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Abstract
Flavour tagging is a crucial tool in particle physics since it allows to identify the flavour of
heavy hadrons inside hadronic jets. This is especially important for challenging analyses
like the search for the tt̄H(→ bb̄) signal. This search suffers from a large irreducible tt̄+ bb̄
background which contains the same particles in the final state as the signal. In the
background process, a radiated gluon can split into a bb̄ pair, which can lead to a single jet
that contains two b-hadrons (bb -jet). A successful identification of bb -jets could allow for
a better rejection of this background. However, this is not possible with common flavour-
tagging algorithms. In order to enable bb -jet identification, an extended flavour-tagging is
presented in this thesis. The design of this algorithm is built on the deep-learning-based
flavour-tagging algorithm DL1d, which combines the output of multiple low-level algorithms
and is used in the ATLAS experiment in Run III. One of those low-level algorithms is the
DIPS algorithm, which is based on the machine-learning concept of Deep Sets. The DL1d
tagger receives an additional output category for bb -jets, which is done in two stages. First,
the DIPS algorithm itself is extended (bb -DIPS), which exploits the information of the
tracks that are associated to the jet. Afterwards, an extended version of DL1d (bb -DL1d)
is implemented, which combines the output of bb -DIPS with the output of two other low-
level algorithms. Furthermore, optimisation studies regarding the definition of the tagger
discriminant are performed. The final bb -DL1d tagger is able to successfully identify bb -jets
while still performing well in single-b-tagging. At a 70 % single-b-jet identification efficiency,
bb -DL1d achieves a bb -jet rejection of 8.7± 0.3. Moreover, the same algorithm outperforms
the ATLAS DL1r tagger used in Run II, by reaching a 27 % larger c -jet rejection while
performing equally well in light-flavour-jet rejection at a 70 % inclusive b -jet efficiency.
Finally, first steps regarding a cut in a two-dimensional discriminant plane are presented,
providing an outlook for future applications of bb -DL1d.



Kurzzusammenfassung
Flavour-Tagging ist ein wichtiges Tool in der Teilchenphysik, da es die Identifizierung des
Flavours von schweren Hadronen in hadronischen Jets ermöglicht. Dies gilt insbesondere
für anspruchsvolle Analysen wie die Suche nach dem tt̄H(→ bb̄) - Signal. Diese Messung
leidet unter einem großen irreduziblen tt̄+bb̄ - Untergrund, der die gleichen Teilchen im En-
dzustand enthält wie der Signalprozess. Im Untergrundprozess kann sich ein abgestrahltes
Gluon in ein bb̄-Paar aufspalten, was zu einem einzigen Jet führen kann, der zwei b-Hadronen
enthält (bb-Jet). Eine erfolgreiche Identifizierung von bb-Jets könnte eine bessere Unter-
drückung dieses Untergrundes ermöglichen. Dies ist jedoch mit den üblichen Flavour-
Tagging-Algorithmen nicht möglich. Um die Identifizierung von bb-Jets zu ermöglichen,
wird in dieser Arbeit ein erweiterter Flavour-Tagging-Algorithmus präsentiert. Das Design
dieses Algorithmus basiert auf dem Deep-Learning basierten Flavour-Tagging-Algorithmus
DL1d, welcher die Ergebnisse mehrerer Low-Level Algorithmen kombiniert und im ATLAS-
Experiment in Run III verwendet wird. Einer dieser Low-Level-Algorithmen ist der DIPS-
Algorithmus, welcher auf dem Machine-Learning-Konzept der Deep Sets basiert. Der DL1d-
Tagger erhält eine zusätzliche Klassifizierungskategorie für bb-Jets. Zunächst wird der
DIPS-Algorithmus erweitert (bb -DIPS), welcher die Informationen der dem Jet zugeord-
neten Tracks ausnutzt. Danach wird eine erweiterte Version von DL1d (bb -DL1d) im-
plementiert, welcher die Ergebnisse von bb -DIPS mit den Ergebnissen von zwei anderen
Low-Level-Algorithmen kombiniert. Außerdem werden Optimierungsstudien zur Definition
der Tagger-Diskriminante durchgeführt. Der endgültige bb -DL1d-Tagger ist in der Lage, bb-
Jets erfolgreich zu identifizieren und gleichzeitig eine gute Leistung in Single-b-Tagging zu
erzielen. Bei einer 70 % Erkennungseffizienz von Single-b-Jets erreicht bb -DL1d eine bb-Jet-
Rückweisung von 8.7± 0.3. Darüber hinaus übertrifft derselbe Algorithmus den in ATLAS
für Run II verwendeten DL1r-Tagger, indem er eine um 27 % höhere c -jet-Rückweisung
erreicht, während er bei einer b -jet-Effizienz von 70 % die gleiche Leistung bei der Rück-
weisung von Light-Flavour-Jets zeigt. Abschließend werden erste Schritte bezüglich eines
Schnitts in einer zweidimensionalen Diskriminantenebene vorgestellt, die einen Ausblick auf
zukünftige Anwendungen von bb -DL1d geben.
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1. Introduction

The Standard Model (SM) of particle physics is one of the most successful theories in phys-
ics. It describes the elementary particles that make up our universe and the interactions
between these particles at very high precision. However, despite its success, many questions
are still unsolved and thus both the SM itself and physics beyond the SM are an important
area of current physics research.

One of the biggest achievements in experimental particle physics was the discovery of the
Higgs boson in 2012, which was realised by the ATLAS and CMS experiments at the
Large Hadron Collider (LHC) [1, 2]. Finding a signal that is compatible with the Higgs
boson as predicted by the SM allowed a much deeper understanding of our universe, since
it is essential for our understanding of how massive particles acquire their mass. However,
some properties of the Higgs boson and its interactions with other particles are still to
be measured with high precision. One such measurement is the search for the tt̄H(→ bb̄)
signal performed by the ATLAS experiment [3]. In the tt̄H(→ bb̄) process, a Higgs boson
is produced in association with a top-antitop-quark pair and decays itself into a bottom-
antibottom-quark pair. This production mode of the Higgs boson makes up only a small
fraction of the overall produced Higgs bosons at the LHC. Hence, advanced analysis and
reconstruction methods are required to observe this process.

In this thesis, a certain aspect of this analysis chain is studied in more detail, which is
the method of jet flavour tagging. Quarks cannot be measured directly in the detector.
Instead, they undergo the process of fragmentation and hadronisation, which leads to the
formation of bound, colourless states, called hadrons. In a particle detector, this final
state can be measured in the form of hadronic jets, which are clustered from the tracks of
charged particles and energy deposits in the calorimeter. Flavour tagging allows to identify
the flavour of the hadrons inside the jet and relies heavily on machine-learning techniques.
Flavour tagging is a crucial tool in the tt̄H(→ bb̄) measurement, due to the large number

of quarks that are involved in this process. Moreover, the tt̄H(→ bb̄) measurement suffers
from a large irreducible tt̄ + bb̄ background. In this background process, a radiated gluon
can split into a b-quark pair, potentially leading to the formation of a bb -jet, which is a
jet that contains two b-hadrons. As motivated in Refs. [4, 5], being able to identify bb -jets
could improve the identification of those background events and thus allow to define cleaner
signal regions in the analysis.
The studies presented in this work investigate the design and training of a Deep-Sets-

based flavour-tagging algorithm that is not just able to differentiate between the commonly
used target classes used in flavour tagging, but is also able to identify if a jet was initiated
by two bottom quarks.

An overview of the Standard Model is given in Chapter 2, followed by an introduction to
physics at hadron colliders in Chapter 3. The ATLAS detector and the LHC at CERN are
described in Chapter 4. An introduction to the core concepts of machine learning with deep
neural networks is given in Chapter 5. The overall concept of flavour tagging as well as the
corresponding algorithms that are used in ATLAS are introduced in Chapter 6. Afterwards,
the training and performance studies of the extended flavour-tagging algorithm is presented
in Chapter 7 and Chapter 8. Finally, the results of this thesis are summarised in Chapter 9.
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2. The Standard Model of Particle Physics

The Standard Model (SM) is a theoretical framework that describes the fundamental in-
teractions between elementary particles. It includes the electromagnetic, weak and strong
force, while the gravitational force is not described by the SM.
The particle content of the SM is shown in Figure 2.1. It consists of fermions and their

anti-particles, gauge bosons and the Higgs boson. Fermions are spin 1/2 particles and are
further divided into leptons and quarks while gauge bosons carry a spin of 1 and represent
the mediators of the fundamental forces. The Higgs boson is the only particle in the SM
that has a spin of 0. Both leptons and quarks can be grouped in three generations, where the
particles of each generation are heavier copies of the particles from the preceding generation.
However, all visible matter that surrounds us contains almost exclusively first-generation
fermions1.
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Figure 2.1.: Particle content of the Standard Model. Graphic adapted from [6, 7] and
mass values taken from [8].

The electromagnetic force is mediated by the massless photon, which couples to all fer-
mions that carry electric charge. The electric charge is usually expressed as multiples of
the electric charge of the electron e = 1.602 176 634× 10−19 C [8]. While electrons, muons
and taus carry an electric charge of 1 e, up-type quarks and down-type quarks carry an
electric charge of 2/3 e and −1/3 e, respectively. The mediators of the weak force are three
massive particles, namely the charged W± bosons and the electrically neutral Z boson.
The W± bosons are the only particles that can change the flavour of quarks via the trans-

1Atoms consist of electrons and and nucleons, and the nucleons are made of up and down quarks.
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2. The Standard Model of Particle Physics

ition q → Wq′, where the flavour of the quark q is changed from up-type to down-type or
vice versa. The corresponding transition probabilities |Vij |2 are described using the unitary
Cabibbo–Kobayashi–Maskawa (CKM) matrix [9, 10], which is given by

VCKM =



Vud Vus Vub
Vcd Vcs Vcb
Vtd Vts Vtb


 , (2.1)

with the index of the entries indicating the change in flavour. The diagonal elements are
measured to be very close to one, while the off-diagonal elements are rather small values.
This means that flavour changing transitions via a W± boson usually happen within the
same quark generation. This is most dominant in |Vtb| = 0.999118 [8] which shows that
the top quark decays almost exclusively into a b-quark. Finally, the strong interaction is
mediated by the gluons, which are massless particles that couple to colour charge. Only
quarks and gluons carry colour charge, which is why these are the only particles taking part
in this type of interaction.
The SM is a relativistic quantum field theory based on the idea of requiring local gauge

invariance of the underlying Lagrange density L, in the following referred to as Lagrangian.
The gauge group of the SM is the non-abelian group

SU(3)C × SU(2)L ×U(1)Y , (2.2)

where C represents the colour charge, which is introduced in Quantum Chromodynamics,
L stands for left-handed fields and Y for the weak hypercharge. The latter two form the
foundation of the electroweak interaction, which is the unification of the electromagnetic
and the weak interaction [11, 12, 13]. The dynamics of all known elementary particles
are then described by the Lagrangian LSM that satisfies the gauge invariance mentioned
above. This Lagrangian consists of the contributions from the electroweak theory, Quantum
Chromodynamics, the Higgs sector and the Yukawa coupling. These different components
of the SM are described in more detail in the following sections. If not further specified,
the content of this chapter is based on references [14, 15, 16].

2.1. Quantum Electrodynamics

Quantum electrodynamics (QED) is the gauge theory of electromagnetic interactions. In
relativistic quantum mechanics, a spin 1/2 particle of mass m is described by the Dirac
equation, which is given by

(iγµ∂µ −m)ψ = 0 , (2.3)

where γµ represents the gamma matrices and ψ is a four-component Dirac spinor. The
corresponding Lagrangian is given by

LDirac = iψ̄γµ∂µψ −mψ̄ψ . (2.4)

This Lagrangian is invariant under the global gauge transformation

ψ → eiθψ , (2.5)

where θ is an arbitrary real number representing a global change in the phase of the Dirac
spinor. However, it is not invariant under a local gauge transformation [14]

ψ → eiθ(x)ψ = e−i qλ(x)ψ , (2.6)

4



2.2. Quantum Chromodynamics

where the phase θ changes as a function of x. The definition θ(x) = −qλ(x) is a com-
monly chosen convention, such that the factor q represents the electric charge [14]. If the
Lagrangian is required to be invariant under such a local gauge transformation, which cor-
responds to the abelian symmetry group U(1), a gauge term has to be added to the Dirac
Lagrangian, such that

L = iψ̄γµ∂µψ −mψ̄ψ︸ ︷︷ ︸
LDirac

− q(ψ̄γµψ)Aµ︸ ︷︷ ︸
gauge term

. (2.7)

The gauge field Aµ, which represents the vector field of the massless2 photon, transforms
under the local gauge transformation from Equation 2.6 like

Aµ → Aµ + ∂µλ . (2.8)

With this definition of Aµ, the gauge term then cancels the additional term that appears
in LDirac when transforming ψ according to Equation 2.6. By also adding the free term for
the vector field Aµ, the full Lagrangian for QED is given by

LQED = iψ̄γµ∂µψ −mψ̄ψ −
1

4
FµνFµν − q(ψ̄γµψ)Aµ , (2.9)

where Fµν = ∂µAν−∂νAµ. The QED Lagrangian therefore consists of the free terms of the
Spinor field ψ, the free term of the photon field Aµ and an interaction term. However, the
photon only couples to the field ψ with a strength proportional to the electric charge. As
photons are not electrically charged, there is no photon-photon interaction. An alternative
way of writing Equation 2.9 is to introduce a covariant derivative of the form [14]

Dµ = ∂µ + iqAµ , (2.10)

which results in

LQED = ψ̄(iγµDµ −m)ψ − 1

4
FµνFµν . (2.11)

A global gauge transformation can therefore be extended to a local gauge transformation
by introducing the covariant derivative Dµ from Equation 2.10, substituting ∂µ with Dµ

and adding the free term of the new field Aµ [14].

2.2. Quantum Chromodynamics

Quantum chromodynamics (QCD) is the theory that describes the strong interaction
between particles that carry colour charge, which are quarks and gluons. The derivation
of the Lagrangian follows the same approach as for QED. However, in this case the local
gauge transformation under which the Lagrangian is required to be invariant, is a rotation
of the quark colour field. The quark colour field can be written as

ψf =
(
ψfR , ψ

f
G , ψ

f
B

)T
, (2.12)

where the index f represents the quark flavour and the quark colours are red (R), green
(G) and blue (B). For each colour there is also an anti-colour, e.g. B (blue) and B̄ (anti-

2The fact that the photon has to be massless is another requirement in order to achieve local gauge
invariance. This is due to the fact that adding the Lagrangian of a spin 1 particle includes a mass term
which has to vanish for the total Lagrangian to satisfy the local gauge invariance.

5



2. The Standard Model of Particle Physics

blue) cancel each other. In addition to that, the combination RGB is also colour neutral.
The symmetry group of QCD is the non-abelian SU(3) group and the resulting gauge
transformation can then be written as

ψf → ei θa(x)λa ψf , a ∈ {1, ..., 8} , (2.13)

with λa being the eight Gell-Mann matrices [17], which are the generators of the SU(3)
group. The local phase shift θa(x) is a real number for each of the eight components. The
Gell-Mann matrices obey the commutation rule

[λα, λβ] = 2ifαβγλγ , (2.14)

where fαβγ is the completely antisymmetric structure constant [17]. The local gauge in-
variance is then achieved by introducing the covariant derivative [14]

Dµ = ∂µ + igsλaA
a
µ , (2.15)

where the index a runs again from zero to eight and the fields Aaµ represent the vector fields
of the eight gluons. The constant gs quantifies the strength of the coupling and is related
to the coupling constant αs of the strong interaction via

gs =
√

4παs . (2.16)

Using the field strength tensors F aµν , which are defined as

F aµν = ∂µA
a
ν − ∂νAaµ − 2 gsfabcA

b
µA

c
ν , (2.17)

the full Lagrangian for QCD can be evaluated to [14]

LQCD =iψ̄fγµDµψ
f −mψ̄fψf − 1

4
F aµνF aµν (2.18)

=iψ̄fγµ∂µψ
f −mψ̄fψf − 1

4
F aµνF aµν − gs(ψ̄fγµλaψf )Aaµ . (2.19)

Due to the structure of F aµν from Equation 2.17, this Lagrangian contains interaction terms
between gluons, which means that not only quarks but also gluons carry colour charge.
This is due to the fact that SU(3) is non-abelian.
A characteristic feature of the strong force is that its strength depends on the energy

scale Q2 of the corresponding interaction. The formula for αs(Q2) is given by [14]

αs(Q
2) =

12π

(33− 2nf ) ln
(
Q2/Λ2

QCD

) , (Q2 � ΛQCD) , (2.20)

where nf is the number of active quark flavours and ΛQCD is a constant. A summary of
measurements of αs(Q2) is shown in Figure 2.2.
This dependence of the strong coupling constant αs on the energy scale, also referred

to as running coupling, leads to a very distinct behaviour for particles which carry colour
charge. At high energies, the coupling strength αs becomes very small and hence quarks
at high energies behave like free particles. This is called asymptotic freedom. On the other
hand, with αs becoming very large for small energies, colour-charged particles cannot exist
as isolated particles, which is called confinement. The potential energy between two quarks
increases when they are separated from each other. At a certain point, this potential
energy is sufficiently large to create a quark-antiquark pair. This process is repeated until
the energy is too low to produce new particles. The created particles form hadrons, which
are colour neutral bound states. Given the previously mentioned structure of the colour

6



2.3. Electroweak Unification
164 9. Quantum Chromodynamics

αs(MZ2) = 0.1179 ± 0.0009

August 2021
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tion theory used in the extraction of –s is indicated in brack-
ets (NLO: next-to-leading order; NNLO: next-to-next-to-leading
order; NNLO+res.: NNLO matched to a resummed calculation;
N3LO: next-to-NNLO).

–s(M2
Z). This corresponds to –s(M2

· ) = 0.312± 0.015.

9.4.2 Heavy quarkonia decays:
Recently, two determinations have been performed [556,557] that
are based on N3LO accurate predictions. Reference [556] per-
forms a simultaneous fit of the strong coupling and the bot-
tom mass mb, including states with principal quantum number
up to n Æ 2 in order to break the degeneracy between –s and
mb, finding –s(M2

Z) = 0.1178 ± 0.0051. Reference [557] in-
stead uses as input of the fit the renormalon-free combination
of masses of the meson Bc, the bottomonium ÷b and the char-
monium ÷c, MBc ≠ M÷b/2 ≠ M÷c/2, which is weakly dependent
on the heavy quark masses, but shows a good dependence on –s.
Using this observable, they obtain –s(M2

Z) = 0.1195 ± 0.0053.
Two further values are derived at NNLO in Ref. [558, 559] from
mass splittings and sum rules giving –s(M2

Z) = 0.1183 ± 0.0019
and –s(M2

Z) = 0.1175 ± 0.0032 when evolved from the relevant
charmonium respectively bottomonium mass scales to M2

Z . Fi-
nally, by means of quarkonium sum rules, Refs. [560, 561] quote
–s(M2

Z) = 0.1168±0.0019 and –s(M2
Z) = 0.1186±0.0048 for char-

monium and bottomonium respectively. These six determinations
satisfy our criteria to be included in the heavy-quarkonia category
of the world average. Their unweighted combination leads to the
pre-average for this category of –s(M2

Z) = 0.1181± 0.0037.

9.4.3 PDF fits:
Another class of studies, analyzing structure functions at NNLO
QCD (and partly beyond), provide results that serve as relevant
inputs for the world average of –s. Most of these studies do not,
however, explicitly include estimates of theoretical uncertainties
when quoting fit results of –s. In such cases we add, in quadra-
ture, half of the di�erence between the results obtained in NNLO
and NLO to the quoted errors.

A combined analysis of non-singlet structure functions from
DIS [562], based on QCD predictions up to N3LO in some of
its parts, results in –s(M2

Z) = 0.1141 ± 0.0022 (BBG). Studies
of singlet and non-singlet structure functions, based on NNLO
predictions, result in –s(M2

Z) = 0.1162 ± 0.0017 [563] (JR14).
The AMBP group [564, 565] determined a set of parton distribu-
tion functions using data from HERA, NOMAD, CHORUS, from
the Tevatron and the LHC using the Drell-Yan process and the
hadro-production of single-top and top-quark pairs, and deter-
mined –s(M2

Z) = 0.1147± 0.0024 [564].

The MSHT group [566], also including hadron collider data,
determined a new set of parton density functions (MSHT20)
together with –s(M2

Z) = 0.1174 ± 0.0013. Similarly, the CT
group [567] determined the CT18 parton density set together
with –s(M2

Z) = 0.1164 ± 0.0026. The NNPDF group [568] pre-
sented NNPDF3.1 parton distribution functions together with
–s(M2

Z) = 0.1185± 0.0012.
We note that criticism has been expressed on some of the above

extractions. Among the issues raised, we mention the neglect of
singlet contributions at x Ø 0.3 in pure non-singlet fits [569],
the impact and detailed treatment of particular classes of data
in the fits [569, 570], possible biases due to insu�ciently flexible
parametrizations of the PDFs [571] and the use of a fixed-flavor
number scheme [572,573].

Summarizing the results from world data on structure functions,
taking the unweighted average of the central values and errors of
all selected results, leads to a pre-average value of –s(M2

Z) =
0.1162± 0.0020, see Fig. 9.2.

9.4.4 Hadronic final states of e+e≠ annihilations:
Re-analyses of jets and event shapes in e+e≠ annihilation (j&s),
measured around the Z peak and at LEP2 center-of-mass ener-
gies up to 209 GeV, using NNLO predictions matched to NLL re-
summation and Monte Carlo models to correct for hadronization
e�ects, resulted in –s(M2

Z) = 0.1224 ± 0.0039 (ALEPH) [574],
and in –s(M2

Z) = 0.1189 ± 0.0043 (OPAL) [575]. Similarly, an
analysis of JADE data [576] at center-of-mass energies between
14 and 46 GeV gives –s(M2

Z) = 0.1172 ± 0.0051, with contribu-
tions from the hadronization model and from perturbative QCD
uncertainties of 0.0035 and 0.0030, respectively. Precise deter-
minations of –s from 3-jet production alone (3j), at NNLO, re-
sulted in –s(M2

Z) = 0.1175 ± 0.0025 [577] from ALEPH data
and in –s(M2

Z) = 0.1199 ± 0.0059 [578] from JADE. A recent
determination is based on an NNLO+NNLL accurate calcula-
tion that allows to fit the region of lower 3-jet rate (2j) using
data collected at LEP and PETRA at di�erent energies. This
fit gives –s(M2

Z) = 0.1188 ± 0.0013 [579], where the dominant
uncertainty is the hadronization uncertainty, which is estimated
from Monte Carlo simulations. A fit of energy-energy-correlation
(EEC) also based on an NNLO+NNLL calculation together with
a Monte Carlo based modeling of hadronization corrections gives
–s(M2

Z) = 0.1175 ± 0.0029 [580]. These results are summarized
in the upper seven rows of the e+e≠ sector of Fig. 9.2.

