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Abstract

This thesis investigates the role of automation and machine-learning techniques
as a methodological bridge between high-energy physics and industry, within the
framework of the SMARTHEP European Training Network. The core scientific
contribution of this thesis is the development of flavour-tagging algorithms for the
LHCb Upgrade I. The performance of the developed algorithms is evaluated using
data collected by the LHCb experiment in 2024 and demonstrates stable behaviour
in the upgraded detector environment. These algorithms constitute the first flavour-
tagging implementation specifically developed for Run 3, enabling time-dependent
measurements of neutral B-meson mixing and CP violation. Automation principles
are further applied to the development of an infrastructure for the deployment
and validation of Trigger Configuration Keys at LHCb, designed to support Run 3
data-taking and operations. Beyond the core LHCb physics programme, this thesis
presents the design of an open-source framework for the automated generation of
synthetic financial transaction data using large language models. Such synthetic
datasets provide a practical alternative for fraud-detection research, where access to
real financial data is constrained by privacy and regulatory requirements.

Kurzfassung

Diese Dissertation untersucht die Rolle von Automatisierung und Machine-Learning-
Methoden als Briicke zwischen der Hochenergiephysik und der Industrie im Rahmen
des SMARTHEP European Training Network. Der zentrale wissenschaftliche Beitrag
dieser Arbeit ist die Entwicklung von Flavour-Tagging-Algorithmen im Zuge des
Upgrade T des LHCb-Experiments. Die Performanz der entwickelten Algorithmen
wird anhand von im Jahr 2024 vom LHCb-Experiment aufgezeichneten Daten
evaluiert und zeigt ein stabiles Verhalten fiir den aufgeriisteten Detektor. Diese
Algorithmen stellen die ersten speziell fir Run 3 entwickelten Flavour-Tagger dar
und ermoglichen zeitabhéngige Messungen der Mischung neutraler B-Mesonen sowie
der CP-Verletzung. Automatisierungsprinzipien werden zudem bei der Entwicklung
der Infrastruktur zur Bereitstellung und Validierung von Trigger Configuration Keys
am LHCb-Experiment angewendet. Die Automatisierung ist zur Unterstiitzung der
Datennahme und des Betriebs des Detektors wihrend Run 3 konzipiert. Uber das
zentrale Physikprogramm des LHCb-Experiments hinaus présentiert diese Disserta-
tion die Konzeption eines Open-Source-Frameworks zur automatisierten Erzeugung
synthetischer Finanztransaktionsdaten mithilfe von Large Language Models. Solche
synthetischen Datensétze stellen eine praktikable Alternative fiir die Forschung zur
Betrugserkennung dar, da der Zugang zu echten Finanzdaten durch Datenschutz-
und regulatorische Anforderungen stark eingeschréankt ist.
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1 Introduction

The PhD work presented in this thesis has been carried out within the SMARTHEP
Network, a European Training Network established to bridge research in real-
time data analysis between academia and industry [1, 2]. The core motivation of
SMARTHERP lies in the strong parallels between the challenges faced by High-Energy
Physics (HEP) experiments and those encountered in various industrial sectors.
From automotive to finance and manufacturing, many domains must process massive
data streams under stringent latency constraints while enabling automated, reliable
decision-making. A distinctive feature of this PhD programme is the opportunity
to undertake an internship with one of the industrial partners [3], the results of
which will also be presented in this thesis. SMARTHEP aims to train researchers
capable of operating at the interface between HEP and industry and of transferring
methods and technologies across domains. A detailed description of SMARTHEP
and its objectives is provided in Ref. [1, 3].

1.1 Data, Artificial Intelligence, Real-Time Analysis

Data has become the new gold of the 21st century. It fuels global economies,
accelerates scientific discovery, and powers artificial intelligence (AI). The recent
breakthroughs in Al-—particularly deep learning and large language models—would
likely not have been possible without the unprecedented availability of massive
datasets. In this sense, Al is a triumph of data and computational infrastructure
as much as it is of mathematical innovation. The scientific importance of Al was
formally recognised in 2024, when the Nobel Prize in Physics was awarded to
John J. Hopfield and Geoffrey Hinton for their pioneering work on artificial neural
networks [4], underlining the transformative impact of data-driven methods across
scientific domains. Data can come in different forms: structured tables, images,
videos, and text. Each has brought to the development of specialised Al methods
capable of handling its complexity. Convolutional neural networks [5] revolutionised
image recognition, recurrent neural networks [6] and transformer models reshaped
natural language processing [7], while graph neural networks have emerged as a
powerful tool for relational and topological data, such as social networks, molecular
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structures, or particle-interaction graphs [8]. The central challenge, however, remains
universal: how to efficiently transform raw data into knowledge.

One organisation that has long stood at the forefront of data challenges is CERN,
the European Organisation for Nuclear Research. The World Wide Web (WWW)
was invented at CERN in 1989 as a way to share experimental data among physicists
around the globe, at a time when collaboration often relied on physically shipping
magnetic tapes and hard disks across continents [9]. Today, the Large Hadron
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Figure 1.1: Comparison of annual data volumes generated in different domains
during 2021 with data collected by the LHC experiments in 2018 (Ref. [10]).

Collider (LHC), the world’s most powerful particle accelerator located at CERN,
produces data volumes that rival, and sometimes exceed, those generated by the
largest digital platforms such as YouTube or Google [10]. As illustrated in Figure 1.1,
the raw detector readout produced by the LHC in 2018 would correspond to
hypothetical data rates of ~ 40 ZettaBytes (ZB) per year—far beyond what any
existing storage infrastructure could handle. Through multi-stage hardware and
software selection systems, only a fraction of this data is retained: in 2018, for
instance, the LHC experiments stored roughly 160 PB of data, comparable to the
annual volumes produced in 2021 by platforms such as YouTube or Facebook.
Looking ahead to the High-Luminosity LHC, the total retained data volume is
expected to increase by at least a factor of five, reaching approximately 800 PB of
stored data per year by 2026 [10]. This dramatic growth promises unprecedented
statistical power for precision measurements, while at the same time pushing the
limits of what is technically feasible in data acquisition, storage, and large-scale
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analysis [11].

At the LHC, the challenge of data volume is inseparable from the challenge of real-
time processing. Deciding, in real-time, which data to keep is a central component of
the physics program of the LHC experiments. This task is fulfilled by the trigger and
data-acquisition systems: automated processing pipelines that read out all detector
components under strict timing constraints. Within only a few microseconds, these
systems must convert the raw detector signals, extract physically meaningful quanti-
ties, and determine whether a collision—among the roughly 40 million proton—proton
bunch crossings occurring each second—produced data that could be scientifically
valuable and should be retained for further analysis. Recent advances in computing
and machine learning have expanded what is possible in these resource-constrained
environments [12]. In many areas of industry—ranging from high-frequency trading
and fraud detection to large-scale traffic analysis—massive data streams must also
be processed and acted upon under strict latency constraints [13]. The parallels
between these domains open the door to cross-disciplinary exchange, where concepts
developed in one field can inform and accelerate progress in another.

