̄, with limited change to the light-
rejection across tagger generations. If desired, the light-rejection on tt̄ of a GN2 taggers could
be increased by lowering the f bc , reaching values as high as 1800 at a c-rej of 4.8. The maximal
DL1d light-rejection is 450 for a c-rejection of 4.5, thus a mere 25% of the GN2 light-rejection.
Similarly, GN2 can reach a c-rejection of 19.5 at a light-rejection of 110, compared to a maximal
c-rejection of 9.7 at a light-rejection of 40.
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Figure 5.28: The c- and light-rejections as a function of the b-jet tagging efficiency in the tt̄ with
20 < pT < 250 GeV (left) and Z ′ with 250 < pT < 6000 GeV (right) test samples. Models
compared are DL1r in purple, DL1d in green, GN1 in blue, and GN2 in yellow. The bottom
plots show the ratio to the DL1d performance. Flavour fractions are set at f bc = 0.018 for DL1r
and DL1d, 0.05 for GN1, and 0.1 for GN2. Shaded regions represent the binominal error band.

Figure 5.29: The b- and light-rejections as a function of the c-jet tagging efficiency in the tt̄
with 20 < pT < 250 GeV (left) and Z ′ with 250 < pT < 6000 GeV (right) test samples. Models
compared are DL1r in purple, DL1d in green, GN1 in blue, and GN2 in yellow. The bottom plots
show the ratio to the DL1d performance. Flavour fractions are set at f cb = 0.2 for all models.
Shaded regions represent the binominal error band.

Figure 5.31 displays the flavour fraction f cb scans for c-tagging at the 30% WP. The same
conclusions as for b-tagging hold, underlying the overall superiority of GN2. The f cb scans for
c-tagging show a different shape than the b-tagging ones: at large f bc , the b-rejection rapidly
increases while for b-tagging the c-rejection is saturating. This behaviour is due to the compar-
atively easier identification of b-jets compared to the overlap of c- and light-jets.
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Figure 5.30: The flavour fraction f bc scans for b-tagging at a fixed WP of 77% of the different
models considered evaluated on the tt̄ (left) and Z ′ (right). The chosen values are marked on the
curves, displaying on the x-axis the c-rejection vs the light-rejection on the y axis. Increasing f bc
shifts the marker rightwards along the curves.

Figure 5.31: The flavour fraction f cb scans for c-tagging at a fixed WP of 30% of the different
models considered evaluated on the tt̄ (left) and Z ′ (right). The chosen values are marked on the
curves, displaying on the x-axis the b-rejection vs the light-rejection on the y axis. Increasing f cb
shifts the marker rightwards along the curves.

Figure 5.32 displays the effective per-bin b-tagging efficiency for an inclusive b-tagging effi-
ciency of 70% for tt̄ and 30% for Z ′ in each pT region considered. The performance is not uniform
across pT , with the model better accommodating specific parts of the pT spectrum. The region
[100, 800] GeV overlapping the two samples is a sweet spot for performance, with more challeng-
ing results at lower and higher pT . The performance for Z ′ in particular reduces dramatically
with larger momentum, due to the physics reasons previously explained. Figure B.9 in Appendix
B.5 displays the same information for c-tagging, leading to the same conclusions.

To avoid biasing the analysis of the results with this per-bin performance dependency, Fig-
ure 5.33 displays the b-tagging efficiency distribution across pT at a fixed per-bin light-rejection
of 100. The superior capabilities of GN2 are exhibited across the pT spectrum. The same conclu-
sion holds for c-tagging, as displayed in Figure B.10 of the appendix. Inspecting the rejections
at a fixed b-tagging efficiency of 70% per bin also leads to concluding the clear superiority of
GN2. Figures 5.34 and 5.35 respectively display the c- and light-rejection for a 70% per-bin
b-efficiency, showing that most of the improvement from GN2 and GN1 is in the [100, 800] GeV
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Figure 5.32: Comparing the different models b-tagging efficiency as a function of jet pT for the
inclusive b-tagging 70% WP on the tt̄ (left) and 30% WP on Z ′ (right). The flavour fraction is
set at f bc = 0.018 for DL1r and DL1d, 0.05 for GN1, and 0.1 for GN2.

Figure 5.33: Comparing the different models b-tagging efficiency as a function of jet pT at a fixed
100 light-jet rejection per bin on the tt̄ (left) and Z ′ (right) test samples. The flavour fraction is
set at f bc = 0.018 for DL1r and DL1d, 0.05 for GN1, and 0.1 for GN2.

pT region. The same distribution with an inclusive 70% b-tagging efficiency, over the entire pT
regions, is displayed in Figures B.11 and B.12 of the appendix. The b- and light-rejection at the
30% c-tagging per-bin WP are displayed in Figures 5.36 and 5.37 respectively.

These results, albeit intermediary as the development of the new tagger is still underway at
the time of writing, are highly suggestive of the promised performance unleashed by the now
ATLAS state-of-the-art GN2 model. Leveraging a simpler design and a more parallelisable archi-
tecture, GN2 can effectively grow to a larger amount of parameters and process larger datasets
with no significant overtraining occurring. RNNIP and DIPS required 50-60k parameters which,
once introduced in the high-level algorithm to form DL1r and DL1d, give rise to models with
∼130k parameters. GN1 revolutionises the approach by adopting a single powerful architecture
with a total of ∼800k parameters. GN2 modifies this radical new design to adopt a highly
efficient, regularised, and parallelisable model that easily scales the number of parameters to
∼1200k, being the first flavour tagger to cross the 1 million parameters threshold. The latest
design of GN2 uses 2.6M parameters, and some tests have raised this number to ∼70M.
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Figure 5.34: Comparing the different models c-rejection as a function of jet pT for the b-tagging
70% WP per bin on the tt̄ (left) and the 30% WP per bin on Z ′ (right). The flavour fraction is
set at f bc = 0.018 for DL1r and DL1d, 0.05 for GN1, and 0.1 for GN2.

Figure 5.35: Comparing the different models light-rejection as a function of jet pT for the b-
tagging 70% WP per bin on the tt̄ (left) and the 30% WP per bin on Z ′ (right). The flavour
fraction is set at f bc = 0.018 for DL1r and DL1d, 0.05 for GN1, and 0.1 for GN2.

Figure 5.36: Comparing the different models b-rejection as a function of jet pT for the c-tagging
30% WP per bin on the tt̄ (left) and Z ′ (right). The flavour fraction is set at f cb = 0.2 for all
taggers.
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Figure 5.37: Comparing the different models light-rejection as a function of jet pT for the c-
tagging 30% WP per bin on the tt̄ (left) and Z ′ (right). The flavour fraction is set at f cb = 0.2
for all taggers.

Expert knowledge is passed to the latest generation of models using supervised attention,
framing the physics intuition as learnable tasks enforced during training instead of as subtech-
niques that need to be manually optimised and maintained. Thanks to the flexibility of the salt

software [5], GN2 has been successfully optimised for boosted object tagging, with the GN2X
tagger presented in Appendix B.6 [10].

5.3.3 GN2 Hyperparameter Optimisation

The state-of-the-art flavour tagger at ATLAS is, at the time of writing, built on the GN2 archi-
tecture. Naturally, fine-tuning the model is required to further improve the performance. Many
studies are ongoing to deliver yet a stronger tagger than the GN2 version presented in this thesis.
A non-exhaustive list of ongoing research directions includes:

• Optimising the track selection and the jet reconstruction type. Moving towards yet a looser
selection and letting the network sift through a larger set of background tracks could deliver
further gains in performance.

• The inclusion of neutral constituent information by using jets defined as Unified Flow Ob-
ject (UFO). Tracks are reconstructed from hits in silicon trackers and vertex detectors. Such
hits are only recorded for charged particles flying through the active regions of the sensors.
This approach entirely misses neutral particles, such as neutrons, neutral pions and kaons,
and neutrinos. All but the latter leave measurable energy deposits in the calorimeters.
The UFO jet definition combines track information with calorimeter topocluster objects.
Studies are ongoing to add this information to the set of tracks.

• The inclusion of leptonic information. 40% of b-hadrons include either an e or a µ in the
jet cone [32]. As shown for GN1 in Figure 5.21, the inclusion of leptonic information in
the set of tracks leads to a significant performance increase. Studies are ongoing to bring
lepton to GN2.
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• Hadronic decays of τ ’s are a major source of background for analyses focusing on c-jet tag-
ging, due to their similar signatures. Including these leptons in the classification objective
has been seen to deliver promising results in initial studies.

• Finer output classes categorisation. Currently, the simple labelling scheme deployed com-
bines topologies with significant differences. For example, purely hadronic and semi-
leptonic decays of b-jets are both labelled b-jets. Adopting greater flexibility in the definition
of classes allows the model to fully utilise the unique signature of each process.

• Integrating further expert information into the design is known to deliver a great boost
to performance. Studies are ongoing to upgrade the set of auxiliary tasks, in particular
for secondary vertex fitting and reconstruction. A GN2 model able to reliably reconstruct
this information would have a use case in the ATLAS experiment beyond heavy-flavour jet
tagging while benefitting from improved performance for this essential task.

These design considerations are paramount to producing a more efficient tagger. An equally
essential endeavour is to fine-tune the architecture to extract the best performance from a chosen
strategy. This section focuses on some initial studies to perform Hyperparameter Optimisation
(HPO) and network architecture search for GN2. The essential challenge is that a test of a
change to the hyperparameters or the model architecture requires fully retraining a GN2 model
from scratch. This is a costly process, as a single epoch of GN2 training with a dataset of 30
million jets takes roughly ∼28 min on 2 NVIDIA A100 GPUs each fed data by 20 CPUs, with
a batch size of 2000 evenly split on the GPUs. GN2 has many hyperparameters that should
be optimised to deliver optimal performance, among which the most relevant are: initial LR,
maximal LR, end LR, the weights of the 2 auxiliary tasks, the amount of weight decay, the batch
size, and the floating numbers precision. Important architecture-level elements to optimise are
the embedding dimension, the depth of the initialiser, the number of layers and heads in the
transformer encoder, the size of the transformer output, the auxiliary tasks DNN, the activation
functions, and the specific loss functions and their class-weights used.

Complex networks require hardware accelerators such as GPUs to be effectively trained. In
this respect, a promising area of development is being pursued by CERN, with the introduction
of a KubeFlow-backed server hosted on ml.cern.ch [7]. KubeFlow is an open-source framework
built on Kubernetes to perform machine learning operations such as training, inference, deploy-
ment, and hyperparameter optimisation. The project aims to centralise some GPU resources into
a single cluster with data storage, efficient I/O reading capabilities, and dedicated GPU nodes.
Katib, KubeFlow’s dedicated HPO workload, is a promising approach to perform effective hy-
perparameter optimisation with state-of-the-art autoML techniques to automate and refine the
strategy to test and converge on the best hyperparameters [172]. The salt framework used to
train GN2 has been adapted to run on any KubeFlow platform, with initial tests showing promis-
ing possibilities for the Collaboration. Being accessible to any member of ATLAS, this project
would “democratise” access to compute-intensive studies for institutes lacking an advanced High
Performance Cluster (HPC).

99



55555
Chapter 5: Flavour Tagging University of Oxford

The next large NNs, such as large language models, that are being developed at ATLAS
will require clusters designed for machine learning, with many GPUs accessible on dedicated
nodes. This paradigm of computing is markedly different from the typical grid-based distributed
computing currently accessible to LHC experiments. While MC-based samples and subsampled
datasets can be effectively processed by autonomous parallel tasks, ML requires communica-
tion between the different tasks to keep the weights of the model synchronised on the different
GPUs. A fast connection between these GPUs is essential, as is having fast read access to the
full dataset. Distributing the computation across HPCs that are geographically distant, as is
common with the current CERN computing grid, is not effective for this purpose. The CERN
KubeFlow server is a promising area of development for the future computational needs of AT-
LAS. Furthermore, having a framework compatible with KubeFlow allows operating on multiple
platforms, giving the flexibility to scale resource access for particularly demanding tasks. Most
private and public cloud providers, such as Google Cloud, Amazon Web Service, and Microsoft
Azure, are KubeFlow-compatible and host a large amount of state-of-the-art GPUs. Salt can be
effectively deployed on the infrastructure of these cloud providers or CERN’s KubeFlow server
with no noticeable distinctions for the user.

While leveraging a large amount of computing power is a natural solution to the challenging
task of performing the HPO of a large neural network, a more refined strategy can be exploited
in the present case. Recent works from the ML community suggest that the optimal hyperpa-
rameters of a nominal model can be estimated from a smaller model [28]. Here smaller refers to
either the depth - the number of layers - or the width - the number of neurons per layer and, in
the case of a transformer, also the number of heads in the multihead attention - of the neural
network. Ref. [6] establishes the mathematical foundation backing this surprising behaviour of
deep neural network: the Maximal Update Parametrisation (µP ). The rest of this section is
dedicated to introducing and defining the maximal update parametrisation before establishing
its relevance for HPO.

Maximal Update Parametrisation

The maximal update parametrisation is first and foremost a parametrisation. In this context,
the parametrisation of a neural network refers to the definition of the weights of each neuron,
the way they are initialised, and how they are updated from a given optimisation algorithm,
such as Adam or SGD [131]. The default or standard parametrisation (SP) follows the so-
called LeCun parametrisation [173]. This parametrisation, routinely deployed in ML frameworks
such as PyTorch [111], initialises the weights by sampling them from a Gaussian or Uniform
distribution with mean 0 and standard deviation given by the inverse of the input dimension of
the layer the weight belongs to. For both Adam and SGD, a single master learning rate (LR) η is
used for all weights. For µP , some subtle differences are introduced, as summarised in Table 5.9.
Mainly, the output layer weights are sampled from a Gaussian with a standard deviation being
the inverse of the squared input dimension of the output layer. Concerning the learning rates,
the hidden and output layers are scaled down by their respective input dimension for Adam. For
SGD, the output layer LR is scaled similarly, but the input and the bias LR are scaled up by
the output dimension of these layers.
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Initialisation Distribution Adam LR SGD LR
SP µP SP µP SP µP
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)
η η/din
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η η/din
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bL ∀L 0 0 η η η η×dout
L

Table 5.9: Comparing the Standard Parametrisation (SP) to the Maximal Update Parametrisa-
tion (µP ), as defined in Ref. [28] based on the work of Ref. [6].

This particular derivation of µP , taken from Ref. [28], is equivalent to the original µP
derivation introduced in Ref. [6]. µP turns out to be the unique parametrisation that maximally
updates the weights of a neural network. The updates are maximal in the sense that they are
as large as they could be for a given LR to avoid any instabilities. For the specific case of the
attention mechanism computed by the multi-head attention of transformers, the scaling has to be
modified from

√
dk → dk to properly scale with width [28]. Figure 5.38 shows a comparison of the

size of the pre-activation of a GN2 model with µP parametrisation to a standardly parametrised
GN2, referred to as the SP model, at different training steps. Each curve displays, for different
embedding widths in the transformer and the track initialiser, the sum of the absolute values of
the weights before the activation (L1(layer) =

∑
wi∈layer |wi|) for the initialiser and transformer

models only. Three timesteps are displayed for each model, the initialisation (t = 1) and after
1 (t = 2) and 2 (t = 3) training steps. The interesting behaviour highlighted in this figure is
that the pre-activation weights blow up with width during training for the SP model, as shown
by the exponential rise of the sum of pre-activations. For µP , however, the L1 of each layer
stays flat with width even during training, proving the correct parametrisation of the model
and the width-independent scaling. This unstable behaviour of the SP parametrisation is easily
highlighted thanks to the use of a large and fixed learning rate (here LR = 10−2).

Theoretically, a µP model should deliver equal to better performance to an equivalent SP
model, when both have optimal hyperparameters. This behaviour is due to the maximal updat-
ing of the former, leading to optimal in-depth updates of all layers. The standard parametrisation
does not implement this correct updating, with outer layers closer to the loss function having
an opacity effect on the propagation of the update for the input layers proportionally to their
widths. Scaling down the learning rate uniformly is not a sufficient modification to correct the
SP : as displayed in Figure 5.38, not all layers update incorrectly with some pre-activation sum
staying flat across the widths. By updating all activation maximally independently of the width,
µP outperforms SP for a tuned learning rate [6]. A significant advantage of this parametrisation
is that the optimal learning rate for a µP architecture becomes width-independent. This leads to
the µTransfer algorithm for HPO, where the best hyperparameters for a µP model are found on a
version with fewer neurons per layer (smaller width), and the found optimal ones are transferred
to the full-size model at no extra cost (0-shot transferred) [28].
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Figure 5.38: The sum of the absolute values of the pre-activation weights for the different layers
in the initialiser and transformer parts for different embedding widths of a GN2-like model in
standard parametrisation (SP - top) and in µP parametrisation (bottom), at three timesteps:
initialisation (left), after one training step with LR = 10−2 (centre), and after a second training
step (right) [8]. The models displayed are labelled GN2-like as they lack auxiliary tasks.

The benefits of adopting the maximal update parametrisation can be summarised as:

1. Better performance of a µP model compared to an SP model for a tuned learning rate.

2. Improved hyperparameter optimisation with the µTransfer algorithm: performing the HPO
scan on a smaller model - hence faster to train - directly gives the best set of hyperparam-
eters for the full-size model (0-shot transfer).

3. Better hardware usage for HPO: a smaller model can be trained on a single GPU. This is of
particular interest for the ATLAS Collaboration, as most of the GPU resources accessible
are scattered among geographically distant HPCs.

4. Simplified architecture search: with µP , a wider model outperforms a smaller model when
no overtraining occurs. Therefore, the best learning rate hyperparameter has to be found
once for all GN2 models of varying widths and the width is chosen based on the desired
computational complexity.

The hyperparameters that can be optimised with the µTransfer algorithms consist of [28]:

• All parameters related to a learning rate scheduler, e.g., Table 5.8.

• Optimiser parameters, such as the momentum and Adam’s α and β.

• Initialisation parameters, such as the initial per layer variances.

• Multiplicative constants.

Unfortunately, many parameters do not µTranfer, as they combine aspects of the model and
the data, and must be studied on the full-size model directly. For example, the regularisation
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parameters do not scale, as a particular model size will overfit depending on the data. Finally,
the last important family of hyperparameters are those defining the scale of the problem. These
parameters are not found from µTransfer, but define what parameters are changed to reduce
the complexity of the model. They consist of the width2, the depth, and the batch size. Only
the scaling along width is theoretically proven thanks to µP , while the others are empirically
observed to hold [28].

Studies of the µP parametrisation and the µTransfer algorithm have been performed for the
GN2 flavour tagger. In this architecture, the most relevant dimensions are the width and the
depth of the transformer block, tasked with building a conditional representation of the tracks
from the embedded tracks processed by the initialiser network. These two dimensions are keys
as most of the parameters of the GN2 model are in the transformer and the initialiser, with only
a few parameters dedicated to the networks of the primary and auxiliary tasks. The number
of parameters in the transformer scales quadratically with the embedding width, making it the
most sensitive dimension to define the complexity of GN2. Therefore, the chosen dimension to
scale with µTransfer is the embedding width in this study.

To demonstrate the effect of µP on GN2, a hyperparameter optimisation campaign of the
initial and maximal value of the learning rate3 is performed using the standard and maximal
update parameterisation, SP vs µP . Three embedding widths are considered: the nominal 256,
defining a GN2 model with 2.3M parameters, a mid-size 128 width with 0.72M parameters,
and a small 64 width model with 0.23M parameters. Interestingly, this smaller model with an
embedding width 1/4 of the full model only has a 1/10 of the parameters. Furthermore, the
small model is trainable on a single GPU while the full and mid-size models required two GPUs
to be trained in a reasonable amount of time. All models are full GN2 models trained on 30M
PFlow jets4 for 40 epochs with batch size 1024. All other parameters are kept similar between
embedding widths and parametrisations choices, and the epoch giving the lowest validation loss
is chosen from each run. Figure 5.39 outlines the main result of this study, displaying the various
LR max considered at the best LR initial found (10−5). Three main observations are drawn
from these results:

1. With µP , wider GN2 models always outperform smaller models.

2. With SP , wider models do not always outperform smaller models. In particular, at large
LR max, the wider model becomes unstable and its performance in terms of validation loss
significantly decreases.

3. The optimal LR max (and LR init as shown in Figure 5.40) are shared across widths with
µP , while no such behaviour is guaranteed for SP - but is observed in the present case.

The full LR init vs LR max scans can be found in Figure 5.40 for SP and µP . Changing the
initial value of the LR scheduler (LR init) has little effect on the reached performance, due to the
scheduler quickly moving away from the initial value and the common final value of 10−5 shared

2Number of neurons per layer, number of attention heads in a transformer, ...
3The final value, an LR end of 10−5, is kept fixed in all tests due to the limited compute available.
4Composed of 60% tt̄ and 40% Z′.
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Figure 5.39: Comparison of a maximal learning rate value scan at an initial learning rate value
of 10−5 for an SP (left) and a µP GN2 models (right) for three different embedding widths: 64
(yellow), 128 (red), and 256 (purple) [8]. The y-axis displays the validation loss attained.

Figure 5.40: Scan of the maximal learning rate (x-axis) versus initial learning rate (individual
plot) as measured by the validation loss (y-axis) of SP models (top) and the µP model (bottom)
with three different embedding widths: 64 (yellow), 128 (red), and 256 (purple) [8].

by all models at the end of training. The LR max however is a significant hyperparameter having
a large impact on performance. SP models with an embedding width of 256 become unstable
at large values of LR max. Note that the scan at LR initial = 10−5 benefitted from more tests
to capture the sudden rise in validation loss at larger LR max. As expected from the previous
discussion, µP models remain stable, even at larger values of the learning rate. The same optimal
LR parameters are shared between all µP models, with some variance impacting the precision
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of the method on the smallest model. Due to the limited computing power available to run
this analysis, only one training was run per data point, introducing some unmeasured statistical
variance in the output. An essential conclusion regarding computing needs is the advantages
gained from performing the HPO on the smaller width model than the full-width one:

• The full-width model (embedding size 256) has 2.3M parameters, taking ∼39 min per epoch
on 2 A100 GPUs each fed data by 20 CPUs.

• The small-width model (embedding size 64) has 0.23M parameters, taking ∼20 min per
epoch on 1 A100 GPU fed data by 20 CPUs.

Therefore, a single full-width model hyperparameter test is, in computing terms, equivalent to
running 4 individual tests with the smaller model. Given a fixed computing budget, µTransfer
therefore permits a better coverage of the hyperparameter search space.

This optimisation study demonstrates the benefits of µP on GN2. Interestingly, the optimal
hyperparameters found for both the µP and SP models are at an LR max = 5× 10−4 and LR
initial = 10−5. The default values used in the prior training of GN2 were, by chance, the same
LR max but a larger LR init of 10−7. To quantify the effect on performance, the b-efficiency
versus c- and light-rejection on tt̄ and Z ′ of two µP models are displayed in Figure 5.41, with
the suboptimal one being the worst-performing full-width model (LR max = 5 × 10−5, LR init
= 10−7) and the optimal one the best-performing full-width model (LR max = 5 × 10−4, LR
init = 10−5). While the optimal and suboptimal models have close validation loss, respectively
of 0.591 and 0.601, a significant difference in background rejection at all efficiencies is observed.
At a b-tagging WP of 70%, the suboptimal GN2 model underperforms the optimal one on tt̄

by 18% (14%) on c-rejection (light-rejection). The disparity is even stronger on the higher mo-
mentum Z ′, rising to 24% (26%) at a b-tagging WP of 30% that is equivalent to the 30% WP on tt̄.

Additional tests of µP performed with GN2 showed a similar correct scaling across depth
with similar optimal hyperparameters being transferrable, as expected from empirical results [28].
Due to the limited computing power available, the study of SP versus µP only encompassed
two hyperparameters: the initial and maximal values of the learning rate scheduler. The validity
of the method has been confirmed and future studies optimising all the learning rate scheduler
hyperparameters (including the warm-up and the final value of the learning rate) will be carried
out. Other hyperparameters that can be optimised with µTransfer are the initialisation variances
of the different layers and the auxiliary objectives individual weights of Equation 5.9.

To summarise this section on HPO, the present work introduces two approaches that are
combined to deliver an improved hyperparameter optimisation:

• Executing the HPO on KubeFlow with the Katib workload to benefit from state-of-the-art
autoML algorithm.

• Leveraging the µP parametrisation to increase the performance of the tuned GN2 and
benefit from an improved hyperparameter test coverage from µTransfer.
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Figure 5.41: The c- and light-rejections as a function of the b-jet tagging efficiency in the tt̄ (left)
and Z ′ (right) test samples [8]. Models compared are the optimal µP GN2 (LR max = 5×10−4,
LR init = 10−5) and the suboptimal µP GN2 (LR max = 5 × 10−5, LR init = 10−7), all with
256 embedding width. Shaded regions represent the binominal error band.

5.4 Calibration

The flavour taggers presented in this chapter are trained on MC-simulated events, as described
in Section 5.1.3. As such, they depend on and acquire specific features of the simulated data that
might not be present in the real data collected by the ATLAS experiment. While the Collabora-
tion aims to generate the highest-fidelity simulations possible thanks to advanced software built
on GEANT4 [159] and many other specialised frameworks, inherent and unavoidable differences
are left. To quantify the effect of using a simulation-trained network on real data, the ATLAS
Collaboration performs data-Monte Carlo agreement and calibration studies.

From these studies, two types of Scale Factors (SFs) are produced, as presented in Figure 5.42.
Data-MC SFs are derived by comparing the output of the tagger on a simulated and real dataset
using the same selection [137, 174–176]. The efficiencies ϵf for each flavour f ∈ [b, c, light] are
measured, both on the simulated and real dataset, with

ϵf (pT ) =
Nf

tagged(pT )

Nf
all(pT )

,

where Nf
tagged(pT ) is the number of jet of flavour f in the bin of pT that are b-tagged and Nf

all

the total number of jet of flavour f in the same bin. Scale factors to apply to simulations are
then derived for each flavour f as

SFf
Data-MC(pT ) =

ϵfData(pT )

ϵfMC(pT )
,

giving the ratio of the measured efficiency in data over simulation. To include dynamics-
dependent effects of the tagger, the efficiencies ϵf and SFs are derived in bins of jet pT .
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Figure 5.42: Generator dependency of the b-efficiency as a function of jet pT (left) and Data/MC
agreement of the b-discriminant Db on a di-leptonic tt̄ Run 3 sample (right) for the calibration of
a DL1d b-jet tagger [4]. The ratio of the alternative generator to the nominal one is used to derive
an MC-MC scale factor. Data-MC scale factors are derived from the Data/MC agreement of the
DL1d discriminant on dedicated samples enriched in different jet species, such as the di-leptonic
tt̄ process for b-jets. The different generators are described in Chapter 6.4.

Such calibration factors are applied in analyses to correct the tagging efficiencies. This calibra-
tion is performed independently for each output flavour of the tagger, as it relies on selecting a
portion of the ATLAS data with a dominating proportion of the specific flavour. The b-tagging
efficiencies are derived in a sample of tt̄ with two charged leptons in the final state [137]. The
SFs for c-jet mistagging are derived in a tt̄ sample decaying to exactly one charged lepton and
several jets [176]. Finally, the SFs for light-jets are measured in a sample of Z bosons produced
in association with jets (Z+jets) [177].

To probe the effect of different MC simulators, MC-MC SFs are derived between the chosen
nominal Monte Carlo simulator used for training and alternative simulators, or by changing the
tuning [178]. This dependency is measured by applying the same tagger to samples simulated
with different generators, mainly Pythia [152], Herwig [179], and Sherpa [180] for variation
to the parton shower and hadronisation, and MadGraph for variation to the matrix element
[181]. The decay chains of b- and c-hadrons in ATLAS are further simulated with the EvtGen

package [157]. These effects are gathered into scale factors with the same technique as for the
data-MC SFs. For an alternative generator, the SFs of flavour f is derived by composing the
Data-MC SFs with the nominal sample and the MC-MC SFs as

SFf
Alternative(pT ) =

ϵfData(pT )

ϵfNominal MC(pT )
×

ϵfNominal MC(pT )

ϵfAlternative MC(pT )
=
SF f

data-MC(pT )

SF f
MC-MC(pT )

.

These scale factors are applied in physics analyses as a per jet weight to the discriminant. Some
early studies of both scale factor types have been performed in Ref. [4], showing good agreement
between the data and simulated performance of DL1d and GN1. Variations due to the change
of generator are also found to be at most 8% with respect to the nominal choice.
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5.5 Conclusion

This chapter introduces the main machine learning models developed for heavy-flavour jet iden-
tification in ATLAS, from 2020 to early 2024. The following taggers were studied during this
period, each helping to improve the tagging performance of the ATLAS software: DIPS, DL1d,
GN1, and GN2.

Significant contributions to the Umami [2] and Salt [5] software were made to support the
development of these new models. A study of the first training of DL1d in ATLAS, including
the new DIPS subtagger, is presented at the beginning of this chapter. Compared to the at-the-
time main tagger DL1r, DL1d is found to have improved background rejections for both b- and
c-tagging at all working points considered. It was quickly integrated into the ATLAS software
stack and adopted by the Collaboration for early Run 3 analyses.

The promising new family of taggers based on either a graph attention network, for GN1, or
a transformer encoder, for GN2, is presented, with the motivation and specificities behind the
design described in detail. The performance of the different methods is compared, highlighting
an exciting improvement in efficiency for the novel taggers developed for Run 3 of the LHC. Early
efforts to optimise the hyperparameters of GN2 are introduced, addressing the possibilities of
exploiting a new CERN server built on KubeFlow as well as the relevance of the maximal update
parametrisation µP to boost the search for the best hyperparameters with µTransfer [28].
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CHAPTER 6

Combined V H(H → bb̄/cc̄) Analysis

Perhaps the most important raison d’être of the Large Hadron Collider was to discover the Brout-
Englert-Higgs boson (Higgs - H), a feat achieved by the ATLAS and CMS Experiments in July
2012 [18, 19]. Theorised in 1964 by two independent papers introducing the mechanism of spon-
taneous symmetry breaking to give mass to the gauge bosons [16, 17], its discovery almost fifty
years later marked one of the greatest achievements of the particle physics community. The Higgs
boson is an essential part of the Standard Model. It is tied to the mechanism through which par-
ticles acquire mass without breaking the electroweak gauge invariance, as described in Chapter 2.
While the gauge bosons W and Z gain mass through symmetry breaking, in the SM the fermions
acquire theirs through Yukawa interactions with the Higgs fields [40]. The scale of the interaction
for each fermion f is set by an associated Yukawa coupling yf . These couplings are fundamental
parameters of the SM, depending on the quark masses and the Higgs field vacuum expectation.
This chapter is dedicated to an ATLAS measurement of the yb Yukawa coupling for b-quarks and
a search of the H → cc̄ decay mode.

6.1 Introduction

The Higgs boson H [16, 17, 182, 183] was discovered in 2012 by the ATLAS and CMS Collabo-
rations using the data of the LHC Run 1 [18, 19]. This triggered a race by both experiments to
study the specific properties of the discovered particle, and in particular to observe the different
production and decay modes presented in Chapter 2.2. The initial decay channels studied for the
discovery were the bosonic decays of the Higgs to final states of photons and leptons: H → γγ,
H → ZZ, and H → WW . These channels benefit from clean experimental conditions, reliable
measurements, and limited backgrounds. The new particle is now being studied in ever finer
detail, confirming its coupling to many massive particles of the SM and showing remarkable
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agreement with the properties dictated by the theory. During the LHC Run 2, corresponding to
data taken from 2015 to 2018, the tt̄H production mechanism was observed for the first time,
providing the first direct measurement of the top Yukawa coupling [184, 185]. Additionally, the
decay of Higgs bosons to a pair of τ -lepton is now well established, and different cross section
measurements have been performed [186, 187]. Importantly, the decay channel of the Higgs
boson to a bb̄ pair was observed by both ATLAS and CMS [188, 189]. This last decay channel
is of particular significance since it has the largest predicted branching ratio of 58% for an SM
Higgs with a mass of 125 GeV.