Another class of –s determinations is based on analytic model-
ing of non-perturbative and hadronization e�ects, rather than on
Monte Carlo models [581–584], using methods like power correc-
tions, factorization of soft-collinear e�ective field theory, disper-
sive models and low scale QCD e�ective couplings. In these stud-
ies, the world data on Thrust distributions (T), or - most recently
- C-parameter distributions (C), are analysed and fitted to per-
turbative QCD predictions at NNLO matched with resummation
of leading logs up to N3LL accuracy, see Sec. 9.2.3.3. The results
are –s(M2

Z) = 0.1135±0.0011 [582] and –s(M2
Z) = 0.1134+0.0031

≠0.0025
[583] from Thrust, and –s(M2

Z) = 0.1123 ± 0.0015 [584] from
C-parameter. They are displayed in the lower three rows of the
e+e≠ sector of Fig. 9.2. A recent calculation has determined the
leading non-perturbative contribution to the C-parameter in the
three-jet limit, and has found that it di�ers by a factor of two from
the two-jet limit [585]. Taking this result into account in analyses
of the C-parameter would increase the value of the extracted –s

parameter, leaving it more in keeping with the world average.
The determination of Ref. [581], –s(M2

Z) = 0.1164+0.0028
≠0.0024, is

no longer included in the average as it is superseded by other
determinations that use the same Thrust data but rely on more
accurate theoretical predictions. Not included in the computa-
tion of the world average but worth mentioning are a compu-
tation of the NLO corrections to 5-jet production and compari-
son to the measured 5-jet rates at LEP [586], giving –s(M2

Z) =
0.1156+0.0041

≠0.0034, and a computation of non-perturbative and per-
turbative QCD contributions to the scale evolution of quark
and gluon jet multiplicities, including resummation, resulting in
–s(M2

Z) = 0.1199± 0.0026 [587].
We note that there is criticism on both classes of –s extractions

Figure 2.2.: Summary of measurements of αs as a function of the energy scale Q. The
respective degree of QCD perturbation theory used in the extraction of αs is indicated in
the brackets [8].

charge, these hadrons are either mesons, which consist of a quark and an anti-quarks with
a colour-anti-colour combination or baryons, which consist of three quarks with different
colour each [15].

2.3. Electroweak Unification

The electromagnetic force and the weak force were unified in the 1960s by Glashow, Salam
and Weinberg [11, 12, 13]. This theory of electroweak (EW) interactions is based on the
gauge group SU(2)L ⊗ U(1)Y , where L stands for left-handed fields and Y represents the
hypercharge. This definition of a more general charge relates the electric charge Q and the
third component of the weak isospin I3 via the Gell-Mann–Nishijima formula [18, 19]

Y = 2 (Q− I3) . (2.21)

The fermions are grouped into weak isospin singlets and weak isospin doublets as sum-
marised in Table 2.1. The distinction between left- and right-handed fields is important in
EW interactions, since the coupling of the W boson has a vector−axialvector form. As a
result of that, the W boson only couples to left-handed fermion states and right-handed
anti-fermion states. The left-handed component ψL and the right-handed component ψR
of a spinor ψ are defined as

ψL =

(
1− γ5

2

)
ψ and ψR =

(
1 + γ5

2

)
ψ , (2.22)

where γ5 = iγ0γ1γ2γ3.
The Glashow-Weinberg-Salam model introduces three massless gauge bosons W 1

µ , W 2
µ ,

W 3
µ with the coupling constant g and one gauge boson Bµ with the coupling constant g′/2.

One can define two charged bosonsW± as well as the neutral photon and Z boson as linear
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2. The Standard Model of Particle Physics

Table 2.1.: Grouping of the fermions into isospin singlets and doublets. The quantum
numbers are the electric charge Q, the third component of the weak isospin I3 and the
hypercharge Y . The subscripts L and R stand for left- and right-handed fields.

Fermion generations
Q I3 Y

I II III
(
νe

e

)

L

(
νµ

µ

)

L

(
ντ

τ

)

L

0 +1/2 −1

−1 −1/2 −1

eR µR τR −1 0 −2
(
u

d

)

L

(
c

s

)

L

(
t

b

)

L

+2/3 +1/2 +1/3

−1/3 −1/2 +1/3

uR cR tR +2/3 0 +4/3

dR sR bR −1/3 0 −2/3

combinations of these fields. The charged W bosons are given by

W±µ =
1√
2

(
W 1
µ ∓W 2

µ

)
, (2.23)

and the photon A and the Z boson by [15]

Aµ = sin (θW )W 3
µ + cos (θW )Bµ , (2.24)

Zµ = cos (θW )W 3
µ − sin (θW )Bµ , (2.25)

where θW is the Weinberg angle, also called weak mixing angle. The Weinberg angle relates
the two coupling constants of the electroweak interaction via the relation

sin θW =
g′√

g2 + g′2
. (2.26)

The coupling between the fermions and the bosons of the EW theory is then introduced
via a covariant derivative [15]. However, given that the W± bosons only couple to left-
handed fermions, the covariant derivative looks slightly different for left- and right-handed
fields. The resulting covariant derivatives DL

µ and DR
µ for left- and right-handed fields,

respectively, are thus given by

DL
µ = ∂µ −

1

2
i g σaW a

µ −
1

2
i g′ Y Bµ , (2.27)

DR
µ = ∂µ −

1

2
i g′ Y Bµ , (2.28)

where σa are the three Pauli matrices. Using these definitions of the covariant derivatives,
the following Lagrangian can be obtained:

LEW = iψ̄Lγ
µDL

µψL + iψ̄Rγ
µDR

µ ψR −
1

4
W aµνW a

µν −
1

4
BµνBµν . (2.29)

In the above equation, the symbols W a
µν and Bµν are the field strength tensors of W a

µ and
Bµ, respectively. Hence, the latter two terms in Equation 2.29 represent the free terms of
the bosons and the first two terms in Equation 2.29 represent the coupling of the fermions
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2.4. The Higgs Mechanism

with the bosons of the EW sector. Adding mass terms for the gauge bosons to Equation 2.29
explicitly breaks the SU(2)⊗ U(1) symmetry. Thus, in order to allow for massive gauge
bosons, the masses of the gauge bosons are introduced via a formalism called the Higgs
mechanism.

2.4. The Higgs Mechanism

An elegant mechanism that allows massive W± and Z bosons in the theory was found
independently by P. Higgs [20, 21, 22], R. Brout and F. Englert [23] as well as G. S. Guralnik,
C. R. Hagen and T. W. B. Kibble [24, 25]. The idea of this mechanism is to combine the
local gauge symmetry with the spontaneous symmetry breaking of a continuous symmetry.
For that, a doublet of complex scalar fields Φ with hypercharge Y = 1 is introduced

Φ =
1√
2

(
φ+

φ0

)
=

1√
2

(
φ1 + iφ2

φ3 + iφ4

)
. (2.30)

For a potential V of the form

V (Φ) = µ2Φ†Φ + λ
(

Φ†Φ
)2

(2.31)

with µ2 < 0 and λ > 0, the ground states of the scalar field Φ are located at

Φ†Φ =
1

2

(
φ2

1 + φ2
2 + φ2

3 + φ2
4

)
= −1

2

µ2

λ
=:

v2

2
. (2.32)

The ground states are therefore the infinite number of states that satisfy Φ†Φ = v2/2,
where v is called the vacuum expectation value. A graphical representation of this scenario
is shown in Figure 2.3 for the case of two dimensions. Without loss of generality, one can
choose the ground state with φ1 = φ2 = φ4 = 0, which is called the unitary gauge. The
doublet then takes the form [15]

Φ0 =
1√
2

(
0

v +H(x)

)
, (2.33)

where H(x) represents an oscillation of the Higgs field Φ in the direction of φ3.

Re(ϕ)
Im(ϕ)

V (ϕ)

A - initial state

B - ground state

spontaneous symmetry breaking

Figure 2.3.: Sketch of the process of spontaneous symmetry breaking in the case of a
complex scalar field φ in a Mexican hat potential. The orange ring shows the infinite
number of degenerate ground states. In the initial state A (magenta), the potential is
symmetrical, but as soon as one of the ground states B (blue) is spontaneously chosen, the
potential is not symmetrical any more. Adapted from [26].
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2. The Standard Model of Particle Physics

Inserting this choice of ground state into Equation 2.31 results in

V (Φ0) = −λv2

(
v +H(x)√

2

)2

+ λ

(
v +H(x)√

2

)4

. (2.34)

With this ground state Φ0, another term is added to the Lagrangian

LHiggs = (DµΦ0)† (DµΦ0)− V (Φ0) , (2.35)

with the covariant derivative Dµ. Due to the spontaneous symmetry breaking, three mass
terms emerge in the Lagrangian, which can be assigned to the massive W± and Z bosons.
These masses are related to the vacuum expectation value of the Higgs field and the coupling
constant g with the relations [15, 8]

mW =
1

2
g v and mZ =

mW

cos θW
. (2.36)

Furthermore, a new spin-0 particle with a mass of

mH =
√
−2µ2 (2.37)

emerges, which is called the Higgs boson. Since µ is an unknown parameter in the theory,
the mass of the Higgs boson could not be predicted.
Finally, the Higgs field interacts with the fermions via the Yukawa coupling, which relates

the masses of the fermions mf and the vacuum expectation value of the Higgs field v via a
fermion-specific coupling constant λf [15]

mf =
λf√

2
v . (2.38)

The corresponding term in the SM Lagrangian is given for each fermion f by [15]

LfYukawa = −mf ψ̄ψ

(
1− H

v

)
. (2.39)

Since the top quark is the heaviest fermion in the SM, has the largest coupling with the
Higgs boson. For a vacuum expectation value of v = 246.22 GeV and a top-quark mass of
mtop = (172.69± 0.30) GeV [8] the Yukawa coupling of the top quark results in

λtop =
√

2
mtop

v
≈ 0.992 . (2.40)
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3. Physics at Hadron Colliders

Particle colliders accelerate particles to velocities close to the speed of light and bring
them to collision in order to study the fundamental interactions at the subatomic scale.
Lepton colliders like the former Large Electron-Positron Collider (LEP) at CERN create
very clean event structures which allow very precise measurements of the observed physics
processes. The reason for this is that lepton colliders have a well-defined initial state and
no hadronic interactions which leads to a small amount of background activity. However,
circular lepton colliders are rather limited in the achievable collision energy. This is due
to the fact that electrons loose a lot of energy as synchrotron radiation when moving on
a circular trajectory1. Hadron colliders like the LHC at CERN or the former Tevatron
collider at Fermilab have the advantage that the accelerated particles (usually protons)
are much heavier than electrons, which reduces the amount of energy loss that is lost via
synchrotron radiation drastically since this energy loss is proportional to (E/m)4 with E
being the energy and m the mass of the particle. While this allows to reach much higher
collision energies, experiments at hadron colliders have to address the fact that hadrons
are composite particles. This means that the individual constituents of these hadrons,
called partons, interact in the collision. That gives rise to many possible interactions and
rather complex event signatures in the detector with large backgrounds due to hadronic
interactions.

3.1. Parton Distribution Functions

A hard-scattering process initiated by two hadrons with four-momenta P1 and P2 can be
described with the factorisation theorem [27]. The cross-section σ of the process is then
given by the integral over the parton-parton cross-section σ̂ij(p1, p2, Q̂

2) weighted with the
so-called parton distribution function (PDF) fi(x,Q2) [28]

σ (P1, P2) =
∑

i,j

∫ 1

0

∫ 1

0
dx1dx2 fi

(
x1, Q

2
)
fj
(
x2, Q

2
)
σ̂ij

(
p1, p2, Q̂

2
)
. (3.1)

In the above equation, p1 = x1P1 and p2 = x2P2 represent the momenta of the interacting
partons which participate in the hard scattering and Q̂2 is the momentum transfer of the
process. The PDF fi(x,Q

2) represents the probability that a parton of type i carries the
fraction x of the momentum of the hadron, evaluated at the factorisation scale Q2. In
addition to the valence quarks, which are in the case of a proton two up-quarks and one
down-quark, gluons and sea quarks also have to be taken into account in Equation 3.1. Sea
quarks are virtual quark-antiquark pairs which only live for a very short time, but still carry
part of the hadron momentum. With increasing momentum of the hadron momentum, the
number of radiated quarks increases and thus also the number of sea quarks, which is why
the PDFs depend on the factorisation scale Q2 [8]. The value used for Q2 is usually close to
Q̂2 = ŝ = x1x2s with s being the centre-of-mass energy of the collision. The PDFs of the
partons inside a proton from the NNPDF3.0 global analysis [29] are shown in Figure 3.1
for two different factorisation scales. They are obtained from hard-scattering collisions
combining recent results from the LHC with data from former particle accelerators like
HERA [29].

1This is not a limitation for linear colliders as there is no angular acceleration in linear colliders.
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Figure 3.1.: Parton distribution functions x · f(x,Q2) as a function of x, with x being the
proton momentum fraction carried by the parton. The distributions uv and dv represent
the PDFs of the valence quarks, while the other quark distributions correspond to the
sea quarks. The plots show the results from the next-to-next-to-leading order (NNLO)
NNPDF3.0 global analysis [29] at Q2 = 10GeV2 and Q2 = 104 GeV2. Plots taken from
[30].

3.2. Monte Carlo Generators

To test a proposed model, like the Standard Model of Particle Physics, theoretical predic-
tions are compared to the observed data. To achieve this, theoretical predictions are ap-
proximated using Monte Carlo (MC) generators, which are programs that generate events
based on the mathematical principle of MC simulation.
Starting from a hard collision, MC generators simulate the different stages which lead to

the final-state particles that can be observed in an experiment. These steps are schematic-
ally shown in Figure 3.2. The first stage of the MC simulation process is the hard subprocess,
which is a highly energetic collision of constituents of the colliding beams (centre red disc in
Figure 3.2). The corresponding matrix element (ME) can be calculated perturbatively. For
hadron-hadron collisions, the momenta of the colliding partons are obtained by sampling
the parton distribution functions. The partons involved in the hard subprocess will emit
further radiation in the form of photons and gluons, called parton shower (PS) (red, tree-
like structure in Figure 3.2). This can happen both in the initial state, leading to initial
state radiation (ISR), and in the final state, leading to final state radiation (FSR). The PS
stops when the energy of a parton falls below a certain energy threshold. As mentioned in
Section 2.2, coloured particles cannot exist in isolation, and instead form hadrons, which
are colourless bound states (light-green discs in Figure 3.2). The process that describes the
formation of hadrons is called hadronisation. However, the energy scale of hadronisation is
small, which means that the coupling constant αs of the strong force is very large. Thus, the
modelling of the hadronisation process relies on non-perturbative calculations with models
like the string model [32] and the cluster model [33]. These models have free parameters
which are tuned (constrained) based on observed data.
The last step of the event generation is the decay of unstable hadrons that were formed

in the hadronisation process (dark-green discs in Figure 3.2). In the area of collider event
simulation, there are three main programs that offer all steps from the hard scattering
simulation to the final state. These programs are Herwig7 [34, 35], Pythia8 [36] and
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3.3. Hadronic Jets

Figure 3: Sketch of a hadron-hadron collision as simulated by a Monte-Carlo event generator. The red
blob in the center represents the hard collision, surrounded by a tree-like structure representing
Bremsstrahlung as simulated by parton showers. The purple blob indicates a secondary hard
scattering event. Parton-to-hadron transitions are represented by light green blobs, dark
green blobs indicate hadron decays, while yellow lines signal soft photon radiation.

At hadron colliders, multiple scattering and rescattering e↵ects arise, which must be simulated by Monte-
Carlo event generators in order to reflect the full complexity of the event structure. This will be discussed
in Sec. 5. Eventually we need to convert the full partonic final state into a set of color-neutral hadrons,
which is the topic of Sec. 6. The interplay of all these e↵ects makes for the full simulation of hadron-hadron
collisions. This is sketched in Fig. 3.

2 The hard scattering

Event simulation in parton-shower Monte-Carlo event generators starts with the computation of the hard-
scattering cross section at some given order in perturbation theory. Traditionally, this calculation was
performed at leading order (LO), but nowadays, with next-to-leading-order (NLO) calculations completely
automated, it is often done at NLO. Computing the hard cross section at NLO requires a dedicated
matching to the parton shower, which will be discussed in Sec. 4. For now we focus on the evaluation of
the di↵erential cross sections and the related phase-space integrals.

The basis for our calculations is the factorization formula, Eq. (1.1). We rewrite it here, in order to
simplify the discussions in the following sections. The full initial and final state in a 2 ! (n � 2)
reaction can be identified by a set of n particles, which is denoted by {~a} = {a1, . . . , an}. Their flavors

and momenta are similarly specified as {~f } = {f1, . . . , fn} and {~p} = {p1, . . . , pn}. The di↵erential
cross section at leading order is a sum over all flavor configurations, and it depends only on the parton
momenta:

d�(LO)({~p}) =
X

{~f }

d�(B)
n ({~a}) , where d�(B)

n ({~a}) = d�̄n({~p}) Bn({~a}) . (2.1)

Each individual term in the sum consists of the di↵erential phase-space element, d�n, the squared matrix

6

Figure 3.2.: Sketch of a hadron-hadron collision as simulated by a Monte Carlo event
generator. The centre red point represents the primary hard collision. The parton showers
are shown in the red tree-like structure around the primary hard collision. The purple
disc indicates a secondary hard collision, the light green discs represent parton-to-hadron
transitions and the dark green discs indicate hadron decays. Figure taken from Ref. [31]. Al-
though not specified in Ref. [31], the particles in the sketch are consistent with the particles
involved in the tt̄H(→ bb̄) process.

Sherpa [37]. In addition to that, there are other generators like PowhegBox [38, 39, 40,
41, 42] or MadGraph5_aML@NLO [43] which also provide ME calculations. The main
programs currently used for top-quark analyses in ATLAS are PowhegBox, Sherpa and
MadGraph5_aMC@NLO. Except for Sherpa, these are interfaced with Pythia8 or
Herwig7 for PS and hadronisation.

3.3. Hadronic Jets

The hadronisation process leads to the formation of hadronic jets, in the following de-
noted as jets. Jets are cone-like structures in the detector which contain the tracks of
many particles that are created during hadronisation. The jets used throughout all studies
presented in this thesis are Particle Flow (PFlow) jets [44], which are jets reconstructed
from both tracking and calorimeter information, using the anti-kT algorithm [45] with a
radius parameter R = 0.4. Furthermore, the jets used in the studies presented here have
pT ≥ 20 GeV. This lower cut on the jet pT is applied since low-pT jets are not in the
valid calibration range [46]. However, while this cut is applied on the calibrated jet trans-
verse momentum, the jet pT shown throughout this thesis represent the partially calibrated
transverse momentum of the jet. Furthermore, since jets with pT > 250 GeV are very rare
in the samples used in this thesis, only jets with pT ≤ 250 GeV are used. In addition to the
pT requirements, jets are required to have a pseudorapidity value of |η| < 2.5 corresponding
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3. Physics at Hadron Colliders

to the |η|-coverage of the inner detector of the ATLAS detector, which is described in more
detail in Section 4.2.2.
The jet labelling is performed by matching the b-hadrons, c-hadrons and τ leptons with

a transverse momentum larger than 5 GeV to the jet within a ∆R = 0.3 cone around the
jet axis. If one or two b-hadrons are matched to the jet, the jet is labelled as single-b jet
or bb -jet respectively. If this is not the case, but a c-hadron can be matched, the jet is
labelled as c -jet. The same procedure follows for τ leptons, which yields τ -jets. However,
τ -jets are not considered in the studies presented here. All remaining jet candidates are
labelled as light-flavour jets. It should be noted that due to the hierarchy of the different
jet categories in the jet-hadron matching, single-b jets and bb -jets can contain c-hadrons in
addition to the matched b-hadron. Moreover, single-b jets, bb -jets and c -jets can contain
tracks of τ -leptons.
Tracks are assigned to jets using the angular distance ∆R(track, jet) between the track

and the jet axis. The maximum allowed ∆R(track, jet)max for a track to be associated with
a jet decreases with the jet pT and is approximately 0.45 for a jet with pT = 20 GeV and
0.25 for pT = 200 GeV.

3.4. Used MC Setup

The studies presented in this thesis make use of two MC samples, corresponding to two
different physics processes. The ATLAS detector response simulation was performed for
both samples with the full Geant4 simulation [47].
The first sample includes tt̄ events from proton-proton collisions at a centre-of-mass

energy of
√
s = 13 TeV. Only events from the lepton+jets channel and the dilepton channel

are included. These events were generated using the Powheg Box v2 generator and the
NNPDF3.0nlo PDF for the ME generation. The decays of b- and c-hadrons were simulated
with the EvtGen 1.6.0 program [48]. Pythia 8.230 [36] was used for the parton showering
using the A14 set of tunable parameters [49] and the NNPDF2.3lo PDF [29]. The hdamp
parameter2 was set to 1.5mt, with mt being the mass of the top quark.
The second sample contains Z+jets events from proton-proton collisions at

√
s = 13 TeV.

In order to ensure that jets extracted from this sample are jets from a radiated gluon, only
events with a leptonic decay of the Z boson are considered. Furthermore, to omit events
with additional energy deposits in the calorimeters3, only events where the Z boson decays
into a pair of muons or neutrinos are used.
This sample was generated with the Sherpa 2.2.1 generator [37] and the

NNPDF3.0nnlo PDF [29], providing next-to-leading order (NLO)-accurate ME calcu-
lations for up to two partons and ME accurate to leading order (LO) calculations for
three and four partons. The PS was simulated with the Sherpa parton shower [50],
using the parameters recommended by the Sherpa authors and the MEPS@NLO
prescription [51, 52, 53, 54] .

2The resummation damping parameter hdamp is one of the parameters that controls the matching of
Powheg matrix elements to the parton shower and hence effectively regulates the high-pT radiation
against which the tt̄ system recoils.