1.2 Automation as a Unifying Principle

As data volumes grow and analyses become more complex, manual procedures
quickly become irreproducible and impossible to scale. In high-energy physics,
automation is already essential to detector operations and data processing, yet
the HL-LHC environment will further amplify the need for smart solutions [14]:
increasing autonomy in areas such as early data-quality assessment, real-time
monitoring, and fault diagnosis or recovery could further support the already
remarkable physics output of the LHC. In industry, automated pipelines form the
backbone of large-scale data processing, in part due to the substantial gains in
efficiency and cost-effectiveness they provide. These parallels reinforce the broader
relevance of automation as a unifying principle across scientific and industrial data
ecosystems. This thesis offered the opportunity to apply automation principles in
three projects:

e Development of flavour tagging algorithms for the Run 3 at the LHCb
experiment (core thesis work, Chapters 5, 6). Automation plays a central role
in the construction of reproducible and scalable workflows for feature production,
particle selections, model training and calibration. This work was carried out
under the supervision of Dr. Quentin Fithring (TU Dortmund, Lamarr Institute
for Machine Learning and Artificial Intelligence) and Dr. Sara Celani (University
of Heidelberg).
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e Infrastructure to validate and develop the Trigger Configuration Keys
(TCKs) at LHCb (CERN secondment, Section 3.5.1). Development of a
Continuous-Integration test that automatically validates and deploys the TCKs,
ensuring smooth trigger operation. This work was conducted in collaboration
with Luke Grazette (University of Warwick) and Rosen Matev (CERN).

e Development of an open-source framework to generate synthetic finan-
cial transactions via Large-Language Models (IBM secondment, Chapter
7). In collaboration with Pierre Feillet (IBM), automation is explored in the
context of agent-based simulation by employing large language models (LLM).
The produced framework aims to generate realistic financial transaction streams,
including fraud scenarios, with strong requirements on temporal consistency.
Beyond autonomous data generation, automated fallback mechanisms were
developed to repair or recycle imperfect LLM outputs.

Each project addresses a distinct domain and employs different technologies while
sharing a common philosophy: automation as a mechanism for ensuring reproducibil-
ity, scalability, and reliability in complex data-analysis pipelines.

1.2.1 Thesis Outline

The thesis is structured to provide the theoretical and methodological foundations
of the work and to describe the projects undertaken during the PhD.

Chapter 2 introduces the theoretical background relevant to this thesis, including an
overview of the Standard Model, CP violation, and the machine-learning concepts
employed in the subsequent chapters.

Chapter 3 describes the LHCb experiment and its Upgrade I, with emphasis on the
detector components most relevant for flavour tagging.

Chapter 4 presents the LHCb flavour tagging principles and the related performance
metrics.

Chapter 5 details the development of the Run 3 flavour tagging algorithms, including
tagging particle selection, model training, and calibration.

Chapter 6 evaluates the performance of the developed algorithms on a subset of
Run 3 data collected by the LHCb experiment in 2024.

Chapter 7 details the framework developed at IBM France Lab for simulating
legitimate and fraudulent banking transactions.
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Chapter 8 provides an overall conclusion, bringing together the three projects
discussed in this thesis and highlighting common methodological themes related to
automation and machine-learning techniques.
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2 Theoretical Framework

The Standard Model (SM) of particle physics provides a remarkably successful
description of the known elementary particles and their interactions. At the same
time, experimental observations and theoretical considerations point to limitations
of the Standard Model description, motivating the exploration of physics beyond its
current framework. High experimental sensitivity is achieved through the collection
of large data samples produced by particle collisions at high energies. At CERN,
the Large Hadron Collider (LHC) provides such collisions at unprecedented centre-
of-mass energies and luminosities. The LHCb experiment at CERN is specifically
optimised for the study of heavy-flavour hadrons and CP violation, where indirect
effects of physics beyond the Standard Model (BSM) may manifest as small deviations
from SM predictions.

This chapter summarises the theoretical and experimental concepts relevant to the
work presented in this thesis. Section 2.1 introduces the Standard Model of particle
physics and the Cabibbo-Kobayashi-Maskawa (CKM) matrix, and Section 2.2
outlines the main limitations of the Standard Model. Section 2.3 discusses the
phenomenon of neutral B-meson mixing, providing the motivation for flavour tagging.
Finally, Section 2.4 presents the theoretical background of the machine learning
methods applied in the development of the Run 3 flavour tagging algorithms.

2.1 The Standard Model

The Standard Model [15-17] is a relativistic quantum field theory describing matter
and the strong, weak, and electromagnetic interactions. It is based on the local
gauge symmetry

SU)e®5SU2), @ U(1)y,

where SU(3) corresponds to the strong interaction, while SU(2); ® U(1)y governs
the electroweak sector.

Matter fields are spin—% fermions arranged into three generations of quarks and
leptons. Each generation contains an up-type quark (u,c,t), a down-type quark

(d,s,b), a charged lepton (e, u,7), and a corresponding neutrino (v,,v,,v,). A
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defining feature of the Standard Model is the chiral structure of matter fields: left-
handed fermions transform as doublets under SU(2);, while right-handed fermions
are singlets, leading to maximal parity violation in charged-current weak processes.

The strong interaction is described by Quantum Chromodynamics (QCD), a non-
Abelian SU(3) Yang-Mills gauge theory coupled to quark matter fields. One of its
emergent properties is colour confinement, whereby quarks are not observed as free
particles but instead form colour-neutral bound states known as hadrons, including
mesons (quark—antiquark states) and baryons (three-quark states).

In addition to fermions and gauge fields, the Standard Model contains a scalar
field, the Higgs field. The electroweak symmetry is preserved at the level of the
Lagrangian but is spontaneously broken by the non-zero vacuum expectation value
of the Higgs field. Through the Higgs mechanism [18-20], this symmetry breaking
generates masses for the weak gauge bosons and fermions. In the broken phase, the
electroweak gauge fields recombine to form the photon ~, the massive W+, Z boson.
The full particle content of the Standard Model is summarised in Figure 2.1.

Standard Model of Elementary Particles

three generations of matter interactions / force carriers
(fermions) (bosons)

mass | =2.2 MeV/c? =1.28 GeV/c?

charge | % % % 0 )
spin | % u % Ci % t 1 9 0 H

173.1 GeVic? 0 =124.97 GeV/c?

up ) charm‘j top ) gluon dgﬁg;s
=4.7 MeV/c? =96 MeV/c? =4.18 GeV/c? 0
‘" OIF® |'® || @
down strange bottom photon
— -

JJ

0511 MeVic? ~105.66 MeVic? =1.7768 GeVic? ~91.19 GeVic?
-1 -1 -1 0
% e % IJ % {0 1 9

electron muon tau Z boson

<1.0 eVic2 <0.17 MeVic? <18.2 MeV/c2 =80.360 GeV/c?
[ 0 0 1

» Ve » v W 1 W
electron muon tau W boson

neutrino neutrino neutrino \

Figure 2.1: The elementary particles of the Standard Model, grouped by family,
generation, and interaction type. Figure source [21].