Concerning the second generation of fermions, there is 3 σ evidence of the decay to a µ−µ+

pair by CMS [190] and a 2 σ excess over the background-only hypothesis by ATLAS [191].
Additionally, constraints on the branching ratio of the H to another second generation fermion,
the c-quark, have been set by both Collaborations studying the H → cc̄ decay mode [140].
This decay mode is the most common Higgs decay mode that has yet to be observed. It is
particularly challenging due to the combination of the small 2.9% predicted branching ratio
[192], large background rates, and the experimental difficulties in identifying c-jets. It is a fertile
ground for new physics beyond the SM due to the smallness of the predicted c-quark Yukawa
coupling yc ≈ 3.99× 10−3 [193], as well as an important test of the validity of the model [20–26].
The Yukawa couplings in the SM are largely added ad-hoc and do not explain the distinct mass
hierarchy between the three generations of fermions. This open problem is probed by studying
the coupling strengths of the quarks to the Higgs boson. The V H(H → bb̄/cc̄) analysis to which
this chapter is dedicated scrutinises the hierarchy of mass between the b- and c-quarks.

6.2 The V H(H → bb̄) and V H(H → cc̄) ATLAS Analyses

While H → bb̄ enjoys the largest decay branching ratio at the observed Higgs mass, the large
multi-jet background in a hadron collider makes this decay mode very challenging. The measure-
ments for both the bb̄ and cc̄ decay modes are therefore performed in the associated production
mode, where the H is produced in addition to an extra vector boson V (W or Z) decaying
leptonically, to electrons (e), muons (µ), neutrinos (ν), or a combination eν or µν. Despite the
relatively small cross section of the V H production mode (σV H = 2.25 pb compared to the total
H production σH ≈ 51 pb), the process benefits from more experimentally favourable condi-
tions thanks to the presence of leptons in the event signature, allowing for efficient triggering
and greatly reducing the contribution of the multi-jet background. Other analyses relying on
full-hadronic final states in the associated or other production modes are also performed by the
ATLAS Collaboration but are less sensitive to the Higgs coupling to heavy-flavour quarks. The
V H(H → bb̄) and V H(H → cc̄) ATLAS analyses adopt very similar strategies. The main ingre-
dient is to reliably tag the flavour of jets produced in an event to reconstruct the heavy-quark
pair produced in the H decay, with the taggers described in Chapter 5.

Using the Run 2 dataset with an integrated luminosity of 139 fb−1, the published V H(H →
cc̄) ATLAS analysis obtained an observed (expected) upper limits on the V H(H → cc̄) signal
strength of 26 × SM (31 × SM) [141]. The measurement also provided the first constraint on the
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Higgs-charm coupling modifier |κc| < 8.5. For comparison, CMS reported an observed (expected)
upper limit of 14.4 × SM (7.6 × SM) and a constraint of |κc| < 3.4 on the coupling modifier [142].

For the V H(H → bb̄), thanks to a larger expected signal, the ATLAS analysis reaches a
sensitivity of 6.7 standard deviations [194]. Having reached the observation level, the focus for
this channel is now to perform precision differential measurements of the fiducial cross section as
a function of momentum in the reduced Simplified Template Cross Section (STXS) scheme. To
probe larger pT ranges, the analysis is split into the resolved [194] and the boosted [195] analyses,
with the latter restricting to values of the transverse momentum of the associated vector boson
pVT above 250 GeV - a property highly correlated to the pT of the Higgs pHT . The name of these
analyses comes from the strategy to reconstruct the Higgs boson candidate. At low pVT , the
two b-jets from the H boson decay can be independently resolved into two distinct small cone
radius (small-R) jets. At high pVT , the H boson is highly Lorentz-boosted and the candidate H
boson is efficiently reconstructed as a single large-radius (R = 1) jet merging the two b-jets. The
measured signal strengths, defined as the ratio of the measured yield to the SM predictions, are:

• For the resolved analysis: a signal strength of 1.02+0.18
−0.17 corresponding to an observed

(expected) significance of 6.7 (6.7) standard deviations [194]. Due to the good sensitivity
of the analysis, the result is further detailed into the WH and ZH production processes
with observed (expected) significances of, respectively, 4.0 (4.1) and 5.3 (5.1) standard
deviations. Furthermore, the V H cross section times the H → bb̄ and V → leptons
branching fractions (σ ×BR) are reported in the reduced STXS scheme.

• For the boosted analysis: a signal strength of 0.72+0.39
−0.36 corresponding to an observed

(expected) significance of 2.1 (2.7) standard deviations [195].

Preliminary studies combining the different analyses have been performed, with the resolved
V H(H → bb̄) and V H(H → cc̄) analyses combined in Ref. [141], and the resolved and boosted
V H(H → bb̄) combined in Ref. [196]1. These combinations require careful studies to remove
the overlap between the individual analyses. The objective of the combined analysis presented
here is to define a common analysis strategy, correlating as much as possible the experimental
and modelling uncertainties for both Higgs decay modes and pVT regimes, thereby improving
the measurements of V H(H → bb̄) and V H(H → cc̄) simultaneously. The new combined
measurement strategy brings two main benefits:

• The Higgs-charm and -beauty coupling modifiers, κc and κb, and their ratio κc/κb can be
measured directly.

• The auxiliary measurements of background processes are shared, leading to a better con-
straining of important backgrounds such as the V+jets and top-quark processes.

The combined analysis also benefits from improved signal selections thanks to upgraded physics
objects and event reconstruction techniques. In particular, new machine learning-based tech-
niques are integrated for both the event selection, the discriminant, and flavour tagging.

1CMS published an analogous combination in Ref. [197].
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This chapter details the state of the V H(H → bb̄/cc̄) analysis at the time of writing, before
its presentation at ICHEP 2024 [198]. The stage described here corresponds to that attained
at the end of the third unblinding approval review, hence the results are blinded. Some minor
modifications to the analysis have been adopted for the soon-to-be-published final result, in
particular to the modelling strategy and the fit framework. The work presented here is largely
based on the internal documentation of the experimental team and personal results produced
during the research project.

6.3 Overview of the Combined V H(H → bb̄/cc̄) Analysis

The combined analysis is performed with the full ATLAS Run 2 proton-proton collision data. The
regions and boundaries between the different regimes of the analysis are illustrated in Figure 6.1.
V H(H → bb̄) and V H(H → cc̄) are separated by the required presence of two b-tagged jets or a
c-tagged jets. The pVT cut marks the change of the Higgs candidate reconstruction strategy from
the resolved to the boosted V H(H → bb̄): two b-tagged small radius (R = 0.4) jets when pVT <

400 GeV, otherwise one large radius (R = 1) jets with two b-tagged track-jets associated to the
large-R jet.

Figure 6.1: The analysis regimes considered in the combined V H(H → bb̄/cc̄) analysis.

For each analysis regime, three channels are defined based on the decay mode of the vector
boson V : Z → νν defines the 0-lepton (0L), W → ℓν the 1-lepton (1L), and Z → ℓ+ℓ− the
2-lepton (2L), where ℓ refers to an electron or a muon and ν to a neutrino. The signals are the
V H(H → bb̄) and V H(H → cc̄) processes, with the SM diboson processes V Z(Z → bb̄) and
V Z(Z → cc̄) considered as signals in a cross-check analysis. Having a larger cross section and
being kinematically similar to the signals, these latter processes can be measured with good sta-
tistical significance and offer a useful test to validate the strategy adopted. The main backgrounds
are the production of a vector boson with additional jets (V+jets) and the top-quark processes
(top, predominantly the top-quark pair production tt̄, with one of the t decaying leptonically,
and a subleading contribution from single top-quark production with an extra W boson). Minor
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backgrounds are the QCD multi-jet, the single-top process (without an associated W boson) and
non-signal diboson pair productions (V V ). The processes are further described in the Section 6.4.

Flavour tagging plays an essential role in the analysis, splitting the analysis phase space into
different regimes. The most important backgrounds are also split based on flavour components.
The V+jets is split into three components: V+ heavy flavour jets (V+hf, including V + bb and
V + cc), V+ mixed flavour (V+mf, including the V + bc, V + bl, and V + cl), and the V+ light
flavours (V+lf, as well as all other possible flavour selection, including τ -leptons). The top-quark
background is also split by flavour: the top(bb), in which the two selected jets are b-tagged, is
treated separately from the top(bq/qq) which groups all other flavours (bc, bl, and qq). The
former is important in V H(H → bb̄) while the latter is the dominant flavour background in
V H(H → cc̄). The multi-jet is only included in the 1-lepton channel, as it is negligible in the
other channels thanks to the required presence of leptons.

This chapter is separated into different sections introducing the datasets and MC simulations
(Section 6.4), the object and event selection and categorisation (Section 6.5), the analysis dis-
criminants (Section 6.6) the experimental and processes modelling (Section 6.7 and 6.8), the fit
framework (Section 6.9.1), and finally the main results (Section 6.9.2).

6.4 Data and Simulated Samples

The combined analysis is performed on data collected during Run 2 of the LHC, with proton-
proton collisions recorded between 2015 and 2018 at a

√
s = 13 TeV for an integrated luminosity

of 140.1 fb−1 [55]. Data events passing quality requirements are selected, ensuring for example
that all subdetectors are correctly operating. The analysis requires extensive and accurate MC
modelling of the signal and the background processes, except for the QCD multi-jet and the tt̄
background in the 2-lepton channel which have data-driven estimations. All MC samples are sim-
ulated with the ATLAS detector [158] using Geant4 [159]. The nominal samples are produced
with the prescriptions described in Table 6.1, detailing the Matrix Element (ME) generators,
Parton Shower (PS), and Parton Distribution Function (PDF) releases used as well as the cross
section precision. Samples are normalised either to the best theoretical cross section predictions
or the generator cross sections.

Both simulated samples and data are reconstructed with the ATLAS offline reconstruction
software [74]. The EvtGen 1.6.0 program is used to simulate the properties of b- and c-hadrons
decays2 [157]. Pile-up is included in the simulation, both from multiple interactions in the same
and adjacent bunch crossings. This is performed by overlaying events with minimum bias simu-
lated using Pythia 8 with A3 tune and interfaced with the NNPDF 2.3 PDFs [152]. The rest of
this section gives more details about the simulation of the different processes. When relevant, al-
ternative samples generated from a different setup to the nominal samples are introduced. These
alternative samples are used to assess modelling uncertainties in Section 6.8.1, as summarised in
Table 6.13.

2EvtGen 1.7.0 is used for the Sherpa generated samples.
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Process Matrix Element PDF Set (ME) Parton Shower σ order σ× Br [pb]
qq →WH → ℓνbb̄ PowHeg-Box v2 + GoSam + MiNLO NNPDF3.0NLO Pythia-8.245 NNLO(QCD)+ NLO(EW) 2.69× 10−1

qq → ZH → ννbb̄ PowHeg-Box v2 + GoSam + MiNLO NNPDF3.0NLO Pythia-8.245 NNLO(QCD)+ NLO(EW) 8.91× 10−2

qq → ZH → ℓℓbb̄ PowHeg-Box v2 + GoSam + MiNLO NNPDF3.0NLO Pythia-8.245 NNLO (QCD)+NLO(EW) 4.48× 10−2

gg → ZH → ννbb̄ PowHeg-Box v2 NNPDF3.0NLO Pythia-8.307 NLO+NLL 1.43× 10−2

gg → ZH → ℓℓbb̄ PowHeg-Box v2 NNPDF3.0NLO Pythia-8.307 NLO+NLL 7.23× 10−3

qq →WH → ℓνcc̄ PowHeg-Box v2 + GoSam + MiNLO NNPDF3.0NLO Pythia-8.245 NNLO(QCD)+ NLO(EW) 1.34× 10−2

qq → ZH → ννcc̄ PowHeg-Box v2 + GoSam + MiNLO NNPDF3.0NLO Pythia-8.245 NNLO(QCD)+ NLO(EW) 4.42× 10−3

qq → ZH → ℓℓcc̄ PowHeg-Box v2 + GoSam + MiNLO NNPDF3.0NLO Pythia-8.245 NNLO (QCD)+NLO(EW) 2.23× 10−3

gg → ZH → ννcc̄ PowHeg-Box v2 NNPDF3.0NLO Pythia-8.307 NLO+NLL 7.10× 10−4

gg → ZH → ℓℓcc̄ PowHeg-Box v2 NNPDF3.0NLO Pythia-8.307 NLO+NLL 3.59× 10−4

W → ℓν + jets Sherpa 2.2.11 NNPDF3.0NNLO Sherpa 2.2.11 NNLO 60242
Z → ℓℓ + jets Sherpa 2.2.11 NNPDF3.0NNLO Sherpa 2.2.11 NNLO 6201
Z → νν + jets Sherpa 2.2.11 NNPDF3.0NNLO Sherpa 2.2.11 NNLO 416.05
tt̄ Powheg-Box v2 NNPDF3.0NLO Pythia-8.230 NNLO+NNLL 704
single-top (Wt) Powheg-Box v2 NNPDF3.0NLO Pythia-8.230 Approx. NNLO 80.03
single-top (t) Powheg-Box v2 NNPDF3.0NLO Pythia-8.230 NLO 70.7
single-top (s) Powheg-Box v2 NNPDF3.0NLO Pythia-8.230 NLO 3.35
qq →WW Sherpa 2.2.11 NNPDF3.0NNLO Sherpa 2.2.11 NLO 47.93
qq →WZ Sherpa 2.2.11 NNPDF3.0NNLO Sherpa 2.2.11 NLO 20.85
qq → ZZ Sherpa 2.2.11 NNPDF3.0NNLO Sherpa 2.2.11 NLO 6.33
gg → V V Sherpa 2.2.2 NNPDF3.0NNLO Sherpa 2.2.2 NLO 2.78

Table 6.1: The nominal Monte Carlo samples used in the V H(H → bb̄/cc̄) analysis, and the
corresponding process cross-sections at

√
s = 13 TeV. The PDF sets mentioned in the table are

used for the matrix element.

6.4.1 Signal Processes

The analysis targets the V H(H → bb̄) and V H(H → cc̄) processes as signals. The Leading Or-
der (LO) Feynman diagrams contributing to the associated production V H are the qq-initiated
modes depicted in Figure 6.2. A gluon-initiated production of ZH is also possible at Next-to-
Leading Order (NLO) with a quark loop (mostly top-quark), as depicted in Figure 6.3. The
Matrix Element (ME) calculations are based on the Powheg-Box v2 generator [149, 150].
The qq-initiated V H samples are simulated with the Powheg generator with the multiscale
improved NLO (MiNLO) procedure [199], with one-loop amplitudes computed with the GoSam
automated software [200]. The Parton Shower (PS), Underlying Event (UE), and multiple par-
ton interactions effects are simulated with Pythia 8.245 for the qq-initiated samples, and with
Pythia 8.307 for the gg-initiated [152]. Both use the AZNLO tune [201] and the PDFs based
on the NNPDF3.0NLO set for matrix elements [151].

Figure 6.2: Leading order Feynman diagrams for the qq-initiated V H(H → bb̄/cc̄).

The inclusive cross sections for WH and ZH are calculated at NNLO in QCD [202] and NLO
in Electroweak (EW) [151]. The gg-initiaed ZH contribution relies on the LO prediction from
Powheg instantiated with Pythia 8.
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Figure 6.3: Feynman diagrams of the gg-initiated contributions to ZH(H → bb̄/cc̄).

Alternative samples are simulated with Powheg+MiNLO+Herwig 7.0 [179], with the
same simulation stack as the nominal samples but replacing Pythia 8 by Herwig 7.0 for the
simulation of the PS, hadronisation, UE, and multiple parton interactions.

6.4.2 Background Processes

V +jets

The production of a gauge vector boson V in association with jets is the largest background
in the analysis. Some leading Feynman diagrams contributing to this process are presented in
Figure 6.4. Both the Z+jets and W+jets are simulated with Sherpa 2.2.11 [203], which delivers
NLO precision on ME computation for up to 2 jets and LO accuracy for between 3 and 5 jets. PS
and hadronisation are treated by the default Sherpa generator, with the NNLO PDFs based on
NNPDF3.0NNLO [151]. Uncertainties from missing higher orders are evaluated by varying the
QCD renormalisation and factorisation scales, µR and µF , in the matrix elements by respective
factors 0.5 and 2. Flavour filtering is applied to generate samples enriched with heavy-flavour
quarks.

Figure 6.4: Leading order Feynman diagrams of the V+jets process. The left diagram gives jet
pairs of the same flavour due to the gluon splitting, while the right one can give mixed flavours.

Alternative samples Two sets of alternative samples are available:

• MadGraph FxFx [204] samples are produced for the modelling studies, using the Mad-

Graph5_aMC@NLO 2.6.5 program [181]. This generates events with a V boson and
up to three additional partons in the final state at NLO accuracy. The scales µR and µF

are set to 1/2 the transverse mass of all final-state partons + leptons. Pythia 8.240 is
interfaced for PS and hadronisation, with the A14 tune [153] and the NNPDF2.3LO PDF
[154] set using αs = 0.13.
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• Sherpa 2.2.1 [180] samples are used as alternative as they give different pVT distributions
to Sherpa 2.2.11 [205], an important modification given some observed data-MC disagree-
ments in the pVT distributions.

Top-pair Production

The tt̄ process is the second most important background in the analysis. The leading order
Feynman diagram for this process is shown in Figure 6.5. The nominal samples are generated
for the 0L and 1L channels with Powheg at NLO calculation of the matrix element [147, 148].
It is interfaced with Pythia 8.230 with the NNPDF3.0NLO PDFs using the A14 tune for PS,
hadronisation, and UE description. Filtering is applied while simulating to enhance statistics.
Cross sections are calculated to NNLO in QCD, with resummation of the Next-to-Next-to-
Leading Logarithmic (NNLL) soft gluon terms [206].

Figure 6.5: Feynman diagram of the tt̄ production and decay. A similar leading order diagram
is initiated by two gluons.

Alternative samples Several alternatives are simulated for the modelling studies:

• Replacing Pythia by Herwing 7.0 with H7UE tune [207] while keeping the same nominal
Powheg setup. This sample is used to systematically assess variations to the parton
shower, hadronisation, and underlying event modelling.

• Replacing Powheg by MadGraph5_aMC@NLO [181] for NLO hard scattering matrix
element modelling with the nominal Pythia for PS, hadronisation, and the UE simulation.
This sample is used to systematically assess variation in the matrix element prediction.

• Weights variations tuning the Initial State Radiation (ISR) and Final State Radiation
(FSR) contributions relative to the nominal setup. There are 4 such variations, based on
the nominal Powheg + Pythia 8.230:

– High- / low-variations of ISR, where the µR and µF scales are halved / doubled.

– Up- / down-variations of FSR, obtained by halving / doubling the renormalisation
scale µR.
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Single-top Production

The single-top process combines different channels, with the leading Feynman diagrams depicted
in Figure 6.6. The dominant contribution is the associated top-production Wt channel, with the
t→ Wb. The two other contributions are the t- and s-channel, with the former having a larger
cross section than the s-channel. These processes are simulated similarly to the tt̄, with the cross
sections calculated for a top-quark mass of mt = 172.5 GeV at NLO in QCD for the t- and s-
channels [208, 209], and with approximate NNLO accuracy from NNLL soft gluon resummation
for the fiducial Wt production cross section [210, 211].

Figure 6.6: Feynman diagrams of the Wt-production (top) and the single top production (bot-
tom) in the t-channel (left) and the s-channel (right).

The Wt production has diagrams overlapping with the tt̄ production at NLO in QCD. In the
analysis, a Diagram Subtraction (DS ) scheme is applied to remove the overlap with tt̄ by locally
cancelling the tt̄ contributions in the NLO Wt cross section calculation [212].

Alternative samples are produced for the single-top Wt- and t-channels3:

• The 2 alternative generators and the 4 changes to the ISR and FSR used for the alternatives
of tt̄ are also applied to the Wt- and t-channels.

• For Wt only, a sample using a different overlap removal procedure is produced with the
Diagram Removal (DR) scheme [212] to systematically model the overlap with tt̄. This
scheme removes the diagrams in the NLO Wt amplitudes that are doubly-resonant, when
both t-quark are on-shell. DR was the default scheme in prior iterations of this analysis,
but the DS samples showed better agreement with data in the boosted regime.

Diboson Process

The diboson processes WW , WZ, and ZZ enter the analysis both as a background, with a
hadronically decaying V boson mistaken for the Higgs, and as a cross-check signal when decaying
into a bb̄ or cc̄ pair. Some leading qq-initated Feynman diagrams are depicted in Figure 6.7, with
gluon-initiated diagrams also possible via quark-loops. The qq-initiated diboson samples are

3No alternatives are derived for the single-top s-channel due to its small contribution in the analysis.
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simulated similarly to the V+jets, using Sherpa 2.2.11 [203]. The gg-initiated processes are
simulated with Sherpa 2.2.2. The cross sections are computed at NLO precision, with the
NNLO PDFs based on the NNPDF3.0NNLO set [151] for both the matrix element and parton
shower.

Figure 6.7: Feynman diagrams of the diboson production in the t- (left) and s-channel (centre
and right). The t-channel can lead to any combination of W and Z bosons depending on the
initial quark-pair.

Alternative samples:

• Powheg v2 interfaced with Pythia 8 samples are produced to systematically assess ME
and PS variations.

• Sherpa 2.2.1 samples are produced to systematically model the impact of varying the
fragmentation function.

QCD Multi-jet

This process is estimated from data instead of simulations because of the difficulty in generating
samples with sufficient statistics due to the low selection efficiency, despite having a much larger
production cross section than the Higgs. QCD multi-jet events can be selected when heavy-
flavour hadrons decay semi-leptonically or jets are misidentified as leptons. Such leptons are
normally not isolated, and only a small fraction passes the lepton requirements. The multi-jet
is negligible in the 0-lepton and 2-lepton channels thanks to the strict selections available. In
the 1-lepton resolved channel, the remaining contribution is assessed from data-driven templates
for V H(H → bb̄), and as a dedicated control region for V H(H → cc̄). In both cases, a region
enriched in multi-jet is defined by inverting the lepton isolation requirements. The residual
multi-jet is mostly present at low pVT values and is therefore ignored in the boosted regime.

6.5 Selection and Categorisation

As described in Chapter 3.2, the data collected by ATLAS consists of information measured by
various subdetectors. Different processing steps, collectively referred to as reconstruction, are
applied to unlock physically interpretable objects. This section introduces the specific object
reconstruction techniques used in the analysis. From this, the event selection, requiring different
reconstructed objects to be identified in data and simulations, is then presented as well as the
final categorisation separating events into the different regions of the analysis regions.
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6.5.1 Object Selection

The ATLAS software supports several object reconstruction techniques. The reconstruction
strategies relevant to the V H(H → bb̄/cc̄) analysis are presented in this section.

Primary Vertex: all events considered in the analysis are required to have at least one primary
vertex reconstructed from tracks in the ID [83], as detailed in Section 3.3.2.

Electrons: are reconstructed by matching a deposit in the electromagnetic calorimeter with a
track in the ID [85, 213], as described in Section 3.3.3. Electrons are required to have pT > 7 GeV
and |η| < 2.47. They are identified with the loose working point of the likelihood discriminant,
matching the calorimeter shower shape to an associated track. The e candidates must satisfy
pT -dependent isolation criteria in both the ID and calorimeters. In 1L, the tight likelihood
identification discriminant is used with stricter calorimeter isolation requirements to better reject
the multi-jet background. Additional requirements on the electron selection depend on the lepton
channel, as summarised in Table 6.2. V H-loose electrons require a loose likelihood identification
and are applied in all channels. The WH-signal and ZH-signal criteria are additionally applied
in the 1L and 2L channels respectively, with a higher pT threshold due to the triggers.

Selection pT η ID dsig0 |∆z0 sin θ| Isolation
V H-loose >7 GeV |η| < 2.47 Loose < 5 < 0.5 mm Loose
ZH-signal >27 GeV |η| < 2.47 Same as V H-loose
WH-signal Same as ZH-signal Tight Same as ZH-signal Strict

Table 6.2: Electron selection requirements. ZH-signal and WH-signal are abbreviated as V H-
signal in the text.

Muons: are reconstructed by matching an energy deposit in the MS with information from the
ID [214], as detailed in Section 3.3.4. They are required to have pT > 7 GeV, |η| < 2.7, to satisfy
the loose identification criterion, and be isolated in the ID according to pT -dependant criteria.
These requirements are summarised in Table 6.3 and vary depending on the lepton channel
similarly to the electron requirements. The V H-loose requirements are applied to muons in all
channels. The WH-signal and ZH-signal are additionally applied to the 1L and 2L channels
respectively, with a medium identification likelihood criterion and a strict track-based isolation
used in 1L to suppress the multi-jet background.

Selection pT η ID dsig0 |∆z0 sin θ| Isolation
V H-loose >7 GeV |η| < 2.7 Loose < 3 < 0.5 mm Loose
ZH-signal >27 GeV |η| < 2.5 Same as V H-loose

WH-signal >25 GeV (pVT > 150 GeV)
>27 GeV (pVT < 150 GeV) |η| < 2.5 Medium < 3 < 0.5 mm Strict

Table 6.3: Muon selection requirements. ZH-signal and WH-signal are abbreviated as V H-
signal in the text.
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Taus: hadronically decaying τ -leptons are identified and vetoed in 1L using an RNN-based
tagger [93], as presented in Section 3.3.6. Taus are required to have a pT > 20 GeV, |η| < 2.5,
and to have 1 or 3 associated tracks. In 0L and 2L, if the jet passes a loose working point
requirement for hadronically decaying τ -lepton identification, it is no longer considered a jet and
cannot be considered as a candidate for the reconstruction of the Higgs boson.

Missing Transverse Energy: as described in Section 3.3.7, neutrinos are not detectable in
ATLAS and their presence is inferred from momentum imbalance in the transverse plane. Emiss

T is
calculated as the negative vectorial sum of the transverse momentum of physics objects (electrons,
muons, hadronic τ , and jets), with an additional track-based soft term from unassigned good-
quality tracks [94].

Jets Three types of jets introduced in Section 3.3.5 are used in the analysis, all reconstructed
with the anti-kt algorithm [86]:

1. Small-R jets: are reconstructed from topological clusters of energy deposits in the hadronic
calorimeter based on the reconstructed PFlow objects with a radius R = 0.4. A jet is
considered as central if |η| < 2.5 and pT > 20 GeV, and as forward if 2.5 ≤ |η| < 4.5 and
pT > 30 GeV. Central (forward) jets with a pT < 60 GeV (pT < 120 GeV) are required to
originate for the primary vertex as identified by the Jet Vertex Tagger (JVT) to limit the
pile-up background [215]. Tight jet cleaning criteria are applied to suppress non-collision
background. Central jets are used in the resolved regime to reconstruct the Higgs candidate
with flavour tagging.

2. Large-R jets: similar to small-R jets with a larger radius R = 1.0, they are required to
have pT > 250 GeV and |η| < 2, and are used in the boosted regime to reconstruct the
Higgs candidate.

3. Variable-R (VR) track-jets: are reconstructed with a pT -dependent radius optimised for
double b-tagging of the boosted H → bb̄ decay [216]. They must have pT > 10 GeV and
|η| < 2.5. These track-jets are used to reconstruct the b-tagged objects inside the large-R
jet.

As outlined in Section 3.3.5, jets benefit from extensive corrections and calibrations to improve
their reconstructed mass, energy, and axis direction.

Flavour Tagging Jet flavour tagging is perhaps the most important part of the event recon-
struction. The latest available DL1r tagger from Run 2 is used for both b- and c-tagging in the
resolved and boosted regime [146]. The methodology differs slightly between the two regimes of
the analysis due to the different flavour tagging needs.

• In the resolved regime, DL1r is used to tag both b- and c-jets. The so-called Pseudo-
Continuous Flavour Tagging (PCFT) scheme, illustrated in Figure 6.8, is deployed to allow
for a coherent joint definition and simultaneous calibration of b- and c-tagged jets, adopting
the technique first introduced for 2D c-tagging in the V H(H → cc̄) analysis [141]. The DL1r
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tagger assigns a b-tagging and a c-tagging discriminant scores4 from Equations 5.1 and 5.2 to
selected central jets. To tag a jet, the associated score must be higher than a specific cutoff
value defining a Working Point (WP) selection efficiency. Jets can be assigned one of 5 possible
labels based on 2 b-tagging and 2 c-tagging WPs, as outlined in Figure 6.8. These WPs are
tested in a strict successive order, with first a 60% tight b-tagging point (bin 4) followed by a
looser 70% b-tagging WP (bin 3). A jet passing these selections is labelled B5. Otherwise, it is
considered for c-tagging with first a tight working point at 25% efficiency (bin 2), followed by
a loose WP at an exclusive efficiency of 20% (bin 1) - so that 45% of the c-jets are effectively
selected in the combined tight and loose bins. A jet selected by the tight c-tagging WP is
labelled T , and L if it only passes the loose WP. A jet failing to pass any tagging selection
is not tagged and labelled N (bin 0). The b-tagging WPs correspond to official ATLAS ones
for DL1r [146], while those for c-tagging are optimised for the purpose of this analysis. The
tagging efficiency of each bin is displayed in Figure 6.8, as measured in a Powheg+Pythia 8
sample of semi-leptonic tt̄ events. The calibration of the five bins is performed simultaneously
for the analysis following the methodology described in Ref. [146].

Figure 6.8: The pseudo-
continuous flavour tagging
scheme defining simultaneously
2 b-tagged, a tight c-tagged, a
loose c-tagged, and a non-tagged
bins. The jet tagging efficiencies
for b-, c-, and light-jets in the
PCFT scheme are displayed for
each region.

• The boosted regime only targets b-jets, with the single-jet DL1r tagger used. As such, the
standard pseudo-continuous b-tagging method is used [146]. The track-jets associated with the
leading large-R jet are given a b-tagging score based on the per-flavour probabilities predicted
by DL1r. The 85% working point is adopted to maximise the signal yield, due to the statis-
tical limitations in the boosted regime. Track-jets passing this working point are B-tagged,
otherwise, they are untagged N . The official calibration from Ref. [146] is used and extended
to higher pT with uncertainty extrapolation due to the large range of pT probed in the analysis
[176, 177].

The superior single-jet GNN taggers introduced in Chapter 5 or the boosted decay tagger GN2X
[10] presented in Appendix B.6 were not available during the analysis, and their calibration is,
at the time of writing, still ongoing. Leveraging the improvements of these GN2-based taggers
represents an exciting avenue of progress for future iterations of this study, for both the resolved
and boosted regimes.

4With flavour fractions set as fb
c = 0.018 and fc

b = 0.3, respectively.
5The distinction of these two b-tagged bins is relevant for the MVAs of the analysis
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Object Overlap: this procedure is applied to avoid double-counting electrons, muons, small-R
and large-R jets, and hadronic τ -leptons passing the object selection.

6.5.2 Event Selection

A subset of all ATLAS recorded events during Run 2 is selected for the analysis based on spe-
cific triggers. The trigger selections of V H(H → bb̄) and V H(H → cc̄) are harmonised for the
combined analysis, and specified per lepton channel. In 0L, the lowest unprescaled Emiss

T trigger
is used with an increasing lower threshold rising from 70 GeV for data recorded in 2015, 90 to
110 GeV for 2016, and to 110 GeV for 2017 and 2018 due to a higher trigger rate later in Run
2. The 1L channel triggers cover both the e and the µ subchannels. The lowest unprescaled
single-electron trigger is deployed for the e-channel. For muons, the Emiss

T trigger of 0L is ap-
plied for events with pVT > 150 GeV, while the lowest unprescaled single-muon trigger is used at
lower pVT . Finally, the triggers for 2L are equivalent to 1L except for the muon channel where
the pVT threshold for switching between triggers is raised to 250 GeV. The use of Emiss

T trigger at
high pVT for muons increases the signal acceptance by approximately 5%. For leptonic triggers,
reconstructed leptons in the event are required to match the triggered leptons.