3The calorimeter system of the ATLAS detector will be discussed in Section 4.2.3.
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4. The ATLAS Experiment at the Large
Hadron Collider

To study the fundamental structure of the universe, physicists accelerate particles to speeds
close to the speed of light and then bring them to collision. Such collider experiments can
produce energy densities and temperatures close to those that prevailed shortly after the
Big Bang. This allows not only to search for new types of particles, but also to study the
interactions between elementary particles whose existence is already known. The studies
presented in this thesis are carried out in the context of the LHC at the European Organ-
ization for Nuclear Research (CERN), which will be discussed in this chapter. In addition
to that, the ATLAS experiment and its detector are explained in more detail.

4.1. The Large Hadron Collider

The LHC [55, 56, 57] is located in Geneva at CERN and is the highest-energy accelerator
built so far. It has a circumference of 27 km and is able to produce proton-proton collisions
with a centre-of-mass energy up to

√
s = 13.6 TeV (

√
s = 13 TeV during Run II). Addition-

ally, the LHC can also accelerate and collide heavy ions. The acceleration of the hadrons
is performed in several steps, using other accelerators located at the CERN complex. A
sketch of the accelerator complex at CERN is shown in Figure 4.1.
Each accelerator increases the energy of the proton beam and then injects it to the

next accelerator in the chain. Starting from a hydrogen bottle, electrons are separated

Figure 4.1.: Accelerator complex at CERN in August 2018 [58]. The accelerators used as
pre-accelerators for the LHC are the Linac2, the Proton Synchrotron Booster (BOOSTER),
the Proton Synchrotron (PS) and the Super Proton Synchrotron (SPS).
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4. The ATLAS Experiment at the Large Hadron Collider

from protons by passing through an electric field. The protons are then accelerated to an
energy of 50 MeV in the Linac2 accelerator1. Afterwards, the Proton Synchrotron Booster
increases the energy to 1.4 GeV. The beam is then injected to the Proton Synchrotron,
where the protons are accelerated to an energy of 25 GeV. After this step, the Super Proton
Synchrotron accelerates the protons to 450 GeV and then feeds the beam to the LHC. In the
LHC, the protons are then accelerated to their final energy, which was 6.5 TeV in Run II,
resulting in a centre-of-mass energy of 13 TeV. In the LHC, two beams circulate in opposite
directions each consisting of 2808 proton bunches, where one bunch contains up to 1× 1011

protons, which leads to around one billion pp collisions per second.

Along the LHC ring, there are four main collision points, each associated with a dedicated
experiment. The LHCb experiment [59] focuses on measurements of CP violation and rare
decays ofB hadrons. In contrast, the ALICE experiment [60] is specialised on measurements
of heavy-ion collisions to investigate the QCD sector of the Standard Model. The other two
experiments, ATLAS [61] and CMS [62], are general-purpose detectors which are designed
for the search for new particles and interactions as well as for precision measurements of
the Standard Model. The amount of collisions that can be recorded and analysed by these
experiments is described by the instantaneous luminosity L, which is defined as

L =
1

σ

dN

dt
, (4.1)

where σ is the cross-section and dN the number of events detected during the time interval
dt. The total number N of recorded events is then given by the time integral of the
instantaneous luminosity, also called integrated luminosity Lint, multiplied by the cross-
section

N = σ ·
∫
dtL = σ · Lint . (4.2)

The integrated luminosity recorded with the ATLAS experiment during RUN II of the
LHC operation is shown in Figure 4.2a. In order to obtain a large integrated luminosity
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Figure 4.2.: Luminosity measurements recorded with the ATLAS experiment during
Run II of the LHC: (a) shows the integrated luminosity versus time and (b) the luminosity-
weighted distribution of the average number of interactions per crossing split into the op-
eration years of Run II [63].

1Starting with Run III, Linac2 is replaced with Linac4, which accelerates negatively charged H- ions. The
two electrons are stripped of during the injection from Linac4 to the Proton Synchrotron Booster.
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and hence large datasets, a large instantaneous luminosity is desired. However, increasing
the instantaneous luminosity is strongly associated with so-called pile-up events, where
multiple proton-proton collisions overlap in the detected event. Pile-up events are further
divided into in-time pile-up and out-of-time pile-up events. In-time pile-up means that
multiple proton-proton collisions occur in one bunch crossing, while out-of-time pile-up
reflects the case where particles from collisions from the bunch crossing before or after
the collision of interest are recorded in the event. The amount of pile-up events can be
quantified with the average number of pp interactions per bunch crossing, which is shown
in Figure 4.2b for the years 2015 – 2018. These distributions, also called pile-up profiles,
depend on the instantaneous luminosity, i.e. the slope of the integrated luminosity in
Figure 4.2a. Therefore, since the instantaneous luminosity was not the same during the
different operation periods of the LHC, the pile-up profiles is also different between the
operation periods.

4.2. The ATLAS Detector

The ATLAS detector is a general-purpose detector installed 100 m below the surface at
point 1 at CERN. It is used to record collision events that are used for a wide range
of analyses performed by the ATLAS collaboration, which has over 3000 members from
institutions around the world [64]. The research area of the ATLAS collaboration ranges
from precision measurements of the Standard Model to searches for physics beyond the
Standard Model like the existence of dark matter. The ATLAS detector is the largest
volume particle detector ever built for a particle collider. It has a cylindrical shape, with
a length of 46 m and a diameter of 25 m. A schematic representation of the full ATLAS
detector is shown in Figure 4.3. It consists of several detector subsystems and strong
magnetic fields, where each subsystem is dedicated to a component that is needed for the
full reconstruction of the proton-proton collisions. In the following, the ATLAS coordinate
system, the detector subsystems as well as the trigger and data acquisition system are
explained in more detail.

Figure 4.3.: Schematic representation of the ATLAS detector [65].
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Figure 4.4.: Illustration of the ATLAS coordinate system. Figure (a) shows a sketch of
the coordinate system. The tube around the z-axis indicates the beam pipe and the red
circle in the centre is the interaction point. Figure (b) shows the relation between the polar
angle θ and the pseudorapidity η. Adapted from [66, 67].

4.2.1. Coordinate System

The ATLAS coordinate system is shown in Figure 4.4a. It is a right-handed coordinate
system with the origin at the interaction point and the z-axis pointing along the beam
pipe in the direction of the LHCb experiment. The x-axis points from the interaction
point towards the centre of the LHC and the y-axis points upwards. Due to the detector’s
symmetry around the z-axis, coordinates are commonly described using the azimuthal angle
φ and the pseudorapidity η, with the latter being a function of the polar angle θ, defined as

η = − ln

(
tan

(
θ

2

))
. (4.3)

An illustration of this relation is shown in Figure 4.4b. Compared to the polar angle θ, the
pseudorapidity has the advantage that differences ∆η are Lorentz invariant. The metric
∆R, which is used to describe the angular distance of vectors, is defined by combining the
distance in the pseudorapidity and the distance in the transverse plane (xy-plane)

∆R =

√
(∆η)2 + (∆φ)2 . (4.4)

Since the z-axis of the coordinate system points along the beam line, the initial particles
do not have a momentum component in the xy-plane, which is also called transverse plane.
Thus, a commonly used variable to describe particles produced in the collision is the trans-
verse momentum ~pT , which is the momentum component perpendicular to the z-axis

~pT =

(
px
py

)
. (4.5)

This variable is also illustrated in Figure 4.4a.

4.2.2. Inner Detector

The inner detector (ID) [68, 69] is the innermost part of the ATLAS detector. It is very
compact and designed for precise measurements of particle tracks, which means that it
measures the direction, momentum and charge of electrically charged particles. By provid-
ing a precise measurement of particle tracks, the ID is the most important component for
the reconstruction of primary and secondary decay vertices. This information, as well as fur-
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(a) (b)

Figure 4.5.: The ATLAS inner detector: (a) the inner detector with the barrel and end cap
components and (b) a cut-through illustration of the Pixel layers (including the insertable
B-layer (IBL)), the TRT and the SCT [70].

ther track-related variables, are heavily exploited in flavour-tagging algorithms 2. The inner
detector consists of three main components namely the Pixel Detector, the semiconductor
tracker (SCT) and the transition radiation tracker (TRT). A sketch of the inner detector
can be seen in Figure 4.5a and a cut-through illustration of the three main components is
shown in Figure 4.5b.
The innermost component, the Pixel Detector, is located only 3.3 cm from the LHC

beam line. It consists of four layers in the barrel region and three disks in each of the
end caps, featuring over 92 million silicon pixels in total [70]. The area of each pixel is
50µm× 400µm in the external layers and 50µm× 250µm for the innermost barrel layer,
the insertable b-layer (IBL) [71]. The Pixel Detector covers a range up to |η| < 2.5.
The SCT fully surrounds the Pixel Detector and consists of six million micro-strip silicon

sensors. The sensors are arranged in four layers in the barrel region and 18 planar end-cap
discs, leading to a resolution of 16 µm in Rφ- and 580µm in z-direction [68]. Like the Pixel
detector, the SCT covers the |η| range up to |η| < 2.5.
The TRT, which is the outermost component of the ID, is based on straw detectors. It

consists of over 300 000 thin-walled drift tubes with a straw diameter of 4 mm, containing a
gas mixture of Xe (70 %), CO2 (27 %) and O2 (3 %). Radiators are placed between the drift
tubes, which are polypropylene/polyethylene fibres in the barrel region and polypropylene
foils in the end-caps. Particles passing through the radiator emit transition radiation,
generating photons that can be measured in the drift tubes. In contrast to the other two
detector types of the inner detector, the TRT also provides information about the type of
the detected particle. The reason for this is that the amount of the generated transition
radiation depends both on the energy and the mass of the measured particle. Therefore,
by combining the measurement from the TRT with the energy measurement from another
detector component, the mass of the particle and therefore its type can be identified.

4.2.3. Calorimeter System

The ATLAS calorimeter system measures the energy of particles. All calorimeters used in
ATLAS are sampling calorimeters, which consist of alternating layers of absorber mater-
ial and active material. When particles interact with the absorber material, lower energy
particles are created, leading to particle showers. The showering stops when the energy

2Flavour tagging is discussed in detail in chapter 6.
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Figure 4.6.: Calorimeter system of the ATLAS detector [61].

of the particles becomes too small. Hence, calorimeters are required to have a sufficient
thickness, such that the whole shower can be measured. The active material then meas-
ures the energy of these particle showers. The ATLAS calorimeter system is divided into
the electromagnetic calorimeter and the hadronic calorimeter. While the electromagnetic
calorimeter is designed to measure the energy of electrons and photons, the hadronic Calor-
imeters focuses on hadrons only. A sketch of the full ATLAS calorimeter system is shown
in Figure 4.6.

Electromagnetic Calorimeters

The innermost part of the ATLAS calorimeter system is the electromagnetic calorimeter.
It surrounds the ID and is made of lead plates as absorber material and liquid argon (LAr)
as the active material. When the particles pass through the active layers, the LAr gets
ionised and allows to measure the energy of the particles. The layers of the calorimeter are
arranged in an accordion geometry in order to provide full coverage in the φ direction. The
electromagnetic calorimeter consists of a barrel part and a part in each of the end-caps.
The barrel part covers the region |η| < 1.475 and the electromagnetic end-cap calorimeter
(EMEC) covers the region 1.375 < |η| < 3.2.

Hadronic Calorimeters

There are three hadronic calorimeters, namely the LAr hadronic end-cap calorimeter
(HEC), the LAr hadronic forward calorimeter (FCal) and the tile calorimeter. The HEC is
a sampling calorimeter made of copper and liquid argon. It covers the region 1.5 < |η| < 3.2
and is located behind the electromagnetic end-cap calorimeter. The hadronic forward calor-
imeter covers the region 3.1 < |η| < 4.9, providing energy measurements of particles that
are very close to the beam line [72]. It consists of three modules, where the module closest to
the interaction point is optimised for electromagnetic measurement and uses copper as the
absorber medium. The other two modules use tungsten as absorber medium and primar-
ily measure the energy of hadronic interactions [61]. The tile calorimeter is divided into
a central barrel part surrounding the LAr electromagnetic calorimeter and two so-called
extended barrel parts that are located around the end-cap calorimeters, covering the region
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|η| < 1.7. It consists of alternating layers of steel and scintillator plastic tiles, where steel
is the absorber material and the scintillator the active material. The scintillators are read
out via photomultiplier tubes.

4.2.4. Muon Spectrometer

Muons can penetrate both the inner detector and the calorimeters without loosing much
energy. Therefore, the muon spectrometer is a detector system specifically designed for
the measurement of the momentum and the charge of muons [73]. It is located around
the calorimeters and covers a pseudorapidity range |η| < 2.7. The muon spectrometer uses
four different types of detectors, which are monitored drift tubes (MDTs), cathode-strip
chambers (CSCs), resistive plate chambers (RPCs) and thin gap chambers (TGCs). A
schematic representation of the muon system and the placement of the different detectors
is shown in Figure 4.7. Precise momentum measurements are achieved with the MDTs,
which are located in both the barrel region and the end-caps, covering the range |η| < 2.7
and achieve an average tube resolution of 80µm. CSCs are used for precision measurements
in the inner layer of the end-cap region since they offer a higher rate capability. They cover
the region 2 < |η| < 2.7 and provide a resolution of 40µm in the bending plane and
5 mm in the transverse plane [61, p.165]. The bending plane is the plane perpendicular
to the magnetic field in which the particle moves. In addition to these precision muon
tracking chambers, RPCs are installed in the barrel region and TGCs in the end-caps
for triggering. These trigger chambers are used to decide if the measurements from the
precision tracking chambers are read out and provide a second coordinate measurement.
This combination allows using precise, but slower detector technology in the precision muon
tracking chambers.

Figure 4.7.: Muon detector system of the ATLAS detector during Run I and Run II [74].
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4.2.5. Magnet System

In order to obtain precise measurements of the momentum and the electric charge of charged
particles, their trajectories are bent using strong magnets. The magnet system of the AT-
LAS detector consists of four superconducting magnets. A solenoidal magnet surrounds
the inner detector and three toroidal magnets are installed in the muon spectrometer. The
resulting field lines are illustrated schematically in Figure 4.8. All magnets are supercon-

Figure 4.8.: Magnet system of the ATLAS detector [75].

ducting magnet systems which have to be cooled down to about 4.5 K. The central solenoid
magnet is installed between the inner detector and the calorimeters and generates a 2 T
strong homogeneous magnetic field parallel to the z-axis. Two of the toroid magnets are
located in the end-caps, producing a magnetic field of approximately 1 T for the muon
chambers. The third toroidal magnet is assembled around the calorimeter system and de-
livers a magnetic field which corresponds to a magnetic field integral between 2 Tm and
6 Tm across most of the detector [61].

4.2.6. Trigger System and Data Acquisition

With a collision rate of over 1 billion collisions per second, the recording of all events would
lead to a data volume of over 60 terabytes per second. In order to reduce this data volume
to a manageable amount, a sophisticated trigger system is used. The ATLAS trigger system
used in Run II is shown in Figure 4.9 and consists of a Level-1 (L1) trigger system and a
high-level trigger (HLT) [76, 77, 78].
The L1 trigger system is a hardware trigger which uses custom-made electronics that are

installed at the detector. It uses information from the calorimeters and the muon trigger
chambers to look for high transverse-momentum particles. Based on this information, it
then makes a decision in less than 2.5µs and reduces the event rate to about 75 kHz. It also
provides regions of interest (RoI), which are regions in η and φ where the interesting features
were found. The HLT then uses the full detector information to further analyse these RoIs.
The HLT trigger is software based and reduces the event rate further to approximately
1 kHz, yielding the events that are saved for physics analyses.
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Figure 1: The ATLAS TDAQ system in Run 2 showing the components relevant for triggering as well as the detector
read-out and data flow.

rate of the HLT during an ATLAS data-taking run (see Section 4.4) is on average 1.2 kHz with an average
physics throughput to permanent storage of 1.2 GB/s. Once an event is accepted by the HLT, the Sub-Farm
Output (SFO) sends the data to permanent storage for o�ine reconstruction and exports the data to the
Tier-0 facility [21] at CERN’s computing centre.

The Fast TracKer (FTK) [22] is a hardware-based system for inner-detector track reconstruction designed
to provide tracks to the HLT at the L1 accept rate. It was undergoing commissioning during Run 2 and was
not used by the HLT for trigger decisions.

4 LHC fill cycle, fill patterns and ATLAS runs

In the following, the LHC fill cycle, the fill pattern and their representation in ATLAS, the so-called bunch
groups, are described. Additionally, the ATLAS run, which refers to a continuous period of data acquisition
that typically corresponds to an LHC fill cycle, is laid out.

6

Figure 4.9.: Schematic representation of the ATLAS trigger system used in Run II [78].
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5. Machine Learning with Neural Networks

The field of machine learning (ML) has evolved rapidly over the last decades. While most
innovative methods are originally developed for natural language processing or image pro-
cessing, many of those methods are adapted in high energy physics (HEP). This is due to the
fact that particle physics analyses include many types of classification and regression prob-
lems, ranging from object and event reconstruction over object identification [79, 80, 81]
and event selection [82, 83] to anomaly detection [84]. Detailed reviews about the impact
of ML in particle physics can be found for instance in references [85, 86, 87] though there
are many more. This chapter introduces the concept of machine learning, the mathematical
foundation of artificial neural networks as well as the concept of Deep Sets, which represents
a specific type of neural network architecture.

5.1. Core Concepts of Machine Learning

Machine learning is a subfield of artificial intelligence (AI). The goal of a ML algorithm is
to fit a model to training data, such that the model can then be used to make predictions on
data it has not seen before. A model is a mathematical function with many parameters that
takes an input and yields an output corresponding to the given task. A famous example
for such a task is the classification of handwritten digits from the MNIST dataset [88],
where the model input is a 28x28 pixel image and the output indicates which digit is shown
on the image. When dealing with a classification problem, the output of the algorithm is
usually a vector with one entry for each of the target classes, where each entry indicates the
probability that the element belongs to the corresponding class. For regression tasks, the
output would be an estimate for the target function. The huge advantage of ML algorithms
compared to traditional algorithms is that the algorithms itself finds a way to solve the given
task whereas in non-ML algorithms the way of solving the task has to be explicitly defined
in advance.
In supervised learning, the model is trained by showing it input features x and the correct

output y. During the training process, the model then learns to make more and more
accurate predictions fθ(x) = ŷ, where fθ is a function with model parameters θ. This is
shown schematically in Figure 5.1. The predictions of the model depend on its parameters,
which are adjusted during the training. The training process itself is an iterative procedure,
where the model parameters are modified in order to improve the accuracy of the model
predictions. Unsupervised learning, semi-supervised learning, and reinforcement learning
are additional disciplines that complement supervised learning. However, these other areas
are not covered in the following since all the techniques utilised in this thesis belong to the
category of supervised learning.

5.1.1. Training Process

The training of a model is accomplished by minimising the loss function C of a model, also
sometimes referred to as cost function. This scalar function is a metric that indicates how
accurate the model predictions are when compared to the truth labels of the training data.
During training, the model is adjusted in such a way that the loss function is minimised.
Depending on the task of the model, different definitions of the loss function have been
shown to give the best training result. For regression tasks, the model is usually trained
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Figure 5.1.: Schematic representation of the main idea of supervised learning. By showing
the model fθ input features x and the corresponding correct output y of a labelled dataset,
it learns to make predictions ŷ. The learning process is implemented by adjusting the model
parameters θ such that the predictions becomes more accurate.

by minimising the mean squared error (MSE). The MSE is defined as

CMSE =
1

N

N∑

i=1

(yi − ŷi)2 , (5.1)

where the sum over the index i represents the sum over all N items in the training data-
set. For classification problems, the loss function of choice is usually the categorical cross
entropy, which is defined as

Ccategorial-cross-entropy = − 1

N

N∑

i=1

M∑

j=1

yij · log(ŷij) . (5.2)

The index i runs over all N training items and the index j runs over all entries of the model
output, which is a vector of length M .

Gradient Descent

If the model fθ is a differentiable function, the loss is usually minimised using gradient
descent (GD), which is an optimisation method that iteratively adjusts the parameters θ of
the model. The idea of GD is to calculate the gradient of the loss function in the parameter
space using backpropagation [89] and then update them by moving in the negative direction
of the gradient. These steps are repeated for each iteration, which results in the update
rule

θt+1 = θt − η∇θ C , (5.3)

where t represents the number of the iteration and η the learning rate (LR). The goal is
to adjust the parameters using this update rule until a suitable minimum of the loss is
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Figure 5.2.: Illustration of overtraining. Both plots show the training (magenta) and
validation (green) loss as a function of the training epoch. Figure (a) shows a model
without overtraining, while figure (b) shows signs of overtraining after epoch 60, since the
validation loss becomes significantly larger than the training loss, which means that the
model performs much worse in the validation dataset compared to the training dataset.

reached. The size of the learning rate is a parameter that is chosen before starting the
training process and should be chosen carefully. While a too large learning rate could have
the effect that a suitable minimum of the loss function is leaped over, a too small learning
rate reduces the training speed and the algorithm might get stuck in a shallow minimum of
the loss. Furthermore, in order to allow for smaller gradient steps towards the end of the
training, the learning rate can be reduced during the training process, which also allows for
smoother convergence.
However, the calculation of the gradient with the whole training dataset becomes com-

putationally expensive for large datasets. This is why the gradient is usually calculated for
so-called batches of the training dataset. Each batch is required to be representative for
the whole dataset, which can be achieved by shuffling the dataset before it is divided into
the batches. A model is then trained over several epochs, where one epoch represents the
gradient descent steps of all batches, such that the model has seen the whole training data-
set. With the parameters being updated with the gradients calculated on these batches,
much faster computing speed can be obtained. This version of gradient descent is called
stochastic gradient descent (SGD).

Optimisation

While the gradient descent algorithm should not get stuck in a small local minimum, it
should also not overshoot in terms of too large step sizes when reaching a suitable loss
minimum in the parameter space. In addition to that, it is desired to reach the minimum
in the smallest number of epochs possible. Depending on the optimisation algorithm, this is
achieved by modifying the update rule from Equation 5.3 using the first or second moment
of the gradients. One examples of such an algorithm is the ADAM optimiser [90].

Generalisation

In order to ensure that the model is not only performing well on the training dataset but
also on data that was not used for the gradient calculation, the loss is also calculated
for a labelled validation dataset. This ensures that the model generalises well, and shows
comparable performance on items it was not trained on. If this is not the case, a model
is overtrained, also sometimes referred to as overfitted. An example of such behaviour is
illustrated in Figure 5.2.
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Regularisation

To avoid overtraining, different regularisation methods exist, most of which adjust the
loss function by adding a penalty term which avoids individual parameters taking too
large values. This reduces the complexity of the model and makes it more robust. For
neural networks, there are also stochastic regularisation methods, which are discussed in
section 5.2.