In the Standard Model, the charged-current weak interaction couples up- and down-

type quarks, and the misalignment between the mass and weak interaction eigenstates
of the quarks gives rise to mixing between generations. By convention, the weak

10
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interaction eigenstates of the up-type quarks (u, ¢, t) are chosen to coincide with their
mass eigenstates, so that the mixing is absorbed entirely into the down-type sector.
The weak interaction eigenstates of the down-type quarks (d’,s’,b") differ from
their mass eigenstates (d, s,b) and are related by the Cabibbo-Kobayashi-Maskawa
(CKM) matrix [22, 23] Vogum:

d’ d
S/ — VCKM S . (21)
b’ b

The elements V;;, where i = (u, c,t) and j = (d, s,b) label the up- and down-type
quarks respectively, give the amplitude for a transition between quark flavours i and
j in a charged-current weak interaction. V- k) is a unitary 3 x 3 matrix, ensuring

conservation of probability in weak processes.

The CKM matrix can be parametrised in terms of three real mixing angles 6,; and
a single irreducible complex phase d [24],

1 0 0 Ci3 0 sp5e7% 1o S1o 0
Ve = | 0 co3 893 0 1 0 —512 12 0, (2.2)
0 —sy53 Co3 —573€® 0 Ci3 0 0 1

with s;; = sinf,; and ¢;; = cosb,;.

The Standard Model is invariant under the combined C'PT transformation, a funda-
mental symmetry of local Lorentz-invariant quantum field theories. As a consequence,
any observed violation of CP symmetry must be accompanied by a corresponding
violation of time-reversal symmetry, ensuring overall C'PT invariance.

A CP transformation is defined as the combined action of charge conjugation (C),
which exchanges particles with their antiparticles, and parity (P), which corresponds
to a spatial inversion Z — —Z. In the Standard Model, the charged-current inter-
action between quarks and the charged SU(2); gauge fields is not invariant under
CP transformations. This non-invariance arises from the presence of the irreducible
complex phase ¢ in the CKM matrix, such that Vi # Vg, This phase cannot
be removed by field redefinitions and constitutes the unique source of CP violation
in the quark sector of the Standard Model.

The unitarity of the CKM matrix leads to six independent relations among its
elements, defining closed triangles in the complex plane. The angles of this so-called
unitarity triangle are defined as

ViaVe VeaVer ViaVab
= —e 10 = —_Le_o = ——ew) . (2.3
G- ( VidVay )’ f = arg ViaViy )’ TEEE Y, aVey (23)

C

11
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CKM parameters, collectively providing a global test of the Standard Model flavour
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sector. Figure from [25].

Of particular relevance for B-meson physics is

that originates the triangle shown in Figure 2.2, scaled so that its base length is unity.
The sides and angles of the resulting unitarity triangle can be accessed through
measurements of B-meson decays, mixing, and CP violation, and are therefore
central to experimental tests of the Standard Model in the heavy-flavour sector.

1.0

ViuaVap + VeaVop + ViaViy, = 0,

2.2 Limitations of the Standard Model

Despite its extraordinary success in describing the known elementary particles and
the three fundamental forces (strong, weak, and electromagnetic), the Standard
Model (SM) is recognised as limited. Several experimental observations cannot be

12

15
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2.2 Limitations of the Standard Model

accommodated within its framework, and several theoretical considerations strongly
suggest the existence of physics beyond the SM (BSM). Firstly, the SM includes
three out of the four fundamental forces in nature as no quantum-field theoretic
formulation of gravity compatible with the SM can be trusted at all energy scales.

Astrophysical and cosmological measurements further point to the presence of new
phenomena not captured by the SM. Observations such as galaxy rotation curves
[26], gravitational lensing [27], and the cosmic microwave background indicate that
only about 5% of the energy density of the Universe is composed of SM matter,
while approximately 27% corresponds to dark matter and 68% to dark energy. No
SM particle possesses the required properties to account for dark matter, and dark
energy does not arise from any known SM interaction.

Another clear indication of physics beyond the SM comes from the observation of
neutrino oscillations [28], which demonstrate that neutrinos are massive particles.
The mixing among neutrino flavours can be described by introducing the Pontecorvo—
Maki-Nakagawa—Sakata (PMNS) matrix (analogous to the CKM matrix in the
quark sector), but the origin of the neutrino masses remains unclear [29, 30].

The observed dominance of matter over antimatter in the Universe provides another
compelling motivation to search for new physics. If the early Universe began in
a symmetric state, the emergence of a matter-dominated cosmos requires baryon-
number violation, departures from thermal equilibrium, and the presence of CP and
charge-conjugation violation. Although the SM contains a source of CP violation
through the CKM phase, its magnitude is insufficient by many orders of magnitude
to explain the observed baryon asymmetry. This discrepancy motivates precise
studies of CP violation in heavy-flavour systems, where contributions from new
physics may manifest as small deviations from SM expectations [31-34].

Further theoretical tension arises from the instability of the Higgs boson mass.
Quantum corrections to the Higgs mass are sensitive to energy scales up to the Planck
scale (10GeV), and reproducing the measured value of 125 GeV requires finely
tuned cancellations between large contributions. This so-called hierarchy problem
suggests the existence of new symmetries or mechanisms, such as supersymmetry
[35], composite Higgs models [36], or theories with extra spatial dimensions, which
stabilise the electroweak scale [37, 38]. Other proposed BSM scenarios introduce
entirely new particle species, such as leptoquarks, which could mediate transitions
between quarks and leptons and help unify the structure of fermion interactions [39,
40].

Taken together, these challenges indicate that the Standard Model cannot be the
final theory of fundamental interactions. They motivate a broad experimental

13
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programme to search for new physics, combining direct exploration at the highest
available energies with precision measurements sensitive to virtual effects.

The experimental search for new physics at the Large Hadron Collider (LHC)
(described in Section 3.2) proceeds through two complementary strategies. Direct
searches, primarily carried out by the ATLAS and CMS experiments at the LHC,
probe the production of new heavy particles in proton—proton collisions, though
their sensitivity is ultimately limited by the collider’s centre-of-mass energy and
luminosity. Indirect searches exploit precision measurements to look for virtual
effects of new heavy particles, which can alter observables even when the particles
themselves are too massive to be produced directly. Flavour physics provides
a particularly sensitive arena for indirect searches: new physics may alter rare
decay rates, neutral-meson mixing amplitudes, or CP-violating phases at a level
accessible to modern experiments. The design of the LHCb detector is particularly
well suited to flavour physics, as it combines excellent vertexing, good momentum
resolution, and dedicated particle identification in the kinematic region relevant for
heavy-flavour decays.

2.3 CP Violation and Neutral Meson Mixing

One of the objectives of the LHCb experiment is to investigate Charge-Parity (C'P)
violation in the heavy-flavour sector. All experimentally established sources of CP
violation within the Standard Model originate from the non-zero complex phase ¢ of
the CKM matrix introduced in Section 2.1. In a physical system, CP-violating effects
can manifest through different mechanisms depending on the interplay between
mixing and decay amplitudes. Direct CP violation arises from differences in the
decay amplitudes of a particle and its antiparticle; indirect CP violation is closely
related to neutral meson mixing or oscillation. Direct CP violation does not require
mixing and can therefore also occur in charged meson decays, where it is the only
possible CP-violating mechanism.