The different regimes of the analysis are defined by flavour tagging and the strategy to
reconstruct the Higgs boson. In the resolved regime, an event must have at least two central
jets. Two candidate jets are selected to reconstruct the Higgs using the so-called All Signal
Jets strategy, and define an event tag by combining their individual tags. A tag hierarchy is
introduced, following the rank ordering: B > T > L > N . The pair of candidates is selected
from the two central jets having the highest ranked tags, or the highest pT in case of ties. Events
are labelled based on the tag of the selected jets, e.g., TT is assigned to events with 2 tight
c-tagged jets and no b-jet, and BL to events with a b-tagged and a loose c-tagged jets. In the
boosted regime, at least 2 track-jets are required to be associated with the large-R jet leading
by pT , and the tags of at most 3 associated track-jets with the highest pT are considered in each
event. This labelling and the reconstructed pVT define the different regimes of the resolved and
boosted V H(H → bb̄) and V H(H → cc̄) parts of the combined analysis. Each regime applies
specific selections to reconstruct the Higgs candidates.

Resolved Higgs candidates: for V H(H → bb̄), the two candidates must be B-tagged (PCFT
bins 3 or 4) with no additional b- nor tight c-tagged jets allowed6, while in V H(H → cc̄) no
B-tagged jet is allowed and at least one of the candidates must be tight c-tagged (T ). As detailed
in the next section, two types of Control Regions (CRs) are defined orthogonally to the Signal
Regions (SRs) by changing this flavour selection: the top CRs, combining at least 1 B-tag with
at least 1 T -tag, and the V + l CRs requiring 1 loose c-tagged jet (L) with an untagged (N)
jet for V H(H → cc̄). The Higgs candidates are sorted by pT into a leading j1 and subleading
j2 candidate. The leading candidate must have pT > 45 GeV, while other jets are required to
have pT > 20 GeV. The invariant mass of the Higgs candidate mbb (mcc) must be above 50 GeV
before applying energy corrections, to avoid low-mass V+jets gluon splitting mismodelling.

6In 2L, additional T -tagged jets are permitted due to the low statistics and the different derivation of the top
CR.
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Boosted Higgs candidates: the selection requires exactly 2 B-tags among the 3 track-jets
leading by pT associated to the leading large-R jet. The reconstructed mass of the Higgs candi-
date based on the leading-R jet mass mJ must satisfy mJ > 50 GeV, with a leading large-R jet
pT > 250 GeV.

The small overlap between the boosted V H(H → bb̄) and resolved V H(H → cc̄) selected
events is found to be negligible. In all regimes, the number of reconstructed charged lepton in
the final state defines three channels as the 0-lepton (0L), 1-lepton (1L), and 2-lepton (2L). The
objective of this leptonic selection is to reconstruct the associated V boson. The selection of
events in the resolved regime is presented in Table 6.5, and Table 6.4 for the boosted regime.
Additional channel-specific requirements are also introduced to limit background contamination.
They are reviewed in the next section.

Selection specific to the 0-lepton channel

In 0L, no V H-loose lepton is allowed and Emiss
T should be > 150 GeV (> 250 GeV) in the resolved

(boosted) regime, to identify the decay Z → νν. Additionally, in the resolved regime the scalar
sum ST of the jet pT in the events must be > 120 GeV (> 150 GeV) for 2-jet (≥ 3 jets) events to
avoid a mismodelled region in simulation due to the triggers. In a decay of a W → τν followed
by a hadronic decay of the τ -lepton reconstructed as a jet, there are no electrons nor muons in
the final state. To limit this τ -contamination in the 0L channel, an extra selection is applied in
the resolved regime if at least 1 hadronic τ is reconstructed. The transverse W mass

mW
T =

√
2plTE

miss
T (1− cos(∆ϕ(l, Emiss

T )))

is required to be mW
T ≥ 10 GeV, with the W boson pT estimated from the vectorial sum of the

leading hadronic τ momentum (plT ) and Emiss
T instead of pVT . To limit the multi-jet background,

so-called anti-QCD cuts are also applied in all regimes:

• The azimuthal angle between Emiss
T and the H must satisfy |∆ϕ(Emiss

t , H)| > 120◦.

• The minimum azimuthal angle between Emiss
T and the jets must be > 20◦ (> 30◦) for

resolved 2-jet (3-jet) events and > 30◦ for the boosted regime.

• In resolved only, the azimuthal angle between the candidate jets must satisfy |∆ϕ(j1, j2)| <
140◦.

The cuts are tuned to limit the multi-jet contamination to a fraction of order 1% of the total
background in 0L, making this background negligible in the 0-lepton channel.

Selection specific to the 1-lepton channel

In the 1L channel, the targeted vector boson decay is a W → ℓν, with ℓ = e, µ. Exactly 1
WH-signal lepton is required, with events having more than 1 V H-loose lepton vetoed7. The
vector boson is reconstructed from the vectorial sum of the Emiss

T and the lepton transverse
momentum plT , with pVT > 75 GeV. To suppress the multi-jet background, events with one

7The first V H-loose lepton corresponds to the WH-signal lepton.
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electron are required to have an Emiss
T > 30 GeV (> 50 GeV) in the resolved (boosted) regime,

with a reconstructed mW
T > 20 GeV for events with transverse momentum pVT below 150 GeV.

For the resolved µ-channel, as the same Emiss
T trigger is used as in the 0L, the scalar sum of pT is

similarly constrained with ST > 120 GeV (> 150 GeV) for 2-jet (≥ 3 jets) events. A significant
background in the 1-lepton channel is the tt̄ production, with both t-quarks decaying into a W
boson and a b-quark. Events where one of the W boson decay follows W → τν, with the τ
decaying hadronically, and the other W decays into an e or a µ have the same leptonic signature
as the signal. A strict hadronic τ -veto is applied in all regimes to suppress this background.
Events passing the 0-lepton selection with ≥ 1 hadronic taus are moved to the 1-lepton channel
with the leading hadronic τ used similarly to any other lepton, e or µ. The migration recovers ∼
10% (∼ 20%) of WH signal where W → τν and the τ -lepton decays hadronically in the resolved
(boosted) regime. This technique helps decorrelating the WH and ZH measurements in the
V H(H → bb̄) side.

Selection specific to the 2-lepton channel

The 2L channel targets the Z → ℓℓ bosonic decay, with the Z reconstructed from two loosely
identified leptons of the same flavour (V H-loose). At least one lepton must pass the ZH-signal
lepton requirements. In the di-muon channel, the leptons are further required to be of op-
posite charges8. To suppress non-resonant lepton-pair from the tt̄ and multi-jet backgrounds,
the invariant mass of the di-lepton system is required to be consistent with the Z mass, with
81 < mℓℓ < 101 GeV in the resolved and 66 < mℓℓ < 116 GeV in the boosted regime. The
leptons must satisfy pT > 25 GeV, with a stricter pT > 27 GeV required for the leading muon
when the event is selected by the muon trigger.

Selection 0-Lepton 1-Lepton 2-Lepton
e-channel µ-channel e-channel µ-channel

Trigger Emiss
T Single-electron Emiss

T Single-electron Emiss
T

Leptons 0 V H-loose
lepton

1 WH-signal lepton ≥ 1 ZH-signal lepton

No second V H-loose lepton 2 V H-loose leptons
No hadronic τ Same flavour leptons

Opposite charge for µµ
pVT > 400 GeV

Large-R jet ≥ 1 large-R jet (R = 1.0), pT > 250 GeV, |η| < 2

Track-Jets ≥ 2 track-jets (pT > 10 GeV, |η| < 2.5) matched to the leading large-R jet
Tagging Exactly 2 of the 3 leading track-jets matched to the large-R jet must be b-tagged
mJ > 50 GeV
Emiss

T > 200 GeV > 50 GeV - -
|∆ϕ(Emiss

T , H)| > 120◦ - -
min |∆ϕ(Emiss

T , jets)| > 30◦ - -
mℓℓ - - 66 GeV < mℓℓ < 116 GeV

Table 6.4: Summary of the event selection in the boosted V H(H → bb̄) regime. The lepton
selection is further described in Tables 6.2 and 6.3.

8This is not applied to the di-electron channel due to a significantly higher charge misidentification.
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Resolved Analysis Regime V H(H → bb̄) V H(H → cc̄)

Common Selections
Jets ≥ 2 signal jets

Candidate jets tagging 2 B-tags ≥ 1 T -tag, no B-tag
Leading Higgs (H) candidate jet pT > 45 GeV

Subleading H candidate jet pT > 20 GeV
mbb or mcc > 50 GeV (before correction)

Non-H candidate jet pT > 20 GeV (> 30 GeV for nJet categorisation only)
Candidate jets ∆R Upper cut ∆R ≤ π

0-Lepton (0L)
Trigger Emiss

T

Jets ≤ 4 jets ≤ 3 jets
Additional jets tagging no T -tag no B-tag

Top CR tagging ≥1 B-tag + 1 T -tag
Leptons 0 V H-loose lepton
Emiss

T > 150 GeV
Emiss

T,trk - > 30 GeV
ST =

∑
pjets
T > 120 GeV (2 jets), >150 GeV (≥ 3 jets)

mW
T > 10 GeV when ≥ 1 hadronic τ

|∆ϕ(j1, j2)| < 140◦

|∆ϕ(Emiss
T , H)| > 120◦

min|∆ϕ(Emiss
T , jet)| > 20◦ (2 jets), > 30◦(3 jets)

1-Lepton (1L)
Trigger e-channel: single-electron

µ-channel: single-muon (pVT < 150 GeV)
and 0L Emiss

T (pVT > 150 GeV)
Jets ≤ 3 jets

Additional jets tagging no T -tag no B-tag
Top CR tagging ≥1 B-tag + 1 T -tag
hadronic τ -veto no hadronic τ

Leptons 1 WH-signal lepton
veto if > 1 V H-loose lepton

Emiss
T > 30 GeV (e-channel)
ST Same as 0L for µ with Emiss

T trigger
mW

T > 20 GeV for 75 < pVT < 150 GeV

2-Lepton (2L)
Trigger Same as 1L, pVT < 250 GeV for single-µ trigger

Additional jets tagging - no B-tag
Leptons 2 V H-loose leptons

(≥ 1 ZH-signal lepton)
Same flavour, opposite-charge for µµ

Top CR Mixed eµ flavour
mℓℓ 81 < mℓℓ < 101 GeV

Table 6.5: Summary of the event selection in the resolved V H(H → bb̄/cc̄) regime. The resolved
1L and 2L top CR BT tagging definition ignores the candidate jet tagging requirements. For
V H(H → cc̄), an extra CR for V+lf changes the candidates tagging to one L-tag + no-tag
(LN). The lepton selection is further described in Tables 6.2 and 6.3.
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6.5.3 Event Categorisation

Selected events are finely categorised following a successive decomposition into regions of de-
fined flavour tag, vector boson V transverse momentum pVT , and number of jets Njet. The full
categorisation gives rise to signal and control regions that enter the statistical analysis defined
in the fit framework of Section 6.9. The control regions are defined to constrain the modelling
of specific backgrounds. The definition of the regions depends on the analysis regime and the
targeted Higgs decay mode, with Figure 6.9 providing a condensed global overview.

Resolved Regime Categorisation

In the resolved regime, the number of central and forward jets in an event defines different
Njet categories, separated to maximise the signal sensitivity. A pT > 30 GeV cut is applied
to non-Higgs candidate jets when determining the jet multiplicity for the categorisation. This
requirement limits the signal migration across STXS bins in V H(H → bb̄), with almost no impact
on the V H(H → cc̄) sensitivity. All distributions of the resolved regime regions with processes
normalised to their postfit expectations from the fit described in Section 6.9 are presented in
Appendix C.5. The plots presented in this section show the prefit blinded distributions in the
different regions, and simulated processes are therefore not normalised to data. The distributions
displayed correspond to those chosen for the fit, as detailed in Section 6.6. The precise definitions
of the analysis regions are reviewed in this section.

Resolved V H(H → bb̄) SRs: require exactly 2 b-tagged jets (BB), with no extra B- nor any
T -tags, and events are separated into different categories based on Njet. All lepton channels have
2-jet and 3-jet categories. The 0L channel has an additional 4-jet category, and the 2L has an
extra 4 or more jets (4p or ≥4) category. They are included to improve the STXS measurements
sensitivity in bins with at least one additional jet. All regions are further split into different
bins of pVT as [75, 150] GeV9, [150, 250] GeV, and [250, 400] GeV. Some selected V H(H → bb̄)

signal regions in the analysis are presented in Figure 6.10, showing the distributions of the BDTs
introduced in Section 6.6.

(a) 0-lepton. (b) 1-lepton (c) 2-lepton.

Figure 6.10: BDT distributions for the BB-tagged 2-jet signal regions with 150 GeV < pVT <
250 GeV for different lepton channels.

9This region is not included in 0L due to the Emiss
T trigger threshold.
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Resolved V H(H → cc̄) SRs: adopt a similar event categorisation to the resolved V H(H →
bb̄), with at least one candidate jet being tight c-tagged T . The categorisation of the signal region
is then split based on the remaining candidate tag into a 2 c-tags region and a 1 c-tag region.
The former requires an extra tight (TT ) or loose c-tag (LT )10, the latter an untagged jet N
(NT ). The pVT bins are similar to V H(H → bb̄), except for the highest pVT one that is relaxed to
≥ 250 GeV given the limited impact of the overlap with the boosted V H(H → bb̄). Adding the
pVT region above 400 GeV was found to increase the total V H(H → cc̄) sensitivity by 10%. The
jet multiplicity, Njet, defines a 2 and a 3 jets categories, with the latter extended to 3 or more
jets (3p or ≥3) in 2L due to a reduced tt̄ background. A selection of 2 c-tagged signal regions is
presented in Figure 6.11, with Figure 6.12 presenting some 1 c-tagged signal regions. The 1 c-tag
SRs in the 75 GeV < pVT < 150 GeV range are not included in the fit because of their significant
background contamination.

(a) 0-lepton, 2-jet. (b) 1-lepton, 3-jet. (c) 2-lepton, 2-jet.

Figure 6.11: BDT distributions for 2 c-tagged (TT + LT ) signal regions with 150 GeV < pVT <
250 GeV, for different lepton channels and jet multiplicities.

(a) 0-lepton, 2-jet. (b) 1-lepton, 3-jet. (c) 2-lepton, ≥ 3 (3p) jets.

Figure 6.12: BDT distributions for 1 c-tagged signal regions with 250 < pVT .

High ∆R Control Regions: are designed to constrain the normalisation and shape of the
V+jets and the tt̄ background when the 2 candidate jets are the b-quarks. They are defined by a
further split from the SRs based on the angular separation ∆R(j1, j2), denoted as ∆R, between
the Higgs candidate jets. This split is governed by a pVT -dependent cut on the ∆R that is derived

10The 2 c-tagged labelled LT + TT is summarised as XT in the plots.
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to keep 95% (85%) of the signal yield in the 2-jet (3 or more jets) SRs. The cuts are defined in
Table 6.6 and illustrated in Figure 6.13, with their derivation detailed in Appendix C.1.1. Events
with a ∆R below the selection line enter the signal region, while those above go in a High ∆R

CR, also called CRHigh. To avoid some mismodelling effect at high ∆R and to keep the High
∆R CR kinematically close to the SR, an uppercut of ∆R ≤ π is applied to all events. This
effectively removes ∼ 40% of events in the High ∆R CR, with a negligible impact on the signal
region. For V H(H → cc̄), CRHighs are defined separately for 1 and 2 c-tagged events. The TT -
and LT -tagged events are also separated to constrain the V+hf and V+mf backgrounds. In
V H(H → bb̄), the CRHighs are used to extract the normalisation of the backgrounds while in
V H(H → cc̄) the shapes of the mcc̄ and pVT spectrum are also used, as detailed in Section 6.6.
Several High ∆R CRs are shown in Figure 6.14.

Category High ∆R Low ∆R

2-jet ∆R > 0.787 + e1.387−0.0070×pVT ∆R < 0.410 + e0.818−0.0106×pVT

3-jet ∆R > 0.684 + e1.204−0.0060×pVT ∆R < 0.430 + e0.399−0.0093×pVT

4-jet ∆R > 0.863 + e0.984−0.0041×pVT ∆R < 0.411 + e1.204−0.0060×pVT

≥5-jet ∆R > 1.667 + e0.519−0.0050×pVT ∆R < 0.501 + e1.192−0.0075×pVT

Table 6.6: Cuts defining the High ∆R (centre - CRHigh) and Low ∆R (right - CRLow) control
regions. The inequalities are set to enter the control regions, with pVT expressed in GeV.

Low ∆R Control Regions: Low ∆R CRs (CRLows) are defined in the 1-lepton channel of
V H(H → bb̄) to better constrain the W+hf background. They are based on pVT -dependant cuts
defined similarly to the High ∆R ones, separating 10% of the diboson events from the signal
regions, as displayed in the bottom parts of the plots in Figure 6.13. The selection criteria
are defined in the right of Table 6.6, where events with a ∆R above the cutting line enter the
signal region while those below belong to the CRLow. In V H(H → cc̄) and the 0L and 2L
V H(H → bb̄), the CRLow is not separated from the signal region as it has little impact on the
sensitivity of the fit. A CRLow region is presented in Figure 6.16a.

Figure 6.13: The pVT -∆Rcc̄ 2D signal yield map of the 1L V H(H → cc̄), for the 2-jet (left) and
3-jet (right) regions. The lines are the results of fitting the high and low ∆Rcc̄(p

V
T ) cuts for

various signal tags, with the yellow curve showing the ∆Rbb̄ cut from V H(H → bb̄) that is used
in the analysis. The CRHigh is above the top yellow line and the SR is below. A Low ∆R CR
can be defined by the bottom lines, splitting this region from the SR for the V H(H → bb̄) only.
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(a) 1-lepton BB, pVT distribution. (b) 1-lepton LT , mcc̄ distribution. (c) 2-lepton LT , mcc̄ distribution.

Figure 6.14: Some High ∆R CRs (CRHigh) with 2 jets and 150 GeV < pVT < 250 GeV.

Top Control Regions in 0L and 1L: are defined to constrain the top background top(bc)
and top(bl) components11, where top is the combination of the tt̄ and single-top Wt processes.
The so-called top BT CRs are shared by the resolved V H(H → bb̄) and V H(H → cc̄), with the
same pVT and jet multiplicity categorisation as in the SRs. They are defined for 0L and 1L by
requiring events to have at least one B-tag and at least one tight c-tag T , making them orthogonal
to the signal regions. The Higgs candidate is reconstructed from the leading B-tagged and T -
tagged jets, for kinematic similarity to the SRs. The top(bb) component, a major background
in V H(H → bb̄), is controlled from the previously defined CRHighs, thanks to the large ∆R
between the produced b jets in tt̄ events, as shown in Figure 6.14a. Two top BT control regions
are presented on the left of Figure 6.15.

(a) 0-lepton, BT , 3-jet. (b) 1-lepton, BT , 3-jet. (c) 2-lepton, eµ, ≥ 1 T -tag.

Figure 6.15: Top BT -tagged (left and centre - mcj distribution) and eµ (right - pVT distribution)
CRs, with 3 jets and 150 GeV < pVT < 250 GeV.

Top Control Regions in 2L: the top background in 2L is mostly made of di-leptonic tt̄
decays, with both subsequent W decaying leptonically. High purity top CRs are derived for the
2-lepton channels by requiring leptons of different flavours (eµ / µe) instead of the same flavour
(ee / µµ). This mix of flavours is possible as the leptons are produced in distinct W boson
decays. These so-called top eµ CRs are used to derive a tt̄ background template in a data-driven
way for the 2-lepton SRs in V H(H → bb̄). For V H(H → cc̄), tt̄ is a less significant background

11The component in parentheses refers to the flavour of the Higgs candidate jets.
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in 2L due to the flavour tagging requirements, and the top eµ CRs contribute to the fit as a
single-bin CRs defined per pVT and jet multiplicity, with at least one T -tag jet. An example of
these CRs is presented in Figure 6.15c.

(a) 1-lepton Low ∆R CR, BB. (b) 1-lepton V + l CR LN . (c) 2-lepton V + l CR LN .

Figure 6.16: A BB-tagged Low ∆R CR (left - mvaCRLow distribution) and 2 LN -tagged V + l
CRs (centre and right - pVT distributions), both with 2 jets and 150 GeV < pVT < 250 GeV.

V + light-jets Control Regions: the V+ light-jets background is particularly significant for
V H(H → cc̄), due to the difficulties in discriminating c-jets from light-jets. Dedicated CRs,
called V + l CRs, in the 1L and 2L channels target the W+lf and Z+lf backgrounds12. They
are defined by requiring exactly one loose L-tag c-jet without any T - nor B-tagged jet in the
event. The selection is otherwise similar to that of the 1 c-tagged signal regions13, with the
candidate pair now tagged as LN , where N is the leading untagged central jet. The 1L V + l

CRs are 60% pure in W+lf, while the 2L V + l CRs reach a 70% Z+lf purity. Two examples of
kinematic distributions, for the 1L V + l CRs and 2L V + l CR, are shown in Figures 6.16b and
6.16c, respectively.

Boosted Regime Categorisation

In the boosted V H(H → bb̄), two pVT bins are considered, at [400, 600] GeV and ≥ 600 GeV, to
avoid any overlap with the resolved V H(H → bb̄). The SRs are defined by requiring exactly 2 of
the at most 3 leading track-jets associated with a single leading large-R jet to be b-tagged, with no
additional B-tagged track-jet outside the large-R jet to enhance the top background rejection.
All boosted regions, with processes normalised to their postfit expectations, are presented in
Appendix Section C.5. Figure 6.17 displays some signal regions, with the SRs further separated
into a high- (HP) and low-purity (LP) SRs when there are, respectively, 0 or ≥ 1 additional
small-R jet not associated to the Higgs candidate large-R jet. The different purity regions are
combined in the final fit.

Boosted Top Control Regions in 0L and 1L: the tt̄ process is the main background in the
0L and 1L lepton channels, where a t-quark decay is captured as a single large-R jet merging the
produced b and a hadronically decaying W . Boosted top control regions are defined for these

12V+lf is a grouping of the V+jets with light-jets, introduced in Section 6.8.3.
13Similarly to these SRs, there is no 1L V + l CR for 75 GeV < pVT < 150 GeV.
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lepton channels by selecting events that have an additional B-tagged track-jet outside of the
large-R jet, based on a requirement on their angular separation

∆R(VR-track jet, large-R jet) > 1.

The boosted top CRs effectively capture the tt̄ signature by identifying the b-quark from the
other decaying t-quark in the tt̄ pair, using the same 85% b-tagging WP as for the Higgs candi-
date selection. An example of a boosted top CR region is displayed in Figure 6.17c.

(a) 0-lepton high purity SR. (b) 1-lepton low purity SR. (c) 1-lepton top CR.

Figure 6.17: Boosted BB-tagged signal regions BDT distributions (left and centre) and boosted
top CR mJ distribution (right), with 400 GeV < pVT < 600 GeV.

6.5.4 Tagged-jets Corrections

Several corrections to the energy of tagged jets are applied to improve the mass determination
of the Higgs candidate. All jets benefit from the standard jet energy calibration introduced in
Section 3.3.5. Additional corrections for b- and c-jets, summarised in Table 6.7, leverage the
unique properties of these heavy-flavour jets. The effects of the different reconstruction tech-
niques are illustrated in Figure 6.18 for inclusive 2-lepton invariant mass distributions in the
different regimes of the analysis.

Scheme Lepton channel Muon-in-jet PT -reco Kinematic fit FSR Recovery

Resolved V H(H → bb̄)
0L ✓ ✓
1L ✓ ✓
2L ✓ ✓(Njet ≥ 4) ✓(Njet ≤ 3) ✓(Njet ≤ 4)

V H(H → cc̄)
0L ✓
1L ✓
2L ✓ ✓(Njet ≤ 3) ✓(Njet ≤ 4)

boosted V H(H → bb̄)
0L ✓
1L ✓
2L ✓ ✓

Table 6.7: The different Higgs candidate jet energy corrections.
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(a) Resolved V H(H → bb̄). (b) Resolved V H(H → cc̄) with 2 c-tags.

(c) Boosted V H(H → bb̄).

Figure 6.18: Distributions of the reconstructed Higgs candidate mass with the different jet
corrections applied on simulated samples of the three analysis schemes in the 2-lepton channels,
inclusive in pVT and number of jets.

Muon-in-jet correction is applied to all events to correct the energy of semi-leptonically
decaying b- and c-jets with a muon in the jet cone. For the resolved regime, the closest muon
4-momentum pµT , as reconstructed from tracker information, is added to the jet if its angular
separation from the jet axis respects

∆R(jet, µ) ≤ min

(
0.4, 0.04 +

10 GeV
pµT

)
.

To avoid any double counting, the energy deposited by these muons in the calorimeter is sub-
tracted from the muons 4-momenta, because it is already contributing to the jet energy. In the
boosted scheme, the angular separation is measured with respect to the track-jets but the muon
4-momentum pµT is added to the large-R jet in case of a match.

PT -reco correction accounts for missing energy from neutrinos in the semi-leptonic decays
and the out-of-cone effect for b-jets. It is only applied to b-tagged jets in the resolved V H(H →
bb̄), across the 0L and 1L channels and in the ≥ 4 jets 2L channel. The correction is derived from
the signal samples of V H(H → bb̄) by comparing the truth jet pT and the reconstructed pT after
the muon-in-jet correction. It is not applied to V H(H → cc̄) as it does not have a significant
impact due to the lower likelihood of semi-leptonic decays and out-of-cone effects for c-jets.
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Kinematic fit correction is applied in the 2L channel of the resolved regime, for events
with 2 or 3 jets only. The ZH → ℓ+ℓ−bb̄/ℓ+ℓ−cc̄ is fully reconstructed, and a kinematic fit is
applied to improve the mjj resolution after the previous corrections. The fit relies on a likelihood
function with terms covering the object resolution, the jet transfer function, a Z mass constraint,
and system pT balance. The boosted 2L channel has a similar kinematic fit based on a Gaussian
term. The procedure is not applied to events with more than 3 jets as the benefits are smeared
out by the additional jets.

FSR recovery is deployed for events with 3 or 4 jets in the 2L resolved regime, to further
improve the resolution of the mbb or mcc distributions after the kinematic fit correction. Such
events are likely to have jets emanating as Final State Radiation (FSR), whereby a quark or a
gluon is emitted by a final state particle. A continuous cut on the sum ∆Rj,j1+∆Rj,j2 of angular
separations between a third or fourth jet (j) to the Higgs candidate jets (j1 and j2) is applied as
a function of pVT . Any additional jet below the cut is considered as radiation and is added to the
closest candidate jet. This effectively improves the reconstructed mass of Higgs bosons as well as
the jet multiplicity, leading to an expected 7% improvement in V H(H → bb̄) STXS sensitivity
by reducing the migration of events between measurement bins. This correction is not applied
to 0L or 1L due to the possible increased acceptance of the tt̄ background in the sensitive signal
regions from the reduced jet multiplicity.

6.6 Discriminant Variables

The analysis leverages a varied set of reconstructed kinematic variables in the fit to constrain
the different processes and control mismodelling effects. Figure 6.19 displays the chosen variable
used for each region in the fit in the resolved regime. The reconstructed Higgs mass offers some
separation power to distinguish the signals from their major backgrounds, hence some control
regions such as the top BT CRs and CRHighs are based on the relevant distributions mbb, mcc,
or mJ , depending on the targeted decay and the regime. Some control regions passed to the
fit are modelled with the pVT distribution, such as the CRHighs in the 2L-channel NT and BB

tagged-regions and the V + l CR (LN -tag). Directly fitting this distribution helps constrain an
observed Monte Carlo mismodelling in the pVT distributions of the Sherpa 2.2.11 V+jets samples,
as detailed in Section 6.8. To optimise the signal and background separation in the statistical
analysis, dedicated Boosted Decision Trees (BDTs), also called Multivariate Analyses (MVAs),
are trained for the signal regions of the combined analysis with the TMVA Root software [217].
Simple one-dimensional discriminants are built from the outputs of fine-tuned BDTs trained on
specific sets of event-level input variables, as described in detail in this section.

6.6.1 Multivariate Analysis

Three sets of MVA discriminants are trained for the analysis: BDT discriminants for the sig-
nal region modelling, a specific set mvaCRLow for the CRLow distribution in the resolved
V H(H → bb̄), and a set of BDTs for the diboson cross-check analysis. For the last one, the signal
is set to the diboson process decaying into the expected pair of jets V Z(→ bb̄) or V Z(→ cc̄),
and the non-diboson processes as well as the V H processes are considered as backgrounds.
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All multivariate discriminants predict a continuous score in the range [−1, 1], with higher val-
ues indicative of a signal-like nature and lower values background-like. The wide adoption of
BDT-discriminants in all the regimes of the analysis marks a significant improvement over the
standalone V H(H → cc̄) and boosted V H(H → bb̄) analyses, generalising the successful ap-
proach first introduced in the resolved V H(H → bb̄) [194].

BB tag LN tagTN tag LT tag TT tag

CRHigh

Top(bc) 
CR 

0-lepton

Norm-only

BT tag

mjj 

BB tag LN tagTN tag LT tag TT tag

CRHigh

Top(bc) 
CR 

1-lepton

Norm-only

BT tag

mjj mjj 

CRLow

V+l CR

pTV

mjj 
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Top eμ CR 

2-lepton BT tag

mjj mjj 
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Norm-only Norm-only Norm-only

Figure 6.19: Illustration of the discriminant variables used per control regions of the resolved
regime in the statistical analysis. Norm-only indicates a region included to extract a global
normalisation, hence not binned by a variable.

Before training, the object and event selections of Section 6.5 and the jet energy corrections of
Section 6.5.4 are applied. To limit the number of training runs and the risk of overtraining from
the low statistics of some kinematic regions, the BDTs are trained on inclusive regions combining
the SRs and the ∆R-based CRs. The BDTs are trained to discriminate the respective signal
of the different targeted decays14 from background samples, including V+jets, tt̄, single-top,
and diboson. BDTs are specifically trained in the following categories, covering the fine analysis
categorisation to guarantee sufficient statistics and avoid overtraining:

• Resolved V H(H → bb̄/cc̄): BDTs are trained separately for the BB-tagged, 2 c-tagged,
and 1 c-tagged events. Individual trainings are run for each lepton channel and for the following
jet multiplicities and pVT bins.

– 0L: BDTs are trained for the 2-, 3-, and 4-jet categories, each in an inclusive pVT ≥ 150

GeV region.
14The V H(H → bb̄) samples for the BB-tagged events and V H(H → cc̄) samples for the c-tagged events.
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– 1L: BDTs are trained for the 2- and 3-jet categories, in the pVT ∈ [75, 150] GeV and pVT

≥ 150 GeV pVT regions.

– 2L: BDTs are trained for the 2- and ≥3-jet categories, in the pVT ∈ [75, 150] GeV and pVT
≥ 150 GeV pVT regions.

The low pVT bin is separated from the higher pVT > 150 GeV due to its large statistics and
different background compositions.

• Boosted V H(H → bb̄/cc̄): a BDT is trained per lepton channel, each in a single inclusive
bin of pVT > 400 GeV.

For training, the full MC samples statistics is leveraged thanks to the so-called GNN truth
tagging technique. Instead of filtering down the simulated samples by cutting away events fail-
ing to pass the flavour tagging requirements, as is done by the standard selection called direct
tagging, this technique applies a weight per event representing its probability of passing the tag-
ging selection. The result is a weighted distribution possessing the statistical precision of the
full MC samples but distributed as the direct tagging scheme. The truth tagging weights are
predicted by dedicated graph neural networks using event-level information, as detailed in Ap-
pendix C.1.3. The truth tagging procedure is applied separately to BB, TT , TL, and NT events.