5.1.2. Preprocessing

Before training a model, the input data is usually preprocessed. A commonly used step in
preprocessing is the standardisation of the input variables. The corresponding transforma-
tion is defined by

xi −→ xstand
i =

xi − µ(xi)

σ(xi)
, (5.4)

where µ(xi) is the mean and σ(xi) the standard deviation of the non-preprocessed variable
xi. The resulting distribution of the transformed variable xstand

i has a mean of 0 and
a standard deviation of 1. While this modifies the range of the variable, the shape of
the distribution remains unchanged by this transformation, which is shown in Figure 5.3.
This is done in order to avoid individual input variables dominating over others in terms
of their numerical value, which would mean that different variables can dominate in the
backpropagation process. While the model parameters can generally account for different
ranges of different input variables, standardisation makes training with GD more stable.
This is due to the fact that the range of the input features also affects the gradient step
size.
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Figure 5.3.: Illustration of the standardisation of a variable x. Figure (a) shows the
initial distribution of a variable x and figure (b) shows the distribution after applying the
standardisation transformation. The standardised distribution has mean 0 and standard
deviation 1.

When a model is trained for a classification task, another important component of pre-
processing is the handling of imbalanced classes. Since the loss is calculated as a sum or
average over the whole batch, having unequal amounts of representative training items for
different classes results in a training bias towards the dominating classes.
To overcome this issue, the training dataset can be composed by picking the same number

of randomly selected items of each class from the original data set. If certain classes are
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heavily underrepresented, this class can be resampled, adding items of this class to the
training dataset multiple times. Another way of dealing with imbalanced classes is to
assign larger weights to items of the underrepresented classes. However, resampling leads
in general to a more stable training [91].

5.2. Neural Networks

Neural networks (NNs) are the most widely used type of machine learning algorithm, provid-
ing extraordinary performance in a large variety of applications. The fundamental idea of
neural networks is to have several layers of nodes, which can be divided into the input
layer, the hidden layers and the output layer as shown in Figure 5.4. Each node carries a
real numerical value, called the activation of a node. The activation values in the input
layer are the values of the input variables. The information from the input layer is then
processed layer by layer, where each node is connected to all nodes of the preceding and
the subsequent layer. The connection between two nodes is called weight and indicates how
strongly a node influences the activation of the corresponding node in the next layer.
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Figure 5.4.: Schematic representation of a feed-forward neural network with n input fea-
tures, three hidden layers of size m and a k-dimensional output layer. The blue discs
represent the input layer, the yellow discs the hidden layers and the red discs the output
layer. Adapted from [92].

The activation a(`)
j of the jth node in layer ` is then calculated by applying an activation

function σ to the weighted sum of the activations from the previous layer. In addition
to the weighted sum, each node has its assigned bias b(`)j , which is also added before the
activation function is applied. With these definitions, the activation of the node j in layer
` is given by

a
(`)
j = σ

(
w

(`)
j,1 a

(`−1)
1 + w

(`)
j,2 a

(`−1)
2 + . . .+ w

(`)
j,n a

(`−1)
n + b

(`)
j

)
(5.5)

= σ

(
n∑

i=1

w
(`)
j,i a

(`−1)
i + b

(`)
j

)
. (5.6)
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Figure 5.5.: Illustration of how the activations of a NN layer are calculated using matrix
multiplication. The value of a(`)

j is the activation of the jth node in layer number `. The

bias of this node is indicated by b(`)j . The weights between layer number `− 1 and layer `

are w(`)
i,j , where the index i is the index of the node in layer `− 1 and j is the index of the

node in layer `. For better readability, the upper index of the weights and the bias is not
shown in the graph. Adapted from [92].

By writing the weights w(`)
j,i between layer ` and layer ` − 1 as a matrix W(`), the activ-

ations in layer ` can simply be calculated using matrix multiplication. This calculation is
illustrated in Figure 5.5 and can be written as

a(`) =




a
(`)
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a
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a
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m




= σ
(
W(`)a(`−1) + b(`)
︸ ︷︷ ︸

:=z(l)

)
. (5.7)

The specific design of the network architecture, i.e. the number and size of the layers,
defines the number of trainable parameters, which are the weights and the biases of the
NN. Neural networks with multiple large hidden layers are called deep neural networks,
also referred to as deep learning.

Non-trainable parameters, which define the training process itself and components of
the model which are not modified during the training, are called hyperparameters. Such
hyperparameters are for example the activation functions used for the different layers,
parameters of the optimiser and the used regularisation method, the number of training
epochs, the size of the batches used in SGD or the learning rate. A good tuning of these
parameters is essential since the hyperparameters heavily influence how successfully a model
is trained. The activation function used for most layers is the rectified linear unit (ReLU)
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function [93]. The definition of this function and the corresponding derivative are given by

ReLU(z) =

{
0 for z < 0

z for z ≥ 0
(5.8)

ReLU′(z) =

{
0 for z < 0

1 for z ≥ 0
(5.9)

The simplicity of the ReLU function and its derivative lead to a drastic improvement in
computing speed during gradient descent. However, while the ReLU activation function
is usually the choice for hidden layers, other activation functions are used for the output
layer. In classification tasks, the number of nodes in the output layer is usually equal to
the number of target classes. The activation of these nodes is then used as an indication
for how likely an item belongs to a certain class.
Two common activation functions for this use-case are the sigmoid function and the

softmax function. The sigmoid function, which is defined as

Sigmoid(z) =
1

1 + e−z
, (5.10)

returns values between 0 and 1 and is applied to each node separately. The softmax function
on the other hand takes as input the vector z of the whole layer, where zj is the value carried
by the jth node before applying the activation function as defined in Equation 5.7. The
output value of the jth component after applying the softmax function is then given by

Softmax(z)j =
ezj∑
k e

zk
. (5.11)

Compared to the sigmoid function, the softmax function has the advantage that by construc-
tion the output of the softmax function sums up to 1. As a result of that, the output values
can be interpreted as probabilities. Additionally, the softmax function is more sensitive to
differences in the values of the vector z of a layer. This can be seen in the following example,
where both the softmax and the sigmoid function are applied to a vector z = [6, 3,−5]T ,
resulting in1
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


1.00
0.95
0.01


 . (5.12)

In addition to the regularisation methods discussed in subsection 5.1.1, neural networks
can make use of further methods like dropout [94] or batch normalisation [95].
Dropout is a regularisation method where a certain fraction of the weights of the neural

network are set to zero. This means that for example in a NN layer with a dropout rate of
10 %, the dropout method randomly selects 10 % of the weights between the current and
the next layer and sets them to zero. The resulting effect is that the model is forced to not
rely too much on certain connections and as a result of that becomes more robust.
Batch normalisation on the other hand applies the standardisation transformation intro-

duced in Equation 5.4 after each layer of the neural network. This means that the activation
values of each batch are shifted to mean zero and re-scaled to standard deviation 1 after
the activation function was applied. Batch normalisation allows using larger learning rates
while also acting as a regulariser [95].

1The resulting values are rounded to two decimals for better readability.
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5.3. Deep Sets

Deep Sets [96] are a special type of model architecture that allows to perform machine
learning on tasks that are defined on sets. A set {xi} is defined as a collection of elements
xi where the ordering of the elements does not have any meaning. This invariance regarding
the order of the elements is also referred to as permutation invariance. Therefore, when
writing a set {xi} with n elements as a list, changing the order of the elements in that list
does not change the overall set, which means

={x1, x2, ... , xn} {x2, x1, ... , xn} .

Swap x1 and x2

This property is promising for applications in HEP, since measurements in particle physics
often yield sets of objects, but there is no generally reasonable ordering of these objects. A
schematic representation of the concept of Deep Sets is shown in Figure 5.6. It is based on
the decomposition of a set function f({xi}) into

f({xi}) = ρ

(
n∑

i=1

φ(xi)

)
, (5.13)

where φ is a function that operates on instances xi of the set {xi} and ρ operates on objects
of the shape of the output of φ. Although the functions φ and ρ might be any functions
that have this feature, using deep neural networks for both φ and ρ is a popular choice.
The φ network is the same for all elements of the set, which means that it is one network
that it is applied to all elements in parallel as illustrated in Figure 5.6, but the weights are
the same.
Since the summation in Equation 5.13 is invariant under permutations of the elements

of the set {xi}, Deeps Sets offer a permutation invariant algorithm architecture. It should
be noted though, that the summation operation is just one possible implementation. In
general, other aggregation functions like the average or the max could be used as well.
The idea of this architecture is therefore to first transform the representation of the set

instances xi into an intermediate representation that is suitable for aggregation using the
network φ. The aggregated output

∑
i φ(xi) can then be used to obtain the desired output,

i.e. the classification of the whole set.
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Figure 5.6.: Schematic representation of the Deep Sets architecture.
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Due to colour confinement, quarks cannot appear as free particles and therefore cannot be
measured directly in collider experiments. Instead, the quarks hadronise in the detector
and appear in the form of hadronic jets. To reconstruct the physical process that took place
in the hard interaction, the type of hadrons inside the jets is identified. This technique is
called flavour tagging, as it tries to tag the jets according to the flavour of the quarks inside
these hadrons. The concept of flavour tagging and the corresponding algorithms that are
studied in this thesis are introduced in this chapter.

6.1. Overview

Jets containing c-hadrons or b-hadrons have a characteristic structure that differs from
the structure of light-flavour jets, which represents the comprehensive class of jets that
are neither matched to c- or b-hadrons nor to τ -leptons. b-hadrons have a lifetime of
around 1.5 ps [8], which is caused by the fact that the entry Vtb in the CKM matrix is
close to 1. As a result of that, flavour oscillations of b-quarks to quarks of the first two
generations are suppressed and since a transition of a b-quark to a t-quark is kinematically
not possible, b-quarks are forced to decay via the suppressed off-diagonal channels of the
CKM matrix. Having such a long lifetime, the b-hadron travels some distance away from
the primary vertex (PV) before it decays itself. For a b-hadron with pT = 50 GeV, this
decay length is approximately 5 mm. Thus, the point where the b-hadron decays represents
a secondary vertex (SV) that is displaced by a few millimetres from the PV. Furthermore, if
the b-hadron decays into a c-hadron, then the point where the c-hadron decays represents a
tertiary vertex. An illustration of two light-flavour jets and one b -jet is shown in Figure 6.1.

b -hadron

light-flavour jet

light-flavour jet

b -jet

primary vertex

secondary vertex

d0
z0

z

y
x

Figure 6.1.: Schematic illustration of two light-flavour jets and a b-jet. The distance
travelled by the b-hadron is shown in purple and tracks are shown as solid lines with arrow
heads. The transverse (longitudinal) impact parameter d0 (z0) is shown for one of the
tracks of the b-jet. Adapted from [97].
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c -jets, which are jets that contain c-hardons but no b-hadrons, have similar topologies.
However, c-hadrons have shorter lifetimes than b-hadrons since c-quarks can transition into
s-quarks via the large diagonal entry Vcs of the CKM matrix. As a result of that, the
corresponding SV in a c -jet is closer to the PV than in the case of a b -jet. c-hadrons
have a smaller mass than b-hadrons, which is also reflected in its decay products. Finally,
since top quarks decay before hadronisation processes take place, there are no top-quark
jets. Instead, top-quark decays result in a b -jet which that is accompanied by either two
light-flavour jets or a charged lepton and a neutrino.
The most commonly used flavour tagging algorithms are optimised for the identification

of b-jets, called b-tagging algorithms. These algorithms exploit variables that reflect the
characteristics of b-jets mentioned above to make a prediction if a jet is likely to originate
from a b-quark or not. The input variables of b-tagging algorithms are usually either
variables that describe the jet as a whole, like the pT of the jet and information about the
SV, or information about the tracks that are found within the jet. This track information
can for example be the impact parameter (IP), which is a measure for the shortest distance
between the PV and the track of interest. The transverse impact parameter d0 is defined
as the shortest distance between the extended track and the z-axis, as shown in Figure 6.1.
The longitudinal impact parameter z0 is the z-coordinate of the track at the point where d0

is evaluated. In this thesis, a lifetime signing convention is used for the significance of both
the transverse and the longitudinal IP. If the point where the track crosses the jet axis is
located upstream to the PV along the jet axis, the sign is positive, negative otherwise [98].
An illustration of the two cases is shown in Figure 6.2. Furthermore, the longitudinal IP is
commonly multiplied by sin θ, where in this context θ is the difference ∆φ in the r-φ plane
of the ATLAS coordinate system [99].

×
PV z

y
x

(a) Negative IP significance sign

×PV z

y
x

(b) Positive IP significance sign

Figure 6.2.: Illustration of the lifetime signing convention that is used for the impact
parameter significance. The dashed red arrow represents the jet axis and the black arrow
the track of interest. The green cross is the point where the track crosses the jet axis.
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6.2. ATLAS b -Tagging Algorithms

The b-tagging algorithms used in ATLAS are divided into low-level taggers and high-level
taggers. As illustrated in Figure 6.3, this can be thought of as two stages of tagging, where
the output of the low-level taggers is used as input for the high-level tagger, which then
gives the final tagger output. The low-level algorithms are tuned to specific tasks, and are
grouped in two categories.
The first category is dedicated to the reconstruction of displaced vertices, with the

SV1 [100] algorithm focusing on the reconstruction of an inclusive secondary vertex and the
JetFitter [101] algorithm being designed for the reconstruction of the full b- or c-hadron
decay chain. The second category includes algorithms that exploit IP information. These
are the IP2D and IP3D algorithms [98], as well as the RNNIP [102] and the Deep Impact
Parameter Sets (DIPS) [103] algorithms. The IP2D algorithm uses only the information
of the transverse IP significance d0/σd0 while the IP3D algorithm additionally uses the
longitudinal IP significance z0 sin θ/σz0 sin θ. The discriminant of both IP2D and IP3D is a
log-likelihood ratio of the probabilities that a track corresponds to correspond to a certain
class. The probabilities are calculated using template histograms that are obtained from
MC simulation and the final discriminant on jet level is the sum over the log-likelihood
values of all tracks associated with this jet [98]. The RNNIP algorithm uses a Recurrent
Neural Network (RNN) architecture and treats jets as a sequence of tracks. The DIPS
algorithm, which is the successor algorithm to RNNIP, uses the concept of Deep Sets and
therefore treats jets as a set of tracks.

Low-level taggers High-level taggers

DL1d

DL1r

SV1

JetFitter

DIPS

RNNIP

IP2D

IP3D

Reconstruction of
displaced vertices

Impact parameter based

Figure 6.3.: Two-level structure of the ATLAS b-tagging algorithm. The output from the
low-level taggers is used as the input for the high-level taggers. The two different high-
level algorithms DL1d and DL1r both use the information of SV1 and JetFitter, but
use different IP-based algorithms. While DL1r uses the information from IP2D, IP3D and
RNNIP, the DL1d algorithm only exploits the information from the DIPS algorithm.

The output of the low-level algorithms and information about the jet kinematics are
then fed to the high-level taggers of the DL1 family, which use a deep-neural-network
architecture. Depending on the use of either the RNNIP or the DIPS algorithm, the
overall tagger is called DL1r (with RNNIP) or DL1d (with DIPS). Furthermore, the DL1d
algorithm does not use the information from the IP2D and IP3D algorithms, which are
used in DL1r. The DL1r algorithm is used within ATLAS for analyses using data that was
recorded during Run II of the LHC. The DL1d algorithm, on the other hand, is designed
for analyses working with Run III data, but will also be part of a new Run II software
release that aims at harmonising the measurements performed at Run II and Run III.
The algorithms are trained on jets that are extracted from MC simulated collision events.

Hadrons with a transverse momentum larger than 5 GeV are matched to jets within an
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Table 6.1.: Definition of the jet classes used for the algorithm training. The jet labelling
is performed by matching b- and c-hadrons to the jet within a cone of size ∆R = 0.3. The
colours shown in the table are used throughout this thesis.

Class name Colour Description

b -jet Jet that is matched to at least one b-hadron.

single-b jet Jet that is matched to exactly one b-hadron.

bb -jet Jet that is matched to at least two b-hadrons.

c -jet Jet that is matched to at least one c-hadron
(and not matched to a b-hadron).

light-flavour jet Jet that is neither matched to a c- or b-hadron
nor to a τ lepton.

angular distance of ∆R = 0.3 around the jet axis as explained in section 3.3. An overview
of the jet class definitions used in this thesis is given in Table 6.1.
The neural-network-based algorithms, i.e. RNNIP, DIPS, DL1r and DL1d, are usually

trained with three jet classes namely light-flavour jets, c -jets and b -jets. Corresponding to
the number of target classes, the algorithms have a three-dimensional output layer using the
softmax activation function. Each output node can then be interpreted as the probability
that a jet corresponds to a certain class, resulting in

tagger output =



plight
pc
pb


 =



probability that this is a light-flavour jet

... c -jet

... b -jet


 . (6.1)

The three-dimensional output is then translated into a one-dimensional discriminant which
separates light-flavour jets and c -jets from b -jets. This b -tagging discriminant is defined
as

Db = log

(
pb

fc · pc + (1− fc) · plight

)
, (6.2)

where fc is a parameter that can be tuned after the training for optimal performance,
especially regarding a trade-off between light-flavour-jet rejection and c -jet rejection. With
this discriminant definition, b -jets are expected to have positive Db values while light-
flavour jets and c -jets are expected to peak at negative values, as illustrated in Figure 6.4.
The final result, i.e. the decision if a jet is b-tagged or not, is then defined by a cut Dcut

b

on Db, resulting in

jets with Db > Dcut
b → b-tagged

jets with Db ≤ Dcut
b → not b-tagged

An illustration of such a cut at a b -jet efficiency of 70 %, also called the 70 % working
point, is shown in Figure 6.4 as a vertical purple line. The b -jet efficiency εb represents the
fraction of b -jets whose discriminant value Db is larger than a certain cut value

εb =
Nb(Db > Dcut

b )

Nb(total)
, (6.3)

where Nb(Db > Dcut
b ) is the number of b -jets with a Db value larger than the cut value and

Nb(total) is the number of all b -jets. Furthermore, the rejection is defined as the inverse of
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Figure 6.4.: Illustration of the cut on the b-tagging discriminant. The purple vertical
line represents the cut value that corresponds to a b -jet efficiency of 70 %, also called the
70 % working point. The distributions do not represent the results of an existing b -tagging
algorithm but are instead created from random numbers for illustration purposes.

the efficiency, thus for example the c -jet rejection is given by

rc =
1

εc
=

Nc(total)
Nc(Db > Dcut

b )
, (6.4)

with Nc(Db > Dcut
b ) being the number of c -jets with a Db value larger than the cut value

and Nc(total) is total number of c -jets. The rejection is commonly plotted as a function of
the b -jet efficiency to visualise the performance of the tagger for different working points.
One could also use the value of 1− εi as a measure for the amount of rejected background.
However, the differences in 1 − εi between two taggers are hard to see when the efficiency
εi is close to 0, while the definition in Equation 6.4 is very sensitive to such comparisons.

6.2.1. DIPS

The DIPS tagger [103] is based on the concept of Deep Sets, which was introduced in
section 5.3, and exploits the information of up to 40 tracks associated to the jet within a
certain ∆R cone around the jet axis. The DIPS algorithm builds up on earlier applications
of the Deep Sets formalism in particle physics, known as energy flow networks [104]. The
input variables of DIPS are the transverse and longitudinal IP, the corresponding IP signi-
ficances, the jet pT fraction carried by the track, the opening angle between the jet and the
track as well as several variables that represent the number of hits in certain components
of the inner detector. In the hit variables, split hits refer to hits which are identified to
be created by multiple charged particles during the track reconstruction at the pattern
recognition level [105, 106]. Shared hits refer to hits that are shared by multiple tracks and
are not already marked as split hits [107]. A full list of the variables that are used by the
DIPS algorithm is shown in Table 6.2.
A schematic representation of the DIPS algorithm architecture is shown in Figure 6.5. The
input consists of a set {xi} of up to 40 vectors, each vector containing the 15 track variables
from Table 6.2. These vectors are then processed by a first neural network φ, where the
same network is applied to each track (i.e. they are processed in parallel), resulting in
a set {φ(xi)}, where each item φ(xi) is a vector with 128 entries. These vectors can be
thought of as a new, more abstract representation of the track information. To obtain
permutation invariance, a summation is performed over all items of the set {φ(xi)}. This
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6. Flavour Tagging

Table 6.2.: Input variables of the DIPS algorithm.

Variable name Description

d0 Transverse impact parameter
z0 sin θ Longitudinal impact parameter multiplied by sin θ

sd0 d0/σd0 : Transverse impact parameter significance
sz0 sin θ z0 sin θ/σz0 sin θ: Longitudinal impact parameter significance
log pfrac

T log(ptrack
T /pjet

T ): Logarithm of the fraction of the jet pT carried by the track
log ∆R(track, jet) Logarithm of the opening angle ∆R between the track and the jet axis
IBL hits Number of hits in the IBL
PIX1 hits Number of hits in the next-to-innermost pixel layer
Shared IBL hits Number of shared hits in the IBL
Split IBL hits Number of split hits in the IBL
nPixHits Combined number of hits in the pixel layers (including IBL hits)
Shared pixel hits Number of shared hits in the pixel layers (including shared IBL hits)
Split pixel hits Number of split hits in the pixel layers (including split IBL hits)
nSCTHits Combined number of hits in the SCT layers
Shared SCT hits Number of shared hits in the SCT layers
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Figure 6.5.: Schematic representation of the DIPS algorithm. The number of nodes in
each layer is reduced for better readability. The dotted boxes including individual layers
of the neural networks are used to illustrate the transition from the set structure to the
permutation-invariant representation. The input is a set of n vectors xi, where each vector
represents the information of one track. The maximum accepted number of tracks is 40.
If a jet contains less than 40 tracks, the remaining entries are masked, which means that
φ(xi) of such tracks is a vector of zeros.

aggregated result from the φ network is then fed into the second neural network ρ, which
consists of several layers. The output layer of the ρ network has the structure introduced in
Equation 6.1. If a jet contains less than 40 tracks, the remaining entries are masked, which
means that φ(xi) of such tracks is a vector of zeros. Furthermore, these masked tracks do
not contribute to the loss of the model.
First studies of the DIPS algorithm already showed that it outperforms the RNNIP

algorithm [103]. Additionally, the use of the Deep Sets architecture is well motivated for
the structure of the input, since this allows to treat the tracks as a set. In the RNNIP
algorithm, on the other hand, the RNN architecture enforces the selection of an order of
the input tracks. This ordering is done by sorting the tracks by their |sd0 | values, which
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6.3. Extended Algorithms for bb -Jets

might not be the optimal ordering.