Mixing refers to the transition of neutral BS mesons (¢ = d, s) to their antiparticles
via weak interaction before decaying. This transition is described at lowest order
by the two Feynman box diagrams shown in Figure 2.3, involving two W-boson
exchanges and virtual up-type quarks. Owing to the large top-quark mass, the
dominant contribution arises from loops containing the top quark [25]. Mixing
causes the flavour eigenstates (B, Bg) to evolve into a linear combination of two
mass eigenstates, B, iy and B, 1, which differ in both mass and decay width [41, 42].
The mass difference Am, = my —my, governs the oscillation frequency, while the
decay-width difference AI', = I}, — I'y controls the relative decay rates of the two
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2.3 CP Violation and Neutral Meson Mixing

components in time. The measurements of Am, and AI', constitute sensitive tests
of the flavour sector of the Standard Model. For instance, the measurement of Am
and Am, allow to constrain the ratio of the CKM elements |V,,/V,,| that determines
the apex of the unitarity triangle described in Section 2.1 [43]. For flavour-specific

B . . ? ) . q E . W+ . a
>/ 0 VaVaVaVaw,
qg f < q‘,_\ o9

Figure 2.3: Box diagrams contributing to B)-BY mixing (¢ = d, s). In the SM,
the dominant contribution arises from internal top-quark exchange [25].

decays such as B? — D;n", the decay-time distribution in the absence of detector
effects can be written as [42]

ALt
P(t) ~ e Lat [cosh( 2q ) + C - cos(Am, t)|, (2.5)

where I, = (I'y + I7,)/2. The parameter C is 1 if the decay is unmixed (i.e.
BY— D;7"), -1 if the initially produced meson mixed into its antiparticle before
decaying (i.e. B — B? — D;7"), depending on whether the meson decays with
the same flavour it was produced with or after oscillating into its antiparticle.

Neglecting AT, for illustration, Eq. (2.5) gives

A (t) — Nunmixed(t) — Nmixed(t>
e Nunmixed (t) + Nmixed (t>

o cos(Amqt),

The asymmetry is observable in data if the initial flavour of the meson—whether it
was produced as a BS or a Bg—is known: this is the purpose of flavour tagging at
LHCb. Without this information, mixed and unmixed decays cannot be separated
and the asymmetry would vanish, rendering the extraction of Am, impossible.

LHCb currently provides the most precise determination of the B%-B? mixing
frequency Am, [25], based on the analysis of Run 2 data collected between 2015
and 2018. Figure 2.4 illustrates the decay-time distributions of mixed and unmixed
BY — D nt decays (left), together with the corresponding time-dependent mixing
asymmetry (right). The oscillatory behaviour reflects the cos(Amt) term in Eq. (2.5)
and is observable thanks to the use of flavour tagging algorithms.
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Figure 2.4: Left: decay-time distributions for unmixed (blue) and mixed (red)
BY — D 7" decays, together with the untagged component (grey). Right: time-
dependent mixing asymmetry between unmixed and mixed decays. The oscillation
amplitude and phase encode the value of Am,. Figure adapted from [42].

The ability to resolve the oscillations experimentally demonstrates both the excellent
decay-time resolution of the LHCb detector and the crucial role of flavour tagging
in such measurements. The flavour tagging mechanism is discussed in detail in
Chapter 4, while the concrete implementations and performance of the flavour
tagging algorithms developed for Run 3 are presented in Chapter 5 and Chapter 6.

2.4 Machine Learning Methods

This section introduces the supervised machine learning methods employed to
develop the flavour tagging algorithms for Run 3. In particular, decision trees
and artificial neural networks are used to identify particles whose properties are
correlated with the production flavour of the signal B meson, and to estimate the
probability of an incorrect flavour assignment, as described in detail in Chapter 5.

2.4.1 Decision Trees

Decision trees are non—parametric models widely used for classification and regression
tasks [44]. They operate by recursively partitioning the input feature space into
regions associated with different target classes. Each internal node represents a
binary decision based on a threshold applied to one input variable, while each
terminal leaf node is associated with a class label or class probability.
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Figure 2.5: Example of a decision tree. Each node displays the Gini impurity, class
distribution, and relative sample fractions. Reproduced from the scikit-learn
documentation [45].

At each node, the splitting variable and threshold are chosen to optimise the Gini
impurity criterion [44]. The Gini impurity at node ¢ is defined as

C
=1

where p; is the fraction of samples belonging to class ¢ among the C' possible classes
at that node. Minimising the Gini impurity favours splits that produce child nodes
dominated by a single class. The simple example in Figure 2.5 shows how class
distributions become progressively purer as the tree branches. An advantage of
decision trees is their interpretability: the classification logic can be expressed as a
sequence of simple, human-readable selection cuts.

2.4.2 Artificial Neural Networks

Artificial neural networks (ANNs) are flexible models capable of learning complex,
non-linear relationships from data [46, 47]. They consist of multiple layers of
interconnected neurons, organised into an input layer, one or more hidden layers,
and an output layer (Figure 2.6). Each neuron computes a weighted sum of its inputs,
adds a bias term, and applies a non—linear activation function to the result. Neurons
in one layer are connected to those in the subsequent layer through adjustable
weights, which define the strength of the connections.

Neural networks are particularly well suited for flavour tagging applications, where
the correlation between the available observables and the production flavour of
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Figure 2.6: Structure of a fully connected neural network. The network maps an
input vector x = (xq,...,x,) to an output o, through successive affine transforma-
tions and non-linear activation functions. Hidden-layer activations are computed
as a; = f(3_, wy;w; +b;), while the output is given by o, = g(zj wja; + by).
The non-linearities enable the network to model complex, non-linear relationships
between input features and target labels. Figure source [48]

the signal B meson is typically weak and distributed across many variables. By
combining multiple inputs through successive non—linear transformations, neural
networks can model such correlations without imposing a predefined functional
form.

The training of a neural network is formulated as an optimisation problem. A loss
function is defined to quantify the discrepancy between the network output and the
true target labels. During training, the values of the network parameters—mnamely the
weights and biases associated with the connections between neurons—are adjusted
to minimise the loss function on a training sample. This optimisation is performed
using the backpropagation algorithm [49], which computes the gradients of the loss
function with respect to the network parameters and propagates them backwards
from the output layer to the input layer. The parameters are then updated iteratively
using a gradient-based optimisation procedure until the loss converges. For binary
classification, neural networks are trained using the binary cross—entropy loss,

Lpcg = —[ylogy + (1 —y)log(1 -],

where y € {0,1} is the true label and gy € (0, 1) is the predicted probability. This
loss function naturally encourages probabilistic outputs, which are essential for
mistag—probability estimation in flavour tagging applications. To prevent overfitting,
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early stopping is employed as a regularisation technique [47]. Training is monitored
on an independent validation sample, and the model corresponding to the minimum
validation loss is retained. This procedure ensures robust generalisation while
avoiding overfitting and unnecessary computation. The performance of the classifiers
is evaluated using the area under the receiver operating characteristic curve (ROC
AUC) [50]. The ROC curve represents the trade—off between true—positive and
false—positive rates as the classification threshold is varied, while the AUC provides
a threshold-independent measure of separation power.
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3 The Upgraded LHCb Detector

3.1 Introduction

This chapter provides an overview of the LHCb detector and its Upgrade I, placing
particular emphasis on aspects that are most relevant for flavour tagging. The
chapter is structured as follows. Section 3.2 introduces the LHC, Section 3.3
describes the LHCDb experiment and its unique forward geometry optimised for
heavy-flavour physics, while Section 3.4 discusses the motivations and design of the
LHCDb Upgrade I, together with its subdetectors. The trigger system is illustrated
in Section 3.5, and Section 3.6 introduces the Monte Carlo simulation framework
employed in LHCb analyses.