Each BDT is trained with a specific set of features depending on the lepton channel, as
listed in Table 6.8 and detailed in Appendix C.2. Features with long tails are clipped to contain
99% of the centred distributions. The chosen sets of features are the result of hyperparameter
optimisation studies, with other variables tested but eventually not included due to their neg-
ligible impact on the performance. The architecture of the different BDTs is also optimised,
with the gradient boosting technique of Section 4.2.2 deployed in the resolved regime to improve
performance and capture effects outside the bulk of the distributions. In the boosted regime,
due to the lower statistics available and large tails in the distributions, the AdaBoost method
introduced in Section 4.2.2 is adopted to help stabilise the training [102]. Tables 6.9 and 6.10 list
the architectures used for the V H(H → bb̄) and V H(H → cc̄) BDTs, respectively, with the main
and diboson BDTs sharing the same hyperparameters. For V H(H → cc̄), the hyperparameters
are further tuned to avoid overtraining from the smaller available statistics in the 2L channel
and the diboson cross-check.

Trainings are performed with the k-fold method, setting k = 2, to use the full statistics while
assessing the overtraining risk. Each BDT is therefore trained twice, once on odd events and once
on even events. The performance is assessed on the held-out fold and the final discriminant is the
combination of the odd- and even-trained BDTs. Additional overtraining checks are performed
on each fold comparing the trained distribution to a test distribution obtained by applying the
BDT on the held-out fold, as presented in Figure 6.20. The good agreement between the train-
ing and test BDT distributions indicates no overtraining occurred. The BDTs deliver a good
discrimination performance, with a typical AUC of the ROC of ∼ 0.9 and a large increase on
the expected statistical significance of the analysis compared to using the Higgs candidate mass
as discriminating variable.
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V H(H → bb̄/cc̄) V H(H → bb̄)
Resolved Boosted

Variable 0L 1L 2L 0L 1L 2L
mj1j2 or mJ ✓ ✓ ✓ ✓ ✓ ✓ Mass of Higgs candidate

mj1j2j3 ✓ ✓ ✓
Mass of Higgs candidates and

leading additional jets
pj1T ✓ ✓ ✓ ✓ ✓ ✓ Leading Higgs candidate pT
pj2T ✓ ✓ ✓ ✓ ✓ ✓ Subleading Higgs candidate pT
pj3T ✓ ✓ ✓ Leading non-Higgs candidate pT∑

i ̸=1,2

pjiT ✓ ✓ ✓ Sum of non-Higgs jet pT

∆R(j1, j2) ✓ ✓ ✓ ✓ ✓ ✓
Angular separation of Higgs

candidates
binDL1r(j1) ✓ ✓ ✓ ✓ ✓ ✓ Tag bin of j1
binDL1r(j2) ✓ ✓ ✓ ✓ ✓ ✓ Tag bin of j2

pVT ≡ Emiss
T ✓ ✓ ≡ Emiss

T ✓ ✓ Vector boson pT
Emiss

T ✓ ✓ ✓ ✓ Missing transverse energy
Emiss

T /
√
ST ✓ Ratio of Emiss

T to sum of jets pT
|∆y(V ,H)| ✓ ✓ ✓ ✓ Rapidity between V and H
|∆ϕ(V ,H)| ✓ ✓ ✓ ✓ ✓ ✓ Azimuthal angle between V and H

|∆η(j1, j2)| ✓
Pseudorapidity distance between

Higgs candidates

min∆R(ji, j)i=1,2 ✓ ✓
Smallest angular distance between
a Higgs and non-Higgs candidates

min[∆ϕ(ℓ, j1 or j2)] ✓
Smallest ϕ between the lepton and

a Higgs candidate

meff ✓
Scalar sum of pT of all small-R jet

and Emiss
T

mW
T ✓ Transverse mass of the W

mtop ✓
Mass of reconstructed top-quark

decaying semi-leptonically
mℓℓ ✓ Mass of di-lepton system

cos θ(ℓ−,Z) ✓ ✓ Z boson polarisation sensitive angle
(pℓ1T − Emiss

T )/pWT ✓

pℓT ✓
pT imbalance of the lepton and

neutrino from W

N(track-jets in J) ✓ ✓ ✓
Number of track-jets associated to

leading-R jet

N(add. small R-jets) ✓ ✓ ✓
Number of additional small-R jets

not matched

Colour ✓ ✓ ✓
Variable modelling colour-flow from

QCD

Table 6.8: The variables used for the 0L, 1L, and 2L channels MVAs in the resolved and boosted
regimes for the V H(H → bb̄/cc̄) combined analysis. The variables are further described in
Appendix C.2.
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Resolved V H(H → bb̄) Boosted V H(H → bb̄)

Settings 0L 1L 2L 0L 1L 2L

Boost type Gradient Gradient Gradient Adaboost Adaboost Adaboost

Number of trees 200 600 200 800 800 400

Maximum depth 3 4 4 3 3 3

Learning rate 0.5 0.5 0.5 0.5 0.35 0.3

Number of cuts 100 100 100 60 60 100

Minimum node size 5% 5% 5% 2% 2% 7%

Table 6.9: Hyperparameters of the BDTs per lepton channel of the V H(H → bb̄) resolved and
boosted analyses. All models used the Gini index as separation method, without pruning.

V H(H → cc̄) V Z→ cc̄

Settings 0L, 1L & most 2L regions 2L low pVT 0L, 1L, 2L

Boost type Gradient Adaboost Adaboost

Number of trees 600 200 200

Maximum depth 4 4 4

Learning rate 0.5 0.15 0.15

Number of cuts 100 100 100

Minimum node size 5% 5% 5%

Table 6.10: Hyperparameters of the BDTs per lepton channel of V H(H → cc̄). The 2L low pVT
region mentioned covers 75 GeV < pTV < 150 GeV for the 2- & ≥3-jet multiplicities. All models
used the Gini index as separation method, without pruning.

(a) BB-tagged model, test AUC = 0.9. (b) 2 c-tagged model, test AUC = 0.898.

Figure 6.20: Overtraining checks for the BDTs trained for the resolved V H(H → bb̄) (left) and
V H(H → cc̄) (right) in the 0L 2-jet region with pVT ≥ 150 GeV. The binned histograms are the
training data (blue) and background (purple) BDT distributions, while the data points are the
equivalent for the test sets. The bottom panels show the ratio of test/train.
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In addition to the signal and cross-checks MVAs, additional MVAs are trained for the
V H(H → bb̄) resolved 1L channel in the Low ∆R CR. This region is dedicated to the W+jets
process, with a rich contribution of the important W + bb background. At low pVT , there is
unfortunately also a large contribution from tt̄, reducing the purity of the W + bb in this CR. To
recover a higher sensitivity to the W+jets background, MVAs are specially trained to discrimi-
nate the W + bb process from other backgrounds in the CRLow events. They are trained with
2-fold on truth tagged samples, separately for the pVT < 150 GeV and pVT > 150 GeV, in a single
inclusive jet multiplicity bin combining the 2- and 3-jet categories. The typical AUC of these
discriminants is ∼ 0.84, with no overtraining observed.

6.6.2 Output Variable Transformation

The BDTs from the previous section are finely-binned to maximise the separation of signals from
backgrounds. To optimise the sensitivity of the statistical analysis, the MVA distributions are
rebinned such that low BDT scores are still indicative of a background-like event and larger values
are signal-like. This rebinning is performed with attention given to the statistical uncertainty in
each bin and the final sensitivity of the discriminant score. The analysis relies on the so-called
Transformation D algorithm, defining a per-bin score Z as

Z = zs
ns
Ns

+ zb
nb
Nb
, (6.1)

where Ns (Nb) is the total number of signal (background) events, ns (nb) the number of signal
(background) events in a specific bin, and zs and zb are tunable parameters indirectly controlling
the number of signal and background bins desired in the region. For a given choice of zs and
zb, the algorithm starts from the initial binning of the BDTs and successively recombines bins
from the higher bin values (right) to the lower values (left) of the distribution. Successive bins
of the original distribution are merged until the combined bin reaches a score Z > 1, thanks
to increases in ns and nb. Once a combined bin reaches the desired scores, it is removed from
consideration and the algorithm starts again from the highest bin not yet recombined.

pVT [75, 150] GeV [150, 250] GeV [250, 600] GeV pVT > 600 GeV

V H(H → bb̄) zs = 10, zb = 5 zs = 5, zb = 3

{
0L/1L: zs = 3, zb = 2

2L: zs = 2, zb = 2

V H(H → cc̄)

{
TT : zs = 5, zb = 3

Else: zs = 10, zb = 5



0L/1L

{
TT : zs = 5, zb = 3

Else: zs = 10, zb = 5

2L


TT : zs = 2, zb = 2

LT/XT : zs = 5, zb = 5

Else: zs = 10, zb = 5


TT : zs = 2, zb = 2

LT/XT : zs = 5, zb = 3

Else: zs = 10, zb = 5

Table 6.11: The optimised tune of the zs and zb parameter to rebin the MVAs with the Trans-
formation D algorithm in different regimes of the combined analysis.

The zs and zb parameters are tuned for each analysis regime and lepton channel, giving signal
regions with a final number of BDT bins varying from 4 to 15, as displayed in the postfit plots
of Appendix C.5. An additional protection is added to avoid bins with too low data or MC
statistics, requiring at least 3 signal + background events per bin after transformation. The
specific tunes for the different regimes of the combined analysis are presented in Table 6.11.
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6.7 Experimental Uncertainties

Despite the tremendous effort dedicated to correctly simulating the physics objects, inaccuracies
permeate many identification and reconstruction steps. These must be accounted for to avoid
introducing any bias in the statistical analysis of Section 6.9. Several types of experimental
uncertainties are considered in the analysis, to cover the systematics effects of the detector per-
formance, the reconstruction of objects, and the effects of flavour tagging. Table 6.12 summarises
the different sources of uncertainty, which are further detailed in this section.

Luminosity & Pile-up The measured Run 2 luminosity for ATLAS is 140.1 ±1.2 fb−1 with an
uncertainty of 0.83% [55]. The measurement relies on x−y beam separation scans combined with
information from dedicated luminosity-sensitive detectors. The PU uncertainty for simulated
events is obtained by varying the data rescaling factor of the nominal average pile-up ⟨µ⟩. This
factor is introduced due to the observation that MC samples match data at a higher µ than used
for the simulation. This rescaling factor is used to reweight the data, matching a simulated-µ of
1.0 to a data-µ of 1.09, a rescaling summarised as 1.0/1.09. A 1σ uncertainty on the average PU
is measured by varying the factor from 1.0/1.0 to 1.0/1.18.

Triggers Uncertainties on the trigger efficiencies are derived for the electron, muon, and Emiss
T

triggers. Statistical and systematics effects are combined for the electron trigger uncertainty,
while they are considered separately for the muon triggers. Scale factors for the Emiss

T trigger
efficiency are derived from W+jets events, taking into account the statistics of the dataset,
assessing systematics effects by deriving scale factors with alternative top and Z+jets samples,
and modelling the efficiency dependency on the scalar sum of all final state jets.

Leptons and Emiss
T Leptons and Emiss

T objects are calibrated in dedicated analyses, with a
reduced set of uncertainties propagated here.

• Emiss
T : scale factors account for the direction of the Emiss

T and the soft term contribution.

• Electrons: uncertainties on the reconstructed properties, the identification efficiency, the iso-
lation efficiency, and the energy scale and resolution are derived by comparing data and sim-
ulations in kinematic distributions of Z → e+e−, W → eν and J/ψ → e+e− events [85].

• Muons: uncertainties on the reconstruction and identification efficiencies of muons with pT >
15 GeV and pT < 15 GeV are included separately, using respectively samples of Z → µ+µ− and
J/ψ → µ+µ− [214]. Additionally, uncertainties on the isolation efficiency, track-to-vertex as-
sociation efficiency, momentum scale and resolution as well as charge-dependent misalignment
effects are considered.

• Taus: hadronically decaying τ -leptons uncertainties on the reconstruction and RNN-based
identification efficiencies as well as the electron veto efficiencies are derived, from samples of
Z → τ+τ− and top-quark decays including taus [93, 218, 219].
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Systematic uncertainty name Description Regime
Luminosity and Pile-up

LUMI_2015_2018 Uncertainty on total integrated luminosity All
PRW_DATASF Uncertainty on pile-up modelling All

Emiss
T and Emiss

T,trk

MET_SoftTrk_ResoPara(Perp) Soft term longitudinal (transverse) resolution uncertainty All
MET_SoftTrk_Scale Soft term scale uncertainty All
MET_JetTrk_Scale Emiss

T,trk scale uncertainty All
METTrig{Stat,Top,Z,Sumpt} Trigger efficiency uncertainty Resolved

Electrons
EL_EFF_Trigger_TOTAL Trigger efficiency uncertainty All
EL_EFF_Reco_TOTAL Reconstruction efficiency uncertainty All
EL_EFF_ID_TOTAL Identification (ID) efficiency uncertainty All
EL_EFF_Iso_TOTAL Isolation efficiency uncertainty All
EG_SCALE_ALL Energy scale uncertainty all
EG_RESOLUTION_ALL Energy resolution uncertainty All

Muons
MUON_EFF_RECO_{STAT,SYS} Reconstruction and ID efficiency uncertainty for muons with pT > 15 GeV All
MUON_EFF_RECO_{STAT,SYS}_LOWPT Reconstruction and ID efficiency uncertainty for muons with pT ≤ 15 GeV All
MUON_EFF_ISO_{STAT,SYS} Isolation efficiency uncertainty All
MUON_EFF_TTVA_{STAT,SYS} Track-to-vertex association efficiency uncertainty All
MUON_SCALE Momentum scale uncertainty All
MUON_SAGITTA_RHO(RESBIAS) Momentum scale uncertainty to cover charge-dependent local misalignment effects All
MUON_ID(MS) Momentum resolution uncertainty of the inner detector (muon spectrometer) All
MUON_EFF_Trig{Stat,Sys}Uncertainty Trigger efficiency uncertainty All

Taus
TAUS_TRUEHADTAU_EFF_RECO_TOTAL Reconstruction efficiency All
TAUS_TRUEHADTAU_EFF_RNNID_* RNN ID efficiency All
TAUS_TRUEHADTAU_SME_TES_* In-Situ tau energy scale correction All
TAUS_TRUEELECTRON_EFF_ELEBDT_* Electron Veto efficiency SF All

Small-R jets
JET_CR_BJES_Response Energy scale uncertainties for b-jets All
JET_CR_EffectiveNP_Detector{1-2} Energy scale uncertainties due to in-situ calibration All
JET_CR_EffectiveNP_Mixed{1-3} Energy scale uncertainties due to in-situ calibration All
JET_CR_EffectiveNP_Modelling{1-4} Energy scale uncertainties due to in-situ calibration All
JET_CR_EffectiveNP_Statistical{1-6} Energy scale uncertainties due to in-situ calibration All
JET_CR_EtaIntercal_Modelling Energy scale uncertainties to cover η-intercalibration non-closure All
JET_CR_EtaIntercal_NonClosure_highE Energy scale uncertainties to cover η-intercalibration non-closure All
JET_CR_EtaIntercal_NonClosure_negEta Energy scale uncertainties to cover η-intercalibration non-closure All
JET_CR_EtaIntercal_NonClosure_posEta Energy scale uncertainties to cover η-intercalibration non-closure All
JET_CR_EtaIntercal_TotalStat Energy scale uncertainties to cover η-intercalibration non-closure All
JET_CR_Flav_Comp(Flavor_Response) Energy scale uncertainty related to flavour composition (response) All
JET_CR_PunchTroughMC16 Energy scale uncertainty for ’punch-through’ All
JET_CR_SingleParticle_HighPt Energy scale uncertainty for the behavior of high-pT single hadrons All
JET_CR_JER_DataVsMC Energy resolution total uncertainty All
JET_CR_JER_EffectiveNP_{1-6,7restTerm} Energy resolution total uncertainties All
JET_JvtEfficiency JVT efficiency uncertainty All
JET_PU_{OffsetMu(NPV),PtTerm,RhoTopology} Energy scale uncertainties due to pile-up effects All

Large-R jets
FJ_JMSJES_Baseline_Kin Energy and mass scale uncertainty due to basic data-simulation differences Boosted
FJ_JMSJES_Modelling_Kin Energy and mass scale uncertainty due to simulation differences Boosted
FJ_JMSJES_Tracking_Kin Energy and mass scale uncertainty on reference tracks Boosted
FJ_JMSJES_TotalStat_Kin Energy and mass scale uncertainty from stat. unc. on the measurement Boosted
FJ_JER Energy resolution uncertainty Boosted
FJ_JMR Mass resolution uncertainty Boosted

Flavour tagging: PFlow jets
FT_EFF_PFlow_Eigen_B_{0-44} Tagging efficiency uncertainties for b-jets Resolved
FT_EFF_PFlow_Eigen_C_{0-19} Tagging efficiency uncertainties for c-jets Resolved
FT_EFF_PFlow_Eigen_Light_{0-19} Tagging efficiency uncertainties for light-jets Resolved
FT_EFF_PFlow_extrapolation Tagging efficiency uncertainty for high-pT jets Resolved

b-tagging: VR track jets
FT_EFF_VR_Eigen_B_{0-4} b-tagging efficiency uncertainties for b-jets Boosted
FT_EFF_VR_Eigen_C_{0-3} b-tagging efficiency uncertainties for c-jets Boosted
FT_EFF_VR_Eigen_Light_{0-3} b-tagging efficiency uncertainties for light-jets Boosted
FT_EFF_VR_extrapolation b-tagging efficiency uncertainty for high-pT jets Boosted

Table 6.12: Summary of all experimental systematic uncertainties.
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Jets are calibrated in dedicated analyses, of which two reduced sets of uncertainties are prop-
agated to the combined V H(H → bb̄/cc̄) for small- and large-R jets. For the small-R jets, these
uncertainties cover in-situ analyses, η-intercalibration, flavour composition, punch-through jets,
high-pT hadrons, and pile-up effects as well as the jet energy scale and resolution measured in
data [91, 220], as described in Section 3.3.5. The reduced set is derived from a Principal Com-
ponent Analysis (PCA) to preserve the largest correlations in given regions of jet kinematics.
Large-R jets uncertainties for the energy scale and resolution are similarly estimated from data
[221]. An uncertainty covering the calibration discrepancy between data and MC is included.

Flavour Tagging A dedicated calibration is performed to derive flavour tagging scale factors
in the resolved regime, as described in Chapter 6.5, and the general flavour tagging uncertainties
described in Chapter 5.4 are used for the boosted regime. These flavour tagging calibration
SFs are derived by combining data-MC efficiency modelling SFs and MC-MC SFs to account
for variations to the simulation of parton showering and hadronisation. These scale factors
are smoothed using a local polynomial kernel estimator to avoid distortions in the kinematic
variables [222]. For each jet flavour, there is one uncertainty per pT bin in the calibration. A
τ -jet uncertainty is derived from the c-jet values. PCA is deployed to reduce the large set of
systematics uncertainties to 45 (5) for b-jet, 20 (4) for c-jet, and 20 (4) for light-jets in the
resolved (boosted) regime. Additional uncertainties are added to model the extrapolation of
the performance to high-pT jets. GNN truth tagging uncertainties are covered by these flavour
tagging uncertainties, so no dedicated uncertainties are considered.

6.8 Signals and Backgrounds Modelling

Similarly to the experimental process, the simulations of the signals and backgrounds cannot
entirely be accurate and mismodellings are to be expected in the derived samples. These inaccu-
racies must be taken into account in the fit framework to avoid introducing bias. The modelling
strategy of the signals and backgrounds at the time of writing is discussed in this section. The
background composition depends on the lepton channel, the analysis category, and the pVT and
Njet, as highlighted in Figure 6.21. The V+jets processes are the dominant backgrounds in
the signal regions of the 0-lepton and 2-lepton channels. The top processes contribute more in
the 1-lepton channel, and globally at larger jet multiplicities and lower pVT . From the flavour
tagging requirements, V H(H → bb̄) primarily selects the bb-component of the background while
V H(H → cc̄) has a more diverse flavour composition from the 2 or 1 c-tags. This translates
into increased fractions of V+hf in V H(H → bb̄), and V+mf and V+lf in V H(H → cc̄). To
summarise, the largest backgrounds in each lepton channel are:

• 0-lepton: the dominant background is the Z+jets with a sizeable W+jets component, par-
ticularly in V H(H → cc̄) due to the potential large Emiss

T or misidentified hadronic τ . In
V H(H → bb̄), the top background significantly contributes and dominates in 3- and 4-jet.
Finally, there is a non-negligible diboson contribution, primarily for BB-tagged events.

• 1-lepton: the top process is dominant for V H(H → bb̄), while for V H(H → cc̄) the W+jets
leads followed by the top and the multi-jet backgrounds.
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• 2-lepton: Z+jets makes up most of the background, followed by the diboson and some residual
top process at low pVT for V H(H → bb̄).

The changing and complex background composition in the different analysis regions requires an
adequate strategy to constrain their modelling in the fit, as outlined in this section.

(a) Boosted regime (≥ 400 GeV). (b) 0L, pVT ∈ [150, 250] GeV. (c) 0L, pVT ∈ [250, 400] GeV.

(d) 1L, pVT ∈ [75, 150] GeV. (e) 1L, pVT ∈ [150, 250] GeV. (f) 1L, pVT ∈ [250, 400] GeV.

(g) 2L, pVT ∈ [75, 150] GeV. (h) 2L, pVT ∈ [150, 250] GeV. (i) 2L, pVT ∈ [250, 400] GeV.

Figure 6.21: The background composition of the different analysis regimes and lepton channels,
with the data - Monte Carlo prefit agreement displayed in the bottom panels. All figures are for
the resolved regime, except for the top left one presenting the boosted regime.
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6.8.1 General Modelling Strategy

The combined analysis adopts some common strategies to model the signals and backgrounds
that are described in this section, before reviewing the specificities adopted for each process. A
guideline for the modelling is to treat backgrounds coherently across analysis regimes and corre-
late uncertainties between V H(H → bb̄) and V H(H → cc̄) when possible. The normalisations
of the major backgrounds, the V+jets and top, are free to float in the fit, with Floating Normal-
isations (FNs) split by pVT and jet multiplicity when the statistics allow. Minor backgrounds are
fixed at MC predictions with a normalisation uncertainty. To account for MC generator mod-
elling uncertainties, comparisons of the nominal samples to the alternative samples introduced
in section 6.4 and summarised in Table 6.13 are performed. For each process, the uncertainties
are split into normalisation, relative acceptance, and shape uncertainties.

Sample Nominal Generator Alternative Generators Systematics Effects
V H(H → bb̄) Powheg + Pythia 8 Powheg + Herwig 7 µR, µF , ISR, FSR, PDF
V H(H → cc̄) Powheg + Pythia 8 Powheg + Herwig 7 µR, µF , ISR, FSR, PDF
V+jets Sherpa 2.2.11 MadGraph5 FxFx, µR, µF , PDF,

Sherpa 2.2.1 EW corrections
tt̄ and Powheg+Pythia 8 Powheg+Herwig 7, ISR, FSR,
single-top MadGraph5+Pythia 8 DS/DR (for Wt)
Diboson Sherpa 2.2.11 Powheg+Pythia 8, µR, µF , PDF ,

Sherpa 2.2.1 EW corrections

Table 6.13: Summary of nominal and alternative samples in the analysis. Alternative samples
include different generators and allow the determination of systematics from modification to the
nominal setup.

Normalisation uncertainties are overall uncertainties on the yield of a process, computed
in and applied to all regions. These uncertainties are considered from the expected yield of
a background to derive its normalisation from data. Normalisation uncertainties are primarily
applied to the diboson and single-top s-channel processes, as the normalisation of the other
processes is left free-floating.

Acceptance uncertainties relative acceptance uncertainties cover possible changes in the
distribution of events of a specific process across the different regions of the analysis phase space.
They account for the migration of events between these regions and are assessed by measuring
the change in the ratio of events between regions when switching to differently generated samples
(indexed by i here). The priors on these uncertainties are calculated with the double ratio

Acceptance Unci =
Yield[Cat.B(Alternativei MC)]

Yield[Cat.A(Alternativei MC)]

/
Yield[Cat.B(Nominal MC)]

Yield[Cat.A(Nominal MC)]
, (6.2)

where category A (Cat.A) is the region with the highest purity in the studied process, and B

(Cat.B) is the region extrapolated to. If several alternative generators are used (i > 1), their
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respective double ratios are summed in quadrature:

Total Acceptance Unc =

√∑
i

(Acceptance Unci)
2.

If the extrapolation is across several regions A, B, C ordered by decreasing purity, the acceptance
ratio is decomposed into two extrapolations: a first one from A → B + C followed by an
additional B → C uncertainty. For acceptance uncertainties between distinct analysis regions
in the resolved regime, the signal and top BT control regions are considered jointly due to their
similar kinematics. The acceptance uncertainties between these two regions are modelled by the
flavour tagging uncertainties.

Shape uncertainties The shapes of several kinematic variables such as the mbb, mcc, and pVT
as well as the BDTs of the processes are given some flexibility in the fit by introducing shape
uncertainties derived from a comparison of the nominal to the alternative samples. The com-
bined analysis introduces the novel Calibrated Likelihood Ratio Estimator (CARL) technique
to derive a reweighted shape uncertainty using a neural network [223]. A DNN is trained to
discriminate nominal events from alternative ones, with the process repeated for each alternative
sample. The output of the CARL network is a score representing the probability for an event
to belong to the alternative sample. This is used to reweight the nominal distribution into the
alternative distribution, analogously to truth tagging. The advantage of this technique is that
the reweighted nominal distributions benefit from much larger statistics than the alternative
ones, thus smoothing out intra-bin fluctuations and reducing the MC statistics uncertainties.
Examples of such derived CARL shape uncertainties modelling the parton shower with Mad-

Graph5_aMC@NLO for the single-top Wt process in 1-lepton are presented in Figure 6.22.
Additional shape uncertainties are directly derived by comparing samples for EW corrections,
QCD scales, V+jets and diboson pVT modelling with Sherpa 2.2.1, parton shower alternative for
the signal samples, and uncertainties for the single-top Wt DS / DR shapes.

An overview of the signals and backgrounds modelling systematics considered for the analysis
is presented in Table 6.14 and detailed in Appendix C.3. All uncertainties presented here are
further processed before entering the fit. To remove large statistical fluctuations potentially
present in shape systematics, these shapes are smoothed by iteratively rebinning the distribution
until the statistical uncertainty in each merged bin of the nominal distribution is smaller than 5%.
If a systematics has a negligible impact on the distributions in the fit, it is pruned away to ease
convergence and reduce the fit complexity. This is applied to systematics causing a normalisation
effect smaller than 0.5% or when both the up- and down-variations have the same sign. Shape
uncertainties are pruned if no bin in the distribution has a deviation above 0.5% after the overall
normalisation, or if only one of the up- or down-variation is non-zero. For very small background
processes, both shape and normalisation uncertainties are pruned: if this is a signal-sensitive
region, when the signal yield is > 2% of the total in the region, the uncertainties are pruned if
the process is ≤ 2% of the signal. In non-signal sensitive regions, the process must be ≤ 0.5% of
the total background to be pruned. The rest of this section goes into the details of the modelling,
highlighting some specificities and subtleties related to each process.
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Uncertainties Resolved Boosted
Signal
qqWH / qqZH / ggZH normalisations / acceptance Values from previous analyses [141, 194, 195]
H → bb Branching Ratio 1.61%
H → cc Branching Ratio From +5.53% to -1.99%
Z+jets
Z+hf normalisations Floating
Z+mf normalisation Floating 35%
Z+lf normalisation Floating 35%
Z+hf flavour composition ratios 8% - 12% 6% - 9%
Z+mf flavour composition ratios 4% - 10% 6% - 9%
High-∆R CR-SR ratios 5% - 30% -
Top CR-SR extrapolation ratios - 15% - 25%
2L to 0L acceptance ratios 2% - 10% 3%
pVT extrapolation ratios - 15%
W+jets
W+hf normalisations Floating
W+mf normalisation Floating 36%
W+lf normalisation Floating 38%
W+hf flavour composition ratios 4% - 25% 11%
W+mf flavour composition ratios 14% - 29% 9% - 15%
W+lf flavour composition ratios 9% -
High / Low ∆R CR-SR extrapolation ratios 2% - 63% -
Top CR-SR extrapolation ratios - 16% - 27%
1L to 0L acceptance ratios 3% - 30% 20%
pVT extrapolation ratios - 3%
Njet extrapolation ratios 12% - 20% -
Top (tt̄ + single-top Wt) 0L & 1L resolved
Top(bb) normalisations Floating -
Top(bq/qq) normalisations Floating -
Flavour acceptance ratios 5% - 10% -
1L to 0L acceptance ratios 2% - 8% -
High / Low ∆R CR-SR extrapolation ratios 2% - 10% -
Wt / tt̄ ratios 12% - 48% -
Top (tt̄ + single-top Wt) 2L resolved
Normalisations in V H(H → cc̄) Floating -
Normalisation in V H(H → bb̄) 0.08% -
Single-top (t-channel) 0L & 1L resolved
Normalisations s - t 4.6% - 17% -
High / Low ∆R CR-SR extrapolation ratios 3% - 17% -
pVT extrapolation ratios 7% - 15% -
Njet acceptance ratios 15% -
1L to 0L acceptance ratio 6% -
tt̄ and single-top boosted
tt̄ normalisations - Floating
single-top s, t, Wt, normalisations - 4.6% - 10% - 25%
tt̄ 1L to 0L acceptance ratios - 6% - 20%
tt̄ Top CR-SR acceptance ratios - 10%
Wt pVT extrapolation ratio - 20%
Wt 1L to 0L acceptance ratios - 20% - 40%
Diboson
WW / ZZ / WZ normalisations 16% / 17% / 19% 16% / 17% / 27%
ggV V normalisation 30%
Lepton channel acceptance 2% - 23% 7%
Njet acceptance 10% - 30% -
pVT acceptance 3% - 16% 8% - 40%
SR / CR acceptance 6% - 16% -
STXS binning acceptance - 1.2% - 42.2%
Multi-jet (1L)
Normalisations 20% - 100% -

Table 6.14: Summary of the normalisation and acceptance modelling systematic uncertainties.
The values given refer to the size of the uncertainty affecting the yield of each background.
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(a) SR BDT distribution before rebinning. (b) High ∆R CR mbb distribution.

Figure 6.22: CARL closure plots, between the nominal PowhegPythia8 (PwPy8, with the
DR scheme) and the alternative MadGraph5_aMC@NLO (aMCatNLO), for the single-top
Wt production in V H(H → bb̄), 1-lepton, 75 GeV < pVT < 400 GeV, and 2 jets. The CARL
interpolation (orange) of the nominal (blue) into the alternative (red) is smoother and with a
lower MC statistical uncertainty. The top panels show the distributions, the middle panels the
ratios, and the bottom panels the residuals.

6.8.2 Signal Modelling

The three main signal productions qq →WH, qq̄ → ZH, and gg → ZH are modelled by Monte
Carlo separately, with uncertainties addressing the production and the decay mode of the Higgs
into bb̄ or cc̄. The goal of the analysis is to measure the fiducial cross sections of the V H(H → bb̄)

and the signal strength of the V H(H → cc̄). This first objective is approached with the adoption
of the Simplified Template Cross Section (STXS) in the reduced scheme of stage 1.2 [224, 225], as
depicted in Figure 6.23. The bins are defined in successive regions of pVT , from truth information
in the simulated samples, and the number of additional jets in the event, at 0 or more than 1
additional jet.

Figure 6.23: The Standard Template Cross Section scheme in the reduced stage 1.2 [225].
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The signal samples are finely binned following the STXS prescription, with 5 pVT bins for the
ZH covering [75, 150[ GeV, [150, 250[ GeV, [250, 400[ GeV, [400, 600[ GeV, and ≥ 600 GeV. The
first three bins, corresponding to the resolved regime, are further split with 0 or ≥ 1 additional
jet, for a total of 8 different Parameter Of Interests (POIs) measured in ZH. For WH, the bin-
ning is similar to ZH but there is no jet multiplicity split in the [75, 150[ GeV bin, giving a total
of 7 POIs. The full STXS categorisation is used for V H(H → bb̄) and also for the V H(H → cc̄),
to enable correlation of the V H uncertainties. For the V H(H → cc̄), the templates are later
merged and only one POI is extracted: the global signal strength.