6.2.2. DL1d

The DL1d algorithm is a deep neural network, which combines the information of the
low level taggers. The architecture, which is shown in Figure 6.6, consists of an input
layer, eight hidden layers where the number of nodes decreases with each layer, and an
output layer with one node for each target class. The input for this high-level tagger is
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Figure 6.6.: Schematic representation of the DL1d algorithm. The number of nodes in
the hidden layers decreases with each layer.

the output from the DIPS, JetFitter and SV1 algorithms, as well as the pT and the
pseudorapidity |η| of the jet. A full list of the DL1d input variables, grouped by their
origin, is given in Table 6.3. If the low-level taggers JetFitter or SV1 fail to reconstruct
a displaced vertex, the corresponding variables in Table 6.3 are filled with default values.
To take this into account in the high-level tagger, the two binary variables JFisDefault and
SV1isDefault are added and indicate if the jet variables are filled with default values for
the corresponding low-level tagger. The output layer of DL1d has the same shape as the
DIPS output layer. This makes it possible to directly compare the predictions of the two
algorithms, even though DIPS is a low-level algorithm. Given that the DL1d algorithm
takes the output from DIPS as input, it is expected to further improve the prediction from
the DIPS algorithm by combining it with the jet information listed in Table 6.3.

6.3. Extended Algorithms for bb -Jets

The algorithms introduced so far are usually trained with an inclusive b -jets class, which
means that a jet is considered to be a b -jet if at least one b-hadron can be matched to
a jet within an angular distance of ∆R = 0.3. This means that no distinction is made
between jets that contain one b-hadron and jets that contain two or more b-hadrons. While
this inclusive b -jet class is sufficient for most use-cases, there are special cases where the
number of b-hadrons inside the jet is of great interest.
One example where the number of b-hadrons inside a jet is rather interesting, is the search

for the tt̄H(→ bb̄) signal, which suffers from a large irreducible tt̄+ bb̄ background [3]. The
Feynman diagrams of both the signal process and the tt̄+ bb̄ background process are shown
in Figure 6.7. The signal process is the production of a Higgs boson in association with

39



6. Flavour Tagging

a top quark and an anti-top quark. The Higgs boson then decays into a bb̄ pair, which
means that the final state consists of a top quark, an anti-top quark, a bottom quark and
an anti-bottom quark. In the background process, a tt̄ pair is produced via gluon-gluon
fusion with an additional gluon being radiated which splits into a bb̄-pair. This means that
the tt̄ + bb̄ background process has the same final state particles as the tt̄H(→ bb̄) signal
process.
Since gluons are massless particles, the bb̄ pair which is created from gluon splitting is

rather collimated, leading to a bb -jet as illustrated in Figure 6.7b. The bb̄ pair from the de-
cay of the Higgs boson in the signal process is expected to be less collimated, since the Higgs
boson is a massive particle. Figure 6.8 shows the predicted fractions of background events
with at least one single-b jet or bb -jet. Being able to identify bb -jets and to differentiate
them from single-b jet, could help with the identification of background events that contain
bb -jets. These events are denoted in Figure 6.8 as tt̄+B and make up approximately 18 %
of all background events with at least one single-b jet or bb -jet.

b
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(a) tt̄H(→ bb̄) signal
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(b) tt̄+ bb̄ background

Figure 6.7.: Feynman diagrams of the tt̄H(→ bb̄) signal and the dominating background
process.
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Figure 6.8.: Predicted fractions of the different classes of background events in the ATLAS
tt̄H(→ bb̄) search [108]. The events are split into different categories, corresponding to the
number of single-b jets and bb -jets in the event (in addition to the jets from the tt̄ decay).
tt̄ + b refers to events with one single-b jet, tt̄ + bb̄ refers to events with two single-b jets,
tt̄+ B are events with one bb -jet and tt̄+ ≥ 3b refers to all other events with at least one
single-b jets or bb -jet.
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6.3. Extended Algorithms for bb -Jets

In order to achieve bb -jet identification, both the DIPS and the DL1d algorithm can be
extended by an additional output node, dedicated to bb -jets. The output layer of the
algorithms is then given by

tagger output =




plight
pc

psingle-b
pbb


 =




probability that this is a light-flavour jet
... c -jet
... single-b jet
... bb -jet


 , (6.5)

which means that the output node that initially corresponded to the inclusive b -jet class
is split into a single-b jet node and a bb -jet node. In the following, the extended DIPS and
DL1d algorithms will be referred to as bb -DIPS and bb -DL1d, respectively.
The ideal outcome of this extension is an extended b -tagging algorithm, which can still

be used for b -tagging with the typical definition of b -jets, but at the same time is able to
identify bb -jets. The discriminant for b -tagging is then

Db = log

(
psingle-b

fc · pc + (1− fc) · plight

)
, (6.6)

where instead of the probability pb which corresponds to the inclusive b -jet class the single-
b-jet probability psingle-b is used. Studies regarding the inclusion of pbb in the Db definition
from Equation 6.6 are presented in section 8.3.
The discriminant that is used to separate bb -jets from single-b jets can be defined as

Dsingle-b = log

(
psingle-b

pbb

)
. (6.7)

Both plight and pc are not included in the definition of the single-b-jet discriminant Dsingle-b,
since this discriminant is dedicated to separating single-b jets from bb -jets only.
This approach of training an algorithm that is capable of both b -tagging and the ad-

ditional identification of bb -jets differs from other efforts like the DeXTer tagger [109],
which exploits jets that are re-clustered with a large radius parameter and omits the c -jet
category.
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6. Flavour Tagging

Table 6.3.: Input variables of the DL1d algorithm.

Origin Variable name Description

Jet kinematics
pT Jet pT

|η| Jet |η|

JetFitter

m(JF) Invariant mass of tracks from displaced vertices
fE(JF) Jet energy fraction of the tracks associated with the

displaced vertices
Sxyz(JF) Significance of the average distance between PV and

displaced vertices
N≥2-trk vertices(JF) Number of vertices with more than one track
N1-trk vertices(JF) Number of single-track vertices
NTrkAtVtx(JF) Number of tracks from multi-prong displaced vertices
N2TrkVtx(JF) Number of two-track vertex candidates (prior to decay

chain fit)
∆R(~pjet, ~pvtx)(JF) ∆R between the jet axis and the vectorial sum of mo-

menta of all tracks attached to displaced vertices
ηmin,max,avg
trk (JF) Minimum, maximum and average pseudorapidity of all

tracks in the jet
NTrkAtVtx(2nd)(JF) Number of tracks associated to 2nd vertex
mTrk(2nd)(JF) Invariant mass of tracks associated to 2nd vertex
ETrk(2nd)(JF) Energy of charged tracks associated to 2nd vertex
fE(2nd)(JF) Jet energy fraction of the tracks associated with the

2nd vertex
Lxyz(2

nd)(JF) Distance of 2nd vertex from PV
Lxy(2nd)(JF) Transverse distance of 2nd vertex from PV
ηmin,max,avg
trk (2nd)(JF) Minimum, maximum and average pseudorapidity of

tracks at the 2nd vertex

SV1

NTrkAtVtx(SV) Number of tracks used in the secondary vertex
m(SV) Invariant mass of tracks at the secondary vertex
N2TrkVtx(SV) Number of two-track vertex candidates
fE(SV) Energy fraction of the tracks associated with the sec-

ondary vertex
∆R(~pjet, ~pvtx)(SV) Angular distance ∆R between the jet axis and the dir-

ection of the 2nd vertex from the PV
Lxy(SV) Transverse distance between PV and SV
Lxyz(SV) Distance between PV and SV
Sxyz(SV) Lxyz(SV) divided by its uncertainty

DIPS

plight Light-flavour jet probability output from DIPS
pc c -jet probability output from DIPS
pb b -jet probability output from DIPS
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7. The Extended bb -DIPS Tagger

This chapter presents the studies performed with the bb -DIPS tagger that was introduced
in the previous chapter. A schematic representation of the bb -DIPS algorithm architecture
is shown in Figure 7.1, where the only difference compared to the default DIPS architecture
is the number of output nodes. The input variables are presented in Section 7.1, followed
by an in-depth explanation of the training sample preparation in Section 7.2. Afterwards,
the results of the algorithm training are shown in Section 7.3 and compared to a training of
the default DIPS algorithm. Finally, optimisation studies related to the underlying track
selection are shown in Section 7.4.
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Figure 7.1.: Schematic representation of the bb -DIPS algorithm. The algorithm has
the same architecture as the DIPS algorithm except for the output layer, which is four-
dimensional in the bb -DIPS algorithm.

7.1. Input Variables

The training and evaluation of the bb -DIPS tagger is performed with jets that are produced
in tt̄ and Z+jets events. The samples were produced using the MC generator setup discussed
in Section 3.4. The Z+jets samples are used to increase the number of bb -jets available for
the training of the algorithm. An example Feynman diagram for a Z+bb-jet event is shown
in Figure 7.2, where a gluon is radiated from an incoming quark and then splits into a bb̄-
pair. If the two b-hadrons are strongly collimated, they can be reconstructed as one single
bb -jet. While light-flavour jets, c -jets and single-b jets are taken from the tt̄ sample only,

q

q̄

b

b̄

µ−/ν

µ+/ν̄

g

Z

Figure 7.2.: Example Feynman diagram of a Z + bb-jet event where the Z boson decays
into a µ−µ+ or νν̄ pair.
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7. The Extended bb -DIPS Tagger

bb -jets are taken from both samples in order to increase the size of the training sample.
Tracks are required to pass certain selection criteria. Each track is required to have a

minimum pT of 1 GeV and a pseudorapidity |η| smaller than 2.5. The absolute value of the
transverse and longitudinal impact parameter of the track has to be smaller than 1 mm and
1.5 mm respectively. Tracks are required to have at least 7 hits in the silicon layers (Pixel
Detector and SCT combined). No more than one space point shared by multiple tracks is
allowed in the silicon layers. In the pixel detector, a space point corresponds to a pixel hit.
In the SCT, on the other hand, a space point is defined by two overlapping SCT strips to
make it more comparable to a pixel space point. Furthermore, no more than two hits are
allowed to be missing in the silicon layers combined and no more than one missing hit is
allowed in the pixel layers. The selection criteria are summarised in Table 7.1 and are in
the following referred to as standard track selection.

Table 7.1.: Definition of the standard track selection.

Variable Criterion Description

ptrack
T > 1 GeV Minimum allowed track pT

|d0| < 1 mm Transverse IP has to be below threshold
|z0 sin(θ)| < 1.5 mm Longitudinal IP has to be below threshold
|η| < 2.5 Maximum allowed track |η|
NSilicon hits ≥ 7 At least 7 hits in the silicon layers (pixel and SCT)
NPixel holes < 2 No more than 1 missing hit in the pixel layers
NSilicon shared < 2 No more than 1 space point shared by multiple tracks

in silicon layers
NSilicon holes < 3 No more than 2 missing hits in silicon layers
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Figure 7.3.: Normalised distribution of the number of tracks per jet. Only tracks which
pass the standard track selection are included in the plot.

The distribution of the number of selected tracks per jet is shown in Figure 7.3 for the
different jet classes. Light-flavour jets contain on average 4.8 tracks while c -jets and single-b
jets have more tracks with an average of 5.2 and 5.9 tracks per jet, respectively. By far the
most tracks per jet are seen in bb -jets, with an average of 8.5 for bb -jets from tt̄ events and
7.9 for bb -jets from Z+jets events. The pT distribution of the individual jet classes is shown
in Figure 7.4. In order to compare the number of tracks per jet as a function of the jet pT,
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Figure 7.4.: Normalised distribution of the jet pT for the different jet classes used in the
training.

the average number of tracks is calculated in bins of pT. Furthermore, this average value
is also calculated for each type of origin of the tracks individually, to investigate where the
tracks originate from. The corresponding plot is shown for each jet flavour separately in
Figure 7.5.
The average number of tracks that originate from the primary vertex is denoted as
〈NPV

tracks〉. Tracks from heavy flavour (HF) decays, denoted as 〈NHF
tracks〉, are tracks that

originate from the decay of a b- or c-hadron and tracks from pile-up are denoted as 〈Npile-up
tracks 〉.

The remaining tracks, listed as 〈Nother
tracks〉 are tracks from other secondary interactions, from

the decay of τ -leptons and tracks that are created from the hits of multiple particles. The
average number of tracks for each jet category and each track origin, calculated over the
full range of the jet pT, is listed in Table 7.2.
As shown in Figure 7.5, the number of tracks increases with the jet pT for tracks of all

categories except from a small decrease in the number of pile-up tracks in light-flavour jets
from pT = 20 GeV to pT = 50 GeV.

Table 7.2.: Average number of tracks per jet corresponding to the different jet-flavour
categories. The numbers are obtained with the standard track selection. The statistical
uncertainty of these values are negligible, and thus not shown in the table. The columns
represent the average number of tracks from the decay of a heavy-flavour hadron 〈NHF

tracks〉,
from the primary vertex 〈NPV

tracks〉, from pile-up 〈Npile-up
tracks 〉, and the average number of tracks

that originate from other secondary interactions, the decay of a τ -lepton or which are created
from the hits of multiple particles 〈Nother

tracks〉.

Jet flavour 〈Ntracks〉 〈NHF
tracks〉 〈NPV

tracks〉 〈N
pile-up
tracks 〉 〈Nother

tracks〉

light-flavour jets (tt̄) 4.8 0.02 4.4 0.3 0.1
c -jets (tt̄) 5.2 2.1 2.8 0.2 0.1
single-b jets (tt̄) 5.9 3.6 2.0 0.2 0.05
bb -jets (tt̄) 8.5 6.0 2.2 0.3 0.06
bb -jets (Z+jets) 7.9 5.7 1.8 0.3 0.06
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Figure 7.5.: Average number of tracks as a function of the jet pT for different track origins
individually. The statistical uncertainty of each bin is indicated as a coloured band, but
is too small to be seen in most bins. The inclusive class (all) represents the total average
number of tracks per jet for each pT bin.

The overall number of tracks per jet increases almost linearly with the jet pT. The
number of tracks from pile-up is very small for all jet categories, with the average over the
full pT range being either 0.2 or 0.3. Moreover, with 〈Nother

tracks〉 = 0.1 for light-flavour jets
and c -jets and 〈Nother

tracks〉 = 0.05 for single-b jets and 〈Nother
tracks〉 = 0.06 for bb -jets, the number

of tracks from other secondary interactions, from the decay of τ -leptons, or tracks which
are created from the hits of multiple particles, is very small as well.
As expected, light-flavour jets contain almost no tracks from HF decays for the full pT

range. The average number of tracks from HF decays in light-flavour jets, calculated over
the full pT range, is 〈NHF

tracks〉 = 0.02. The very few tracks from HF decays that are assigned
to light-flavour jets can originate from HF hadrons that have a pT smaller than 5 GeV,
which is the minimum hadron pT requirement in the jet-hadron matching. Consequently,
the tracks in light-flavour jets are predominantly from the PV.
Like in light-flavour jets, the dominating track category in c -jets is also the category of

tracks from the PV. However, with 〈NPV
tracks〉 = 2.8, the average number of tracks from the

PV is smaller in c -jets compared to light-flavour jets, where the average over the full pT
range is 〈NPV

tracks〉 = 4.4. The average number of tracks from HF decays in c -jets is almost
constant over the full pT range with a value slightly above 2.
Single-b jets and bb -jets are dominated by tracks from HF decays. Also, the average

46



7.1. Input Variables

0.1 0.2 0.3 0.4
R(track, jet)

0.01

0.02

0.03

0.04

0.05

0.06

N
or

m
al

is
ed Simulation, s = 13 TeV

Standard track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(a)

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75
pfrac

T

10
4

10
3

10
2

10
1

10
0

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Standard track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(b)

10.0 7.5 5.0 2.5 0.0 2.5 5.0 7.5
sd0

10
3

10
2

10
1

10
0

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Standard track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(c)

Figure 7.6.: Normalised distributions of three track variables that are used by the DIPS
tagger: (a) the angular distance between the jet axis and the track axis ,∆R(track, jet), (b)
the fraction of the jet pT carried by the track ,pfrac

T , and (c) the lifetime-signed significance
of the transverse IP, sd0 . The DIPS algorithm uses the logarithm of ∆R(track, jet) and
pfrac
T , but to show the values of the underlying physical quantity, the distributions are shown

here before the logarithmic function is applied to the values.

number of tracks from this origin is nearly constant for a jet pT above 100 GeV. bb -jets
from tt̄ and Z+jets events contain on average 6 and 5.7 tracks from HF decays respectively,
while single-b jets contain on average only around 3.6 tracks from HF decays. This large
difference is expected since bb -jets contain an additional b-hadron. The fact that the number
of tracks from HF decays in bb -jets is not exactly twice the size of the corresponding number
in single-b jets indicates that not all tracks of the two b-hadrons inside the bb -jets are
assigned to the jet. The number of tracks from the PV is nearly identical for both single-b
jets and bb -jets over the full pT range. Due to the overall pT dependence of the number
of tracks per jet, the bb -jets from the Z+jets sample have on average a smaller number of
tracks, since these bb -jets have on average a smaller pT than the bb -jets from the tt̄ sample,
as can be seen in Figure 7.4.
Three of the track variables, which are used as input features for the DIPS algorithm, are

shown in Figure 7.6. The plots show the angular distance ∆R(track, jet) between the track
and the jet axis, the variable pfrac

T , which is the fraction of the jet pT carried by the track
and the lifetime signed significance of the transverse impact parameter sd0 . Furthermore,
the distributions of all variables used by DIPS algorithm are shown in Figure 7.8.
The angular distance between the jet and the track, which is shown in Figure 7.6a, has a

much larger mean value for bb -jets compared to the other jet classes. The reason for this are
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the tracks from HF decays, of which the bb -jets have more than jets of the other categories.
Additionally, since bb -jets contain at least two b-hadrons, the jet axis is usually between the
direction of flight of the two b-hadrons. As a result of that, the angular distance between
the tracks from the decay of these hadrons tends to be larger than the angular distance
between tracks from HF decays and the jet axis in c -jets and single-b jets.
The pfrac

T distribution in Figure 7.6b shows that tracks in bb -jets carry on average a
smaller fraction of the jet pT compared to the other classes. This might be due to the fact
that the jet pT is distributed to more particles. Furthermore, it should be noted that this
variable only compares the scalar values of the jet pT and the track pT. Therefore, values
larger than 1 are possible for pfrac

T , since only the vector sum of the transverse momentum
of the jet constituents has to add up to the overall pT of the jet. For both ∆R(track, jet)
and pfrac

T , the natural logarithm is applied to the values before using them as input for the
algorithm. This is done because these variables have long tail towards larger values and
transforming the distribution with the logarithmic function improves the convergence time
of the training [103].
In order to explain the different shapes of the sd0 distributions in Figure 7.6c, the sd0

distributions are shown in Figure 7.7 separately for tracks from the different categories
introduced before. As can be seen in Figure 7.7b, tracks from the PV have the same sd0
distribution for all jet flavours, with a narrow peak centred at sd0 = 0. This is expected,
since by definition tracks from the PV are expected to cross the jet axis close to the PV
and thus have a small IP. Since the tracks in light-flavour jets are almost exclusively tracks
from the PV, the overall distribution of sd0 in Figure 7.6c for light-flavour jets is almost the
same as the distribution drawn for tracks from the PV only. In contrast, tracks from HF
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Figure 7.7.: The distributions of the lifetime signed significance of the transverse IP for
tracks of the different categories: (a) tracks from HF decays, (b) tracks from the PV, (c)
tracks from pile-up and (d) the remaining tracks.
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decays predominantly cross the jet axis in front of the PV, corresponding to a positive sign
of sd0 . The corresponding distributions in Figure 7.7a for c -jets, single-b jets and bb -jets
therefore shows a clear step at sd0 = 0 and long tails towards larger values. As listed in
Table 7.2, bb -jets have on average nearly twice as many tracks from HF decays as single-b
jets. However, the additional tracks seen in bb -jets have a smaller tendency towards positive
lifetime signs. The normalised distribution of sd0 for bb -jets in Figure 7.6c therefore shows
a larger tail towards negative values. Since the majority of the tracks in single-b jets and
bb -jets are tracks from HF decays, the shape of the sd0 distribution in Figure 7.7a dominates
the shape of the overall distribution for these jet classes in Figure 7.6c. As the number
of tracks from pile-up and the remaining tracks from the "others" category only make up
a very small fraction of the tracks in all jets, the corresponding sd0 distributions of these
tracks, shown in Figure 7.7c and Figure 7.7d, do not have a large impact on the inclusive
distributions in Figure 7.6c.
The differences in the distributions of the input variables between the different jet classes

and further hidden feature correlations that are not directly visible in the distributions can
be used by the DIPS algorithm to identify the flavour of the jets.
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Figure 7.8.: Distributions of the DIPS input variables, all of which are track variables.
These distributions are obtained with the standard track selection. The variable definitions
can be found in Table 6.2.
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7.2. Dataset Preprocessing

Before starting the training of either the DIPS or the bb -DIPS algorithm, the sample is split
into training, validation and test samples. The split is performed using the event number
Nevent of the event each jet was extracted from. The event number is a unique integer
number on event-level within each sample and is not correlated to any physical observable.
The assignment is then given by:

jets from events with Nevent mod 6 ≤ 3 → used for training

... Nevent mod 6 = 4 → ... validation

... Nevent mod 6 = 5 → ... testing

This splitting ensures that the different samples used for the training, validation and testing
are orthogonal to each other, which is crucial to test the model for generalisation.

7.2.1. Training Sample

The training sample that is obtained with the aforementioned selection based on the event
number associated to the jet consists of highly imbalanced classes, with bb -jets making
up only 0.6 % of all jets in the sample. Training the bb -DIPS algorithm with such highly
imbalanced classes would result in a large bias towards the dominating classes. Most
notably, the algorithm would presumably completely ignore the minority class of the bb -jets,
since the loss from Equation 5.2 is calculated via the average over the training sample and
thus the average performance could be good even if the algorithm would perform poorly on
bb -jets. Furthermore, the initial kinematic distributions (pT and |η|) are different between
the jet classes, which could introduce a bias towards certain kinematic regions.