Two specific contributions of this PhD work are documented in the chapter. The
first is the development of an infrastructure for the automation of the validation
and deployment of the Trigger Configuration Keys (TCKs), which became a key
component of LHCb’s Run 3 operations (Section 3.5.1). The second investigates
how varying the amount of information retained by trigger lines relevant for flavour
tagging affects the event size (Section 3.5.2).

3.2 The Large Hadron Collider

The Large Hadron Collider (LHC) at the European Organization for Nuclear
Research (CERN) was designed to explore the high-energy frontier of particle physics,
enabling stringent tests of the SM and direct searches for new phenomena [51]. It
is a circular proton—proton collider with a circumference of 27 km, located about
100 m underground at the Franco—Swiss border near Geneva.

Protons (and lead ions) are accelerated in several stages of the CERN accelerator
complex before being injected into the LHC ring, where two counter-rotating
beams circulate in opposite directions. The beams are guided and focused by
superconducting dipole and quadrupole magnets cooled to 1.9 K with superfluid
helium. At designated interaction points, the beams are brought into collision at a
frequency of 40 MHz, corresponding to the 25 ns bunch spacing of the LHC.
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The performance of the collider is quantified by its luminosity. For colliding pro-
ton bunches, the instantaneous luminosity L(t) depends on the beam parameters
according to [52]:

— ‘]\'fb2 p frev F

dmo,o,

L (3.1)
with IV, the number of protons per bunch, n; the number of bunches per beam, f,.,
the revolution frequency, o, , the transverse beam sizes at the interaction point,
and F a geometric luminosity reduction factor accounting for the crossing angle
at the interaction point. The integrated luminosity is then obtained as the time
integral of L(t):

L= / L(t) dt (3.2)

Expressed in units of inverse femtobarns (fb~!), it is related to the number of
observed events N of a process with cross-section o:

N=o0x L, (3.3)

Since its first operation in 2009, the LHC has collided protons at centre-of-mass
energies up to 13.6 TeV (Run 3), producing instantaneous luminosities of the order
of 103* cm™2s~!. Over its programme, the machine is expected to deliver hundreds
of fb=! of integrated luminosity to each of the main experiments [51, 53].

There are four primary collision points at the LHC, each hosting a major detector.
ATLAS and CMS are general-purpose experiments optimised for high-p; physics and
played a central role in the discovery of the Higgs boson [54, 55]. ALICE is dedicated
to the study of heavy-ion collisions and the properties of the quark—gluon plasma [56],
while LHCb specialises in heavy-flavour physics, as described in Section 3.3. In
addition to these flagship experiments, CERN hosts a wide range of other facilities
and experiments across the accelerator complex (Figure 3.1), covering fixed-target,
antimatter, and accelerator-physics programmes [57].
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Figure 3.1: The CERN accelerator complex. Protons are pre-accelerated through
LINAC, the Proton Synchrotron (PS), and the Super Proton Synchrotron (SPS) and
then are injected into the Large Hadron Collider (LHC). The four main experiments
—ATLAS, CMS, ALICE, and LHCb- are located at the LHC interaction points,
while many other facilities operate throughout the complex. Figure adapted from

CERN [57].
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3.3 The LHCb Experiment

The Large Hadron Collider beauty (LHCb) experiment at CERN is primarily
dedicated to the study of heavy-flavour quark physics, in particular the bottom
(b) and charm (c¢) quarks. The experiment is carried out by an international
collaboration of about 1,700 physicists, engineers, and technicians from nearly 105
institutions in 25 countries [58]. Beyond its primary mission, the LHCb experiment
has developed a broad and versatile physics programme, including the study of very
rare decays [59], electroweak processes [60], heavy-ion and fixed-target physics [61—
63]1.

LHCb is designed as a single-arm forward spectrometer, covering the pseudorapidity
range 2 < 1 < 5 [65]. This forward acceptance exploits the kinematic characteristics
of pp collisions at the LHC, where bb and c¢ pairs are predominantly produced
at small polar angles relative to the beamline. The asymmetry in the incoming
parton momenta in the laboratory frame, together with gluon—gluon fusion and
quark—antiquark annihilation as the dominant production mechanisms (Figure 3.2),
leads to a forward—backward production of heavy-flavour hadrons [21].

81 b M b

Figure 3.2: Feynman diagrams for the production of a pair of bb quarks in
a pp collision at the LHC. Left: gluon—gluon fusion. Right: quark-antiquark
annihilation. Figure from [21].

The spectrometer acceptance corresponds to angles of 10-300 mrad in the horizontal
plane and 10-250 mrad in the vertical plane [21]. Figure 3.3 (left) shows the
azimuthal distribution of bb pairs, with the LHCb acceptance highlighted, while the
right panel compares the coverage with the central acceptance of ATLAS and CMS.
Within this geometry, LHCbD is exposed to approximately 20-25% of all bb pairs
produced [64].

1A broad overview can be found in [64], which reviews the history and physics scope of the LHCb
experiment.
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Figure 3.3: Left: azimuthal angle distribution of bb quark pairs. The red band
corresponds to the geometrical acceptance of the LHCb detector [66]. Right:
comparison of the geometrical acceptance of produced bb pairs between LHCb and
the general-purpose detectors (ATLAS and CMS) [66].

The production cross-section for pp — bbX within the LHCb acceptance at Vs =
13 TeV has been measured to be (154+14) ub [67], providing exceptionally large event
samples for precision flavour physics. The expected number of events containing a
bb pair in the LHCb pseudorapidity range is given by

Ny = o(pp = bbX) X Ly, (3.4)

where o(pp — bbX) is the production cross-section and £;, the integrated luminos-
ity.

3.4 The LHCb Upgrade I

The LHCD detector was originally designed to operate at an instantaneous luminosity
of 2 x 1032cm 257!, corresponding to an average of approximately one visible
proton—proton interaction per bunch crossing (p =~ 1) [65]. During Run 1 and
Run 2 (2010-2018), the experiment operated successfully at luminosities significantly
exceeding this design value, reaching up to 4 x 1032 cm2s~!. Further gains in
experimental sensitivity are expected from the High-Luminosity LHC (HL-LHC)
programme [11], which aims to increase the collision rate by a factor of approximately
5-7.5 with respect to the original LHC design [68]. To fully exploit these conditions,
all four major LHC experiments have planned extensive detector upgrades, as
illustrated in Figure 3.4.
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Figure 3.4: Timeline of the LHC and HL-LHC programme. LHCb Upgrade I
is designed to operate during Run 3 and Run 4, targeting an integrated dataset
of about 50 fb~'. A further Upgrade II is foreseen for Run 5 and beyond, to
sustain performance in the much higher luminosity environment of the HL-LHC
[69]. Figure source [53].