The signal is coherently modelled across the resolved and boosted regimes and targeted final
state V H(H → bb̄) or V H(H → cc̄). Several uncertainties are implemented to model the V H
production and the H → bb̄/cc̄ decay. These uncertainties include:

• QCD scale uncertainties: obtained by varying the renormalisation and factorisation scales µR
and µF . These variations are the most impactful in the theoretical prediction of the V H
production cross sections. They are considered as shape uncertainties, implemented to cover
modifications to the inclusive cross sections and to parametrise possible migrations across pVT
and additional jet multiplicity bins, following Ref. [226]. The quark- and gluon-initiated signal
processes have cross section modifications parametrised separately.

• PDF + αs uncertainties: alternative parton distributions from the PDF4LHC15_30 mod-
ifying the V H cross sections in STXS bins are considered [227]. The V H cross sections in
each STXS bin are systematically modified by comparing the nominal PDF to 30 alternatives.
Furthermore, the αs estimated at the Z mass is varied for the nominal setup within its uncer-
tainties. These uncertainties are separately calculated for qq-initiaded WH and ZH, and for
gg-initiated ZH. Shape effects on the resolved regime pVT distributions are considered, while
variations to the boosted large-R mass mJ and the invariant mass, mbb or mcc, are negligible.

• EW corrections: NNLO EW corrections are considered with uncertainties modifying the pVT
distributions.

• Branching ratio: a theoretical uncertainty of 1.61% on the H → bb̄ branching ratio and an
uncertainty covering the range from -1.99% to +5.53% for the H → cc̄ branching ratio are
considered [41]. The ZH (WH) cross sections cover 96.52% to 104.11% (97.95% to 101.98%)
of their values thanks to additional uncertainties.

• Parton shower and underlying event uncertainties: variations to the PS and UE can affect the
properties of the H → bb̄/cc̄ decays. Uncertainties are introduced to model the impact of these
effects on the signal acceptance. In the resolved regime, the effects of an alternative PS model
on the signal acceptance are evaluated on truth information in a similar phase space to the
analysis selection. Acceptance uncertainties are derived by comparing the signal acceptance
in the analysis categories between the nominal Pythia 8 and the alternative Herwig 7 sam-
ples. Additional subleading acceptance uncertainties are evaluated by modifying the Pythia

AZNLO tune. Differences in pVT and mbb (mcc) between Pythia and Herwig are also consid-
ered, and the shape difference in the MVA distribution when adopting Powheg+Herwig 7 is
used in the final stage of the analysis. In the boosted regime, the same strategy with the same
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PS models is adopted, but the full detector response and event reconstruction are simulated
with uncertainties covering modifications to the mJ distributions.

6.8.3 V +jets Modelling

The V+jets processes are modelled by Monte Carlo, separately for Z+jets and W+jets, depend-
ing on the flavour of the reconstructed vector boson. Their modelling nonetheless shares many
similarities, as described in this section and detailed in Tables C.3 to C.6 of Appendix C.3.

Z+jets

The Z+jets background is dominant in the 0L and 2L channels, and secondary in 1L. Different
components are split based on the flavour composition of the jets selected to form the Higgs
candidate, grouping compositions with similar kinematic performance as:

• Z+ heavy flavours (Z+hf): Z + bb and Z + cc.

• Z+ mixed flavours (Z+mf): Z + bc, Z + bl, and Z + cl.

• Z+ light flavours (Z+lf): Z + l.

Each grouping has its own free-Floating Normalisations (FNs) in 0L and 2L, with Z+hf dominant
in V H(H → bb̄) and the other two components significant in V H(H → cc̄). These FNs are
decorrelated in pVT and total jet multiplicities Njet

15. The modelling of Z+jets includes several
types of acceptance uncertainties that are applied only in 0L and 2L. In the resolved regime:

• Channel extrapolation 2L → 0L uncertainties: for the Z+hf, Z+mf, and Z+lf separately.

• Flavour composition uncertainties: accounting for the variation on the yields of different
flavours in the combinations with the double ratio of Equation 6.2. These include a ratio
of cc to bb for Z+hf, and of bc and bl to cl for Z+mf. They are decorrelated in pVT and jet
multiplicity Njet bins.

• Region extrapolation uncertainties: are included to model the acceptance of different regions,
from high purity to low purity regions as:

– Z+hf and Z+mf : constrained mostly in the CRHigh and applied to the SR.

– Z+lf : constrained mostly in 1 LN -tagged V + l CR and the SR, and then applied to the
CRHigh.

The priors on the acceptance uncertainties are derived with the double ratio of Equation 6.2, and
presented in Table C.3 of Appendix C.3. In addition, four different types of shape uncertainty
are considered to evaluate systematics uncertainties in the MC modelling:

• CARL shapes: modelling the difference between Sherpa 2.2.11 and MadGraph FxFx.
They are derived for all components and applied in all analysis regions.

15Except for the 2L with 75 GeV < pVT < 150, where the V H(H → bb̄) 4-jet is merged with 3-jet but
V H(H → cc̄) is not: to account for this, V H(H → bb̄) has an extra Z+hf FN for 3p-jet.
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• Sherpa 2.2.1 pVT shape uncertainties to model the data-MC mismodelling in the pVT dis-
tributions of the Sherpa 2.2.11 samples.

• QCD scale shape uncertainties by varying µR and µF .

• EW shape variations, although they are typically small.

Boosted regime The modelling strategy is roughly the same as in the resolved regime, with
the uncertainties fully detailed in Appendix Table C.4. The Z+hf component is left free-floating
in 0L and 2L, while the Z+mf and Z+lf components both have overall acceptance uncertainties.
The Z+lf has no other acceptance uncertainty since it is negligible in the boosted regime. Flavour
acceptance uncertainties for Z+hf and Z+mf are applied in 0L and 2L. For the 0L, the Z+hf
and Z+mf are also assigned acceptance uncertainties based on the acceptance ratio between
the SR and top CR and between lepton channels. Additional pVT extrapolation uncertainties
from [400, 600] GeV to > 600 GeV are considered in 0L and 2L. Shape uncertainties are derived
similarly to the resolved regime.

W+jets

This background is dominant in the 1-lepton channel, with a residual contribution in 0-lepton
due to hadronically decaying τ -leptons. It is split equivalently to the Z+jets background as:

• W+ heavy flavours (W+hf): W + bb and W + cc

• W+ mixed flavours (W+mf): W + bc, W + bl, W + bτ , W + cl, and W + cτ .

• W+ light flavours (W+lf): W + l, W + lτ , W + ττ .

Each grouping has its own floating normalisation. The W+hf is significant in V H(H → bb̄),
while W+mf and W+lf are more important in V H(H → cc̄). The FNs are decorrelated in pVT
and jet multiplicities Njet

16. Acceptance uncertainties, listed in the Appendix Table C.5, are
applied in 0L and 1L. They include:

• Channel extrapolation 1L → 0L uncertainties: are applied in 0L, separately for the W+hf,
W+mf, and W+lf components.

• Flavour composition uncertainties: are included to model the respective proportion of the
different components grouped into the W+hf, W+mf, and W+lf. For W+hf, the ratio of cc
to bb is included. For W+mf, the ratio of bc, bl, cτ , and bτ to cl is considered. Finally, for
W+lf, the ratio of lτ and ττ to l is derived. They are decorrelated in pVT and Njet.

• Region extrapolation uncertainties are defined differently for the components:

– W+hf : constrained mostly in the SR and the BB-tagged CRLow17, applied to CRHigh
in different pVT regions. For V H(H → bb̄) 1L, an extra systematic uncertainty is applied
to the extrapolation CRLow → SR.

– W+mf : constrained mostly in 2 c-tagged CRHigh, applied in SR and CRLow17.
16The only exception is the 1L W+lf in 75 GeV < pVT < 150 GeV: it has a 25% normalisation uncertainty.
17The CRLow is always only considered in V H(H → bb̄) 1L.
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– W+lf : constrained mostly in the SR and the 1 LN -tagged V + l CR, applied in CRHigh.

• Njet acceptance: FNs are left free-floating in Njet for 2- and 3-jet. For V H(H → bb̄), the 4-jet
category has no dedicated CR and an extra systematics uncertainty modelling the 3-jet →
4-jet acceptance is applied to W+hf.

In addition, 4 different types of shape uncertainties are considered similarly to the Z+jets.

Boosted regime The same modelling strategy as Z+jets is applied, with the uncertainties fully
detailed in Appendix Table C.6. The W+hf component is left free-floating in 0L and 1L, while
the W+mf and W+lf components have overall acceptance uncertainties. Flavour acceptance
uncertainties between the subcomponents grouped into W+hf and W+mf are considered, from
bb for W+hf and from bc for W+mf. The different components have lepton channel acceptance
uncertainties applied in the 0L channel, and SR → top CR extrapolation acceptance ratios
uncertainties applied in the 0L and 1L channels. Additional pVT extrapolation uncertainties from
[400, 600] GeV to > 600 GeV are considered in 0L and 1L. Shape uncertainties are derived
similarly to those of the resolved regime.

6.8.4 Top Modelling

The backgrounds including the decay of a top-quark are considered here, distinguishing between
the tt̄ pair-production and the single-top Wt production as well as the single-top t- and s-
channels, by decreasing order of relative importance. The tt̄ and single-top Wt are combined into
a unified top process in the resolved regime, and the single-top t- and s-channels are considered
separately. Throughout this chapter, top refers to the combination of the tt̄ and Wt processes.
The top backgrounds in 0L and 1L are estimated from MC and dedicated top BT control regions,
with the 2L case described later in this section. In the resolved regime, the top is grouped into
different components based on the following truth flavour categories:

• Top(bb): mostly found in the V H(H → bb̄) phase space of the signal regions and the High
∆R CRs due to the large possible angle between the b-quarks in a tt̄ decay.

• Top(bq): combining top(bc) and top(bl), it is mostly present in the V H(H → cc̄) phase
space and is well captured by the top BT CRs.

• Top(qq): combining top(cc), top(cl) and top(ll), where l is a light-jet (u, d, s, a gluon, or
a τ), is mostly in the NT and LT regions of the V H(H → cc̄) regime.

These groupings are based on the shared kinematics of the components, where the selected
jets are either both b-jets and thus likely to directly come from the top decays (bb), 1 b-jet likely
from a top decay and 1 non b-jet from a subsequent hadronic W decay or a radiated jet (bc and
bl, summarised bq), or neither directly from the top decay (cc, cl, and ll, summarised qq). The
bc and bl are combined into a single top(bq) component because they share the same kinematics,
as illustrated in Figures 6.24 for a signal region of V H(H → cc̄). The top(bq) background
is particularly important in V H(H → cc̄) as it peaks near the Higgs mass (having a mass
∼ (mt +mW )/2 ≈ mH) and therefore exhibits signal-like properties such as reaching high MVA
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(a) (b)

Figure 6.24: The MVA distributions of the top background components (direct tagged) in the
1-lepton V H(H → cc̄) signal regions (NT -tagged on the left, LT -tagged on the right) with 150
GeV < pVT < 250 GeV and 3 jets, before rebinning. Top(bb) in black, top(bc) in red, top(bl) in
blue, and top(qq) in green. The bottom panels show the normalised distributions.

scores, as shown in Figure 6.24. Due to the small contribution of the top(qq) component at signal-
like values of the discriminants, it is merged with the top(bq) into a single top(bq/qq) component,
with the different subcomponents shapes modelled by flavour composition uncertainties. This
section details the modelling of the top backgrounds in the analysis regimes for the 0L and
1L channels, followed by the single-top t- and s-channels in resolved, and finally the modelling
adopted for the boosted regime.

The tt̄ and Wt in 0L & 1L Resolved Modelling

There are three main elements in the top background modelling scheme in the 0L and 1L resolved
regime: floating normalisation, acceptance uncertainties, and shape uncertainties. On the first
point, free-floating normalisations are applied for the top(bb) and the top(bq/qq) components,
constrained primarily in the BB-tagged High ∆R CRs and the top BT CRs. These FNs are
separated in jet multiplicity and pVT , for a total of 16 FNs. Concerning the second point, several
types of acceptance uncertainties are applied, as summarised in Table 6.13 and detailed in the
Appendix Table C.7:

• Channel extrapolation 1L → 0L uncertainties: the top is dominant in 1L, hence the FNs
derivation is driven by the 1-lepton channel and applied to the 0L. This uncertainty is split in
pVT , with 2% in [150, 250] GeV and 8% in [250, 400] GeV priors calculated from MC with the
double ratio equation.

• Flavour composition uncertainties: the top(bq/qq) includes differently shaped subcomponents.
Uncertainties are derived from the alternative samples as double ratios comparing the bl (5%)
and qq (10%) to the bc.
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• Region extrapolation uncertainties: the top(bb) is dominant in the CRHighs while the top(bq/qq)
leads in the top BT CRs, hence the extrapolations differ for the components. They are all
derived with double ratios from alternative samples and are split in pVT .

– Top(bb): extrapolation uncertainties are derived from the CRHigh and applied in the SR,
the top CR, and the CRLow17. Additional uncertainties are applied from the SR to the
top CR and CRLow17.

– Top(bq/qq): the uncertainties are derived from the combination of the SR, top CR,
and CRLow17, due to their shared kinematic, and applied to the CRHigh. Additional
uncertainties are applied from the combination of the SR and top CR to the CRLow17.

• Process acceptance ratios: in the tt̄ and Wt combination, the tt̄ dominates and drives the
normalisation. Additional acceptance uncertainties are included and applied to the Wt to
model differences in the relative contributions of the two processes. These are calculated with
a double ratio in the different pVT regions, lepton channels, and flavour components. They
range from 12% to 48%, as estimated from MC simulations.

In addition, several shape uncertainties are considered for the top backgrounds:

• CARL shapes: modelling the difference between the nominal samples (Powheg+Pythia 8)
and the alternative modelling of the parton shower (Powheg+Herwig 7) and matrix element
(MadGraph5_aMC@NLO+Pythia 8). These CARL models are trained separately for tt̄
and Wt and per lepton channel, inclusively in flavour compositions and Njet. The DR scheme
is used as nominal for these training of Wt because the alternative samples use the same tt̄
overlap removal scheme [212].

• A DS-DR shape uncertainty is derived uniquely for Wt to account for possible shape ef-
fects from modifications to the overlap removal procedure from tt̄. The Powheg+Pythia 8
samples with DS scheme are directly used in the fit as templates, thanks to their sufficient
statistics. This shape uncertainty is unique in the analysis as a normalisation uncertainty is
simultaneously applied to account for the different yields of the DS and DR schemes.

• ISR and FSR shape uncertainties are derived by varying the µR and µF scales. Up- and
down-variations are considered for each of them, with symmetric variations for the ISR while
the down-variation of FSR is smaller than its up-variation.

The Single-top t- & s-channels in 0L & 1L Resolved Modelling

The single-top t- and s-channels are almost negligible in the analysis, except in the V H(H → bb̄)

resolved at low pVT , where the t-channel reaches a total backgrounds fraction of ∼8% in the 1L
channel. The importance of single-top t quickly reduces with increasing energy, except in the
CRHigh region. The single-top s-channel is only applied an overall normalisation uncertainty of
4.6%, estimated from theory, and no relative acceptance uncertainties are considered due to its
negligible contribution. The single-top t-channel is not left free-floating, and an overall accep-
tance uncertainty of 17% is applied to the resolved 0L and 1L channels, derived by double ratios
in 1L V H(H → bb̄).
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The single-top t-channel has several additional relative acceptance uncertainties derived by
double ratio computations with alternative samples to model:

• channel extrapolation uncertainty : of 6% from 1L to 0L.

• Region extrapolations uncertainties: depend on the pVT . For pVT < 150 GeV, the uncertainty
is applied from the SR to the combined CRLow17 and CRHigh, with an additional CRHigh
to CRLow uncertainty in 1L. For the higher pVT region, the extrapolation is instead from the
CRHigh to the combined SR and CRLow17, with an additional SR to CRLow17 uncertainty.

• Njet acceptance: are considered from the 3-jet to the 2-jet, and from the 2+3-jet to the 4-jet
in 0L.

• pVT extrapolation uncertainties: since the single-top t-channel is mostly present in the lowest
pVT regions, pVT extrapolation uncertainties are included from [75, 150] GeV to [150, 400] GeV,
with an additional [150, 250] GeV to [250, 400] GeV uncertainty.

In addition, CARL and ISR/FSR shape uncertainties are considered for the single-top t-channel
in 1L only, as is done for the top background. Table C.9 of the Appendix details the various
single-top uncertainties considered as well as their prior values applied in the fit.

Top Backgrounds in 2L Resolved Modelling

Data-driven estimates are used for the 2L channel in the resolved regime. In V H(H → bb̄),
templates are derived in the top eµ region for the top background with a 0.8% extrapolation
uncertainty to the signal region. For V H(H → cc̄), the top eµ region is used as a control region
to let the top background free-floating, with at least one tight c-tagged jet required.

Top Backgrounds Boosted Modelling

In the boosted regime, the tt̄ process benefits from effective top CRs and is not combined with
the single-top Wt in the presented results18. The modelling in the boosted regime, detailed in
the Appendix Tables C.8 and C.10, includes:

• tt̄: 1 FN per pVT region for 0L and 1L, and a normalisation uncertainty is applied in 2L. Channel
extrapolation uncertainties are split per pVT and derived from 1L to 0L. Region extrapolation
uncertainties are applied in 0L and 1L from the top CR to the SR.

• Single-top Wt-, t-, and s-channels are not free-floated but instead respectively have a 25%,
10%, and 4.6% normalisation uncertainties, as estimated from MC using the double ratio
equation and from theory for the s-channel. The Wt-channel has acceptance uncertainties to
cover the lepton channel extrapolation and pVT extrapolation from [400, 600] GeV to > 600
GeV.

Boosted shape uncertainties are considered similarly to what is done in the resolved regime.

18Studies are, at the time of writing, ongoing to merge these two processes in the boosted regime.
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6.8.5 Diboson Modelling

The diboson production backgrounds consist of the WW , WZ, and ZZ processes. In this chap-
ter, “had” or “lep” is added as index to specify the decay type of the bosons, e.g., Zlep indicates
a leptonically decaying Z boson. In V H(H → bb̄), the ZZ primarily contributes to the 2L chan-
nel, while WZ with the W boson decaying leptonically and the Z boson hadronically (WlepZhad)
contributes to the 1L. Both the ZZ and WZ equally contribute to 0L. In V H(H → cc̄), the main
contributor to 2L is the WZ with the W boson decaying hadronically and the Z leptonically
(WhadZlep), while in 1L the WW process with one W boson decaying leptonically and the other
one hadronically (WhadWlep) yields the largest contribution. Again, both the WZ and WW

contribute similarly to 0L. The boosted and resolved acceptance uncertainties are detailed in
Tables C.11 and C.12.

In the resolved regime, the diboson processes are a small background in the analysis, so only
normalisations uncertainties are used for ZZ (17%), WW (16%), and WZ (19%) for the qq-
initiated, and (30%) for the gg-initiated ggV V . The numbers are taken from ATLAS diboson
analyses [228]. Uncertainties are correlated between V H(H → bb̄) and V H(H → cc̄). The
V Z(→ bb̄) and V Z(→ cc̄) are considered as signals of the cross-check analysis, and denoted as
V Zbb and V Zcc throughout this section. The rest of the WZ, ZZ, and WW are classified as
background components, jointly denoted as V V bkg. Acceptance uncertainties are summarised
in Table 6.13 and detailed in the Appendix Table C.12.

Concerning the signal components in the resolved regime, the uncertainties are split between
the ZZ and WZ and include:

• Channel extrapolation uncertainties: two sets are considered. One covers the 1L to 0L accep-
tance ratio for WZbb and WZcc, and the other one the 2L to 0L acceptance ratio for ZZbb
and ZZcc. They are split by Njet.

• Region extrapolation uncertainties: from the SR to the CRHigh and CRLow17, due to the
higher diboson purity of the SR, with an additional SR to CRLow in V H(H → bb̄) 1L. These
uncertainties are separated for the different lepton channels.

• Njet acceptance: from 2-jet to higher jet-multiplicities. First to 3-jet, with a different value
for the low pVT region, then from 3-jet to 4-jet inclusively in pVT for 0L and 2L. They are
decorrelated between the different lepton channels.

• pVT extrapolation uncertainties: the 150 GeV < pVT < 250 GeV region is the purest in signal
diboson and is therefore used to extrapolate to the other pVT regions, separately for the different
lepton channels and Njet.

• STXS binning acceptance uncertainties: are included between Njet and pVT regions for all V Z
signal processes. They are modelled by QCD scale variations.
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For the background components of WW , WhadZlep, WlepZhad, and ZZ in the resolved regime,
the acceptances uncertainties are similar to those of the signal components and include:

• Channel extrapolation uncertainties: two sets covering 1L → 0L (for WW and WlepZhad) and
2L → 0L (for ZZ and WhadZlep) are included due to difference in purities.

• Region extrapolation uncertainties: from the SR to the CRHigh, as to the diboson purity is
higher in the SR, separately for the different channels.

• Acceptance in jet multiplicity : from low (2-jet) to high jet-multiplicity. First to 3-jet, with a
different value for the low pVT < 150 GeV region. Then from 3-jet to 4-jet inclusively in pVT for
0L and 2L. They are derived separately for the different lepton channels.

• pVT extrapolation uncertainties: all extrapolation go from the 150 GeV < pVT < 250 GeV region
to the other pVT regions, due to the higher purity in diboson of the medium pVT range, separately
for the different channels.

In addition, the diboson processes are modelled with different shape uncertainties:

• CARL shape uncertainties comparing the nominal Sherpa 2.2.11 samples to the two alter-
native samples: Powheg+Pythia8 and Sherpa 2.2.1. The former accounts for differences
to the matrix element and parton shower, while the latter accounts for the mismodelled pVT

shape. These uncertainties are applied to all regions.

• QCD scale shape uncertainties are included to model changes to the scales µR and µF , similarly
to the V+jets.

• PDF shape uncertainties modelling variation due to αs are considered.

• EW shape uncertainties are considered, similarly to V+jets.

Boosted regime The modelling is similar to the resolved regime, with the uncertainties fully
detailed in Appendix Table C.11. Small contributions from misidentified W decays as jets or
misreconstructed leptons are taken into account. Normalisation uncertainties are applied to the
ZZ and WZ. Acceptance uncertainties are included to cover the lepton channel acceptance, pVT
acceptance, and STXS uncertainties on the pVT and Njet bins, as is done in the resolved regime.

6.8.6 Multi-jet Modelling

The multi-jet background is negligible in 0L and 2L and in the boosted regime. In 1L, a data-
driven estimate is used from a high-purity multi-jet control region obtained by inverting the
lepton isolation requirements. Shapes are derived by a template fit on the mW

T distributions in
the multi-jet CRs. The shapes of the multi-jet are extracted from these control regions to the
SRs of the resolved regime, primarily in V H(H → cc̄), with extrapolation and normalisation
uncertainties applied. Top and W+jets scale factors are applied to the template to account for
the non-insignificant contributions of these processes in the multi-jet CRs.
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6.9 Statistical Analysis

After collecting the data and the simulated samples, including detector effects, reconstructing
the physics objects, and applying the complex selection and categorisation of events, the final
step in the analysis is to measure the different Parameters of interest POIs with the modelling
strategy defined in the previous section. The combined analysis targets several deliverables:

• V H(H → bb̄):

– Inclusive signal strength µV Hbb
and significance: 1 POI.

– Signal strengths for WH(→ bb̄) and ZH(→ bb̄): 2 POIs.

– Fiducial STXS measurements in the reduced stage 1.2, described in Section 6.8.2 and
Figure 6.23 leading to 15 POIs, 8 for ZH and 7 for WH.

– Constraints on the yb Yukawa bottom coupling modifier κb.

• V H(H → cc̄):

– Inclusive signal strength µV Hcc upper limits at the 95% Confidence Level (CL) : 1 POI.

– Constraints on the yc Yukawa charm coupling modifier κc.

• Combined V H(H → bb̄/cc̄):

– Effective field theory interpretation.

– Limits on the ratio of Yukawa coupling modifiers κc/κb.

The signal strength µ is the ratio of the measured signal yield to the expected yield of the
studied decay in the SM.

6.9.1 Likelihood Function Definition

All parameters of interest are estimated by comparing theory-based expectations assumed by
the MC-simulated samples to collected data in a fit. This statistical analysis is performed by
maximising a binned-likelihood function in all analysis regions simultaneously, as a function
of the signal strengths and statistical and systematic uncertainties. The full binned-likelihood
function is composed of three terms representing, respectively, the number of events per bin
LEvents, the impact of systematics LSystematics, and the impact of the limited statistics of the
simulated sample LMC-stats. They are combined into the likelihood function

L = LEvents × LSystematics × LMC-stats. (6.3)

The WorkSpaceMaker framework from ATLAS is used to implement the complex fit required by
the combined analysis. This software is built upon several open-source packages, mainly Hist-
Factory [229], RooFit [230], and RooStats [231].

The first part of the likelihood function presented in Equation 6.3, LEvents, is statistically
modelled with Poisson distributed (P) probabilities for every bin i in the analysis, comparing the
number of measured data events Ni to the expectations of the signal si and backgrounds bi in
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simulations. The µ signals strengths POIs enter this term as parameter modifying the expected
signal contributions

LEvents =
∏

i∈bins

P(Ni |µsi + bi) =
∏

i∈bins

(µsi + bi)
Ni

Ni!
e−(µsi+bi).

For V H(H → bb̄), the several POIs in the STXS measurement sets the signal strengths as a
vector µ with one entry per STXS bin.

The systematics uncertainties are introduced in the fit by the LSystematics term as Nuisance
Parameters (NPs) θ, accounting for possible perturbations in each bin to the expected signal
and background yields {si, bi} → {si(θ), bi(θ)}. The NPs are statistically modelled as standard
Gaussian functions, N (0, 1), of 0 mean and unit variance

LSystematics(θ) =
∏
θ∈θ

1√
2π
e−θ2/2.

The nominal value is by convention set at θ0 = 0, with θ = ±1 representing a ±1 σ variation. The
effect of each NP is determined in auxiliary measurements, following the prescriptions introduced
in the modelling Sections 6.7 and 6.8. For example, if an NP tracking the normalisation of a
background with a 10% prior is moved upwards by 1 standard deviation in the fit, the yield of
the background is increased by 10%. After the fit, the central values of the NPs can be moved
upwards or downwards, with a deviation from the initial central value defined as a pull

pullθ =
θ̂ − θ0
σ̂θ

,

where the prefit values are θ0 = 0 and σθ0 = 1 and θ̂ is the postfit value. The constraint indicates
the change in certainty on the NP after the fit, estimated by the variance σ̂θ measured from the
inverse Hessian matrix at the maximal likelihood point θ̂. For the normalisation of the major
backgrounds, special unconstrained NPs are included with no likelihood penalty and said to be
free-floating (FNs). They are free to vary and determined from data in control regions with an
enhanced purity of the processes they normalise. These special NPs have prefit values θ0 set at 1.

The final part of the likelihood covers the uncertainties linked to the limited statistics of
the Monte Carlo samples, statistically modelling LMC-stats with γ-parameters. One such γi is
introduced per bin, with the freedom to modify the expected background yield as bi(θ)→ γibi(θ).
The γ factors are Gaussian distributed with a likelihood function

LMC-stats(γ) =
∏

i∈bins

N
(
βi | γiβi,

√
γiβi

)
,

where βi = 1/σ2rel introduces the relative statistical uncertainty σrel on the expected yield bi of
the sum of backgrounds in bin i.

158



666666

Chapter 6: Combined V H(H → bb̄/cc̄) Analysis University of Oxford

The full likelihood function of Equation 6.3 is therefore defined as

L (µ,θ,γ) =
∏

i∈bins

P(Ni |µsi(θ) + bi(θ,γ))×
∏
θ∈θ
N (θ | 0, 1)×

∏
i∈bins

N (βi | γiβi,
√
γiβi). (6.4)

The parameters {µ,θ,γ} jointly maximising the likelihood are written as {µ̂, θ̂, γ̂} while those
maximising the likelihood conditioned on a fixed value of µ are written as {µ, ˆ̂θ, ˆ̂γ}. A profile
likelihood ratio λ(µ) is defined from these two sets to perform a hypothesis test on the value of
µ with

λ(µ) =
L
(
µ,

ˆ̂
θ, ˆ̂γ

)
L
(
µ̂, θ̂, γ̂

) . (6.5)

The λ ratio is bounded in the [0, 1] range, with higher values implying a good agreement between
the data and the hypothesised µ, while lower values are signs of disagreement. This pattern
permits the construction of a likelihood ratio test statistics tµ, defined as [232]

tµ =

−2 lnλ(µ) µ̂ ≥ µ

0 µ̂ < µ
, (6.6)

since the signal can only have a positive contribution to the yield. This statistic is leveraged to
perform two types of test: the no signal hypothesis µ = 0 and the nominal signal hypothesis µ =

1. In the no-signal test, also called the null hypothesis, the p-value quantifies the compatibility
of the observed data with the background-only hypothesis (µ = 0). It is calculated with

pµ =

∫ ∞

tµ,obs

f(tµ |0)dtµ, (6.7)

where tµ,obs is the observed test statistics (for the observed µ̂) and f(tµ | 0) is the probability
density function of the test statistics tµ assuming µ = 0. The p-value is the probability of finding
data that is incompatible with the null hypothesis. Therefore, a low p-value gives confidence to
reject the null hypothesis. In particle physics, the p-value is often translated into the significance
Z, measuring the number of Gaussian standard deviations (σ) above the background as

Z = Φ−1(1− pµ), (6.8)

where Φ−1 is the inverse Gaussian cumulative distribution function. The standard for observation
of a process is arbitrarily set by the community at 5 σ (corresponding to a p-value ≈ 3× 10−7),
with a 3 σ signal strength significance (p-value ≈ 10−3) taken as evidence of a process. To
determine a 95% upper limit Confidence Level (CL) on a signal strength, a modified frequentist
CLs method is deployed [232, 233], based on the test statistics t̃ defined as:

t̃ = −2 ln Ls+b

Lb
= −2 ln

L
(
µ = 1,

ˆ̂
θ(µ = 1), ˆ̂γ(µ = 1)

)
L
(
µ = 0,

ˆ̂
θ(µ = 0), ˆ̂γ(µ = 0)

) , (6.9)

where Ls+b is the nominal signal hypothesis (µ = 1) and Lb the null hypothesis (µ = 0), with
the conditional likelihood optimisation of θ and γ distinct between the two hypotheses for µ.
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The upper 95% CLs limit on the signal strength µ is the µ value such that the p-value of the
test statistics t̃ is equal to 0.05.

In addition to the fits performed between real and simulated datasets, so-called Asimov fits
are performed. These leverage the Asimov datasets, corresponding to the sum of all simulated
processes [232]. Two fits are considered: a prefit Asimov where the nuisance parameters are
constrained to their initial values, and a postfit Asimov where the NPs take their best-fit values
from the fit to the datasets. Postfit Asimov fits are used to define expected results, quantifying the
sensitivity of the analysis to any similarly collected data. Fits are performed either conditionally
or unconditionally, by setting the POIs to their SM expectations or letting them free-float.