Resampling

To solve these problems, the training sample is further processed by applying a resampling
technique. The first goal of this method is to end up with equal kinematic distributions for
jets of all classes. The second goal is to obtain the same number of jets of each class. An
illustration of the resampling procedure in the case of 4 jet classes is shown in Figure 7.9.
The procedure starts by calculating the target distribution in the pT-|η| plane. For trainings
with 3 classes, this target distribution is the pT-|η| distribution of the b -jets while for
trainings with 4 classes the pT-|η| distribution of the single-b jets is chosen as the target.
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Figure 7.9.: Schematic illustration of the two-dimensional resampling in the case of four
jet classes. The target distribution is calculated using the single-b jets (a) and then the
other classes are sampled to match the pT-|η| distribution of the single-b jets.
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7. The Extended bb -DIPS Tagger

Afterwards, jets are sampled from each class with an acceptance rate according to the target
distribution, and the process is repeated until a certain number of jets Ntarget is obtained.
Jets are therefore allowed to be selected multiple times. The number Ntarget is set to 4
million, which results in 12 million jets for trainings with 3 classes (DIPS) and 16 million
jets for trainings with 4 classes (bb -DIPS). With around 2.3 million bb -jets, these jets are
on average oversampled by a factor of around 1.7. Furthermore, 212 million light-flavour
jets, 34 million c -jets and 156 million single-b jets are available for training, which means
that jets from these classes are rarely oversampled.
It should be noted that this means that the trainings performed with these samples do

not exploit the full statistics of the non-bb -jet classes, since only a small fraction of the
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Figure 7.10.: Illustration of the resampling performed for the training sample. The figures
on the left side (figures (a), (c) and (e)) show the distributions before the resampling, and
the figures of the right side (figures (b), (d) and (f)) show the distributions after the
resampling.
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available jets are used in those cases. The sample composition and the pT-|η| distributions,
both before and after resampling, are shown in Figure 7.10 for the case of 4 jet classes.

Variable Standardisation

After the resampling, some variables are shifted and scaled according to the standardisation
transformation from Equation 5.4 that was introduced in Section 5.1.2. Variables which
already have a mean near zero are not transformed. A short summary table of which
variables are standardised is given in Table 7.3. The distributions of the preprocessed

Table 7.3.: Summary of which DIPS input variables are standardised in the preprocessing.

Standardised variables Not standardised variables

log pfrac
T sd0

log ∆R sz0 sin θ

nPixHits IBL hits
nSCTHits PIX1 hits
d0 Shared IBL hits
z0 sin θ Split IBL hits

Shared pixel hits
Split pixel hits
Shared SCT hits

variables are shown in the appendix in Figure A.1. The corresponding distributions of the
training sample for the DIPS training with the inclusive b -jet class is shown in Figure A.2.
The distribution of the log ∆R(track, jet) variable is shown in Figure 7.11 both before and
after the standardisation. While the distribution before the preprocessing is located at
negative values only, the distribution after the preprocessing is located around zero. Since
the standard deviation of log ∆R(track, jet) is already close to 1 before the standardisation,
there is not much change in the width of the distributions.
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Figure 7.11.: The log ∆R(track, jet) distribution for each jet class before (a) and after
(b) the preprocessing. The distribution corresponding to bb -jets after the preprocessing
shows the joint distribution of bb -jets from tt̄ and Z+jets.
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In addition to the shifting and scaling, small changes in the shape of the distributions can
be seen for some variables, one example being the variable log ∆pfrac

T . This is caused by
the resampling, since the distributions before the preprocessing are obtained with jets from
different kinematic regions, while the jets after the resampling all have the same distribution
in the pT-|η| plane. If a variable is correlated with the jet pT, the distribution of this variable
changes when the resampling procedure is applied.

7.2.2. Validation and Test Samples

During the training, the algorithms are evaluated on two different validation samples. The
first validation sample is also processed with the same resampling procedure as the training
sample. This ensures that the fractions of the different jet classes are the same in the
training sample and the validation sample. This validation sample is in the following
referred to simply as validation sample. The second sample that is used for validation
during training is a non-resampled validation sample, which only contains jets from tt̄
events in the fractions they appear in those events. It should be noted that the jets in the
non-resampled validation sample are obtained from the same pool of jets as the jets for
the other validation sample. Therefore, these two validation samples are not orthogonal to
each other. While the validation sample randomly selects jets from the pool of jets with
Nevent mod 6 = 4 during the resampling procedure, the non-resampled validation sample
contains the first 300k jets that are written out from the sample of tt̄ events. The overlap
between the two validation samples is therefore very small, but not zero. After training,
the algorithms are evaluated on a test sample. Like the non-resampled validation sample,
the test sample contains jets from tt̄ events without any resampling. A summary of the
different samples is shown in Table 7.4.
Furthermore, the shifting and scaling factors calculated for the standardisation of the

training sample are applied to the validation and test samples before being processed by
the algorithm.

Table 7.4.: Overview of the different samples used for training, validation and testing.

Sample name Njets Nevent mod 6 Resampled

Training sample 4M per jet class ≤ 3 Í

Validation sample 300k in total
= 4

Í

Non-resampled validation sample 300k in total é

Test sample 4M in total = 5 é
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7.3. Algorithm Training and Evaluation

In order to investigate the effect of adding a bb -jet class to the DIPS algorithm, two trainings
are presented in this section. The first training is a baseline training of DIPS which uses the
standard b -tagging classes, i.e. light-flavour jets, c -jets and the inclusive b -jets category.
While the objective of the studies in this thesis is to use the extended jet classes, this
baseline training is performed to have a reference of a DIPS model trained with the usual
jet classes. All trainings presented in this thesis are implemented with TensorFlow 2.9.1
[110] using the Keras 2.9.0 [111] API. The training sample is created using the same
procedure as explained in Section 7.2 but without the bb -jets from the Z+jets sample.
The second training is the result obtained with bb -DIPS, i.e. when using light-flavour jets,
c -jets, single-b jets and bb -jets as the target classes of the algorithm. Both algorithms
use the network architecture presented in Section 6.2.1, with the only difference being the
number of output nodes corresponding to the target classes of the model. The full list of
hyperparameters of both setups is shown in Table 7.5. Both models use a dropout rate of
0.05 in all hidden layers of the ρ network, while only using dropout with a rate of 0.05 in
the last layer of the φ network. Several combinations of dropout rates were studied, and the
combination presented here was found to lead to the best agreement between the accuracy
of the model predictions in the training and validation sample.

Table 7.5.: Hyperparameters of the DIPS and the bb -DIPS model. The two models use
the same hyperparameters, except for the definition of the target classes and thereby the
number of the output nodes.

Parameter DIPS bb -DIPS

Target classes

light-flavour jets light-flavour jets

c -jets c -jets

b -jets single-b jets

bb -jets

Size of training sample 12M (4M per class) 16M (4M per class)

Output nodes [plight, pc, pb] [plight, pc, psingle-b, pbb]

Nhidden
nodes φ [100, 100, 128]

Nhidden
nodes ρ [100, 100, 100, 30]

Dropout rates in φ [0, 0, 0.05]

Dropout rates in ρ [0.05, 0.05, 0.05, 0.05]

Learning rate 0.001

Batch size 15000

Batch normalisation Í

Learning rate reducer Í

Training epochs 200

Optimiser Adam

Loss function Categorical cross entropy
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7.3.1. Training Results

The loss and accuracy curves of both trainings are shown in Figure 7.12. In both trainings
the loss of the validation sample (green line) agrees well with the loss of the training sample
(magenta line). The validation loss is even slightly smaller than the training loss. This can
be explained by the usage of dropout, which is only applied during the training and not
in the validation step. Hence, the predictions made on the training sample are calculated
with some connections in the neural network turned off. The predictions on the validation
samples on the other hand are calculated with all connections, resulting in slightly better
performance compared to the training.
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Figure 7.12.: Loss and accuracy curves as a function of the training epoch: figure (a)
and figure (b) show the loss of DIPS and bb -DIPS while figure (c) and figure (d) show
the accuracy of the two models. All figures show the corresponding metric for the training
sample (magenta) and the two different validation samples (green and blue).

The accuracy also shows very good agreement between the performance on the training
sample and on the validation sample. The training is not performed over more than 200
epochs, since both the loss and the accuracy already show convergence with this number
of training epochs. The converged value of the accuracy is around 70 % for DIPS while the
accuracy of the bb -DIPS model converges towards 66 %. The DIPS training loss converges
to approximately 0.655 while the bb -DIPS training loss converges to a value of 0.790. This
shows that the model performance is worse with the additional bb -jet class when all target
classes are to be distinguished from each other.
Both the loss and the accuracy of the non-resampled validation sample (blue) show an

offset to the corresponding metric calculated on the training sample. This offset is caused
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Figure 7.13.: Validation accuracy as a function of the training epoch for each jet class
individually in the non-resampled validation sample. Figure (a) shows the corresponding
decomposition for the DIPS training and figure (b) for the bb -DIPS training.

by the composition of the non-resampled validation sample and the fact that the model
performance is different for the different jet classes. Since this sample has imbalanced
classes, the different jet classes do not contribute with equal fractions to the average loss
as defined in Equation 5.2. In contrast, for both the training sample and the validation
sample, each jet class contributes with the same fraction to the overall loss of the model.
Furthermore, the loss of the non-resampled validation sample in Figure 7.12b shows large

oscillations over the training process. This is also caused by the imbalanced classes in this
sample.
Figure 7.13 shows the accuracy for each jet class from the non-resampled validation

sample individually. The accuracy is calculated by comparing the model prediction with
the true label of each jet. The model prediction is the class corresponding to the output
node with the maximum value for a given jet. If the output node with the largest activation
value corresponds to the truth label, a jet is counted as correctly predicted. As can be seen
in Figure 7.13b, the accuracy of each individual class shows oscillations which align with
the oscillations seen in the loss curve in Figure 7.12b. These oscillations do not show up in
the training of DIPS, with the class-specific accuracies shown in Figure 7.13a. The reason
for this could be that the classification task becomes more complex with the additional
bb -jet class in bb -DIPS. When the bb -DIPS model improves in the classification of bb -jets,
the accuracy for single-b jet and light-flavour jet classification decreases and vice versa.
Since the overall accuracy over the whole non-resampled validation sample is dominated by
the accuracy on single-b jets and light-flavour jets, these oscillations are translated into the
overall accuracy. This is less pronounced in the validation sample, since the overall loss and
accuracy is calculated with equal numbers of jets from the different classes. Furthermore,
the fact that the classification task becomes harder with four target classes is also reflected
in the values of the converged loss and accuracy curves.
The last training epoch is chosen for the evaluation, as there is no other epoch with

significantly smaller loss values. The raw output distributions of the corresponding two
models are shown in Figure 7.14. The distribution is shown for each jet class and each
output node. Since the pb node of the DIPS model is expected to be comparable to the
psingle-b node of the bb -DIPS model, the corresponding distributions are drawn in the same
plot. The solid lines show the output of the bb -DIPS model and the dotted lines show the
DIPS output. While the plight and pc distributions shift slightly towards smaller values in
bb -DIPS, the psingle-b distribution from bb -DIPS in Figure 7.14c shows significant changes
compared to the pb distribution from DIPS, which is drawn in the same plot. The pb
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(c) pb (DIPS) and psingle-b (bb -DIPS)

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

tt test sample, PFlow jets
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

0.2 0.4 0.6 0.8
bb-jet probability

0.5
1.0
1.5

R
at

io
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Figure 7.14.: Comparison of the raw output of the DIPS tagger with 3 output classes
(dotted line) and the bb -DIPS tagger with 4 output classes (solid line): (a) the light-
flavour jet probability plight, (b) the c -jet probability pc, (c) the single-b jet probability
psingle-b (bb -DIPS) and b -jet probability pb (DIPS) and (d) the bb -jet probability pbb. The
bb -jet probability in figure (d) is only shown for the bb -DIPS tagger, since this information
is not available with the default DIPS output. The ratio is calculated with respect to the
DIPS prediction for each jet flavour individually.

distribution from DIPS is rather similar for single-b jets and bb -jets, which is expected
as they both correspond to the b -jets target class in DIPS. The psingle-b distribution of
bb -DIPS on the other hand shows the intended separation between single-b jets and bb -
jets, since this model has a dedicated target class for both single-b jets and bb -jets. Finally,
the pbb distribution in Figure 7.14d is only shown for bb -DIPS, since this information does
not exist in the DIPS model. The spikes in the plight distribution (Figure 7.14a) and the pbb
distribution (Figure 7.14c) originate from jets with no tracks. The corresponding spikes in
pc (Figure 7.14b) and psingle-b (Figure 7.14c) are not clearly visible in the plot, since they
are hidden in the bulk of the distribution. The DIPS predictions for jets with no tracks are
plight ≈ 0.56, pc ≈ 0.19 and pb ≈ 0.25. The bb -DIPS predictions for jets with no tracks are
plight ≈ 0.40, pc ≈ 0.13, psingle-b ≈ 0.18 and pbb ≈ 0.29.

7.3.2. Performance in Inclusive b -Tagging

The b -tagging discriminant Db for both DIPS and bb -DIPS is shown in Figure 7.15. By
introducing the additional target class with bb -DIPS, the separation between the different
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Figure 7.15.: Comparison of the b -tagging discriminantDb obtained from the DIPS tagger
with 3 output classes (dotted lines) and the bb -DIPS tagger with 4 output classes (solid
lines). The lower panel shows the ratio between the bb -DIPS histograms and the DIPS
histograms for each jet class separately. The fc value, which defines the weight of pc and
plight in the discriminant, is set to 0.005. Jets with no tracks are located at Db ≈ −0.80 for
DIPS and at Db ≈ −0.78 for bb -DIPS.

histograms is only slightly affected. The separation Sep(h1,h2) between two equally binned,
normalised histograms h1 and h2 is calculated using the formula

Sep(h1, h2) =
1

2
·
N∑

i=1

(h1,i − h2,i)
2

h1,i + h2,i
, (7.1)

with hj,i being the height of bin i of histogram hj and N begin the total number of bins.
With this definition, two non-overlapping histograms have a separation of 1 while two
exactly overlapping histograms have a separation of 0. The separation values corresponding
to the histograms in Figure 7.15 are listed in Table 7.6. The largest difference is seen in the
separation between bb -jets and c -jets, which decreases from (51.9± 0.4) % to (50.6± 0.4) %.
The difference in separation is within two standard deviations. The separation values
corresponding to other combinations of signal (single-b jets and bb -jets) and background
(light-flavour jets and c -jets) have a much smaller difference and agree within one standard
deviation. Hence, the extension of the tagger by an additional bb -jet node only leads to a
small decrease in separation power between c -jets and bb -jets.

Table 7.6.: Separation between the background classes (light-flavour jets and c -jets) and
the signal classes (single-b jets and bb -jets) in the Db distribution. Since Db is the discrim-
inant for b -tagging with the inclusive b -jets class, both single-b jets and bb -jets are part of
the signal.

Sep(single-b, light) Sep(single-b, c) Sep(bb, light) Sep(bb, c)

DIPS (72.1± 0.1) % (39.7± 0.1) % (82.6± 0.5) % (51.9± 0.4) %

bb -DIPS (72.0± 0.1) % (39.5± 0.1) % (82.5± 0.5) % (50.6± 0.4) %
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Figure 7.16.: Light-flavour-jet rejection as a function of the b -jet efficiency (a) and c -jet
rejection as a function of the b -jet efficiency (b) for DIPS (green) and bb -DIPS (magenta).
The b -jet efficiency refers to the efficiency of the inclusive b -jet class which includes both
single-b jets and bb -jets. The lower panels show the ratio with respect to the DIPS line
(green). The fc value in the discriminantDb is set to 0.005. The coloured bands indicate the
statistical uncertainties on the rejection, which are calculated using binomial uncertainties.

The light-flavour-jet rejection and the c -jet rejection curves corresponding to the dis-
criminant distributions in Figure 7.15 are shown in Figure 7.16 as a function of the b -jet
efficiency, where the b -jet efficiency corresponds to the inclusive b -jet class. The light-
flavour-jet rejection of bb -DIPS is smaller than the one of DIPS for b -jet efficiencies smaller
than 90 %, which can be seen in the lower panel in Figure 7.16a. However, the largest
difference is only around 5 % compared to DIPS. The difference is even smaller for c -jet
rejection, which can be seen in Figure 7.16b. For b -jet efficiencies larger than 80 % the c -jet
rejection of the two taggers is nearly identical. For smaller b -jet efficiencies, the c -jet re-
jection is better for DIPS, but the largest relative difference is only around 2 %. The spikes
in Figure 7.16a and Figure 7.16b at a b -jet efficiency slightly above 0.91 are an artefact
caused by the location of jets with no tracks, which are located at Db ≈ −0.80 for DIPS
and at Db ≈ −0.78 for bb -DIPS. It should be noted that the rejection is a very sensitive
metric in the way that very small changes in the underlying discriminant distribution lead
to rather large changes in the corresponding rejection curves.
The pT dependence of both the light-flavour-jet rejection and the c -jet rejection is shown

in Figure 7.17, where the corresponding rejection values are calculated for a b -jet efficiency
of 70 % in each bin of pT. The performance of both models increases at smaller jet pT
until it drops for pT > 140 GeV. This overall trend of the pT-dependence of both the
light-flavour jet rejection and the c -jet rejection is consistent with previous studies of the
DIPS algorithm [103] as well as the DL1r algorithm [46].
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Figure 7.17.: Light-flavour-jet rejection (a) and c -jet rejection (b) calculated in bins of
the jet pT for DIPS (green) and bb -DIPS (magenta). Each bin shows the corresponding
rejection for a b -jet efficiency of 70 % in that bin. The b -jet efficiency refers to the inclusive
b -jet class which includes both single-b jets and bb -jets. The lower panels show the ratio of
the rejection with respect to DIPS (green). The fc value in the discriminant Db is set to
0.005. The coloured bands indicate the statistical uncertainties on the rejection, which are
calculated using binomial uncertainties.

7.3.3. Performance in bb-Jet Identification

Using the pbb information from the bb -DIPS model, single-b jets and bb -jets can be separated
using the discriminant Dsingle-b as defined in Equation 6.7. The corresponding distributions
for single-b jets and bb -jets are shown in Figure 7.18. The separation between the two
distributions is (46.4± 0.4) %.
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Figure 7.18.: Dsingle-b distribution of the bb -DIPS tagger. This information is not available
with the default DIPS output, since that tagger does not have the pbb output node.

Moreover, applying a cut on Dsingle-b at a single-b jet efficiency of 70 % results in a bb -jet
rejection of 7.62± 0.17. Although the Dsingle-b discriminant is only designed to separate
between single-b jets and bb -jets, it also separates bb -jets from the other two classes, namely
light-flavour jets and c -jets. The corresponding separation values are listed in Table 7.7
and are approximately 50 %. The Dsingle-b distributions of all jet classes, including the

61



7. The Extended bb -DIPS Tagger

50 100 150 200 250
pT [GeV]

4

6

8

10

12

14

16

18

bb
-je

t r
ej

ec
tio

n

Simulation, s = 13 TeV
tt test sample, PFlow jets

single b = 0.7 in each bin

bb-DIPSbb-DIPS

Figure 7.19.: bb -jet rejection of the bb -DIPS algorithm at a 70 % single-b jet efficiency for
different bins in pT. The cut value in Dsingle-b is chosen such that a single-b jet efficiency
of 70 % is obtained in each bin separately. The coloured bands indicate the statistical
uncertainties on the rejection, which are calculated using binomial uncertainties.

distributions of light-flavour jets and c -jets, are shown in the appendix in Figure A.3.
The bb -jet rejection is shown for bins of the jet pT in Figure 7.19, which shows a similar pT

dependence as the light-flavour-jet rejection and the c -jet rejection shown in Figure 7.17. To
illustrate this more clearly, the discriminant Dsingle-b is shown in Figure 7.20 for single-b jets
and bb -jets from different pT ranges. The corresponding separation values for the different
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Figure 7.20.: Dsingle-b distribution of the bb -DIPS tagger for jets of three different regions
of the jet pT. Each linestyle corresponds to a certain pT region, with the corresponding
values of pT indicated in the upper left of the figure.

pT regions are listed in Table 7.7. TheDsingle-b distribution of bb -jets shifts to smaller values
for the two higher pT regions (dash-dotted and dotted lines). However, when splitting the
test sample into slices of pT, the statistical uncertainties of the distributions become rather
large. Furthermore, the Dsingle-b distribution of the single-b jets peaks at noticeably larger
values for single-b jets with pT > 85 GeV. Therefore, applying a cut on the distribution
corresponding to the jets with higher pT results in a cut value that is located at larger values,
cutting away a larger fraction of the bb -jets, which then yields the larger bb -jet rejection.
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This can also be seen in the separation values. The separation between single-b jets and
bb -jets is (41.0± 0.6) % for jets in the low-pT region (20 GeV < pT ≤ 85 GeV) while
the separation is much larger in the two pT regions with 85 GeV < pT ≤ 140 GeV and
140 GeV < pT ≤ 250 GeV, with a separation of (54.9± 0.7) % and (51± 1) %, respectively.

Table 7.7.: Separation of the Dsingle-b distributions of the different jet classes for different
ranges of the jet pT. The values are calculated using the bb -DIPS model.

pT range Sep(bb, single-b) Sep(bb, light) Sep(bb, c)

20 GeV < pT ≤ 250 GeV (46.4± 0.4) % (51.1± 0.5) % (51.5± 0.5) %

20 GeV < pT ≤ 85 GeV (41.0± 0.6) % (45.3± 0.6) % (46.2± 0.6) %

85 GeV < pT ≤ 140 GeV (54.9± 0.7) % (65.2± 0.7) % (61.7± 0.7) %

140 GeV < pT ≤ 250 GeV (51± 1) % (62± 1) % (56± 1) %
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7.4. Track Selection Optimisation Studies

Since the bb -DIPS algorithm uses the information of the selected tracks of each jet, the
corresponding track selection defines what information will be made available to the al-
gorithm. Loosening the criteria of the track selection results in more selected tracks per
jet, and hence provides more information for the algorithm to work with. However, the
selection has to filter out enough tracks such that only tracks that are believed to contain
meaningful information about the overall jet are selected. In this section, studies regarding
a loosening of the previous track selection are presented. This looser track selection is
used for the DIPS tagger in ATLAS trained for Run 3 of the LHC and is also studied in
Ref. [103].

7.4.1. Loose track selection

In order to obtain more tracks per jet, several criteria of the standard track selection are
loosened. The affected criteria are the minimal pT requirement which is decreased from
1 GeV to 0.5 GeV as well as the maximum allowed values for the transverse and longitudinal
impact parameters, which are increased from 1 mm to 3.5 mm and from 1.5 mm to 5 mm
respectively. This modified track selection is referred to in the following as loose track
selection. An overview of the criteria for the two different track selections is shown in
Table 7.8.

Table 7.8.: Overview of the criteria used in the two different track selections.