At LHCDb, the detector upgrade strategy is implemented in two stages. The Upgrade I,
installed during Long Shutdown 2, is designed to operate throughout Run 3 and
Run 4, with a target integrated luminosity of approximately 50 fb~'. A further
Upgrade 1I is foreseen for Run 5 and beyond and aims to enable operation at the
higher luminosities expected from the High Luminosity LHC (HL-LHC) [69]. In the
following, an overview of the LHCb Upgrade I is presented.

The primary limitation of the Run 1 and Run 2 LHCb detector design was the
hardware-based Level-0 (L0) trigger. While this system was well suited to the initial
operating conditions, it would have saturated at higher luminosities, particularly
for hadronic decay channels. As illustrated in Figure 3.5, trigger yields for muonic
channels would scale approximately linearly with luminosity, whereas those for
hadronic channels would saturate in the Run 1-2 configuration. This limitation
would have prevented full exploitation of the increased luminosity delivered by the
LHC and constituted a major motivation for a revised trigger strategy. Consequently,
a transition to a fully software-based trigger was adopted for Run 3, as formalised in
the Upgrade I Letter of Intent [70] and detailed in the Framework Technical Design
Report [65].

The upgraded detector is designed to operate at a nominal instantaneous luminosity
of 2x 1033 ecm ™2 57! and to record events at the LHC bunch-crossing rate of 40 MHz.
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Figure 3.5: Relative trigger yields from simulation as a function of instantaneous
luminosity for several benchmark B-meson decay channels. In the Run 1 and Run 2
design, the hardware-based L0 trigger would have led to a saturation of hadronic
yields at high luminosities, motivating the transition to the fully software-based
trigger of Upgrade I. Figure source [65].

Achieving this required a substantial renewal of the detector subsystems, enabling a
40 MHz readout, increased granularity, and improved radiation tolerance [65]. In
parallel, the trigger strategy was redefined to support a real-time analysis paradigm,
in which detector calibration and alignment are performed online, allowing event
selection to be based on reconstructed physics objects within a software trigger.

The year 2024 marked the first full year of operation with the upgraded detector and
proved remarkably successful. As illustrated in Figure 3.6, LHCb recorded nearly
9.6fb~ ! of data at a centre-of-mass energy of /s = 13.6 TeV, already comparable to
the total luminosity accumulated during Run 1 and Run 2 over nearly a decade. Data
taking continued at a similar pace in 2025, with more than 11.8 b~ ! recorded by
early October. This achievement clearly highlights the increase in physics potential
unlocked by the Upgrade I.

The layout of the LHCb Upgrade I detector is shown in Figure 3.7, with the subdetec-
tors arranged along the beamline. Closest to the interaction point, the silicon-pixel
Vertex Locator (VELO) provides precise measurements of track positions near the
pp collisions, enabling accurate reconstruction of primary and secondary vertices.
Upstream of the dipole magnet with a bending power of 4 T-m, the Upstream Tracker
(UT) provides information to improve the momentum resolution and to reconstruct
charged particles before they are deflected by the magnetic field. Downstream of the
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Figure 3.6: Integrated recorded luminosity by LHCb in 2024 and 2025 compared
to previous years. Total recorded luminosity since 2011: 31.7 fb~! [71].

magnet, three stations of scintillating fiber detectors, collectively referred to as the
Scintillating Fibre (SciFi) tracker, deliver high-granularity tracking information over
a large acceptance. Charged hadron identification over a wide momentum range is
achieved using two Ring-Imaging Cherenkov (RICH) detectors. The electromagnetic
(ECAL) and hadronic (HCAL) calorimeters measure the energies of photons, elec-
trons, and hadrons, while the muon system, composed of alternating layers of iron
and multiwire proportional chambers, provides muon identification and completes
the detector setup.

In the following sections, the individual subsystems of the LHCb Upgrade I detector
are described, including the upgraded trigger system discussed in Section 3.5.

3.4.1 Tracking Detectors
The Vertex Locator

The primary role of the Vertex Locator (VELO) is to reconstruct primary vertices
(PVs) from pp collisions and to identify secondary vertices (SVs) from the decays of
long-lived beauty and charm hadrons. A key observable is the impact parameter
(IP), defined as the distance of closest approach between a reconstructed track
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Figure 3.7: Layout of the LHCb Upgrade I detector, showing the main subdetectors
arranged along the beamline: the Vertex Locator (VELO), the first Ring-Imaging
Cherenkov (RICH1), detector, the Upstream Tracker (UT), the dipole magnet, the
Scintillating Fibre (SciFi) tracker, the second Ring-Imaging Cherenkov (RICH2)
detector, the calorimeter system (ECAL, HCAL), and the muon stations.
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and the nearest PV. Tracks originating from SVs typically have large IP values,
making them a primary signature of b- and c-hadron decays. The VELO is a hybrid
pixel detector consisting of 52 L-shaped modules, each segmented into 55 x 55 pm?
pixels [72]. The detector is split into two retractable halves: these are opened during
beam injection and closed to within 5.1 mm of the beam line during stable running,
3.1 mm closer than in Run 2. Together with the finer pixel granularity, this leads
to a significant improvement in both vertexing and IP resolution. Two standard
performance benchmarks are the PV resolution as a function of the number of tracks,
Ntracks’
pr. Figure 3.8 shows the PV resolution (left) and IP resolution (right) measured
during Run 1 and Run 2. The IP resolution scales approximately linearly with
1/pr, as expected from multiple scattering. At high p,, multiple scattering becomes
negligible, and the resolution is limited by the PV reconstruction, which itself
improves with the number of tracks forming the vertex.

and the IP resolution as a function of the inverse transverse momentum
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Figure 3.8: Left: primary vertex resolution along x in Run 1 and Run 2 data
taking period as a function of the number of tracks composing the vertex. Right:
impact parameter resolution along the x axis as a function of inverse transverse
momentum 1/p; measured on Run 1 and Run 2 data [73].

The IP resolution can be parametrised as [74]:

2 2 2 2 2 2
2 T x x Aga01 + Aj1035 2
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T 0
(3.5)
where r; is the distance form the beamline of the first hit, p is the track transverse
momentum, /X, the fractional radiation length before the second hit, o, 5 the
uncertainties of the first and second hits, and A,;; the distances between vertex
and hits. The final term 02, accounts for further extrapolation uncertainties.

This expression highlights the main drivers of the VELO design: minimising the
distance of the first hit from the beam line (r,), reducing material to limit multiple
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scattering (x/X,), and providing multiple closely spaced measurements to improve
extrapolation (4,;).
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Figure 3.9: Left: schematic top view of the z—x plane at y = 0, showing the
luminous region and the LHCb pseudorapidity acceptance, 2 < 1 < 5. Right:
schematic layout of the pixel modules in the closed VELO configuration [75].

The vertex resolution opy, directly impacts the decay time resolution, which is
crucial for resolving the fast oscillations of the B? meson that mixes with a frequency
Amg ~ 17.7 ps~!, a measurement where flavour tagging is crucial. For a Gaussian
decay time resolution o, the dilution of the oscillation amplitude D is given by [74]

o2 Am? )
2

D = exp(— (3.6)

With the upgraded VELO, the PV resolution reaches opy, = (11.0 4+ 13.1/p) pm,
enabling decay time resolutions of o, = (43.4 + 1.6) fs for B? — ¢¢ and o, =
(35.3 + 0.3) fs for BY — K*Ou+p— [74].