6.9.2 The V H(H → bb̄/cc̄) fit

There are 15 POIs for the V H(H → bb̄) and 1 POI for V H(H → cc̄). The binning used and
regions included as well as the variables defining the underlying distributions entering the fits
are detailed in Sections 6.5 and 6.6. A dense summary of the entire categorisation is presented
in Figure 6.9, underscoring the complexity of an analysis spanning 164 different regions, 94 of
which are in V H(H → cc̄) (30 SRs, 6 top eµ CRs, 10 V + l CRs, 48 CRHighs), 48 in the
resolved V H(H → bb̄) (21 SRs, 6 CRLows, 21 CRHighs), 12 BT -tagged top CRs shared in the
resolved regime, and 10 in the boosted regime (6 SRs, 4 boosted top CRs). Experimental and
modelling uncertainties are introduced to account for any mismodelling and avoid biasing the
fit, as described in Sections 6.7 and 6.8.

The analysis described in this thesis is not yet concluded, with modifications to the modelling
under active investigation at the time of writing. Consequently, the fit is still blinded, with
the data in bins of the signal regions most sensitive to the signal hidden. For the mbb or mcc

distributions, the Higgs mass peak is blinded from 70 GeV to 140 GeV. For the MVA distributions,
right-most - thus most signal-like - bins are iteratively blinded until at least 60% of the signal
yield in the region is hidden. For conditional fits, where the signal strengths are fixed at 1, these
blinded bins are used but the data is still not displayed in the plots. This thesis does not describe
any unconditional fit to data, with any unconditional fits included performed with the Asimov
dataset instead of the real data. The following results are therefore temporary, but indicative of
the soon-to-be-published results and highlight an appreciable increase in sensitivity.

V H(H → cc̄)

Concerning the V H(H → cc̄) signal strength measurement, the 95% CLs expected upper limits
are shown for the different lepton channels and combined in Figure 6.25a for the postfit Asimov,
and Figure 6.25b for the prefit Asimov. Significant improvements are expected for all lepton
channels. The combination of all lepton channels leads to a remarkable improvement on the 95%
CLs upper limit on µV Hcc from 31 × SM in the latest ATLAS published V H(H → cc̄) result
[141], to 11.1 × SM (10.2 × SM) in the postfit (prefit) Asimov fit of the combined analysis,
suggesting the sensitivity has improved by a factor 2.8. The ATLAS V H(H → bb̄/cc̄) Run 2
analysis promises to become the most sensitive analysis of the charm Yukawa coupling to date.
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(a) Postfit Asimov. (b) Prefit Asimov.

Figure 6.25: The 95% CLs upper limit on the V H(H → cc̄) signal strength from the combined
analysis postfit (left) and prefit (right) on the Asimov dataset.

Gains are expected to be made in all lepton channels, which now have similar sensitivity
thanks to modifications to the analysis strategy. Compared to the published analysis, the 0-
lepton channel upper limit is reduced from 40 × SM → 17.5 × SM, the 1-lepton from 60 × SM
→ 18.8 × SM, and the 2-lepton from 51 × SM→ 18.8 × SM [141]. These correspond to relative
sensitivity improvement factors of 2.3, 3.2, and 2.7. Most of the gains are made in the 1- and
2-lepton channels, although the 0-lepton channel remains the most sensitive one.

V H(H → bb̄)

On the V H(H → bb̄) side, combining the resolved and boosted regime, the postfit expected
significance on the V H(H → bb̄) signal strength is 7.9 σ over the background-only prediction,
corresponding to a 23% improvement over the latest ATLAS published expected significance
of 6.3 σ [196]. This is achieved thanks to a postfit expected significance of 4.7 σ in the 0-
lepton channel (15% improvement to published result), 5.3 σ in 1-lepton (30% improvement),
and 4.4 σ in 2-lepton (3% improvement). The most sensitive channel is now the 1-lepton channel.

Separating the V H(H → bb̄) signal strength into two POIs for WH(H → bb̄) and ZH(H →
bb̄), the prefit expected significances are 5.5 σ for WH and 6.2 σ for ZH. This marks the first
time a H → bb̄ analysis is expected to reach observation level for the WH production mode,
thanks to the large improvement in the 1-lepton channel sensitivity.

Finally, adopting the fine splitting of the STXS stage 1.2 of 15 bins defined by pVT and
additional jet multiplicity Njet, with 8 bins in ZH and 7 bins in WH, the V H(H → bb̄) analysis
reaches the per-bin sensitivities listed in Table 6.15, with evidence-level only attained for the
ZH 150 GeV < pVT < 250 GeV without additional jet bin. The impact of systematics and
statistical uncertainties on the signal strengths of the different bins is shown in Figure 6.26. The
measurement is predominantly statistically limited.

161



666666
Chapter 6: Combined V H(H → bb̄/cc̄) Analysis University of Oxford

V H Truth pVT 0 additional Njet ≥1 additional Njet

WH [75, 150[ GeV 0.69 σ
WH [150, 250[ GeV 2.29 σ 0.55 σ
WH [250, 400[ GeV 2.78 σ 0.94 σ
WH [400, 600[ GeV 1.87 σ
WH ≥ 600 GeV 1.43 σ
ZH [75, 150[ GeV 1.48 σ 0.90 σ
ZH [150, 250[ GeV 3.37 σ 1.64 σ
ZH [250, 400[ GeV 2.85 σ 1.49 σ
ZH [400, 600[ GeV 1.91 σ
ZH ≥ 600 GeV 1.07 σ

Table 6.15: Expected prefit V H(H → bb̄) significances in the different STXS bins.

Figure 6.26: The constraints on the prefit STXS V H(H → bb̄) signal strengths.

The Diboson Cross-Check

The diboson cross-check analysis aims to validate the strategy adopted for the V H(H → bb̄/cc̄)

analysis. It is performed with the V Z(→ bb̄) and V Z(→ cc̄) as signals in a similar fashion to the
V H(H → bb̄/cc̄) fit. For the V Z(→ bb̄) part, the postfit expected significance reaches a large
value of 15.1 σ when combining lepton channels. The 0-lepton, 1-lepton, and 2-lepton channels
respectively reach postfit sensitivities of 11.2 σ, 6.2 σ, and 9 σ. On the V Z(→ cc̄) side, the
combined analysis expects to reach observation level for the first time, with a combined postfit
expected significance of 5.1 σ. This represents a significant improvement of a factor 2.3 from
the published 2.2 σ expected result [141]. The combined analysis reaches a postfit expected
significance of 3.9 σ in 0-lepton, 2.6 σ in 1-lepton, and 3.1 σ in 2-lepton.

Additional Fit Results

In addition to the main results highlighted above, some further insights into the output of the
fits are given before concluding this chapter. To verify that the Monte Carlo samples correctly
model the data after the fit, some postfit plots are presented in Figure 6.27 for selected signal
and control regions. All the postfit distributions are listed in Appendix C.5. The good agree-
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ment between the data and postfit MC samples is also observed in validation regions not directly
constrained by the fit, supporting the chosen analysis strategy. Figure 6.28 displays postfit dis-
tributions for a BL-tagged region analogous to the BT -tagged top CR, an LL-tagged region
similar to the c-tagged SR, and the pVT spectrum of the inclusive 2L BB-tagged 2-jet SR.

(a) 0L, 2-jet 150 GeV < pVT < 250
GeV BB-tagged.

(b) 1L, 2-jet pVT > 250 GeV 2 c-
tagged.

(c) 2L, ≥3-jet pVT > 250 GeV 1 c-
tagged.

(d) 0L, 2-jet 150 GeV < pVT < 250
GeV top BT CR.

(e) 1L, 2-jet 75 GeV < pVT < 150
GeV top BT CR.

(f) 2L, ≥ 4-jet 250 GeV < pVT <
400 GeV BB-tagged CRHigh.

Figure 6.27: Postfit signal regions BDT distributions (top row) and control regions kinematic
distributions (bottom row - Higgs candidate mass for the two left ones, pVT for the right one), for
the 0L (left), 1L (centre), and 2L (right).

(a) 0L BL-tagged, top CR-like. (b) 1L LL, c-tagged SR-like. (c) 2L pVT in 2-jets BB SR.

Figure 6.28: Postfit Higgs candidate mass distribution in a BL-tagged top CR-like (left) and the
pVT distribution in an LL-tagged SR-like (centre) validations regions. The 2L pVT spectrum in the
2-jet BB-tagged SR is displayed on the right.
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Source of Uncertainty µV H(H→bb̄) µV H(H→cc̄)

Total 0.127 5.089

Statistics 0.095 3.791

Systematics 0.085 3.395

Statistical Uncertainties 0.095 3.791

Data sample size 0.088 3.538

Floating normalisations 0.029 1.247

Top eµ CR statistics 0.011 0.130

Systematics Uncertainties 0.085 3.395

V H(H → bb̄/cc̄) Modelling 0.021 0.237

Backgrounds Modelling 0.069 2.739

Z+jets 0.036 1.587

W+jets 0.036 1.088

Diboson 0.020 0.546

tt̄ 0.011 0.613

single-top 0.008 0.116

Multi-jet 0.007 0.691

Experimental Uncertainties 0.035 1.278

Jet 0.026 0.737

Large-R jet 0.009 0.206

Emiss
T 0.007 0.150

Lepton 0.004 0.115

FTAG PFlow (b-jet) 0.015 0.258

FTAG PFlow (c-jet) 0.008 0.769

FTAG PFlow (light-jet) 0.003 0.751

FTAG PFlow (extrap) 0.000 0.000

FTAG VR (b-jet) 0.004 0.049

FTAG VR (c-jet) 0.001 0.018

FTAG VR (light-jet) 0.001 0.009

FTAG VR (extrap.) 0.001 0.037

Pile-up 0.005 0.052

Luminosity 0.007 0.035

MC-samples Size 0.020 1.410

Table 6.16: Breakdown of the different systematics and statistical uncertainties. FTAG stands
for flavour tagging.

The breakdown of the uncertainties, presented in Table 6.16, is a measure of the different
contributions of the uncertainties to the V H(H → bb̄/cc̄) analysis. The NPs are grouped based
on their origin, and their impact on the signal strengths of V H(H → bb̄) and V H(H → cc̄) is
assessed by iteratively re-running fits with successive groups of NPs fixed at their postfit values.
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The notation adopted is to label the signal strengths of the nominal maximal likelihood fit as µ̂
with uncertainty σ̂µ, and of a re-run fit with a group of NPs fixed as µ̂′ with uncertainty σµ̂′ .
The impact of the fixed group of NPs is defined as the change in uncertainty measured by

Impact =
√
σ̂µ

2 − σ̂′µ
2
. (6.10)

To evaluate the impact of the statistical uncertainties, a fit is run with all NPs fixed except for
the floating normalisations. The total systematics effect is set to the difference in quadrature
between the total and the statistical uncertainties. For both the V H(H → bb̄) and V H(H → cc̄)

measurements, the statistical and systematic uncertainties are of similar size, with the statistical
uncertainties being slightly larger. The uncertainties are far smaller for the V H(H → bb̄) side, as
expected from the larger statistics and better performance of both the experimental reconstruc-
tion and modelling. For V H(H → bb̄), the largest contributions to the systematics uncertainties
come from the V+jets and diboson background modelling, as well as the signal modelling. The
importance of the V+jets is expected since the W+jets and Z+jets play a significant role in the
1-lepton and the 0- and 2-lepton channels, respectively. On the experimental side, the jet and
flavour tagging uncertainties are leading. For the latter, the b-jets uncertainties contribute the
most followed by the c-jets, as expected from the similarities of heavy-flavour jet species.

For V H(H → cc̄), similar observations are made with several nuances. On the modelling side,
the signal modelling is less important, with the top and multi-jet processes contributing more
significantly. Additionally, the Z+jets uncertainties are now clearly leading, with the W+jets
proportionally less important. This latter observation is connected with the larger importance
of the top processes, because V H(H → cc̄) has a much larger top contribution in the 1-lepton
channel, competing with W+jets as the leading source of uncertainty there. On the experimental
side, the flavour tagging uncertainties of the c- and light-jets and the jet reconstruction uncer-
tainties are now dominant. This is expected from the challenges of tagging and reconstructing
c-jets. The statistic of the MC samples is far more important on the V H(H → cc̄) side, mostly
due to the low c-tagging efficiency of the DL1r tagger used.

A second technique to assess the importance of different nuisance parameters on the signal
strengths is to change their NP values upwards and downwards by their postfit uncertainties σθ
and re-run the fit with the modified NP fixed. For each NP, this requires running two fits in
addition to the nominal fit from which θ̂ and σ̂θ are measured: one with the NP fixed at θ̂ + σ̂θ

and one with θ̂− σ̂θ. NPs are ranked by the difference in the signal strengths between these new
fits and the nominal one, as shown in Figure 6.29. In these plots, the central values of NPs are
set at 0 (at 1 for FNs and γ-factor) as the dataset is the postfit Asimov set.

For V H(H → bb̄), the W+hf extrapolations have a significant impact on the signal strength,
with several such systematics highly ranked. Shape uncertainties associated with the diboson
process and Higgs modelling uncertainties as well as the Wt DS-DR shape uncertainty and b-jet
tagging uncertainties also contribute meaningfully. The floating normalisation of W+hf in the
boosted region is the only FN in the ranking, due to its significant pull, as shown in Figure 6.30.
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Figure 6.29: The 15 most highly ranked Asimov postfit nuisance parameters for the V H(H → bb̄)
(left) and V H(H → cc̄) (right) signal strengths. The names of modelling NPs are written in
black, experimental NPs in blue, and floating normalisations (and γ-factors) in green, with
values indicated by the bottom axis showing ∆θ = θ̂− θ0. Black points are nuisance parameters
with their central value at 0 showing the pull (γ-factor with central value at 1), and red points
are floating normalisation with central values at 1. The error bars on the point show the 1 σ
uncertainty of the NP. The effect of changing the NP by +1 σ (-1 σ) induces the change in signal
strength ∆µ shown by the hashed (empty) blue rectangle, defined with respect to the top axis.

For V H(H → cc̄), the top process CARL shapes are the leading nuisance parameters, with
the Z + cc shape and the W+jets cc/bb acceptance ratio. The Z+lf and, to a lesser extent, the
W+lf floating normalisations have a large impact on the predicted signal strength, despite the
constraints offered by the V + l CRs. The light- and c-jets uncertainties from flavour tagging are
the biggest contributors in this category. Finally, the multi-jet normalisation enters the ranking,
as this process contributes more in V H(H → cc̄). The γ-factor listed corresponds to the last
unblinded bin in the 1L high pVT 2-jet SR shown in Figure 6.27b, where a large amount of signal
is expected, and the effect of this NP should be reduced once the signal is no longer constrained
to its SM expectations in the final unblinded conditional fit to data.

In the combined analysis, the major backgrounds have free-floating normalisations decorrelated
across the different pVT and jet multiplicity bins. The values set by a conditional likelihood fit
to data, where the V H(H → bb̄/cc̄) signal strengths are set to their SM expectations, are
presented in Figure 6.30. They are compared to the same FNs obtained in the cross-check
analysis, with V Z(→ bb̄/cc̄) as signals. Good agreement is observed between the two sets of
floating normalisations, with some common trends per process highlighted. Concerning the top
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Figure 6.30: The floating normalisations of the major background in the combined analysis
targeting the V H(H → bb̄/cc̄) in blue, versus the cross-check analysis V Z(→ bb̄/cc̄) in green.

backgrounds, in 0L and 1L it seems mostly overestimated in the MC simulations, with the
overestimation increasing with pVT . In 2L, the top process seems well estimated in the top eµ

CR, but the lower statistics available at higher pVT leads to a poor constraining of the floating
normalisation. The FNs for the top process are generally better constrained in the 3-jet than the
2-jet category, as expected from the larger yield for this background at higher jet multiplicities.
The top(bq/qq) and top(bb) have generally similar FN values. Concerning the W+jets, the W+hf
is well modelled in 2-jet across pVT but less so in the ≥3-jet category, where the underestimation
of the simulations grows with pVT . The boosted W+hf normalisation in the ≥ 400 GeV range
is significantly higher than unity. The same observations hold for W+lf, which is well-modelled
in 2-jet but gets higher FNs in 3-jet. The W+mf component requires similar large corrections
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from the fit, with FN values ∼ 1.3 across the Njet and pVT bins. The final background modelled
with floating normalisations is Z+jets, which also requires significant yield modifications from
the fit in all components, jet multiplicity, and pVT bins. The Z+jets yield is globally corrected
upwards, with larger FN values required at higher pVT . A special case for the Z+hf is the 3-jet
and 3-jet-extra categories, adopted to account for the fact the V H(H → cc̄) side does not use
4-jet or separates 3- and ≥4-jet in 0L and 2L while the V H(H → bb̄) combines 3-jet with 4-jet
into ≥3-jet in 2L. The 3-jet FNs in the figure, labelled “J3”, cover the ≥ 3-jet for V H(H → bb̄),
while the 3-jet-extra, labelled “3J_extra” are only applied to the 3-jet category. There is some
overlap, with the latter set of FNs used to correct downwards the large normalisation of the ≥
3-jet. Similarly to the W+hf, the boosted Z+hf FN values are significantly pulled away from
unity.

Figure 6.31: The correlations between the floating normalisations of the major backgrounds.
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The correlations between the different floating normalisations are displayed as a heat map
in Figure 6.31. A rich structure of dependencies emerges from such a plot. As expected, FNs
related to each process are highly correlated with the other FNs of the same process, from
different pVT and Njet categories. Some striking exceptions are visible: the boosted tt̄ displays
some small anticorrelations with the resolved top(bb) and top(bq/qq). Concerning correlations
across processes, the top(bb) and top(bq/qq) are respectively seen to have large correlations with
the Z+hf (and the W+hf to a lesser extent) and the W+mf and Z+mf, as expected from the
presence of the Z+jets and W+jets in the CRHigh and the 0L and 1L top BT CR. The V+hf
normalisations are slightly anti-correlated to the V+lf, and the V+lf are strongly correlated
between the W and Z.

6.10 Conclusion

This chapter introduces the combined V H(H → bb̄/cc̄) ATLAS analysis using the 140 fb−1 of
data collected during Run 2, from 2015 to 2018. The state after its third unblinding approval
meeting is presented, as the analysis has not yet concluded at the time of writing this thesis.
Events are separated based on their pVT into a resolved or a boosted regime, as V H(H → bb̄)

or V H(H → cc̄) depending on the two highest tags of their jets or sub-jets. Flavour tagging is
performed with the ML-based DL1r tagger, with a hierarchy of tags ranked as b-tagged > tight
c-tagged > loose c-tagged > untagged. This is followed by a split into leptonic channels based on
the number of charged lepton ℓ (e, µ) in the final state, to separate the Z(→ νν)H, W (→ ℓν)H,
and Z(→ ℓ+ℓ−)H, with H → bb̄ or H → cc̄.

To boost the sensitivity, a fine categorisation further splits the analysis space into regions
of defined pVT and jet multiplicity Njet. The major backgrounds of the analysis are the V+jets
and the top processes, the latter grouping the production of tt̄ pair and the single-top Wt.
These backgrounds are constrained from data in dedicated control regions, defined respectively
by a cut on the angular separation of the Higgs candidate jets and by a modified event-tagging
selection. BDTs discriminants are trained to optimise the separation of the signals from the
backgrounds in the different signal regions of the combined analysis. A complex fit strategy is
deployed to measure the parameters of interests, taking into account experimental and modelling
uncertainties to avoid introducing any bias in the final statistical analysis. A cross-check analy-
sis targeting the V Z(→ bb̄/cc̄) is performed to validate the adopted strategy for V H(H → bb̄/cc̄).

The analysis promises to significantly increase the sensitivity of the ATLAS search for the
H → cc̄ process as well as deliver the finest measurements to date of the differential cross section
of the H → bb̄. The introduction of MVA discriminants throughout the different regions largely
improves the sensitivity to the sought signals. The adoption of an upgraded flavour tagger and
the pseudo-continuous joint-tagging approach paved the way for this coherent joint measurement
of the V H to heavy-flavour quarks decays. New Monte-Carlo samples with more statistics con-
tribute to reducing the importance of MC uncertainties plaguing the final fit performance. Some
final studies on the modelling strategy and the fit framework are still underway at the time of
writing.
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This study serves as the combined legacy V H(H → bb̄/cc̄) analyses of ATLAS on the full Run
2 dataset. Excitingly, progress in the analysis sensitivity to the V H(H → cc̄) signal strength has
greatly accelerated, with reductions in the upper limit steadily approaching the realm of direct
measurement of the central value. At the current pace of improvement, the signal strength might
be measurable in the next phase of the LHC: the High-Luminosity-LHC (HL-LHC). Additional
improvements to the experimental tools and the analysis strategy are required to reach this
important threshold. The former will primarily rely on the improved flavour tagging abilities
presented in Chapter 5: from the single tagger GN2 to the boostedX → bb̄/cc̄ decay tagger GN2X
[10]. The adoption of transformer-based neural networks is promising a significant increase in
tagging performance. These will be available for the next iteration of the V H analysis and
are expected to bring an improved signal acceptance and a better background rejection. The
larger volume of data to be collected in the ongoing Run 3 and subsequent Run 4 of the LHC
as well as future data-taking campaigns will significantly improve the prospects of this severely
statistically-limited analysis.
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CHAPTER 7

Conclusion and Outlook

This thesis aims to follow a logical chain, starting from the theory underpinning modern parti-
cle physics in Chapter 2. The SM has been extensively validated by many experiments across
the world, in particular by the ATLAS Collaboration using data collected from proton-proton
collisions in the LHC, as presented in Chapter 3. Many properties of the particle discovered in
2012 have been confirmed to correspond to those of the predicted SM Higgs boson. The AT-
LAS Collaboration continues to systematically study the new particle and challenge the SM in
evermore complex measurements, searching for any discrepancy between the observations and
theory. This mission requires state-of-the-art detectors and reconstruction software.

At its core, a particle physics analysis is a statistical data analysis that is well suited to mod-
ern machine learning and artificial intelligence, as reviewed in Chapter 4. The rapid progress in
this field provides an exciting avenue of development for ATLAS, helping the Collaboration pro-
pel the performance of its software to new heights by designing effective network-based models for
specific purposes, such as operating the detector, generating simulated samples, reconstructing
objects and events, disentangling backgrounds, and statistically modelling the physics processes.

One such promising area of progress concerns jet flavour tagging, which has continuously
benefitted from the adoption of advanced ML in recent years, as outlined in Chapter 5. GN2,
the latest generation of ATLAS taggers, relies on a single multimodal network exploiting a trans-
former encoder at its core, with multiple tasks targeted to distil expert knowledge in the network.
Far from resting on these accomplishments, the ATLAS Collaboration is further pushing the ca-
pabilities of GN2 by optimising its hyperparameters. This represents a significant computational
challenge due to the scarcity of available GPU resources, a difficulty that can be addressed by
deploying new techniques from the AI community such as µTransfer. The state-of-the-art per-
formance delivered by GN2 will reverberate into more refined measurements from the numerous
analyses targetting heavy-flavour quarks in their final state during the ongoing Run 3 of the LHC.
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Two analyses benefitting starkly from flavour tagging are the V H(H → bb̄) and V H(H → cc̄).
They have now been joined into the combined V H(H → bb̄/cc̄) analysis, described in Chapter 6.
At the time of writing, the analysis is in its last phase with final studies on the modelling and
the fit framework, hence the results presented here are still blinded. Excitingly however, there
are hints of great progress in the effort to observe the H → cc̄ decay and measure the c-quark
Yukawa coupling. The expected upper limit on the signal strength has been reduced by a fac-
tor of 2.8 to 11.1 × SM expectations, compared to the last published ATLAS result and using
the same data samples [141]. Similarly, great progress is made in the precision measurement
of the H → bb̄, with an expected signal strength sensitivity of 7.9 σ corresponding to a 23%
improvement over the last ATLAS published result [196]. For the first time, both production
modes are expected to be observed at more than 5 σ in the H → bb̄ decay mode, with re-
spective significances of 5.5 σ for WH and 6.2 σ for ZH. A simplified template cross section
measurement of the differential cross sections of V H(H → bb̄) is also performed in stage 1.2 [227].

To continue exploring the limit of our understanding in the particle physics realm, algorith-
mic and machine developments are required across the experiment. Collecting large datasets is
crucial to analyses searching for rare signatures and performing precision measurements. The
V H(H → bb̄/cc̄) analysis presented here suffers from large statistical uncertainties that will be
improved with the addition of data. Gathering more data at higher energies requires the detector
to be operated in more challenging conditions, since more pile-up is the price of a higher instan-
taneous luminosity. The subdetectors must be upgraded to deal with this increased activity,
with in particular finer-grain measurements expected to improve the detector performance. In
this regard, the development of the next ATLAS inner detector system called ITk is a promising
avenue [234].

Simultaneously to improving the hardware, the software of the ATLAS Collaboration must
be upgraded to further push the sensitivity of the detector and deal with the future challenging
conditions. In this respect, flavour tagging benefits greatly from adopting advanced new NN ar-
chitecture such as the transformer, but also from the multimodal input and multitask paradigms
to nimbly introduce expert knowledge. Future avenues of progress primarily rely on pursuing
this path further, adding additional low-level input information and defining additional tasks
to help the main classification objective. Performance is highly correlated with the number of
parameters, and reliably training larger networks requires careful design, well-thought training
procedures, large datasets, and optimised hyperparameters. Across science and industry, ad-
vanced machine learning plays a crucial role in the effort to modernise software capabilities.
This is particularly the case in HEP, where the large databases measured from collisions or sim-
ulated are effectively exploited to create reliable and precise models. Such networks are trained
for all the uses of the field: from generative AI to effectively produced simulated samples, to
fast network deployed on FPGAs- or GPU-based triggers, DL to reconstruct physics objects
from the rich noisy set of low-level data, and finally ML deploying in analyses to improve signal
discrimination from the backgrounds and help constrain the modelling of the different processes.
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APPENDIX A

Machine Learning Algorithms

This Appendix presents additional details and pseudocode for selected algorithms presented in
Chapter 4.

A.1 Decision Trees, AdaBoost, and Gradient Boosting

A.1.1 Decision Trees

Algorithm 1 presents a recursive procedure to train a decision tree.

Algorithm 1 Recursive Procedure to Train a Decision Tree [98].

function fitTree(node, D, depth)
node.prediction← mean({yi : i ∈D})
(j∗, t∗, DL, DR)← split(D)
if not worthSplitting(depth, cost, DL, DR) then

return node
else

node.left ← FitTree(node, DL, depth + 1)
node.right ← FitTree(node, DR, depth + 1)
return node

end if
end function

A.1.2 AdaBoost

Algorithm 2 presents the Adaboost algorithm for binary classification.

A.1.3 Gradient Boosting

Algorithm 3 presents the gradient boosting algorithm.
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Algorithm 2 Adaboost for Binary Classification with Exponential Loss [98]

Initialise weights: wi,1 = 1/N , where N is the number of samples.
for m = 1 to M do

Minimise ϵm =
∑

iwi,mI(yi ̸= fm(xi)) on training set with weights wi,m to find fm(x).
Compute αm = 1

2 log
(
1−ϵm
ϵm

)
.

Update weights: wi,m+1 ← wi,m exp(−αmyifm(xi)) and renormalise
∑

iwi,m+1 = 1.
end for
return F (x) =

∑M
m=1 αmfm(x)

Algorithm 3 Gradient Boosting [98]

Initialise f0(x) = argminα
∑N

i=1 L(yi, α)
for m = 1 to M do

Compute the gradient residuals for each i = 1, ..., N : gi,m = −
[
∂L(yi,f(xi))

∂f(xi)

]
f(xi)=fm−1(xi)

Train weak learner hm on the dataset {(xi, gi,m)}Ni=1

Compute αm by minimising
∑N

i=1 L(yi, fm−1(xi) + αhm(xi))
Update fm(x) = fm−1(x) + LR× αmhm(x)

end for
return f(x) = fM (x)

A.2 Artificial Neural Networks

A.2.1 Universal Approximation Theorems

A family of theorems establish DNNs as Universal Function Approximators. The most famous
such theorem states [107, 108]:

Theorem: Let C([0, 1]n) denote the set of all continuous functions [0, 1]n → R and σ be any
sigmoidal activation function. Then the finite sum f̂(x) =

∑N
i=1 αiσ(w

T
i x + bi) is dense in

C([0, 1]n). In other words, given any f ∈ C([0, 1]n) and ϵ > 0, there is a sum f̂(x) of the above
form for which

f(x)− f̂(x)| < ϵ ∀x ∈ [0, 1]n.

This essentially states that any well-defined function defined over the n-dimensional unit hy-
percube [0, 1]n can be approximated by an arbitrarily wide neural network. This result can be
applied outside the unit hypercube by a homothetic transformation of the data space. Interest-
ingly, similar theorems were derived for the most important activation functions commonly used
in deep learning [109].

A.2.2 Backpropagation Algorithm

The backpropagation algorithm 4 is the pinnacle of modern deep learning. Its application in
combination with optimised computation graphs allows for the training of large networks on
dedicated infrastructure.
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Algorithm 4 Backpropagation Algorithm
function Update(x, y, N , L)

Forward step: propagate input x through network N to get prediction ŷ
Loss: compute the loss or reward of N as L(y, ŷ)
while ∃ a layer without local gradients do

Take the right-most layer required a gradient
Take the gradient at the input of the subsequent layer
With the chain rule, propagate the gradient of the next layer to the current layer
Store the gradient at the layer

end while
end function

A.2.3 General Graph Update

The most general graph update is presented in Algorithm 5

Algorithm 5 Steps of Computation in a Full Graph Network Block [119]

function GraphNetworkUpdate(E, V, u)
for k ∈ {1 . . . N e} do

e∗k ← ϕe(ek, vrk , vsk , u)
end for
for i ∈ {1 . . . Nn} do

Let E∗
i = {(e∗k, rk, sk)} for k = 1 : N e where rk = i

e∗i ← ρe→v(E∗
i )

v∗i ← ϕv(e∗i , vi, u)
end for
Let V ∗ = {v∗}Nv

i=1

Let E∗ = {(e∗k, rk, sk)}N
e

k=1

e∗ ← ρe→u(E
∗)

v∗ ← ρv→u(V
∗)

u∗ ← ϕu(e∗, v∗, u)
return (E∗, V ∗, u∗)

end function
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APPENDIX B

Flavour Tagging

This Appendix lists some additional results in support of Chapter 5.

B.1 Understanding DIPS

How does DIPS work under the hood? The interpretability of machine learning models is an
active area of research. Several effective approaches exist to gauge the importance of the input
on the prediction. Figure B.1 presents the result of applying the saliency maps technique [235].

Figure B.1: Saliency map
for b-tagging with 8 tracks
sorted by |Sd0 | and in-
dexed by i, showing the
gradient of the discrimi-
nant Db with respect to
the k track features xik
[3].
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Using the b-tagging discriminant Db of Equation 5.1 at a fixed efficiency of 77%, the average
importance of each feature in the track inputs is assessed by averaging the gradient of the
discriminant with respect to the track features over a set of N jets with strictly 8 associated
tracks failing the threshold:

∂Db

∂xik
=

1

N

N∑
j=1

∂Dj
b

∂xjik
, (B.1)

where i indexes the 8 tracks, j indexes the jet in the sample of size N , xik is the kth feature
of the ith track [3]. This process effectively probes the linear sensitivity of the discriminant on
the track features. Using the saliency map, one can infer what features to modify to correct
the failed tag assigned to the b-jets sample. The most sensitive parameters are measured to
be the IP significances of the first five tracks, and the logarithm of the pfrac

T and ∆R of the
track with largest |sd0 |. This observation is physically motivated by the dynamic of the harder
fragmentation of b-quarks, compared to light- and c-quarks. Negative gradients are measured for
shared and split hits observables, translating into a further incorrect discriminant under a linear
increase of these features. This is also physically motivated, as higher counts can be traced back
to denser event environments where random combinations of hits to form tracks are more likely.
However, total hit counts in the different tracker layers have a small positive impact, as these
correlate with the reconstruction of the IP parameters.

B.2 DIPS with Variable Radius Jets

The distributions of the samples used in the variable radius (VR) jet training of DIPS train are
shown in Figure B.3. Figure B.2 presents the ROC curves on the graviton test sample.