Variable Standard selection Loose selection

ptrack
T > 1 GeV > 0.5 GeV

|d0| < 1 mm < 3.5 mm

|z0 sin(θ)| < 1.5 mm < 5 mm

|η| < 2.5

NSilicon hits ≥ 7

NPixel holes < 2

NSilicon shared < 2

NSilicon holes < 3

The resulting distribution of the number of selected tracks per jet is shown in Figure 7.21.
For better visibility, each jet flavour is shown in a separate plot. For all jet flavours, the
distributions shift towards larger values as expected. Furthermore, the shape of the distri-
butions changes slightly, with the distributions corresponding to the loose track selection
having a larger variance.
Light-flavour jets, c -jets and single-b jets have on average 2 more tracks with the loose

track selection compared to the standard track selection. The increase is even larger for bb -
jets, which have on average around 3 more tracks in the loose track selection. The average
number of tracks from the track categories discussed before are shown in Table 7.9 in
comparison to the numbers obtained with the standard track selection. The pT dependence
of the average number of tracks from each of the track origins is shown in the appendix in
Figure A.4.
By loosening the cuts in the track selection, the jets of all categories contain on average

one more track from pile-up. The average number of tracks from other secondary interac-
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Figure 7.21.: Comparison of the resulting number of selected tracks per jet when using
the standard track selection or the loose track selection. Each figure shows the distribution
of the number of tracks per jet for both selections but only for one jet flavour for better
visibility.

tions or the decay of τ -leptons increases only slightly, with the maximum increase of 0.2
seen for light-flavour jets. The increase in the average number of tracks from the PV ranges
from 0.5 for single-b jets to 0.8 for light-flavour jets. Most notably, bb -jets from Z+jets
events have on average 1.3 more tracks from the PV in the loose track selection. bb -jets
from tt̄ events have on average 1.1 more tracks from HF decays compared to the average
number obtained with the standard track selection. The increase in tracks from HF decays
is smaller in single-b jets and c -jets with an increase of 0.7 and 0.2 tracks.
Given that the increase in the average number of tracks from pile-up is approximately the

same for all jet categories, bb -jets benefit the most from this loosening of the cut criteria
in terms of the increase of track information, since the number of other tracks from other
origins increases the most for these jets.
The distribution of ∆R(track, jet) is shown in Figure 7.22 for both track selections. For

all jet flavours the distribution shifts to larger ∆R(track, jet) values. This is expected, since
tracks with a large IP usually also have a rather large angular distance from the jet axis.
Hence, loosening the cut on the impact parameter yields mostly additional tracks with large
∆R(track, jet). The distributions of all non-preprocessed input variables as obtained with
the loose track selection are shown in Figure 7.23.
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Table 7.9.: Average number of tracks per jet corresponding to the different jet-flavour
categories. The statistical uncertainty of these values are negligible, and thus not shown in
the table. The columns represent the average number of tracks from the decay of a heavy-
flavour hadron 〈NHF

tracks〉, from the primary vertex 〈NPV
tracks〉, from pile-up 〈Npile-up

tracks 〉, and the
average number of tracks that originate from other secondary interactions, the decay of a
τ -lepton or which are created from the hits of multiple particles 〈Nother

tracks〉.

Jet flavour Track
selection

〈Ntracks〉 〈NHF
tracks〉 〈NPV

tracks〉 〈N
pile-up
tracks 〉 〈Nother

tracks〉

Light-flavour standard 4.8 0.02 4.4 0.3 0.1
jets (tt̄) loose 7.0 0.04 5.2 1.5 0.3

c -jets (tt̄)
standard 5.2 2.1 2.8 0.2 0.1
loose 7.1 2.3 3.4 1.2 0.2

Single-b jets (tt̄)
standard 5.9 3.6 2.0 0.2 0.05
loose 8.2 4.3 2.5 1.2 0.1

bb -jets (tt̄)
standard 8.5 6.0 2.2 0.3 0.06
loose 11.3 7.1 2.7 1.3 0.1

bb -jets (Z+jets)
standard 7.9 5.7 1.8 0.3 0.06
loose 10.9 7.0 2.4 1.4 0.1
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Figure 7.22.: Comparison of the angular distance between the track and the jet axis for
the two different track selections: (a) with the standard track selection and (b) with the
loose track selection.

66



7.4. Track Selection Optimisation Studies

4 3 2 1 0 1 2 3 4
d0 [mm]

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(a) d0

6 4 2 0 2 4 6
z0sin  [mm]

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(b) z0 sin(θ)

10.0 7.5 5.0 2.5 0.0 2.5 5.0 7.5
sd0

10
3

10
2

10
1

10
0

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(c) sd0

10.0 7.5 5.0 2.5 0.0 2.5 5.0 7.5
sz0sin

10
3

10
2

10
1

10
0

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(d) sz0 sin(θ)

6 4 2 0 2 4 6 8 10
log(pfrac

T )

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

10
4

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(e) log pfrac
T

6 4 2 0 2
log( R)

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(f) log ∆R

0 1 2 3 4
IBL hits

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

10
4

10
5

10
6

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(g) IBL hits

0 1 2 3 4
PIX1 hits

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(h) PIX1 hits

0 1 2 3 4
Shared IBL hits

10
1

10
0

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(i) Shared IBL hits

0 1 2 3 4
Split IBL hits

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

10
4

10
5

10
6

10
7

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(j) Split IBL hits

0 2 4 6 8 10
nPixHits

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

10
4

10
5

10
6

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(k) nPixHits

0 1 2 3 4
Shared pixel hits

10
1

10
0

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(l) Shared pixel hits

0 1 2 3 4 5 6 7 8
Split pixel hits

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

10
4

10
5

10
6

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(m) Split pixel hits

0 2 4 6 8 10 12 14 16
nSCTHits

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

10
4

10
5

N
or

m
al

is
ed Simulation, s = 13 TeV
Loose track selection

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(n) nSCTHits

0 1 2 3 4
Shared SCT hits

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Loose track selection
light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

light-flavour jets (tt)
c-jets (tt) 
single-b jets (tt)  
bb-jets (tt)   
bb-jets (Z+jets)
stat. uncertainty

(o) Shared SCT hits

Figure 7.23.: Distributions of the DIPS input variables. These distributions are obtained
with the loose track selection.
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7.4.2. Training Results

An additional training of the bb -DIPS algorithm is carried out using the track information
corresponding to the loose track selection. In the following, this configuration is referred
to as bb -DIPS-Loose. As before, a reference training is performed with the inclusive b -jet
target class, referred to as DIPS-Loose. Both the training sample and the validation sample
are created using the same procedure as explained before, but with the loose track selection.
The distributions of the input variables after the preprocessing procedure are shown in the
appendix in Figure A.5 for the case of 4 target classes and in Figure A.6 for the case of
3 target classes. The hyperparameters of the bb -DIPS-Loose and DIPS-Loose algorithms
are the same as for their standard-track-selection equivalent (bb -DIPS and DIPS). The
evolution of the loss and the accuracy during the training process is shown in Figure 7.24
for both DIPS-Loose and bb -DIPS-Loose.
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Figure 7.24.: Loss and accuracy as a function of the training epoch of the DIPS-Loose
and bb -DIPS-Loose training. The figures show the corresponding metric for the training
sample (magenta) and for the two different validation samples (green and blue).

Very good agreement of both the loss and the accuracy is seen between the training
sample and the validation sample for both taggers. The converged values of both the loss
and the accuracy of DIPS-Loose and bb -DIPS-Loose show a small improvement compared
to the corresponding values obtained in the DIPS and bb -DIPS trainings in Section 7.3.1.
The behaviour of the loss and accuracy of the non-resampled validation sample is caused
by the same reasons as discussed in Section 7.3.1. In both cases the model from the last
epoch is chosen for evaluation. The raw tagger output is shown in Figure 7.25. Compared
to the bb -DIPS model, the bb -DIPS-Loose model especially gains in separation power in the
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Figure 7.25.: Comparison of the raw tagger output of the bb -DIPS tagger (dash-dotted
line) and the bb -DIPS-Loose tagger (solid line): (a) the light-flavour jet probability plight,
(b) the c -jet probability pc, (c) the single-b jet probability psingle-b and (d) the bb -jet
probability pbb. The ratio is calculated with respect to the bb -DIPS prediction for each jet
flavour individually.

psingle-b node (Figure 7.25c), where single-b jets obtain larger values with bb -DIPS-Loose.
Furthermore, single-b jets and bb -jets shift to larger values in the plight node and the pc
node, which is an improvement as well.

7.4.3. Performance in Inclusive b -Tagging

The distributions of the Db discriminant are shown in Figure 7.26 for both bb -DIPS-Loose
and bb -DIPS. The loose track selection leads to a better separation, with single-b jets
and bb -jets being shifted to larger values and light-flavour jets and c -jets being shifted
to smaller values, compared to the distributions of the bb -DIPS model. The separation
values are listed in Table 7.10. All separation values achieved with bb -DIPS-Loose increase
compared to bb -DIPS, with the largest improvement being the separation between bb -jets
and c -jets which increases from (50.6± 0.4) % to (54.9± 0.4) %. This improvement in the
separation in the discriminantDb translates into a significant improvement in both the light-
flavour-jet rejection and the c -jet rejection. The corresponding curves of both rejections as
a function of the b -jet efficiency are shown in Figure 7.27. For a b -jet efficiency of 70 %,
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Table 7.10.: Separation between the background classes (light-flavour jets and c -jets)
and the signal classes (single-b jets and bb -jets) in the Db distribution. Since Db is the
discriminant for b -tagging with the inclusive b -jets class, both single-b jets and bb -jets are
part of the signal.

Sep(single-b, light) Sep(single-b, c) Sep(bb, light) Sep(bb, c)

bb -DIPS (72.0± 0.1) % (39.5± 0.1) % (82.5± 0.5) % (50.6± 0.4) %

bb -DIPS-Loose (74.4± 0.1) % (43.0± 0.1) % (84.2± 0.5) % (54.9± 0.4) %

0.025

0.050

0.075

0.100

0.125

0.150

0.175

N
or

m
al

is
ed Simulation, s = 13 TeV

tt test sample, PFlow jets
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

bb-DIPS
bb-DIPS-Loose
bb-DIPS
bb-DIPS-Loose

5 0 5 10 15 20
Db

0.5
1.0
1.5

R
at

io

Figure 7.26.: Comparison of the b -tagging discriminant distribution Db of the
bb -DIPS-Loose tagger (solid lines) and the bb -DIPS tagger (dotted lines). The ratio is
calculated with respect to bb -DIPS and the fc value of both models is set to fc = 0.005.

the light-flavour-jet rejection is 50 % larger in bb -DIPS-Loose and the c -jet rejection at this
b -tagging working point is 30 % better than with the bb -DIPS model. Furthermore, while
introducing the additional bb -jet class to the model decreased the performance when using
the standard track selection, the bb -DIPS-Loose model performs even better than DIPS-
Loose in both light-flavour-jet rejection and c -jet rejection. It should however be noted,
that the presented training of DIPS-Loose is performed with 12M jets (4M per target class)
to obtain a fair comparison in terms of the size of the training sample. When using the
inclusive b -jet class (DIPS and DIPS-Loose), the training sample size could be increased
drastically since it is the bb -jet class that limits the size of the training sample in the case
of four target classes. While this is not investigated here, this could lead to improved
performance of DIPS and DIPS-Loose. The pT dependence of both the light-flavour-jet
rejection and the c -jet rejection at a 70 % b -jet efficiency is shown in Figure 7.28. The
models which use the loose track selection achieve a c -jet rejection which is better over the
full pT range, whereas the light-flavour-jet rejection only improves for pT < 110 GeV.
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Figure 7.27.: Light-flavour-jet rejection (a) and c -jet rejection (b) as a function of the
b -jet efficiency for bb -DIPS (magenta), DIPS (green), bb -DIPS-Loose (blue) and DIPS-
Loose (yellow). The b -jet efficiency refers to the efficiency of the inclusive b -jet class which
includes both single-b jets and bb -jets. The lower panels show the ratio for each algorithm
with respect to the bb -DIPS line (magenta). The fc value in the discriminant Db is set to
fc = 0.005 for all models. The coloured bands indicate the statistical uncertainties on the
rejection, which are calculated using binomial uncertainties.
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Figure 7.28.: Light-flavour-jet rejection (a) and c -jet rejection (b) calculated in bins of
the jet pT for bb -DIPS (magenta), DIPS (green), bb -DIPS-Loose (blue) and DIPS-Loose
(yellow). Each bin shows the corresponding rejection for a b -jet efficiency of 70 % in that
bin. The b -jet efficiency refers to the inclusive b -jet class which includes both single-b
jets and bb -jets. The lower panels show the ratio for each algorithm with respect to the
bb -DIPS line (magenta). The fc value in the discriminant Db is set to fc = 0.005. The
coloured bands indicate the statistical uncertainties on the rejection, which are calculated
using binomial uncertainties.
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7. The Extended bb -DIPS Tagger

7.4.4. Performance in bb-Jet Identification

The distribution of the single-b jet discriminant Dsingle-b is shown in Figure 7.29. The separ-
ation of single-b jets and bb -jets in Dsingle-b increases from (46.4± 0.4) % to (47.4± 0.4) %
when using the loose track selection.
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Figure 7.29.: Comparison of the discriminant distribution Dsingle-b of the bb -DIPS tagger
(dash-dotted line) and the bb -DIPS-Loose tagger (solid line).

This leads to a small increase in the bb -jet rejection for single-b jet efficiencies smaller than
85 %, which is shown in Figure 7.30a. At a single-b jet efficiency of 70 %, a bb -jet rejection
of 8.4± 0.2 is achieved with bb -DIPS-Loose, which is a 10 % improvement compared to
bb -DIPS. The pT-dependence of the bb -jet rejection is shown in Figure 7.30b for both
bb -DIPS and bb -DIPS-Loose. No clear trend can be seen in this comparison. However, the
loose track selection leads to either similar or better performance over the full pT range
except for the last bin.
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Figure 7.30.: bb -jet rejection of bb -DIPS-Loose and bb -DIPS: (a) the bb -jet rejection as
a function of the single-b jet efficiency and (b) the bb -jet rejection at a 70 % single-b jet
efficiency for different bins in pT. The cut value in Dsingle-b is chosen such that a single-b
jet efficiency of 70 % is obtained in each bin separately. The coloured bands indicate the
statistical uncertainties on the rejection, which are calculated using binomial uncertainties.
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8. The Extended bb -DL1d Tagger

In order to obtain the extended bb -DL1d tagger, the architecture of the DL1d algorithm
is adjusted both in the input layer and in the output layer. As illustrated in Figure 8.1,
instead of using the three-dimensional output of the DIPS tagger, the output from the
bb -DIPS-Loose tagger is fed into the bb -DL1d algorithm joined by the other variables
introduced in subsection 6.2.2. This is shown in Figure 8.1 with the yellow nodes. Further-
more, the output layer is modified the same way as for bb -DIPS-Loose, which means that
instead of having three output nodes, the bb -DL1d tagger has four, which is indicated with
the pink nodes in Figure 8.1.
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psingle-b

pbb

bb-DIPS-Loose plight

pc
psingle-b

pbb

4 Softmax units
(Separate nodes for single-b jets

and bb-jets)

Figure 8.1.: Illustration of the architecture of the bb -DL1d algorithm. In comparison to
the default DL1d architecture, bb -DL1d takes the output of bb -DIPS-Loose as input, which
means that there are the two inputs psingle-b and pbb from bb -DIPS-Loose, instead of only pb
from DIPS (indicated in yellow). The output of bb -DL1d also features a dedicated psingle-b
and pbb node (indicated in pink) instead of the pb node in the default DL1d architecture.

8.1. bb -DL1d Input Variables

The non-preprocessed input variables of the bb -DL1d algorithm are shown in the appendix
in figures A.7 and A.8 and the definition of all variables can be found in Table 6.3. As
mentioned in subsection 6.2.2, the JetFitter and SV1 algorithms do not always suc-
ceed in the reconstruction of displaced vertices. If no displaced vertices are reconstructed,
the variables that are obtained from these algorithms are filled with default values. The
information whether a jet is filled with default values for either JetFitter or SV1 is
stored in the binary variables JFisDefault and SV1isDefault, which are also handed as an
input variable to the algorithm. The distributions of the two variables are shown in Fig-
ure 8.2 for the training sample. Since both JetFitter and SV1 are algorithms which
reconstruct displaced vertices, mostly light-flavour jets are filled with default values. In
c -jets, both JetFitter and SV1 succeed more often, resulting in a smaller fraction of
jets filled with default values compared to light-flavour jets. Both single-b jets and bb -jets
have comparably small fractions of jets where the algorithms fail to reconstruct displaced
vertices which is why JFisDefault and SV1isDefault is zero for most of these jets. For most
variables, the default value is the mean of the inclusive distribution. However, for some
variables a more physically motivated default value is chosen. The energy fraction vari-
ables fE(SV), fE(2nd)(JF) and fE(JF) are set to zero, since the energy fraction carried
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8. The Extended bb -DL1d Tagger
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Figure 8.2.: Distributions of the binary variables that indicate if the JetFitter or SV1
algorithm returns default values for the given jet. Figure (a) shows the distribution of
JetFitter and figure (b) shows the corresponding distribution of SV1. The distributions
correspond to the training sample.

by displaced vertices should be zero if no displaced vertex is found. Furthermore, the de-
fault value of the variables Sxyz(JF) and NTrkAtVtx(2nd)(JF) is set to zero, and the default
value of N≥2-trk vertices(JF), NTrkAtVtx(JF), N1-trk vertices(JF), N2TrkVtx(JF), N2TrkVtx(SV)
and NTrkAtVtx(SV) is set to −1. The training sample consists of the same jets that are used
for the training of bb -DIPS-Loose, including the resampling procedure. Furthermore, all
input variables are scaled and shifted according to the standardisation procedure, except
for the variables JFisDefault and SV1isDefault. The resulting distributions of the preprocessed
input variables are shown in the appendix in figures A.9 to A.11 for bb -DL1d and in fig-
ures A.12 to A.14 for DL1d. The distribution of the invariant mass of tracks from displaced
vertices m(JF) is shown in Figure 8.3 both for the individual jet classes before the prepro-
cessing (Figure 8.3a) and for the individual jet classes after the preprocessing (Figure 8.3b).
The default values are filled during the preprocessing, which is why the spike at m(JF) is
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Figure 8.3.: Distribution of the invariant mass of tracks from displaced vertices m(JF)
before (a) and after (b) the preprocessing. The default values are filled during the prepro-
cessing, which is why the spike at m(JF) is not included in figure (a).

not included in Figure 8.3a where only jets for which JetFitter does not fail are shown.
While the distribution of m(JF) in Figure 8.3b peaks close to 0 MeV for light-flavour jets,
the distribution shifts towards larger values for the other jet classes. The largest values of
m(JF) are seen in bb -jets, which is consistent with the fact that these jets contain tracks
from the displaced vertices of two b-hadrons.
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8.2. Training Results

8.2. Training Results

The hyperparameters which are used for the bb -DL1d training and the reference DL1d
training are shown in Table 8.1. Except for the number of target classes, the only hyper-
parameter that differs between DL1d and bb -DL1d is the dropout rate. The dropout rate
is 4 % in all hidden layers except the first two layers in bb -DL1d. In DL1d, larger dropout
rates were needed to achieve good agreement between training and validation loss, which
is why the dropout rate is 10 % in the last 6 hidden layers in the DL1d model.

No dropout is applied in the first two hidden layers of either DL1d or bb -DL1d. This
choice is made in order to allow the network to use the information of JFisDefault and
SV1isDefault, since this information is needed to correctly process the remaining jet variables
related to JetFitter and SV1. Combinations with other dropout rates were tested as well,
but were found to lead to worse agreement between the training and validation sample or
worse performance in general. The accuracy and loss of the bb -DL1d model are shown
in Figure 8.4 as a function of the training epoch, showing good agreement between the
training and the hybrid validation sample. The model corresponding to the last training
epoch is chosen for evaluation.
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Figure 8.4.: Training metrics of the DL1d and bb -DL1d training: (a) the loss of the DL1d
training and (b) the loss of the bb -DL1d training as a function of the training epoch. Both
figures show the loss for the training sample (magenta) and for the two different validation
samples (green and blue).
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8. The Extended bb -DL1d Tagger

Table 8.1.: Hyperparameters of the DL1d and bb -DL1d model.

Parameter DL1d bb -DL1d

Target classes

light-flavour jets light-flavour jets

c -jets c -jets

b -jets single-b jets

bb -jets

Output nodes [plight, pc, pb] [plight, pc, psingle-b, pbb]

Size of training sample 12M (4M per class) 16M (4M per class)

Nhidden
nodes [256, 128, 60, 48, 36, 24, 12, 6]

Dropout rates 0.1 in the last 6 hid. layers 0.04 in the last 6 hid. layers

Learning rate 0.0005

Batch size 15000

Batch normalisation é

Learning rate reducer Í

Training epochs 200

Optimiser Adam

Loss function Categorical cross entropy

8.3. Discriminant Optimisation Studies

The raw output of the bb -DL1d tagger is shown in Figure 8.5, showing good separation in
each of the output nodes.
For this final tagger, optimisation studies are performed regarding the choice of the

discriminant. As introduced in section 6.3, the default b -tagging discriminant is given by

Db = log

(
psingle-b

fc · pc + (1− fc) · plight

)
. (8.1)

This definition of Db includes the free parameter fc, which can be tuned to achieve the
desired trade-off between light-flavour-jet rejection and c -jet rejection. To investigate the
performance of the bb -DL1d tagger for different values of fc, a scan is performed over
different values for this parameter. For each fc value, the light-flavour-jet rejection and the
c -jet rejection are calculated at the 70 % b -tagging working point.
Additionally, the use of the bb -jet probability pbb in the discriminant is investigated as

well. Since bb -jets are part of the inclusive b -jet category, including pbb in the numerator
in Equation 8.1 could further improve the b -tagging performance.