The Upstream Tracker and SciFi Tracker

Beyond the VELO, the tracking system is completed by the Upstream Tracker
(UT), located before the dipole magnet, and the Scintillating Fibre (SciFi) tracker
downstream of the magnet.

The Upstream Tracker (UT) consists of four silicon-strip layers located upstream of
the dipole magnet. It provides precise position measurements prior to the bending
in the magnetic field, thereby improving the momentum resolution and facilitating
the association of tracks reconstructed in the Vertex Locator (VELO) with those
measured in the downstream Scintillating Fibre (SciFi) tracker. In addition, the
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UT contributes to the discrimination of tracks originating from different primary
vertices in the high-multiplicity environment of Run 3. The four UT layers are
arranged in the characteristic z—u—v—x geometry, illustrated in Figure 3.10. The first
and last layers are oriented vertically (z layers), providing precise measurements in
the horizontal direction. The two intermediate layers (u and v) are tilted by +5°
with respect to the vertical. While a single strip layer measures only the coordinate
perpendicular to its strip orientation, the combination of vertical and tilted layers
enables the reconstruction of both the horizontal and vertical positions of charged
particles.

173 mm

135 mm

Figure 3.10: Layout of the four layers of the Upstream Tracker (UT), arranged
in the z—u—v—x geometry. The z layers (vertical strips) provide horizontal mea-
surements, while the v and v layers are tilted by +5°. This arrangement provides
complementary information that improves the determination of both the horizontal
and vertical positions of a particle.

The SciFi tracker covers about 340 m? and consists of scintillating fibres with a hit
resolution of about 70 pum and per-layer efficiencies above 97% [76]. Together with
the VELO and UT, it provides precise momentum measurements, obtained from
the curvature induced by the dipole magnet between upstream and downstream
tracking stations?.

The combined tracking system reconstructs several categories of tracks, defined
according to which subdetectors are traversed, as illustrated in Figure 3.11. Tracks
that include hits in the VELO, UT, and SciFi detectors are classified as long tracks.
These provide the most precise momentum determination and are therefore used in

2For a charged particle moving in a uniform magnetic field, the momentum is related to the radius
of curvature R by: p = ¢ BR with q = electric charge, B = magnetic field strength, p = particle
momentum.
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Figure 3.11: Track classification in LHCb according to the subdetectors in which
they leave hits. VELO tracks: VELO only; Upstream tracks: VELO+UT; Long
tracks: VELO+UT+SciFi; Downstream tracks: UT+SciFi; T tracks: SciFi only.

the majority of physics analyses. Upstream tracks are reconstructed from VELO
and UT hits only and typically correspond to low-momentum charged hadrons that
do not reach the SciFi tracker. Downstream tracks are formed from UT and SciFi
hits and originate from particles produced outside the VELO acceptance, such as
decay products of long-lived strange hadrons. In addition, T tracks are standalone
track segments reconstructed exclusively in the SciFi tracker, while VELO tracks
consist of hits in the VELO only.

The upgraded tracking system achieves a relative momentum resolution of approxi-
mately 0.5% at low momentum, increasing to about 1% at high momentum, as shown
in Figure 3.12. The momentum resolution for long tracks in data is determined
using J /¢ — p"p~ decays. Under the assumption that the two muons have similar
momenta and that the muon masses can be neglected, the relative momentum
resolution o, /p can be approximated as

2 . 2
o O\ 2 ( sinf o, )
— =2—) =2|s7/—7F—= .
P2 (m) 2—2cosf) ’ (37)

where m is the reconstructed invariant mass of the J /¢ candidate and o,, is the
corresponding signal width obtained from a fit to the mass distribution. The second
term accounts for the effect of the opening angle 6 between the two muons, with

0, denoting the per-event uncertainty on 6 as obtained from the individual track
fits [77].
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Figure 3.12: Relative momentum resolution of long tracks as a function of
momentum. Black: measurement from J /¢ — ptp~ 2024 data; Green: simulation
sample. Figure from [77].

3.4.2 Particle Identification Detectors

Particle identification (PID) at LHCDb is provided by three dedicated systems: the
Ring Imaging Cherenkov (RICH) detectors, the calorimeter (ECAL and HACL)

system, and the muon stations.

Ring Imaging Cherenkov Detectors

The RICH detectors, composed of multi-anode photomultiplier tubes (MaPMTs),
play a central role in the separation of charged hadrons (m, K, p). They exploit the
Cherenkov effect: a charged particle traversing a medium with refractive index n
at a velocity v > ¢/n emits photons on the surface of a cone with opening angle 6,
given by

cosf = Bln’ g =v/c. (3.8)
Since the particle momentum p is provided by the tracking system, the combination
of p and f, inferred from the measurement of the Cherenkov angle, allows the
particle mass m to be determined and hence the particle species to be identified.
The dependence of the Cherenkov angle on particle momentum for different species
is shown in Figure 3.13, illustrating the separation power of the RICH system.

LHCDb employs two RICH detectors using different radiator materials, providing
particle-identification coverage across a broad momentum spectrum:
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Figure 3.13: Distribution of the Cherenkov angle as a function of momentum for
different particle species (muons, pions, kaons, and protons). The separation of
the bands illustrates the particle identification capability of the RICH detectors
across the momentum range.

o RICH]1, located upstream of the magnet, is filled with C, F}, (n ~ 1.0014) and
provides hadron separation in the range 2-60 GeV/c.

« RICHZ2, installed downstream of the tracking stations, is filled with CF, (n =~
1.0005) and extends PID coverage between 15 and 100 GeV/c.

Cherenkov photons are reflected and focused by mirrors onto arrays of photode-
tectors, where they are detected and used to reconstruct the Cherenkov angle.
The combination of two radiators ensures effective /K /p separation over the full
momentum range relevant for LHCb physics, including the overlap region between
the two detectors [65].

Calorimeter System

The calorimeter system provides measurements of the energies of electrons, photons,
and hadrons, and contributes significantly to particle identification at LHCb. It is
composed of two main subsystems: the Electromagnetic Calorimeter (ECAL),
optimised for electrons and photons, and the Hadronic Calorimeter (HCAL),
designed to measure hadronic energy deposits.
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When a high-energy particle interacts with the calorimeter absorber material, it
initiates a cascade of secondary particles, referred to as a shower. The calorimeters
are sampling devices consisting of alternating layers of absorber and scintillator: the
absorber material induces the shower, while the scintillator layers sample it, emitting
light proportional to the deposited energy. This light is collected by photomultiplier
tubes, enabling the reconstruction of the particle energy. Different particle species
exhibit distinct shower characteristics [78, 79]:

e Electrons and photons produce compact electromagnetic showers dominated
by bremsstrahlung radiation and pair production, which are largely contained
within the ECAL.

e Hadrons undergo nuclear interactions in addition to ionisation losses, resulting
in broader and deeper hadronic showers that extend into the HCAL.

e Muons lose only small amounts of energy through ionisation and traverse the
calorimeter system as minimum-ionising particles (MIPs), leaving characteristic
straight-line signatures.