(a) b-tagging. (b) c-tagging.

Figure B.2: ROC curves for b- and c-tagging on the graviton test sample (similar to Figure 5.8).

B.3 DL1d with Variable Radius Jets

This section presents some plots on the VR training of DL1d. Figures B.4 and B.5 present the
b-tagging ROC curves of the different models introduced in Chapter 5.2.5. Figure B.6 displays
some flavour fractions scans for the b-tagging and c-tagging.
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(a) Hybrid sample.

(b) tt̄ sample.

(c) Z ′ sample.

(d) Graviton sample.

Figure B.3: Distributions for the VR-jet training of jets pT (left) and |η| (right).
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(a) tt̄, fc = 0.018 for DL1d. (b) Z ′, fc = 0.018 for DL1d.

(c) tt̄, fc = 0.1 for DL1d. (d) Z ′, fc = 0.1 for DL1d.

Figure B.4: ROC curves for b-tagging. Top row uses fc = 0.018 for DL1d, and bottom row
fc = 0.1 (GN1 fc = 0.05 everywhere). The VR-jets DL1d model is in blue, a pre-release VR-
trained GN1 in orange, DL1r trained on VR-jets in green, and the PFlow DL1d in red.
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(a) DL1d fc = 0.018. (b) DL1d fc = 0.1.

Figure B.5: ROC curves for b-tagging. Similar to Figure B.4 for the graviton process.

(a) Flavour fraction f bc for b-tagging scans.

(b) Flavour fraction f cb for c-tagging scans.

Figure B.6: The flavour fractions scans of the VR- and PFlow-trained DL1d model in blue and
red respectively: left is tt̄, centre Z ′, and right the graviton test samples. The chosen values
are marked on the curves, displaying on the y-axis the c-rejection (b-rejection) for b-tagging (c-
tagging) vs the light-rejection on the x axis at a fixed working point of 77% (33%). Increasing
fc or fb shifts the marker upwards along the curves.
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B.4 GN2 public plots

A comparison of the global performance of this GN2 model to the DL1d and GN1 models is
displayed in the b- and c-tagging ROC curves of Figures B.7 and B.8. These results are taken
from Ref [4], for which the DL1d model was retrained on the same dataset as GN2, and the DL1r
and GN1 models are taken from Chapter 5.3.1. GN2 delivers yet another significant boost to
performance, drastically surpassing the GN1 rejections at all efficiencies considered. The largest
improvement is again obtained at lower b-jet efficiencies. Compared to GN1, GN2 delivers ×1.5
(×1.7) the c-rejection (light-rejection) on tt̄ at the 70% b-tagging WP and ×1.75 (×1.2) on Z ′ at
30% WP. With respect to DL1d, the gains in c-rejection (light-rejection) are respectively close to
×3 (×2) for tt̄ and ×3.4 (×4) on Z ′ samples. Concerning c-tagging, a similar large performance
gained is obtained by the new GNN family over DL1d, although the change on the tt̄ is more
impressive for the b-jet ratio than for light-jet. This indicates a non-optimal choice for the flavour
fraction f cb , which was set at 0.2 for all models.

B.5 GN2 supporting plots

This section presents more plots in support of Chapter 5.3.2. Figure B.9 presents the c-tagging
efficiency per pT bin for an overall c-tagging working point of 30% per region displayed. Figure
B.10 presents the c-tagging efficiency per pT bin for a per-bin light-rejection of 50 for tt̄ and 10
for Z ′. The GN2 performance dominates across the board, except for the highest energy bin
of the Z ′. Figures B.11 and B.12 present the c- and light-rejection at an inclusive 70% (30%)
b-tagging WP on tt̄ (Z ′). The equivalent information for c-tagging at a c-tagging WP of 30% is
displayed in Figures B.13 and B.14 for b- and light-rejection.

196



BBBBBBBBBB

Figure B.7: The c- and light-rejections as a function of the b-jet tagging efficiency in the tt̄ with
20 < pT < 250 GeV (left) and Z ′ with 250 < pT < 6000 GeV (right) test samples, from [4].
Models compared are DL1d in orange, GN1 in turquoise, and GN2 in blue. The bottom plots
show the ratio with respect to the DL1d performance. Flavour fractions are set at f bc = 0.018
for DL1d, 0.05 for GN1, and 0.1 for GN2. Shaded regions represent the binominal error band.

Figure B.8: The b- and light-rejections as a function of the c-jet tagging efficiency in the tt̄ with
20 < pT < 250 GeV (left) and Z ′ with 250 < pT < 6000 GeV (right) test samples, from [4].
Models compared are DL1d in orange, GN1 in turquoise, and GN2 in blue. The bottom plots
show the ratio with respect to the DL1d performance. Flavour fractions are set at f cb = 0.2 for
all taggers. Shaded regions represent the binominal error band.
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Figure B.9: Comparing the different models c-tagging efficiency as a function of jet pT for the
inclusive c-tagging 30% working point on the tt̄ (left) and Z ′ (right). The flavour fraction is set
at f cb = 0.2 for all taggers.

Figure B.10: Comparing the different models c-tagging efficiency as a function of jet pT at a
fixed light-jet rejection per bin of 50 for the tt̄ (left) and 10 for the Z ′ (right) test samples. The
flavour fraction is set at f cb = 0.2 for all taggers.

Figure B.11: Comparing the different models c-rejection as a function of jet pT for the b-tagging
inclusive 70% working point on the tt̄ (left) and 30% working point on Z ′ (right). The flavour
fraction is set at f bc = 0.018 for DL1r and DL1d, 0.05 for GN1, and 0.1 for GN2.
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Figure B.12: Comparing the different models light-rejection as a function of jet pT for the b-
tagging inclusive 70% working point on the tt̄ (left) and 30% working point on Z ′ (right). The
flavour fraction is set at f bc = 0.018 for DL1r and DL1d, 0.05 for GN1, and 0.1 for GN2.

Figure B.13: Comparing the different models b-rejection as a function of jet pT for the c-tagging
inclusive 30% working point on the tt̄ (left) and Z ′ (right). The flavour fraction is set at f cb = 0.2
for all taggers.

Figure B.14: Comparing the different models light-rejection as a function of jet pT for the c-
tagging inclusive 30% working point on the tt̄ (left) and Z ′ (right). The flavour fraction is set at
f cb = 0.2 for all taggers.
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B.6 GN2X: GN2 Variant for Boosted Higgs Decays to Heavy
Flavours

This section presents an interesting application of the GN2 architecture to a specialised objec-
tive: identifying boosted Higgs boson decaying into a pair of b- or c-quarks. Having an effective
tagger to identify these boosted decays can significantly help analyses studying the decay of
Higgs particles to a cc̄ pair [236], for the precise measurement of the Higgs boson pT spectrum
[237], and for beyond the SM measurements [238]. To perform this task, a new algorithm labelled
GN2X is introduced based on the design of GN2 [10]. Its main task is to discriminate jets from
boosted Higgs boson decaying into a bb̄ or a cc̄ pair from those originating from the fully-hadronic
top-quark decay and the multi-jet processes. While other taggers presented in this chapter relied
on small-radius (R = 0.4) PFlow jets or VR jets, GN2X is trained on jet reconstructed with a
large-radius (R = 1.0) with UFO objects to capture the majority of the decay products [239].
UFO combines PFlow [240] and Track-Calo clusters objects [241], thereby including neutral and
charged components in the reconstruction. UFO large-R jets are reconstructed with the anti-kT
algorithm with a radius R = 1.0 [86].

To train the algorithm, Higgs produced in association with a Z-boson and decaying to a pair
of heavy flavour quarks (bb̄ or a cc̄) are simulated. To not bias the result towards a specific pT , η,
and mass distributions of the jets, the simulations are resampled to have an approximately flat
distribution of jet mass in the training set, while the validation set follows the SM ZH production
for a Higgs boson H of a mass equal to 125 GeV. Similarly, the top-quark decay with subsequent
hadronic decay of the W boson in the t→ bW chain is simulated for the training samples using
a hypothetical Z ′-boson of 4 TeV mass decaying as Z ′ → t̄(t) with approximately flat jet pT
distribution. The evaluation sample uses the SM tt̄ decay with filters on the scalar sum of the
objects pT in the event. Finally, the multi-jet process is simulated in slices of particle-level jet
pT to have the same spectrum. More details on the simulated samples used can be found in Ref.
[10]. After resampling the samples to enforce the same pT , η, and mass distributions, there are 62
million jets split between 15 million Hbb̄, 15 million Hcc̄, 10 million top, and 22 million multi-jets.

The previous algorithm for this task that now serves as benchmark in this study is the Xbb

tagger, a feed-forward network combining the flavour tagging discriminants of DL1r or DL1d for
up to three VR sub-jets associated to the large-R jet [11, 242]. The track selection is similar
to that of the GN-models (Section 5.3), and the inputs of the model are equivalent to those of
Table 5.6, with the jet variables defined on the large-R jet with the addition of the mass of the
large-R jet. At most 100 tracks associated with a jet are supplied to the network, as sorted
by the decreasing transverse impact parameter significance Sd0 . The same auxiliary tasks as
in GN2 are used with the same respective weights and neural network designs. The initialiser
has a 192 embedding dimension and the transformer encoder combines 6 layers with 4 attention
heads. The global representation is again obtained from an attention-weighted sum over the
conditional tracks, with learnable attention weights. GN2X contains in total 1.5 million param-
eters and is trained on 4 A100 GPUs for 40 epochs (∼1 hour per epoch) with a batch size of 1000.

The model outputs four probabilities pHbb̄
, pHcc̄ , ptop, and pQCD that are combined in a

discriminant score equivalent to Equations 5.1 and 5.2:

DHbb̄
= log

pHbb̄

fHcc̄ .pHcc̄ + ftop.ptop + (1− fHcc̄ − ftop).pQCD
, (B.2)

where the flavour fractions were chosen from dedicated performance studies to be fHcc̄ = 0.02
and ftop = 0.25. A discriminant for Hcc̄ is similarly defined with fHbb̄

= 0.3 and ftop = 0.25:

DHcc̄ = log
pHcc̄

fHbb̄
.pHbb̄

+ ftop.ptop + (1− fHbb̄
− ftop).pQCD

. (B.3)
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The performance of GN2X can be assessed from the ROC curves presented in Figure B.15.
An additional performance to Xbb and GN2X is presented, where two individual VR sub-jets
are b- or c-tagged by a VR-trained GN2 model. The jets used are the leading VR sub-jets
associated with the large-R jet. Note that Xbb was not retrained on the specific samples but
uses the VR-trained DL1d previously introduced. A clear performance gained is delivered by
the GN2X method above both the Xbb tagger and the combination of two individual tags with
GN2. The latter approach does not access correlations between the sub-jets, explaining its lower
performance at higher H(bb̄) and H(cc̄) efficiencies than the GN2X and Xbb model. At a 50%
H(bb̄) WP, GN2X improves the top rejection (multi-jet rejection) onXbb by a factor 1.6 (2.5) [10].
For H(bb̄) tagging, the H(cc̄) background is negligible. GN2X also improves the performance
for H(cc̄) tagging over the approach combining two individual VR tagged-jets: at a 50% WP,
GN2X improves the top rejection by a factor 3, the multi-jet rejection by a factor 5, and the
H(bb̄) rejection by a factor 6. This novel approach to perform boosted object tagging is the first
of its kind in ATLAS and is now integrated into the ATLAS software.

Figure B.15: The ROC curves for H(bb̄) (left) and H(cc̄) tagging (right) on an SM simulated
test samples [10]. The respective tagging efficiency is displayed versus the top and multi-jet
rejections, for jets with a pT > 250 GeV and a mass 50 < mJ < 200 GeV. Models compared
are the baseline Xbb tagger, using the variable-radius DL1r of at most 3 identified sub-jets in
the large-R jet, the tag obtained by combining the tag on two variable-radius jets within the
large-R jet with the single-jet GN2 tagger, and the GN2X model. The former is only available
for H(bb̄) tagging, and the H(bb̄) rejection is displayed for H(cc̄) tagging. The H(cc̄) background
is negligible for H(bb̄) tagging. Shaded regions represent the binominal error band.
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APPENDIX C

Combined V H(H → bb̄/cc̄) Analysis

This Appendix lists some additional results in support of Chapter 6.

C.1 Analysis Categorisation

This section offers more details on two elements of the categorisation in the resolved regime: the
∆R cut and the resolved top CR for the 0- and 1-lepton channels.

C.1.1 The ∆R Cut Between Higgs Candidate Jets

The angular separation between the two candidate jets ∆R(j1, j2), as defined in Equation 3.5,
can be used to define a control region enriched in V+jets and tt̄ backgrounds since these two
processes give candidate jets with a flat angular spectrum while the signal peaks at low values
of ∆R. A high ∆R control region (High ∆R CR) is defined using parametrised cuts on ∆R
between the Higgs candidate jets as a function of pVT . An additional low ∆R control region (Low
∆R CR) for the 1L channel in the resolved V H(H → bb̄) is also introduced (for V H(H → cc̄), it
is merged with the signal region). The philosophy behind the parametrisation of this function is
to adapt the cut on the expected angular separation between the two Higgs candidate jets as a
function of how boosted they are, as described by the pVT variable. For signal events, we expect
the H and V to be approximately back-to-back hence pVT is a good proxy for pHT while benefiting
from better experimental resolution, as it is reconstructed from leptons pT and/or ET , depending
on the channel. From physical principals, boosted candidate jets are indeed expected to have a
lower angular separation. The cuts are defined by fitting a template function c1 × ec2+c3×pVT to
the V H(H → bb̄) selected events, so that:

• 95% (85%) of the V H(H → bb̄) signal is below the top limit for the 2-jet (3-jet) signal
region,

• 90% of the diboson process is above the bottom limit in both signal regions.

The results of these fits for the 1L channel are displayed in Figure 6.13, showing the signal
yield in a 2-dimensional histogram (pVT vs ∆Rcc̄) for different tags applied. Cuts derived on the
V H(H → cc̄) selected events showed good agreement with the V H(H → bb̄) derived cuts. The
V H(H → bb̄) cuts are chosen so that the kinematic selection of the two analyses is harmonised.
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C.1.2 Resolved Top Control Region in 0L and 1L

The top control regions (top CRs) are used to constrain the rather significant top background
that peaks at signal-like values of the discriminant variables. When the candidate jets selected
correspond to the b- and c-jet from a tt̄ decay, the invariant mass of the pair peaks at 120 GeV,
exactly the region of interest for a Higgs decay search. The top CRs are defined by requiring
at least one tight c-tagged jet in combination with at least one b-tagged jet using the AllSignal
strategy, as previously described. This tagging requirement renders them orthogonal to the signal
regions of the analysis, and targets the decay topology of the different top processes:

• Semi-leptonic tt̄ decay: both t follow the usual decay chain t→ b + W , with one of the W
decaying leptonically and the other one to a pair of quarks. Some events from this process
can enter the signal region when some quarks are c-tagged or if the b-jets are mistagged
or flew out of the detector acceptance. Requiring the combination of a b-tag and a c-tag
effectively selects this process, the b coming from the direct t decay and the c from a
subsequent W decay.

• Single top t-quark: predominantly the Wt process W t → W + b + W , with one W
decaying leptonically and the other hadronically. Some of these background events can
enter the signal region if the b- is missed and if a jet is c-tagged, from the extra W or if
the b-jet is mistagged. Events from the single-top t- and s-channel of the process t → b
+ W bring a smaller contribution, and the c-tagged jet must come from Initial State
Radiation (ISR) or Final State Radiation (FSR) if the b is not mistagged. Single-top is
a minor background in 0L and 1L, with the main component being the production of Wt
pairs. The t-channel and s-channel contribute less than 1% of the total background in most
regions.

Of the two processes, the tt̄ is therefore the most important one and a main background in the
0L and 1L channels. Due to their similarities, the tt̄ and Wt processes are considered as a single
top background in the analysis. In 2L, because this top background is small, no flavour-based top
CRs are introduced and a different strategy is employed where the top is directly constrained in a
pure top-eµ control region defined by requiring two charged leptons of different flavours. For the
0L and 1L channels, the expected top background normalisation and its kinematic distributions,
as given by the MC simulation, are adjusted using data in the top CRs.

The combined top background is separated into different components, depending on the true
flavour of the two candidate jets, that can be combined during the statistical analysis:

• top(bb): in this case, the two b-jets produced during the tt̄ decay are selected. This is
a small component in the signal regions of the V H(H → cc̄) analysis, due to the 70%
efficiency WP for b-tagging and the low mistag rate for b-jets in c-tagging. Naturally, in
V H(H → bb̄) it is the leading contribution. Due to the origin of the candidate jets, a large
∆Rbb̄ is expected between the two b-jets so this component is most effectively constrained
by the High ∆R CR.

• top(bc): where the b is from a t decay and the c from a subsequent W hadronic decay (or
from ISR/FSR though this is less likely). Given the definition of the top CR, this is the
dominating component in that region and the most important to constrain in the signal
regions of the V H(H → bb̄/cc̄) analyses due to its signal-like kinematics.

• top(bl): where l stands for anything not b nor c (light jets predominantly but also some
mistagged hadronic τ). This component is similar to the top(bc) as it also consists of a b
+ a jet from the W and can end up in the SRs and top CRs due to mistags.

• top(lq): where l is as above and q can be any sort of jet except a b. This is a small component
that mostly accumulates in the background-like part of the BDT score distribution. It is
not constrained in the high ∆R regions nor the top CRs.
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The signal region distributions in the 1L channel in the pVT range [150, 250] GeV are displayed
in Section C.5 of the Appendix. While the top is not the dominant background, except in the
tighter tagged TT 3-jet region, its relative contribution to the background composition increases
at signal-like values of the discriminant.

The components contributing the most in the V H(H → cc̄) side of the analysis are the
top(bc) and top(bl), due to the tagging requirement. There is very little top(bb) thanks to the
good performance of the tagger. Top(lq) is mostly found in the looser tag regions (NT, LT)
and not where the signal peaks. The philosophy behind the design of the top CR leverages the
pseudo-continuous tagging to select the highest pT b-tagged and c-tagged jets as Higgs candidates.
Thus, BL and BT regions are defined depending on whether the highest pT c-tagged jet is loose-
or tight-tagged. The regions are further split in the number of jets and the same definition is
used in the 0L channel. The full tag compositions of each region are as follows:

• 2-jet: BL: BL; BT: BT

• 3-jet: BL: BLN , BLL; BT: BTN , BTL, BTT , and BBT

In the AllSignal strategy, the Higgs candidates in the top CR are always the highest pT b- and
c-tagged jets. This selection was observed to make the top control region distributions more
closely match the distributions in the signal regions. For the fit, only the BT region is used,
as it provides sufficient control on the important top background components. The BL region
can however be studied to assess the data-MC agreement after correcting the yields of the major
backgrounds from the fit, as is shown in Figure 6.28a.

For V H(H → cc̄), the bc and bl components are the most important to constrain. In
V H(H → bb̄), while the bc component is also significant and can benefit from the top CRs, the
most important contribution comes from the bb one and is well constrained by the High ∆R
CR, since in a tt̄ decay the two produced b-jets tend to be separated by a large ∆R due to the
event topology. For the Combined Analysis, the SRs and CRs of both analyses are considered
simultaneously. The High ∆R CRs from V H(H → bb̄) are used to constrain the residual top(bb)
component in V H(H → cc̄).

C.1.3 Truth Tagging

The tagging method described in Section 6.5, referred to as direct tagging, is a cut-based method
where a jet passes or fails a threshold cut, as defined by dedicated working points in the Pseudo-
Continuous Flavour Tagging (PCFT) scheme. These WPs have a low rejection for b-jets due to
the good performance of the method. For c-jets, the tagging efficiency is low and many c-jets
end up rejected by the selection. This problem is compounded by the event selection criteria,
requiring two b-tags or at least one tight c-tag to enter the analysis’ regions. Only a part of
the events in the simulated samples satisfy these requirements, and most are discarded from the
analysis. Having sufficient Monte Carlo statistics in all regions is essential to effectively model
the backgrounds and reduce the MC statistical uncertainty. An alternative approach to direct
tagging used in the analysis to retain the large MC statistics is truth tagging. Rather than ap-
plying a pass-fail decision, truth tagging reweighs events by their probability of being selected
at a specific working point, based on truth information only available in the simulated samples.
The tagging scale factors are applied in the analysis after truth tagging.

Mathematically, truth tagging derives a per-event weight w from the tagging efficiency ϵj(x, θ)
for a given flavour jet j to be tagged at a given working point of a classifier trained on a set
of input variables x, with the assumption that the efficiency is parametrisable as a function of
several variables θ, such as the jet pT , η, ... For a set of m jets with a tagged subset Ti of
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cardinality |Ti| = n, and defining the efficiency at tagging the tagged jets as

ϵ(Ti,x, θ) =
∏
j∈Ti

ϵj(x, θ),

and the efficiency at not tagging the set of untagged jets T̃ , with |T̃i| = m− n,

ϵin(T̃i,x, θ) =
∏
j∈T̃i

(1− ϵj(x, θ)),

the expression for w can be factorised as [243]:

w =
C∑
i

ϵ(Ti,x, θ) · ϵin(T̃i,x, θ), (C.1)

where the sum is over all possible permutations of tags C. The probability of a specific configu-
ration i is given by

Pi =
ϵ(Ti,x, θ) · ϵin(T̃i,x, θ)

w
.

When deploying the technique, one possible permutation is randomly sampled to keep distinct
bins uncorrelated in the fit and the whole weight w is applied to it.

Technically, truth tagging was deployed with map-based 2D histograms pT −η parametrising
the tagging efficiency of the jets in the latest standalone V H(H → bb̄) and V H(H → cc̄) analy-
ses [141, 194]. Such histograms are called efficiency maps, leading to the implementation being
referred to map-based truth tagging. These maps were derived individually for each b-, c-, light-,
and τ -jets flavour and each working point. A further possibility is to combine direct tagging
with truth tagging into the so-called hybrid tagging strategy, in which a portion of the events are
direct tagged and the rest is truth tagged. This last approach limits the mismodelling incurred
by truth tagging and reduces the need to correct for non-closure effects.

A new approach considered for the combined analysis relies on a GNN to perform the so-called
GNN truth tagging [243]. This removes the statistical dispersion limitation of high-dimension
efficiency maps. Interestingly, it also becomes possible to include more variables to parametrise
the efficiency, leading to better agreement with the direct tagging distribution compared to
map-based truth tagging. The network builds a fully-connected graph with several layers of
message-passing updates [119], where each node represents a jet in the event1. The features per
node are the jet-level and event-level variables listed in Table C.1, with the angular separation
between the jets set as an edge between the nodes. Finally, a fully-connected NN receives the
last update graph and outputs all track-jets or jets flavour-tagging efficiencies.

In the combined analysis, truth tagging is deployed in all regimes and trained independently
for samples with different MC generators2, inclusively in all lepton channels. In the resolved
regime, the training is further separated for each background sample. The GNN truth tag-
ging is seen to improve the parametrisation of the efficiency, showing better closure with the
direct-tagged distributions than the map-based approach. However, some unclosure remains for
particular flavours. To limit this effect, hybrid tagging is also deployed in the combined analysis
with GNN truth tagging. In this hybrid tagging, b-jets are direct tagged and other jets are GNN
truth tagged in the resolved regime. In the boosted regime, all jets are truth tagged due to
the limited MC statistics. The strategies deployed in the different regimes of the analysis are
summarised in Table C.2.

1Only central jets in the resolved regime and track-jets associated with the large-R jet in the boosted regime.
2Since the scale factors are derived per generator.
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Jet features Type of variable
Jet pT
Jet η
Jet ϕ

Jet flavour label Jet level feature
Mass of pT leading b or c hadron in the jet ϕ
pT of pT leading b or c hadron in the jet ϕ
η of pT leading b or c hadron in the jet ϕ
ϕ of pT leading b or c hadron in the jet ϕ

Average number of interactions per event ⟨µ⟩ Event level variable
Angular separation between two jets ∆R Jet-pair variable

Table C.1: The input features to parametrise the efficiency in GNN truth tagging.

V H(H → bb̄) Resolved V H(H → cc̄) V H(H → bb̄) Boosted
Hybrid tagging Yes (b-jets are DT) No (fully TT) No (fully TT)
Truth tag WP 70% b & 70% b c-tight & c-tight 85% b & 85% b

MC stat. % for TT regions 100% 8% 100%
V+jets HT TT TT

single-top s/t HT TT TT
single-top Wt DT DT TT

tt̄ DT DT TT
diboson DT DT TT
signal DT DT DT

Table C.2: The tagging strategies to be used in the different regimes of the analysis, with truth
tagging (TT), direct tagging (DT), and hybrid tagging (HT).

The tagging strategy is optimised to maximise the MC statistics of the different regions and
boost the sensitivity. Truth and hybrid tagging are only deployed when they deliver a meaningful
improvement to the analysis. The full tagging strategy of the analysis is:

• Resolved V H(H → bb̄): direct tagging is used except for the V+jets and single-top s/t
processes where hybrid tagging is deployed, with both b-jets being direct tagged at the 70%
WP.

• V H(H → cc̄): similar to the resolved V H(H → bb̄), with the V+jets and single-top s/t
now fully GNN truth tagged. For V H(H → cc̄), the samples are split based on the tag
region to avoid reusing an event twice. For example, an initially LN direct-tagged event
could enter the TT region with a low truth tag weight, thereby removing the statistical
independence assumed between MC events. To correct this, only 8% of the MC statistics is
randomly sampled and truth tagged to the TT -tag region, and the rest is passed to direct
tagging (for the TL, NT , LN , and BT tags).

• Boosted V H(H → bb̄): GNN truth tagging is applied for all backgrounds except the signal
samples that are direct tagged.

Unfortunately, at the time of writing this thesis, the analysis samples were not yet fully updated
to the tagging scheme described here. Instead, the resolved V H(H → bb̄/cc̄) all use direct tag-
ging everywhere and the boosted regime uses full GNN truth tagging. Moving to the full tagging
scheme outlined above should have a small positive effect on MC statistics uncertainty and bring
smoother MC templates, reducing the noise in the fit.
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To showcase the effectiveness of the method, the direct tagged, GNN truth tagged, and map-
based truth tagged mcc distributions of the Sherpa 2.2.11 simulated W+jets in the 1-lepton
2-jet CRHigh pVT ∈ [250, 400] GeV region of the V H(H → cc̄) is displayed in Figure C.1. The
GNN truth tagging is found to be in better agreement with the direct tagged distributions in the
regions of sufficient statistics. In the W + l region, direct tagging leads to statistically depleted
regions with large uncertainties: this is effectively corrected by the GNN-based truth tagging
approach. No significant non-closures are observed for GNN truth tagging with the outlined
strategy.
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Figure C.1: Comparing the tagged mcc distribution for the V H(H → cc̄) of the Sherpa 2.2.11
simulated W+jets in 1L CRHigh 2-jet region, in the 250 GeV < pVT < 400 GeV region. TT
stands for truth tagging.

C.2 MVA Variables

This section is dedicated to the set of variables used to train the various MVAs used in the
analysis. Note that the H candidate is reconstructed by the selected jets sorted by pT and
labelled j1 and j2.

Input variables for the resolved regime:

• pVT : transverse energy of the vector boson. In 0-lepton channel, it is equivalent to the
missing transverse energy (Emiss

T ); in 1-lepton channel, it is the vector sum of Emiss
T and

the lepton pT ; in 2-lepton channel, it is the vector sum of the 2 charged lepton pT .

• pj1T and pj2T : transverse momenta of the Higgs candidate jets, with j1 having the highest
pT .

• mj1j2 or mJ : invariant mass of the reconstructed H system, depending on the analysis
regime.

• ∆R(j1, j2): angular distance between the two Higgs-candidate jets, defined as

∆R(i, j) =
√
(∆ϕ(i, j))2 + (∆η(i, j))2,

with ∆ϕ(i, j) = ϕi−ϕj the azimuthal and ∆η(i, j) = ηi− ηj the pseudorapidity distances.

• mj1j2j3 : invariant mass of two Higgs-candidate jets and the remaining jet with highest pT .
When there are only 2 jets in an event, mj1j2j3 = mj1j2 .

• ∆ϕ(V ,H): azimuthal distance between the reconstructed vector boson V and Higgs boson
candidates H.
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• binDL1r(j1), binDL1r(j2): variable showing the tagged-bin the jet or track-jet j1 belongs to
(5 possible bins, as defined in Section 6.5) - the untagged N , the loose (70% WP) and
the tight (60% WP) b-tagged, and the loose and the tight c-tagged bins. In the MVA, the
values of the two Higgs-candidate jets or track-jets are used.

•
∑

i ̸=1,2

pjiT : pT sum of non H candidate jets that have pT > 20 GeV.

• 0-lepton channel variables:

– |∆η(j1, j2)|: absolute value of the pseudorapidity distances between the two Higgs-
candidate jets or track-jets.

– min{∆R(ji, j)}i=1,2: the distance in R between the closest b- or c-tagged Higgs can-
didate jet and an additional jet with pVT> 20 GeV.

– meff: the scalar sum of the pT of all small-R jets and Emiss
T in the event.

• 1-lepton channel variables:

– mW
T : transverse mass of the W boson candidate reconstructed from the lepton and

Emiss
T , as presented in the 1L-specific selection of Section 6.5.2.

– Emiss
T : missing transverse energy.

– ∆y(V ,H): rapidity difference between the V and H.

– min [∆ϕ(l, ji)]i=1,2: distance in ϕ between the lepton and the closest b-tagged (c-
tagged) H candidate jet.

– mtop: reconstructed mass of the leptonically decaying top quark. The longitudinal
momentum of the neutrino (pνz) is first reconstructed and added to the mass of the
W boson selected to minimise the reconstructed mtop with the 2 Higgs candidates.

• 2-lepton channel variables:

– mll: invariant mass of the di-leptons system.

– cos θ(l−, Z): Z boson polarisation sensitive angle.

– Emiss
T /

√
ST: the quasi-significance of Emiss

T with ST being the scalar sum of the pT of
the leptons and jets in the event.

– ∆y(V ,H): rapidity difference between the vector boson and Higgs boson candidates.

Input variables for the boosted regime:

• mJ : leading-R jet mass, the Higgs candidate.

• pVT : same as in the resolved regime.

• pj1T , pj2T and pj3T : transverse momenta of the track-jets inside the H candidate large-R jet,
where j1 and j2 are the b-tagged sub-jets, and j3 refers to the leading additional jet.

• ∆R(j1, j2): angular distance between the two b-tagged track-jets.

• N(track-jets in J): the number of track-jets that are associated to the leading large-R jet.

• N(add. small R-jets): the number of additional small-R jets that are not associated to the
leading large-R jet, such that ∆R(small-R jet, large-R jet) > 1.0.

• ∆ϕ(V ,H): same as in the resolved regime.
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• Colour: variable exploiting the difference in colour-flow between gluon splittings and decay
from QCD singlets states. Colour is defined here as

Colour =
θ2j1j3 + θ2j2j3

θ2j1j2
,

where θ is the angle between the indexed jets, j3 is the leading additional jet, and j1 and
j2 are the H candidate jets.

• binDL1r(j1,trk), binDL1r(j2,trk): corresponds to the tagged-bin the track-jet belongs to (4
possible bins): the 85%, the 77%, the 70% and 60% b-tagging efficiency bins.

• 0-lepton channel specific variables

– Emiss
T : missing transverse energy, same as pVT .

• 1-lepton channel specific variables

– ∆y(V ,H): same as in the resolved regime.

– plT : transverse momentum of the lepton.

– (plT −Emiss
T )/pWT : proxy for the pT imbalance of the charged lepton and the neutrino

of the W -boson.

• 2-lepton channel specific variables

– ∆y(V ,H): same as in the resolved regime.

– cos θ(l−,Z): same as in the resolved regime.