8.3.1. Variants of the Discriminant Definition

Two different variants of the discriminant Db are studied. The first variant introduces a
new parameter fbb in the same manner as the fc parameter, with the difference that fbb
gives a weight to psingle-b and pbb, instead of plight and pc. The resulting definition of this
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Figure 8.5.: Output distributions of the bb -DL1d tagger: (a) the light-flavour jet prob-
ability plight, (b) the c -jet probability pc, (c) the single-b jet probability psingle-b and (d)
the bb -jet probability pbb. The distributions are obtained with the tt̄ test sample, which
consists of 4M jets.

discriminant is given by

Dvariant-1
b = log

(
(1− fbb) · psingle-b + fbb · pbb
fc · pc + (1− fc) · plight

)
. (8.2)

The fc scan curves for four different values of fbb are shown in Figure 8.6, with different
line styles corresponding to different fbb values. More possible values of fbb were tested, but
only a few representative steps are illustrated in the plot for better visibility. The fc scans
show that the best performance is achieved with fbb = 0, since both the light-flavour-jet
rejection and the c -jet rejection values of the corresponding curve are the largest for all fc
values.
The second variant of Db is to add the pbb prediction to the numerator weighted with

the faction fbb, but keeping the weight of pb fixed to one. The corresponding definition is
given by

Dvariant-2
b = log

(
psingle-b + fbb · pbb

fc · pc + (1− fc) · plight

)
. (8.3)

The same fc scans are performed as for the first variant ofDb, which are shown in Figure 8.7.
Like for the first variant, no improvement is seen when adding the pbb prediction to the
b -tagging discriminant. Therefore, the initial definition of Db is used in the following.
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8. The Extended bb -DL1d Tagger
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Figure 8.6.: Discriminant optimisation scan for bb -DL1d when including the pbb inform-
ation (fb = (1 − fbb)). The discriminant definition is shown in the upper left of the plot.
Each line corresponds to a scan over the fc value at a fixed fbb value. Each point in the
plot represents the c -jet rejection and light-flavour-jet rejection obtained at a 70 % b -jet
efficiency with a certain fc (and fbb) value. The fc values are drawn in the plot next to
the calculated points for the case with fbb = 0. The lines represent the direct connection
between the calculated points. The dotted line (fbb = 0.01) is hidden under the solid line
(fbb = 1).
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Figure 8.7.: Discriminant optimisation scan for bb -DL1d when including the pbb inform-
ation but keeping the pb contribution constant (fb = 1). The discriminant definition is
shown in the upper left of the plot. Each line corresponds to a scan over the fc value at
a fixed fbb value. Each point in the plot represents the c -jet rejection and light-flavour-jet
rejection obtained at a 70 % b -jet efficiency with a certain fc (and fbb) value. The fc values
are drawn in the plot next to the calculated points for the case with fbb = 0. The lines
represent the direct connection between the calculated points. The dotted line (fbb = 0.01)
is hidden under the solid line (fbb = 1).
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8.3. Discriminant Optimisation Studies

8.3.2. Optimisation of the fc Parameter

Using the initial definition of Db, an fc scan is performed to compare the bb -DL1d per-
formance to both DL1r and DL1d. The DL1d model used here is the reference training of
DL1d with 3 classes and the DL1r model used for comparison is taken from Ref. [46]. The
corresponding curves are shown in Figure 8.8. As before, the scan is performed by calculat-
ing the light-flavour-jet rejection and c -jetrejection values corresponding to the 70 % b -jet
efficiency for the different fc values.
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Figure 8.8.: Discriminant optimisation scan for bb -DL1d compared to DL1r and DL1d
The discriminant definition is shown in the upper left of the plot. Each line corresponds
to a scan over the fc value. Each point in the plot represents the c -jet rejection and light-
flavour-jet rejection obtained at a 70 % b -jet efficiency with a certain fc. The fc values are
drawn in the plot next to the calculated points. The lines represent the direct connection
between the calculated points. For DL1r and DL1d the b -jet probability pb is used in Db

instead of psingle-b.

With fc set to 0.015, bb -DL1d achieves the same light-flavour-jet rejection as DL1r at
fc = 0.018, while being 27 % better than DL1r in c -jet rejection. Furthermore, comparing
bb -DL1d at fc = 0.015 with DL1d at fc = 0.04 shows that bb -DL1d can achieve the
same c -jet rejection as DL1d while performing only 3 % worse in light-flavour-jet rejection.
However, as already mentioned in subsection 7.4.3, while the size of the training sample for
bb -DL1d is limited by the comparable small number of available bb -jets, the DL1d model
could be trained with a larger training sample. Training the algorithm with more jets in
the training sample could lead to an improvement of the DL1d performance, leading to a
much better performance than with bb -DL1d. The Db distribution of bb -DL1d with the
optimised fc = 0.015 and the Dsingle-b distribution are shown in Figure 8.9. Compared to
the Db distribution of bb -DIPS-Loose, bb -DL1d results in are a discriminant distribution
where single-b jets and bb -jets are located over a larger range.
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Figure 8.9.: Optimised Db and Dsingle-b discriminant distributions obtained with bb -DL1d:
(a) the b -tagging discriminant Db with fc = 0.015 and (b) the discriminant used for bb -jet
identification.

8.4. Performance of the Optimised bb -DL1d Tagger

8.4.1. Comparison to bb -DIPS-Loose

The comparison of the performance of the bb -DL1d tagger to its underlying low-level tagger
bb -DIPS-Loose is shown in Figure 8.10. The bb -DL1d algorithm shows significant improve-
ment in c -jet rejection and also in light-flavour-jet rejection for b -jet efficiencies larger than
70 %. At the 70 % b -jet efficiency working point, the c -jet rejection of bb -DL1d is ap-
proximately 70 % larger than the c -jet rejection of bb -DIPS-Loose. However, the bb -DL1d
performs worse in light-flavour-jet rejection for smaller b -jet efficiencies.
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Figure 8.10.: b -tagging performance improvement of bb -DL1d compared to the low-level
tagger bb -DIPS-Loose. fc = 0.015 is used for bb -DL1d and fc = 0.005 for bb -DIPS-Loose.
The ratio is calculated with respect to bb -DIPS-Loose. The coloured bands indicate the
statistical uncertainties on the rejection, which are calculated using binomial uncertainties.

Furthermore, small improvements are seen in the performance of bb -jet identification. At
a single-b jet efficiency of 70 %, bb -DL1d achieves a bb -jet rejection of 8.7± 0.3, which is a
4 % improvement compared to bb -DIPS-Loose. The bb -jet rejection is shown as a function
of the single-b jet efficiency in Figure 8.11.
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Figure 8.11.: bb -jet identification performance improvement of bb -DL1d compared to the
low-level tagger bb -DIPS-Loose. The coloured bands indicate the statistical uncertainties
on the rejection, which are calculated using binomial uncertainties.

8.4.2. Comparison to DL1r and DL1d

The light-flavour-jet rejection and the c -jet rejection of bb -DL1d, DL1d and DL1r is shown
in Figure 8.12. The values used for fc are fc = 0.015 for bb -DL1d, fc = 0.018 for DL1r
and 0.04 for DL1d. With this choice, the light-flavour-jet rejection is the same for bb -DL1d
and DL1r at a 70 % b -jet efficiency and the c -jet rejection is the same as the one of DL1d
at this working point. For b -jet efficiencies larger than 70 %, the light-flavour-jet rejection
is slightly better in bb -DL1d compared to the light-flavour-jet rejection of DL1d. Both the
bb -DL1d and the DL1d tagger perform approximately 25 % and 20 % better than DL1r at
a b -jet efficiency of 85 %. The decrease of the light-flavour-jet rejection of both models
from the DL1d family towards smaller b -jet efficiencies shows the same trend as in the
comparison between bb -DL1d and bb -DIPS-Loose in Figure 8.10. Both bb -DL1d and DL1d
are better in c -jet rejection for the full range of the b -jet efficiency. For b -jet efficiencies
above 70 %, however, the DL1d model performs better in c -jet rejection.
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Figure 8.12.: b -tagging performance comparison of bb -DL1d, DL1r and DL1d. The ratio
is calculated with respect to DL1r. The fc value is set to 0.015 for bb -DL1d, to 0.018 for
DL1r and to 0.04 for DL1d. The coloured bands indicate the statistical uncertainties on
the rejection, which are calculated using binomial uncertainties.
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8. The Extended bb -DL1d Tagger

8.5. Outlook for Potential Applications of bb -DL1d

Using the two-dimensional plane spanned by the two discriminants Db and Dsingle-b, the
two tasks of b -tagging and bb -jet identification could be combined. By first applying a cut
on Db, jets are given a label if they are b -tagged at this working point. The jets that are
b -tagged can then be further separated by applying another cut, this time on Dsingle-b. The
ideal case of such a two-dimensional cut is shown in Figure 8.13. The cut on Db (vertical
cut in Figure 8.13) separates light-flavour jets and c -jets from single-b jets and bb -jets. The
second cut on Dsingle-b (the horizontal cut in Figure 8.13) further splits the discriminant
plane, resulting in the four regions A, B, C and D. In the ideal case, the regions A and
C contain mostly light-flavour jets and c -jets, single-b jets are expected to be located in
region B and bb -jets in region D.
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Figure 8.13.: Illustration of the ideal case of a 2D-discriminant, spanned by Db and
Dsingle-b. The colour of the different regions indicates the jet flavours that are desired to
populate this region.

This two-dimensional plane is shown with a contour plot in Figure 8.14. Equipotential
lines are shown for each jet category individually in the 2D plane, and the projections on
the x- and y-axis are the 1D distributions of Db and Dsingle-b, respectively. The cuts on Db

and Dsingle-b are shown for the 70 % b -jet efficiency and single-b jet efficiency, respectively.
For each jet category the fraction of jets populating a certain region are calculated and
listed in Table 8.2. More than 99 % of all light-flavour jets and slightly more than 93 %
of the c -jets populate the regions A and C. By definition of the chosen cut value, 70 % of
the jets from the inclusive b -jets class are located in the regions B and D. While 51.7 %

Table 8.2.: Fraction (in percent) of jets in the different regions of the two-dimensional
discriminant.

Jet category A B C D

light-flavour jets 59.9 0.1 39.9 0.1

c -jets 69.5 5.0 23.7 1.8

single-b jets 18.3 51.7 11.8 18.2

bb -jets 3.4 8.2 17.9 70.5
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Figure 8.14.: bb -DL1d 2D discriminant distribution spanned by Db and Dsingle-b. Equipo-
tential lines are shown for each jet category individually in the 2D plane, and the projections
on the x- and y-axis are the 1D distributions of Db and Dsingle-b, respectively. The intens-
ity of the equipotential lines indicate the height of the bins in the 2D-plane. The scale is
adjusted for each flavour, such that full intensity corresponds to the maximum value in this
histogram. The intensity of the lines increases linearly with the population density. The
distributions are obtained with the tt̄ test sample, which consists of 4M jets. The optimised
fc value of fc = 0.015 is used.

of the single-b jets are located in region B, only 18.2 % of them are located in region D.
Furthermore, the majority of the bb -jets populate region D with 70.5 % of these jets being
located in this region.
While there is leakage into the different regions, the majority of the jets populate the

dedicated regions in the 2D plane. This shows that a very clear separation between the
different jet classes can be obtained with the two-dimensional discriminant. Furthermore,
this allows to keep the overall cut procedure regarding b -tagging by separating single-b jets
and bb -jets after the cut on Db is applied.
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9. Conclusion

Flavour tagging is an essential tool in particle physics. Usually, flavour-tagging algorithms
are trained to distinguish between three target classes, namely light-flavour jets, c -jets
and b -jets. In the b -jet category, no distinction is made between jets from one b-hadron
(single-b jets) or two hadrons (bb -jets). However, some analyses could benefit from an ex-
tension of the three main categories. The tt̄H(→ bb̄) measurement is one such analysis.
This measurement suffers from a large irreducible tt̄+bb̄ background, where a radiated gluon
can split into a bb̄-pair, potentially leading to a jet that contains two b-hadrons. Therefore,
in the context of the search for the tt̄H(→ bb̄) signal, a flavour-tagging algorithm with a
dedicated target class for bb -jets is of special interest, since an identification of these jets
could improve the background rejection in the analysis.

With this goal in mind, two extended flavour-tagging algorithms were studied in this thesis.
The extended algorithms are based on the DL1d algorithm, which is the ATLAS flavour-
tagging algorithm for RUN III. DL1d follows a two-level approach, where the output of
multiple low-level taggers is combined into a high-level tagger. The low-level algorithm
which exploits impact-parameter information of the tracks that are associated with the jet
is the Deep-Sets-based DIPS tagger [103]. The output of the DIPS algorithm, as well as
the output of two further low-level algorithms, is then processed by the deep-learning-based
high-level tagger DL1d. This structure is similar to the DL1r tagger [46] used by ATLAS
in Run II, with the main difference being that DL1r uses the RNN-based low-level tagger
RNNIP [102] instead of DIPS.

Extended versions of both DIPS and DL1d, denoted as bb -DIPS and bb -DL1d, were suc-
cessfully trained, and their performance was studied in comparison to the usual approach
of having three target classes. In this context, several extensions and improvements have
been made to the ATLAS flavour-tagging framework, paving the way for a continuation of
the studies presented here. Additionally, as one of its main developers, several contribu-
tions were made to the open-source Python module puma [112], which enables consistent
evaluation of flavour-tagging algorithms in ATLAS.

The bb -DIPS algorithm, which uses the information of up to 40 tracks that are associated
with the jet, was studied for two different track selections, similar to the studies presen-
ted in Ref. [103]. The bb -DIPS and bb -DL1d algorithms are evaluated on jets from MC
simulated tt̄ events. In order to increase the number of available bb -jets for the training
of the algorithm, the training sample is enriched with bb -jets from Z+jets events. As for
the DIPS algorithm, the performance of the tagger that uses the looser track selection,
bb -DIPS-Loose, clearly outperforms the bb -DIPS model with the tighter track selection.
This can be explained by the increase in information that is obtained when loosening the
selection criteria on the tracks. The bb -DIPS-Loose tagger achieves a bb -jet rejection of
8.4± 0.2 at a 70 % single-b-jet efficiency. Moreover, bb -DIPS-Loose even slightly outper-
forms the DIPS-Loose baseline model which does not have the dedicated output node for
bb -jets, in both light-flavour-jet rejection and c -jet rejection. However, it should be noted
that the DIPS-Loose model presented here is trained with the same number of jets per class
as the bb -DIPS-Loose model, which is a rather small training sample for the training of an
algorithm with the traditional target classes.
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9. Conclusion

With the final bb -DL1d tagger, which uses the output of bb -DIPS-Loose and two further
low-level taggers as input, a bb -jet rejection of 8.7± 0.3 is achieved at a 70 % single-b-
jet efficiency. Besides, comparisons regarding the b -tagging performance have shown that
bb -DL1d clearly outperforms the DL1r tagger [46] by achieving a 27 % larger c -jet rejection
while still performing equally well as DL1r in light-flavour-jet rejection at a 70 % b -jet effi-
ciency. Comparisons of bb -DL1d to a baseline training of DL1d have shown that introducing
a dedicated bb -jet class to this model architecture leads to a small decrease in performance
compared to the standard architecture with only three target classes. The bb -DL1d tag-
ger is a substantial advancement of previous studies [4, 5] in this direction, and has been
developed from the beginning of this thesis within the ATLAS flavour-tagging framework.
The performance of all models could presumably be improved by using larger training

samples, with the limiting factor being the number of bb -jets. This, however, requires
the simulation of further events. Additionally, no dedicated hyperparameter optimisation
was performed for the models presented this thesis. Given that this could lead to an
improvement of the performance of this tagger, this option should be considered for future
studies. Furthermore, new developments of flavour-tagging algorithms based on graph
neural networks [113] and transformers could be considered in future studies for bb -jet
identification as well.
Nonetheless, first studies regarding a two-dimensional cut in the plane spanned by the

two discriminants Db and Dsingle-b are promising for a successful application of the bb -DL1d
tagger. Next steps in this direction could be an optimisation of the 2D cut definition and
finally the calibration of the tagger for a dedicated analysis like the ATLAS tt̄H(→ bb̄)
analysis.
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Figure A.1.: Distributions of the preprocessed bb -DIPS input variables. These distribu-
tions are obtained with the standard track selection. The variable definitions can be found
in Table 6.2.
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Figure A.2.: Distributions of the preprocessed DIPS input variables. These distributions
are obtained with the standard track selection. The variable definitions can be found in
Table 6.2.
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Figure A.3.: Dsingle-b distribution of the bb -DIPS tagger.
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(a) Light-flavour jets
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(b) c -jets
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(c) Single-b jets

50 100 150 200 250
pT [GeV]

0

5

10

15

20

25

30

N
tra

ck
s

 p
er

 o
rig

in

Simulation, s = 13 TeV
tt
Z+jets

All
HF decay
Primary vertex
Pile-up
Others

(d) bb -jets

Figure A.4.: Average number of tracks as a function of the jet pT for different track
origins individually using the loose track selection. The statistical uncertainty of each bin
is indicated as a coloured band, but is too small to be seen in most bins. The inclusive
class (all) represents the total average number of tracks per jet for each pT bin.

90



3 2 1 0 1 2 3
d0

10
3

10
2

10
1

10
0

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(a) d0

3 2 1 0 1 2 3
z0sin

10
3

10
2

10
1

10
0

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(b) z0 sin(θ)

10.0 7.5 5.0 2.5 0.0 2.5 5.0 7.5 10.0
sd0

10
3

10
2

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(c) sd0

10.0 7.5 5.0 2.5 0.0 2.5 5.0 7.5 10.0
sz0sin

10
3

10
2

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(d) sz0 sin(θ)

2 0 2 4 6 8 10 12
log(pfrac

T )

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(e) log pfrac
T

12 10 8 6 4 2 0
log( R(track, jet))

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(f) log ∆R(track, jet)

0 1 2 3 4
IBL hits

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(g) IBL hits

0 1 2 3 4
PIX1 hits

10
2

10
1

10
0

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(h) PIX1 hits

0 1 2 3 4
Shared IBL hits

10
1

10
0

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(i) Shared IBL hits

0 1 2 3 4
Split IBL hits

10
7

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(j) Split IBL hits

4 2 0 2 4 6
nPixHits

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(k) nPixHits

0 1 2 3 4
Shared pixel hits

10
1

10
0

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(l) Shared pixel hits

0 2 4 6 8
Split pixel hits

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(m) Split pixel hits

4 2 0 2 4 6 8
nSCTHits

10
5

10
4

10
3

10
2

10
1

10
0

10
1

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(n) nSCTHits

0 1 2 3 4
Shared SCT hits

10
2

10
1

10
0

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(o) Shared SCT hits

Figure A.5.: Distributions of the preprocessed bb -DIPS-Loose input variables. These
distributions are obtained with the loose track selection. The variable definitions can be
found in Table 6.2.
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Figure A.6.: Distributions of the preprocessed DIPS-Loose input variables. These distri-
butions are obtained with the loose track selection. The variable definitions can be found
in Table 6.2.
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Figure A.7.: Distributions of the non-preprocessed bb -DL1d input variables. Only showing
15 variables. The variable definitions can be found in Table 6.3.
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Figure A.8.: Distributions of the non-preprocessed bb -DL1d input variables. Only showing
15 variables. The variable definitions can be found in Table 6.3.

94



6 4 2 0 2 4 6 8
avg
trk (2nd)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(a)

0 20 40 60 80 100 120
Lxy(2nd)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(b)

0 10 20 30 40 50 60
Lxyz(2nd)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(c)

0 1 2 3 4
fE(2nd)(JF)

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(d)

1 0 1 2 3 4 5
ETrk(2nd)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(e)

0 5 10 15 20 25 30
mTrk(2nd)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(f)

6 4 2 0 2 4 6 8 10
max
trk (2nd)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(g)

6 4 2 0 2 4 6 8
min
trk (2nd)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(h)

0 2 4 6 8
NTrkAtVtx(2nd)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

10
3

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(i)

0 5 10 15 20 25 30
N2TrkVtx(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(j)

0 2 4 6 8
R(pjet, pvtx)(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(k)

1.0 0.5 0.0 0.5 1.0 1.5
fE(JF)

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(l)

1 0 1 2 3 4 5
m(JF)

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(m)

0 2 4 6 8 10
N1 trk vertices(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV
Preprocessed training sample

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(n)

1 0 1 2 3 4 5 6 7
NTrkAtVtx(JF)

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(o)

Figure A.9.: Distributions of the preprocessed bb -DL1d input variables. Only showing 15
variables. The variable definitions can be found in Table 6.3.
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Figure A.10.: Distributions of the preprocessed bb -DL1d input variables. Only showing
15 variables. The variable definitions can be found in Table 6.3.

96



0.5 0.0 0.5 1.0 1.5 2.0 2.5
bb-DIPS-Loose pu

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(a)

1.0 0.5 0.0 0.5 1.0 1.5 2.0 2.5 3.0
bb-DIPS-Loose pc

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(b)

0.5 0.0 0.5 1.0 1.5 2.0 2.5
bb-DIPS-Loose psingle b

10
6

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(c)

0.5 0.0 0.5 1.0 1.5 2.0
bb-DIPS-Loose pbb

10
5

10
4

10
3

10
2

10
1

10
0

10
1

10
2

N
or

m
al

is
ed Simulation, s = 13 TeV

Preprocessed training sample
light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

light-flavour jets 
c-jets 
single-b jets 
bb-jets 
stat. uncertainty

(d)

Figure A.11.: Distributions of the bb -DIPS-Loose output after being preprocessed for the
bb -DL1d training.
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Figure A.12.: Distributions of the preprocessed DL1d input variables. Only showing 15
variables. The variable definitions can be found in Table 6.3.
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Figure A.13.: Distributions of the preprocessed DL1d input variables. Only showing 15
variables. The variable definitions can be found in Table 6.3.
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Figure A.14.: Distributions of the DIPS-Loose output after being preprocessed for the
DL1d training.
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C. List of Acronyms

SM Standard Model

QED Quantum electrodynamics

QCD Quantum chromodynamics

EW electroweak

CKM Cabibbo–Kobayashi–Maskawa

LEP Large Electron-Positron Collider

LHC Large Hadron Collider

PDF parton distribution function

ISR initial state radiation

FSR final state radiation

PS parton shower

ME matrix element

LO leading order

NLO next-to-leading order

NNLO next-to-next-to-leading order

PFlow Particle Flow

CERN European Organization for Nuclear Research

ID inner detector

SCT semiconductor tracker

TRT transition radiation tracker

IBL insertable b-layer

LAr liquid argon

HEC hadronic end-cap calorimeter

FCal hadronic forward calorimeter

EMEC electromagnetic end-cap calorimeter

MDT monitored drift tube

CSC cathode-strip chamber

RPC resistive plate chamber

TGC thin gap chamber
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C. List of Acronyms

HLT high-level trigger

MC Monte Carlo

ML machine learning

HEP high energy physics

LR learning rate

NN neural network

AI artificial intelligence

MSE mean squared error

GD gradient descent

SGD stochastic gradient descent

ReLU rectified linear unit

PV primary vertex

SV secondary vertex

IP impact parameter

DIPS Deep Impact Parameter Sets

RNN Recurrent Neural Network

HF heavy flavour
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