209



CCCCCCCCCCC

C.3 Signal and Background Modelling

Additional information on the signal and background modelling is given in this section. Tables
C.3 and C.5 list the different acceptance uncertainties for the Z+jets and W+jets respectively
in the resolved regime. Tables C.4 and C.6 present V+jets uncertainties in the boosted regime.
The top-related uncertainties are detailed in Table C.7 for the resolved regime and Table C.8
for the boosted regime, while the single-top t is described in Tables C.9 and C.10. The diboson
uncertainties are described in Tables C.11 and C.12.

Acceptance Ratio Name Applied Value
Z+hf normalisation Z+hf floating
Z+mf normalisation Z+mf floating
Z+lf normalisation Z+lf floating
Zcc/Zbb ratio Zcc 12%
Zcc/Zbb ratio Zcc, V H(H → bb̄), 2-jet 8%
Zbl/Zbc ratio Zbl 4%
Zbc/Zcl ratio Zbc 10%
Z+hf SR/CR ratio Z+hf, 2L, SR, pVT 75-150 7%
Z+hf SR/CR ratio Z+hf, 2L, SR, pVT >150 15%
Z+hf SR/CR ratio Z+hf, 0L, SR, TopCR, pVT >150 10%
Z+hf SR/CR ratio Z+hf, 02L, SR, TopCR, pVT >250, 2-jet 30%
Z+mf SR/CR ratio Z+mf, 2L, SR, pVT 75-150 7%
Z+mf SR/CR ratio Z+mf, 0L, SR, pVT >150 5%
Z+lf CR/SR ratio Z+lf, 2L, CRLow, pVT 75-150 7%
Z+lf CR/SR ratio Z+lf, 0L, CRHigh, pVT >150 5%
Z+hf 0L/2L ratio Z+hf, 0L, 2-jet 2%
Z+hf 0L/2L ratio Z+hf, 0L, 3-jet 4%
Z+hf 0L/2L ratio Z+hf, V H(H → bb̄) 0L, 4-jet 8%
Z+mf 0L/2L ratio Z+hf, 0L, 2-jet 3%
Z+mf 0L/2L ratio Z+mf, 0L, 3-jet 8%
Z+lf 0L/2L ratio Z+lf, 0L, 2-jet 4%
Z+lf 0L/2L ratio Z+lf, 0L, 3-jet 10%

Table C.3: Z+jets acceptance uncertainties in the resolved regime.

Acceptance Ratio Name Applied Value
Z+hf normalisation Z+hf floating
Z+mf normalisation Z+hf 35%
Z+lf normalisation Z+hf 35%
Zcc/Zbb ratio Zcc in 02L 6%
Zbl/Zbc ratio Zbl in 02L 6%
Zcl/Zbc ratio Zcl in 02L 6%
Z+hf TopCR/SR ratio Z+hf, 0L, TopCR 15%
Z+mf TopCR/SR ratio Z+mf, 0L, TopCR 25%
0L / 2L ratio Z+hf & Z+mf, 0L 3%
pVT 600 / 400-600 ratio Z+hf & Z+mf, 0L & 2L 15%

Table C.4: Z+jets acceptance uncertainties in the boosted regime.
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Acceptance Ratio Name Applied Value
W+hf normalisation W+hf floating
W+mf normalisation W+mf floating
W+lf normalisation W+lf floating
W+lf normalisation W+lf 1L pVT 150-250 25%
Wcc/Wbb ratio Wcc, 1L pVT 75-150 20%
Wcc/Wbb ratio Wcc, 1L pVT >150, 2-jet 4%
Wcc/Wbb ratio Wcc, 1L pVT >150, 3-jet 15%
Wcc/Wbb ratio Wcc, V H(H → bb̄), 0L, 2-jet 4%
Wcc/Wbb ratio Wcc, V H(H → bb̄), 0L, 3-jet 10%
Wcc/Wbb ratio Wcc, V H(H → bb̄), 0L, 4-jet 10%
Wcc/Wbb ratio Wcc, V H(H → cc̄), 0L 25%
Wbc/Wcl ratio Wbc, pVT 75-150 24%
Wbc/Wcl ratio Wbc, pVT 150-250, 2-jet 24%
Wbc/Wcl ratio Wbc, pVT 150-250, 3-jet 14%
Wbc/Wcl ratio Wbc, pVT >250 14%
Wbl/Wcl ratio Wbl, pVT 75-150 29%
Wbc/Wcl ratio Wbc, pVT 150-250, 2-jet 29%
Wbc/Wcl ratio Wbc, pVT 150-250, 3-jet 22%
Wbc/Wcl ratio Wbc, pVT >250, 2-jet 19%
Wbc/Wcl ratio Wbc, pVT >250, 3-jet 12%
Wbc/Wcl ratio Wbc, 0L, 4-jet 8%
Wqτ/Wcl ratio Wcτ , Wbτ 20%
Wlτ/Wcl ratio Wlτ , Wττ 9%
W+hf CRHigh / SR+CRLow ratio W+hf, 1L, CRHigh, pVT 75-150, 2-jet 3%
W+hf CRHigh / SR+CRLow ratio W+hf, 1L, CRHigh, pVT 75-150, 3-jet 7%
W+hf CRHigh / SR+CRLow ratio W+hf, 1L, CRHigh, pVT 150-250, 2-jet 30%
W+hf CRHigh / SR+CRLow ratio W+hf, 1L, CRHigh, pVT 150-250, 3-jet 10%
W+hf CRHigh / SR+CRLow ratio W+hf, 1L, CRHigh, pVT >250, 2-jet 50%
W+hf CRHigh / SR+CRLow ratio W+hf, 1L, CRHigh, pVT >250, 3-jet 20%
W+hf CRHigh / SR+CRLow ratio W+hf, 0L, CRHigh, 2-jet 30%
W+hf CRHigh / SR+CRLow ratio W+hf, 0L, CRHigh, 3-jet 20%
W+hf CRHigh / SR+CRLow ratio W+hf, 0L, CRHigh, pVT 150-250, 4-jet 10%
W+hf CRHigh / SR+CRLow ratio W+hf, 0L, CRHigh, pVT >250, 4-jet 15%
W+hf SR / CRLow ratio W+hf, 1L, SR, topCR, pVT 75-150, 2-jet 33%
W+hf SR / CRLow ratio W+hf, 1L, SR, topCR, pVT 75-150, 3-jet 3%
W+hf SR / CRLow ratio W+hf, 1L, SR, topCR, pVT 150-250, 2-jet 65%
W+hf SR / CRLow ratio W+hf, 1L, SR, topCR, pVT 150-250, 3-jet 7%
W+hf SR / CRLow ratio W+hf, 1L, SR, topCR, pVT >250, 2-jet 20%
W+hf SR / CRLow ratio W+hf, 1L, SR, topCR, pVT >250, 3-jet 13%
W+mf CRHigh / SR ratio W+mf, 1L, CRHigh, CRLow, pVT 75-150, 2-jet 2%
W+mf CRHigh / SR ratio W+mf, 1L, CRHigh, CRLow, pVT 75-150, 3-jet 5%
W+mf SR / CRHigh ratio W+mf, 01L, SR, topCR, CRLow pVT 150-250 7%
W+mf SR / CRHigh ratio W+mf, 01L, SR, topCR, CRLow pVT >250 16%
W+lf CRHigh / SR ratio W+lf, 1L, CRHigh, pVT 75-150, 2-jet 5%
W+lf CRHigh / SR ratio W+lf, 1L, CRHigh, pVT 75-150, 3-jet 10%
W+lf CRHigh / SR ratio W+lf, 01L, CRHigh, pVT 150-250, 2-jet 5%
W+lf CRHigh / SR ratio W+lf, 01L, CRHigh, pVT 150-250, 3-jet 10%
W+lf CRHigh / SR ratio W+lf, 01L, CRHigh, pVT >250, 2-jet, 3-jet 17%
W+hf 4-jet / 3-jet ratio W+hf, 0L, pVT 150-250, 4-jet 12%
W+hf 4-jet / 3-jet ratio W+hf, 0L, pVT >250, 4-jet 20%
W+hf 0L / 1L ratio W+hf, 0L, pVT 150-250, 2-jet 30%
W+hf 0L / 1L ratio W+hf, 0L, pVT 150-250, 3(+)-jet 20%
W+hf 0L / 1L ratio W+hf, 0L, pVT >250, 2-jet 20%
W+hf 0L / 1L ratio W+hf, 0L, pVT >250, 3(+)-jet 13%
W+mf 0L / 1L ratio W+mf, 0L, pVT 150-250, 2-jet 3%
W+mf 0L / 1L ratio W+mf, 0L, pVT 150-250, 3-jet 8%
W+mf 0L / 1L ratio W+mf, 0L, pVT >250 10%
W+lf 0L / 1L ratio W+lf, 0L 4%

Table C.5: The W+jets acceptance uncertainties in the resolved regime.
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Acceptance Ratio Name Applied Value
W+hf normalisation W+hf floating
W+mf normalisation W+hf 36%
W+lf normalisation W+hf 38%
Wcc/Wbb ratio Wcc 11%
Wcl/Wbc ratio Wcl 15%
Wbl/Wbc ratio Wbl 9%
W+hf TopCR / SR ratio W+hf, 0L & 1L, TopCR 27%
W+mf TopCR / SR ratio W+mf, 0L & 1L, TopCR 20%
W+lf TopCR / SR ratio W+lf, 0L & 1L, TopCR 16%
0L / 1L ratio All, 0L 20%
pVT >600 / 400-600 GeV ratio W+mf & W+lf, 0L & 1L 3%

Table C.6: The W+jets acceptance uncertainties in the boosted regime.

Acceptance Ratio Name Applied Value
Top(bb) normalisation 0L & 1L, decorr in Njet& pVT floating
Top(bb) normalisation V H(H → cc̄) eµ CR 2L floating
Top(bq/qq) normalisation 0L & 1L, decorr in Njet & pVT floating
Top bl / bc Ratio 01L, top(bl) 5 %
Top qq / bc+ bl ratio 01L, top(qq) 10 %
Top(bb) CRLow+SR / CRHigh ratio 01L, CRLow, SR, topCR, top(bb) 2 % (75-250 GeV) 8 % (250-400 GeV)
Top(bb) CRLow / SR ratio V H(H → bb̄) 1L, CRLow, top(bb) 2.5 % (75-150 GeV) 9 % (150-400 GeV)
Top(bq/qq) CRHigh / CRLow+SR ratio 01L, CRHigh, top(bq/qq) 4 % (75-250 GeV) 10 % (250-400 GeV)
Top(bq/qq) CRLow / SR ratio V H(H → bb̄) 1L, CRLow, top(bq/qq) 2.5 % (75-250 GeV) 4 % (250-400 GeV)
Top SR / top eµ CR V H(H → bb̄) 2L 0.8%
Wt / tt̄ ratio 0L, Wt(bb) 22 % (150-250 GeV) 48 % (250-400 GeV)
Wt / tt̄ ratio 1L, Wt(bb) 15 % (75-150 GeV) 13 % (150-400 GeV)
Wt / tt̄ ratio 01L, Wt(bq/qq) 12 % (75-250 GeV) 18 % (250-400 GeV)
Top 0L / 1L ratio 0L 2 % (150-250 GeV) 8 % (250-400 GeV)
CARL ME top shape 01L −
CARL PS top shape 01L −
Wt DS/DR shape + normalisation Wt, 01L −
ISR top shape 01L −
FSR top shape 01L −

Table C.7: Resolved regime top (tt̄ + Wt) uncertainties.

Acceptance Ratio Name Applied Value
tt̄ normalisation tt̄, 01L, decorr. in pVT floating
tt̄ normalisation tt̄, 2L 20%
Wt normalisation Wt, 012L 25%
tt̄ SR / TopCR ratio tt̄, 01L, SR 10%
tt̄ 0L / 1L ratio tt̄, 0L 6% (400-600 GeV) 20% (600+ GeV)
Wt 0L / 1L ratio Wt, 0L 20% (400-600 GeV) 40% (600+ GeV)
Wt pVT >600 / 400-600 GeV ratio Wt, 01L 400-600 GeV 20%
CARL ME tt̄ shape tt̄, 01L −
CARL PS tt̄ shape tt̄, 01L −
CARL ME Wt shape Wt, 01L −
CARL PS Wt shape Wt, 01L −
ISR tt̄ shape tt̄, 01L −
FSR tt̄ shape tt̄, 01L −
ISR Wt shape Wt, 01L −
FSR Wt shape Wt, 01L −

Table C.8: Boosted regime tt̄ and Wt uncertainties.
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Acceptance Ratio Name Applied Value
stop-t normalisation 01L, all regions 17 %
stop-t CRLow+CRHigh / SR ratio 1L, 75-150 GeV, CRHigh and CRLow 3 %
stop-t CRLow / CRHigh ratio 1L, 75-150 GeV, CRLow 6 %
stop-t CRLow+SR / CRHigh ratio 01L, SR, TopCR, CRLow, decorr. 150-250 and 250-400 GeV 6 %
stop-t CRLow / SRratio 01L, CRLow, decorr. 150-250 and 250-400 GeV 17 %
stop-t 2-jet / 3-jet ratio 01L, 2-jet region 15 %
stop-t 4-jet / 2+3-jet ratio 0L, 4-jet region 15 %
stop-t pVT 150-400 / 75-150 ratio 01L, decorr. 150-250 and 250-400 GeV 7 %
stop-t pVT 250-400 / 150-250 ratio 01L, 250-400 GeV 15 %
stop-t 0L / 1L 0L 6 %
CARL ME stop-t shape 01L −
CARL PS stop-t shape 01L −
ISR stop-t shape 01L −
FSR stop-t shape 01L −

Table C.9: Resolved regime single-top t (stop-t) uncertainties. The single-top s is applied a
global 4.6% normalisation.

Acceptance Ratio Name Applied Value
stop-t normalisation 01L, all regions 10 %
ISR stop-t shape 01L −
FSR stop-t shape 01L −

Table C.10: Boosted regime single-top t (stop-t) uncertainties.

Acceptance Ratio Name Production mode Decay component Value & Application
ZZ normalisation qqZZ All 17%
WZ normalisation qqWZ All 27%
WW normalisation qqWW All 16%
ggV V normalisation ggV V All 30%
ZZ LP / HP ratio qqZZ V Zbb, V Zcc 10% in 0L LP
WZ LP / HP ratio qqWZ V Zbb, V Zcc 15% in 01L LP
ZZ 0L / 2L ratio qqZZ V Zbb 7%
ZZbkg 0L / 2L ratio qqZZ V Zbkg 10%
WhadZlepbkg 0L / 2L ratio qqWZ VWbkg 10%
ZZ 0L / 2L ratio qqZZ V Zbb 7%
WZ 0L / 1L ratio qqWZ V Zbb 7%
WW 0L / 1L ratio qqWZ qqWW 10%
WlepZhadbkg 0L / 1L ratio qqWZ V Zbkg 10%
ZZ pVT >600 / 400-600 ratio qqZZ ZZbb, ZZcc 8% in 02L L
WZ pVT >600 / 400-600 ratio qqWZ V Zbb, V Zcc 40% (0L) - 7% (1L)
WW pVT >600 / 400-600 ratio qqWW qqWW 10% in 01L
WlepZhadbkg pVT >600 / 400-600 ratio qqWZ V Zbkg 30% in 01L
WhadZlepbkg pVT >600 / 400-600 ratio qqWZ VWbkg 30% in 02L
ZZbkg pVT >600 / 400-600 ratio qqZZ V Zbkg 10% in 02L
QCD scale ZZ pVT >600 / 400-600 qqZZ V Zbb, V Zcc -1.6% to 7.6% in 02L
QCD scale WZ pVT >600 / 400-600 qqWZ V Zbb, V Zcc -2.2% to 10.6% in 01L
QCD scale ZZ LP / HP qqZZ V Zbb, V Zcc -17.8% to 16.3% 0L
QCD scale WZ LP / HP qqWZ V Zbb, V Zcc -42.2% to 19.2% 01L
Carl ZZ PwPy8 / Sh2211 qqZZ All 02L
Carl ZZ Sh221 / Sh2211 qqZZ All 02L
Carl WZ PwPy8 / Sh2211 qqZZ All 01L
Carl WZ Sh221 / Sh2211 qqZZ All 01L
QCD scale largest shape qqVV All 12L
EW largest shape qqVV All 12L

Table C.11: Diboson uncertainties in the boosted regime.
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Acceptance Ratio Name Production mode Decay component Value & Application
ZZ normalisation qqZZ All 17%
WZ normalisation qqWZ All 19%
WW normalisation qqWW All 16%
ggV V normalisation ggV V All 30%
ZZ CRHigh / SR ratio qqZZ V Zbb, V Zcc 20% (0L) & 12%-20% (2L)
WZ CRHigh / SR ratio qqWZ V Zbb, V Zcc 12% (0L) & 13%-20% (1L)
WZ CRLow / SR+CRHigh ratio qqWZ V Zbb, V Zcc 50%-18% in 1L
WW CRHigh / SR ratio qqWW VWbkg 10% (0L) & 16% (1L)
WhadZlep CRHigh / SR ratio qqWZ VWbkg 14%-12%-17% in 0-1-2L
WlepZhad CRHigh / SR ratio qqZZ V Zbkg 10% (0L) & 11 % (1L)
ZZbkg CRHigh / SR ratio qqWZ V Zbb, V Zbkg 6% (0L) & 7% (2L)
ZZ 3-jet / 2-jet ratio qqZZ V Zbb, V Zcc 10% in 02L
WZ 3-jet / 2-jet ratio qqWZ V Zbb, V Zcc 22% in 01L
ZZ 4-jet / 3-jet ratio qqZZ V Zbb, V Zcc 16% (0L) & 30% (2L)
WZ 4-jet / 3-jet ratio qqWZ V Zbb, V Zcc 16% in 0L
WW 3p-jet / 2-jet ratio qqWW VWbkg 12% in 01L
WhadZlep 3p-jet / 2-jet ratio qqWZ VWbkg 13%-10%-24% in 0L-1L-2L
WlepZhad 3p-jet / 2-jet ratio qqWZ V Zbkg 14% in 0L & 11% in 1L
ZZbkg 3-jet / 2-jet ratio qqZZ V Zbkg 10% (0L) & 13% (2L)
WlepZhad 4p-jet / 3-jet ratio qqWZ V Zbkg 14% (0L)
WhadZlep 4p-jet / 3-jet ratio qqWZ VWbkg 13% (0L) & 37% (2L)
ZZbkg 4p-jet / 3-jet ratio qqZZ V Zbkg 10% (0L) & 42% (2L)
ZZ 0L / 2L ratio qqZZ V Zbb, V Zcc 2%-3.5%-23% in 2-, 3-, 4-jet 0L
WhadZlep 0L / 2L ratio qqWZ VWbkg 10% in 0L
ZZbkg 0L / 2L ratio qqZZ V Zbkg 13% in 0L
WZ 0L / 1L ratio qqWZ V Zbb, V Zcc 4%-10% in 2-, 3-jet 0L
WW 0L / 1L ratio qqWW VWbkg 6% in 0L
WlepZhad 0L / 1L ratio qqWZ V Zbkg 4% in 0L
ZZ pVT 250-400 / 150-250 ratio qqZZ V Zbb, V Zcc 3%-9% in 02L
ZZ pVT 75-150 / 150-250 ratio qqZZ V Zbb, V Zcc 6% in 2L
WZ pVT 250-400 / 150-250 ratio qqWZ V Zbb, V Zcc 4%-16% (0L) & 4% (1L)
WZ pVT 75-150 / 150-250 ratio qqWZ V Zbb, V Zcc 2%-5% in 1L
WW pVT 250-400 / 150-250 ratio qqWW VWbkg 7% in 1L
WW pVT 75-150 / 150-250 ratio qqWW VWbkg 7% in 1L
WhadZlep p

V
T 75-150 / 150-250 ratio qqWZ VWbkg 4% in 12L

WlepZhad p
V
T 75-150 / 150-250 ratio qqWZ V Zbkg 5% (1L)

ZZbkg pVT 150-250 / 75-150 ratio qqZZ V Zbkg 4% 2L
WW pVT 250-400 / 150-250 ratio qqWW VWbkg 7% in 01L
WhadZlep p

V
T 250-400 / 150-250 ratio qqWZ VWbkg 10% in 012L

WlepZhad p
V
T 250-400 / 150-250 ratio qqWZ V Zbkg 9% in 012L

ZZbkg pVT 250-400 / 150-250 ratio qqZZ V Zbkg 8% in 02L
QCD scale ZZ pVT 150-400 / 75-150 qqZZ V Zbb, V Zcc -3.2% to 7.8% in 12L
QCD scale WZ pVT 150-400 / 75-150 qqWZ V Zbb, V Zcc -3.1% to 5.8% in 12L
QCD scale ZZ pVT 250-400 / 150-250 qqZZ V Zbb, V Zcc -2.4% to 8.4%
QCD scale WZ pVT 250-400 / 150-250 qqWZ V Zbb, V Zcc -1.6% to 7.9%
QCD scale ZZ 3(p)-jet / 2-jet qqZZ V Zbb, V Zcc -35.6% to 19.9%
QCD scale WZ 3(p)-jet / 2-jet qqWZ V Zbb, V Zcc -37.4% to 16.2%
QCD scale ZZ 4(p)-jet / 3-jet qqZZ V Zbb, V Zcc -30% to 32% in 02L
QCD scale WZ 4(p)-jet / 3-jet qqWZ V Zbb, V Zcc -14.7% to 23.2% in 0L
Carl ZZ PwPy8 / Sh2211 qqZZ All 02L
Carl ZZ Sh221 / Sh2211 qqZZ All 02L
Carl WZ PwPy8 / Sh2211 qqZZ All 01L (2L in V H(H → cc̄) only)
Carl WZ Sh221 / Sh2211 qqZZ All 01L (2L in V H(H → cc̄) only)
Carl WW PwPy8 / Sh2211 qqZZ All 01L in V H(H → cc̄)
Carl WW Sh221 / Sh2211 qqZZ All 01L in V H(H → cc̄)
QCD scale largest shape qqVV All Inclusive region in 12L
EW largest shape qqVV All Inclusive region in 12L

Table C.12: Diboson uncertainties in the resolved regime.
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C.4 Top Modelling Uncertainties in the Fit

There are many processes of relevance in a complex analysis such as the V H(H → bb̄/cc̄). These
must be individually modelled, with studies of the pulls of the different systematics required to
verify the fit correctly accounts for the contribution of the backgrounds to the analysis. The risk
with such a complex fit structure, with a large number of NPs necessary to model a large variety
of effects, is to give the fit too much freedom and, in a sense, overfit to the data distributions.
To highlight the process, some top-related pulls are shown in Figure C.2, with pulls displayed for
both top acceptance uncertainties and CARL shape systematics. Again, there is good agreement
for most pulls between the V H and V Z analyses. In the acceptance systematics part, a very large
significant pull is observed for the so-called “MetTrigTop”, an Emiss

T trigger related experimental
uncertainty derived from the top-process, as described in 6.7.

Figure C.2: Some top nuisance parameters related to acceptance uncertainties (top) and CARL
shapes (bottom) in the combined analysis targeting the V H(H → bb̄/cc̄) in blue, versus the
cross-check analysis V Z(→ bb̄/cc̄) in green.

Other uncertainties presented cover the region extrapolation for the single-top t (left) and
combined top process (right), as well as Njet and pVT (for single-top t), lepton channel extrapola-
tions, and the extrapolation from the top e/µ CR. Most of the NPs are not significantly pulled,
with little constraining. This indicates that the fit is not very sensitive nor requires the effect
they implement. One exception is the top(bb) extrapolation from the CRHigh in 75 GeV < pVT <
150 GeV with 2-jet: the NP is largely pulled, and even more so in the V Z cross-check analysis.
This feature can be understood from the large presence of V+jets and top in the 0L and 1L
CRHigh, leading to an interplay between the two processes when shifting the focus towards the
signal part of V+jets. This interplay is visible in the correlation of the boosted tt̄ and W+hf in
Figure 6.31.
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C.5 Analysis Postfit Regions

C.5.1 Resolved Postfit Regions

All regions in the resolved regime of the combined V H(H → bb̄/cc̄) analysis after the condi-
tional fit to data of Section 6.9 are presented here, organised by increasing number of charged
lepton channels (0L, 1L, 2L). The distributions indicate the pre-fit expectations of the sum of
processes in dashed blue lines and highlight multiples (for visibility) of either the V H(H → bb̄)
or V H(H → cc̄) signal distributions in red lines. The distribution variables presented, BDT, pVT ,
etc., correspond to the one used in the fit. Figures C.3, C.5, and C.8 are the BB-tagged signal
regions. The 2 c-tagged SRs are displayed in Figures C.10, C.15, and C.21. The 1 c-tagged SRs
are displayed in Figures C.11, C.16, and C.22.

The different control regions presented can be grouped as:

• The BB-tagged High ∆R CRs in Figures C.4, C.6, and C.9.

• The c-tagged (TN , TL, and TT ) High ∆R CRs in Figures C.12, C.13, C.17, C.18, C.23,
and C.24.

• The 1L BB-tagged Low ∆R CRs in Figure C.7.

• The 1L and 2L V + l CRs (LN -tagged) in Figures C.20 and C.25.

• The 0L and 1L top CRs BT -tagged in Figures C.14 and C.19.

• The 2L top eµ CRs with ≥ 1 T -tag in Figure C.26.

C.5.2 Boosted Postfit Regions

This section presents the boosted regime regions after the conditional fit, with Figure C.27
presenting the 0L regions, Figure C.28 the 1L regions, and Figure C.29 the 2L regions. The
distribution variables presented correspond to the ones used in the fit.
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(a) 150 < pVT < 250 GeV, 2-jet (left), 3-jet (centre), and 4-jet (right).

(b) 250 < pVT < 400 GeV, 2-jet (left), 3-jet (centre), and 4-jet (right).

Figure C.3: BDT distributions in the 0L BB-tagged signal regions.

(a) 150 < pVT < 250 GeV, 2-jet (left), 3-jet (centre), and 4-jet (right).

(b) 250 < pVT < 400 GeV, 2-jet (left), 3-jet (centre), and 4-jet (right).

Figure C.4: pVT distributions in the 0L BB-tagged High ∆R CRs.
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(a) 75 < pVT < 150 GeV.

(b) 150 < pVT < 250 GeV.

(c) 250 < pVT < 400 GeV.

Figure C.5: BDT distributions in the 1L BB-tagged signal regions, 2-jet (left) and 3-jet (right).
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(a) 75 < pVT < 150 GeV.

(b) 150 < pVT < 250 GeV.

(c) 250 < pVT < 400 GeV.

Figure C.6: pVT distributions in the 1L BB-tagged High ∆R CRs, 2-jet (left) and 3-jet (right).
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(a) 75 < pVT < 150 GeV.

(b) 150 < pVT < 250 GeV.

(c) 250 < pVT < 400 GeV.

Figure C.7: mvaCRLow distributions in the 1L BB-tagged Low ∆R CRs, 2-jet (left) and 3-jet
(right).
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(a) 75 < pVT < 150 GeV.

(b) 150 < pVT < 250 GeV.

(c) 250 < pVT < 400 GeV.

Figure C.8: BDT distributions in the 2L BB-tagged signal regions, 2-jet (left), 3-jet (centre),
and ≥4-jet (right).
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(a) 75 < pVT < 150 GeV.

(b) 150 < pVT < 250 GeV.

(c) 250 < pVT < 400 GeV.

Figure C.9: pVT distributions in the 2L BB-tagged High ∆R CRs, 2-jet (left), 3-jet (centre), and
≥4-jet (right).
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(a) 150 < pVT < 250 GeV.

(b) 250 GeV < pVT .

Figure C.10: BDT distributions in the 0L 2 c-tagged signal regions, 2-jet (left) and 3-jet (right).

(a) 150 < pVT < 250 GeV.

(b) 250 GeV < pVT .

Figure C.11: BDT distributions in the 0L 1 c-tagged signal regions, 2-jet (left) and 3-jet (right).
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(a) 150 < pVT < 250 GeV, TN - (left), LT - (centre), and TT -tag (right).

(b) 250 GeV < pVT , TN - (left), LT - (centre), and TT -tag (right).

Figure C.12: H-candidate mass distributions in the 0L 2-jet High ∆R CRs.

(a) 150 GeV < pVT < 250 GeV, TN - (left), LT - (centre), and TT -tag (right).

(b) 250 GeV < pVT , TN - (left), LT - (centre), and TT -tag (right).

Figure C.13: H-candidate mass distributions in the 0L 3-jet High ∆R CRs.
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(a) 150 < pVT < 250 GeV.

(b) 250 GeV < pVT < 400 GeV.

Figure C.14: H-candidate mass distributions in the 0L BT -tagged top CRs, 2-jet (left), 3-jet
(centre), and 4-jet (right).
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(a) 2-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

(b) 3-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

Figure C.15: BDT distributions in the 1L 2 c-tagged signal regions.

(a) 2-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

(b) 3-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

Figure C.16: BDT distributions in the 1L 1 c-tagged signal regions.
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(a) 75 < pVT < 150 GeV (TN not included).

(b) 150 < pVT < 250 GeV.

(c) 250 GeV < pVT .

Figure C.17: TN -tagged pVT distributions (left) and LT - (centre) and TT -tagged (right) H-
candidate mass distributions in the 1L High ∆R CR 2-jet regions.
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(a) 75 < pVT < 150 GeV (TN not included).

(b) 150 < pVT < 250 GeV.

(c) 250 GeV < pVT .

Figure C.18: TN -tagged pVT distributions (left) and LT - (centre) and TT -tagged (right) H-
candidate mass distributions in the 1L High ∆R CR 3-jet regions.
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(a) 2-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

(b) 3-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

Figure C.19: H-candidate mass distribution in the 1L BT -tagged top CRs.

(a) 2-jet.

(b) 3-jet.

Figure C.20: pVT distributions in the 1L LN -tagged V + l CR [150, 250] GeV (left) and 250 GeV
≤ (right) pVT regions.
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(a) 2-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

(b) ≥3-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

Figure C.21: BDT distributions in the 2L 2 c-tagged signal regions.

(a) 2-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

(b) ≥3-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

Figure C.22: BDT distributions in the 2L 1 c-tagged signal regions.
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(a) 75 < pVT < 150 GeV.

(b) 150 < pVT < 250 GeV.

(c) 250 GeV < pVT .

Figure C.23: TN -tagged pVT distributions (left) and the LT - (centre) and TT -tagged (right)
H-candidate mass distributions in the 2L High ∆R CR 2-jet regions.
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(a) 75 < pVT < 150 GeV.

(b) 150 < pVT < 250 GeV.

(c) 250 GeV < pVT .

Figure C.24: TN -tagged pVT distributions (left) and the LT - (centre) and TT -tagged (right)
H-candidate mass distributions in the 2L High ∆R CR 3-jet regions.
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(a) 2-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

(b) ≥3-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

Figure C.25: pVT distributions in the 2L LN -tagged V + l CRs.

(a) 2-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

(b) ≥3-jet, [75, 150] GeV (left), [150, 250] GeV (centre), and 250 GeV ≤ (right) pVT regions.

Figure C.26: pVT distributions in the 2L top eµ CR with ≥1 T -tagged regions.
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(a) BDT distributions in the pVT ∈ [400, 600] GeV (left - high and low purity combined) and the pVT ≥
600 GeV (right) signal regions.

(b) H-candidate mass distributions in pVT ∈ [400, 600] GeV (left) and pVT ≥ 600 GeV (right) boosted top
CR.

Figure C.27: The boosted 0L BB-tagged regions.
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(a) BDT distributions in the pVT ∈ [400, 600] GeV (left - high and low purity combined) and the pVT ≥
600 GeV (right) signal regions.

(b) H-candidate mass distributions in the pVT ∈ [400, 600] GeV (left) and pVT ≥ 600 GeV (right) boosted
top CR.

Figure C.28: The boosted 1L BB-tagged regions.

Figure C.29: BDT distributions in the boosted 2L BB-tagged signal regions, pVT ∈ [400, 600]
(left) and pVT ≥ 600 GeV (right).
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