By exploiting these distinct shower profiles, the calorimeter system provides particle-
identification information that complements the tracking and RICH detectors.
The characteristic detector responses of different particle species are illustrated in
Figure 3.14.

The ECAL itself is a lead/scintillator sampling calorimeter located downstream of
RICH2. Its performance, measured with electron test beams, is parametrised by:

oy (9.0+0.5)% 0.003
_—_—— ——— . .2 _—
= 7 ©(08+0.2)%® 7 .

The constant term accounts for effects such as calibration uncertainties, non-
linearities, and energy leakage, while the final term reflects the contribution from
electronic noise [65].

(3.9)

The HCAL consists of alternating layers of scintillating tiles and iron absorbers and
is used to measure hadronic energy deposits. Its energy resolution, determined from
pion test-beam measurements, is parameterised as

op _ (674£5)%
S ®(9+2)%, (3.10)

where E is the deposited energy in GeV [65].
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Figure 3.14: Schematic illustration of the LHCb detector response to different
particle species. Charged particles are tracked in the VELO, UT, and SciFi,
with the dipole magnet providing momentum measurement. The RICH detectors
enable hadron separation via Cherenkov radiation. Photons and electrons produce
showers in the ECAL, while HCAL maximise the energy loss for charged and
neutral hadrons. Muons traverse the detector with minimal energy deposit and
are identified in the muon stations. Figure adapted from [78].
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Muon System

Muons are capable of traversing the entire LHCb detector with minimal energy loss
and without being absorbed. To exploit this property, four muon stations (M2-M5)
are installed downstream of the hadronic calorimeter. Each station consists of
multi-wire proportional chambers and is separated by approximately 80 cm-thick
iron absorbers, which serve to range out hadrons and other particles [65]. Only
muons with momenta above 6 GeV/c are able to penetrate all absorber layers,
ensuring a high-purity muon sample.

Each muon station is subdivided into four regions (R1-R4) with varying granularity.
The segmentation is finest near the beam pipe, where particle occupancies are
highest, and becomes progressively coarser at larger radii. This layout provides an
effective compromise between spatial resolution and the overall number of readout
channels [72]. Owing to their minimal interactions with detector material and their
distinctive penetration signature, muons can be identified with high efficiency and
purity. As a result, muonic final states play a central role in the trigger strategy and
provide high-quality control samples for calibration and flavour-tagging studies.

Particle Identification Variables

Information from the tracking system, the RICH detectors, the calorimeters, and
the muon stations is combined to assign each reconstructed track a set of particle-
identification (PID) likelihoods under different mass hypotheses.

For each particle type h, a likelihood L(h) is computed by combining the subdetector
responses. As an example, the total likelihood that a track corresponds to a pion is
defined as

L(m) = Lgicu(m) X Loaro(le) X Lyon (1), (3.11)

where Lpicop(m) is the likelihood from the RICH system, and Loapo(le) and
Lyuon(!pe) represent the probabilities that the same track is not identified as
an electron or a muon, respectively.

Since pions are the most abundant charged particles at LHCb, particle identification
is usually expressed as a log-likelihood difference (ALL) with respect to the pion
hypothesis [80]:
L(h)
PID(h) = ALL =InL(h) —InL(7) = In —, (3.12)
L(m)
where h = K, pu,e,p. These ALL variables provide powerful separation between
particle species, but treat each subdetector independently. Figure 3.15 shows the
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Figure 3.15: PID performances in terms of efficiency and misidentification for
kaons, protons, and pions in 2024 data taking. The curves illustrate the trade-
off between correct identification and background suppression for different ALL
thresholds. Figures from [81].
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kaon, proton, pion PID performance in terms of identification and misidentification
using early Run 3 data recorded in 2024. To exploit correlations between detector
responses, LHCDb also employs a machine-learning-based PID variable, known as
ProbNN [82]. This variable is derived from a neural network trained on simulated
samples and uses as input the information from the tracking system, RICH detectors,
calorimeters, and muon chambers. The neural network is used to identify a given
track as a w, K, p, e, u particle, providing improved discrimination compared to the
traditional ALL variables as illustrated in Figure 3.16. These PROBNN variables
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Figure 3.16: Background rejection rates as a function of muon (left) and proton
(right) identification efficiency. The variables ALL and ProbNN are plotted respec-
tively in black and red for comparison, using 2012 data-taking samples [82].

play an important role in flavour tagging, as discussed in Chapter 5.

3.5 Trigger and Online Processing

At the LHC, proton-proton bunches cross at a rate of 40 MHz. For comparison, this
rate is about 40 million times faster than a human heartbeat at rest (~1 Hz). Each
pp collision produces signals in thousands of detector channels, resulting in a raw
data rate that far exceeds what can be permanently stored. To illustrate the scale
of this challenge, in 2018 the LHC experiments collectively generated of the order of
4 x 10* ExaBytes (EB) of raw data prior to online selection and reduction [10]. At
the current level of experimental sensitivity and theoretical understanding, however,
only a small fraction of these events are expected to contain signatures of physics
beyond the Standard Model (BSM), such as the processes discussed in Section 2.2.
As a consequence, a fundamental requirement of any high-energy physics experiment
is the ability to identify and retain only those events that are potentially relevant
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for physics analyses, where “interesting” is defined by the observables and processes
targeted by the experimental programme.

The system responsible for this real-time event selection is referred to as the trigger.
Trigger selections can be classified as exclusive, when they target specific final-state
topologies, or inclusive, when they require only the presence of one or more generic
final-state objects. During Run 1, the LHCb trigger strategy was predominantly
inclusive, similar to that of the general-purpose experiments ATLAS and CMS.
In Run 2, the trigger remained largely inclusive, with the notable exception of
charm-hadron triggers, for which the event rates became prohibitively high [83].

Studies performed in preparation for Upgrade I [83] estimated that, at Run 3
luminosities, approximately 2% of collisions would contain a reconstructible b
hadron, while about 24% would contain a reconstructible ¢ hadron. By contrast,
the sustainable output rate of the trigger system was estimated to be of the order
of 0.05% of the total collision rate. It was therefore not feasible to record all events
containing heavy-flavour hadrons. These considerations motivated a significant
evolution of the LHCb trigger strategy towards a primarily exclusive approach [83].
In this paradigm, online event reconstruction plays a central role in identifying heavy-
flavour decays and selecting the subset of events most relevant to the experiment’s
physics objectives.
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Figure 3.17: Schematic overview of the LHCb Upgrade I online processing chain
[84]. All detectors are read out at 40 MHz. HLT1 (GPU-based fast reconstruction)
reduces the visible interaction rate to ~1 MHz. Events are then buffered on disk,
where real-time alignment and calibration constants are computed and fed back
into the online reconstruction. HLT2 (CPU-based full reconstruction) applies the
complete selection menu and writes ~10 kHz to permanent storage, divided into
the FULL, Turbo, and TurCal streams.

The overall Run 3 data flow is shown schematically in Figure 3.17 [84]. At each LHC
bunch crossing, all subdetectors are read out and the events are passed to the High-
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Level Trigger (HLT), which operates in two software stages with an intermediate
buffering step [21, 65]:

e HLT1: a GPU-accelerated partial reconstruction stage that performs fast track-
ing and vertexing. It reduces the input rate from ~ 30 MHz of visible collisions
to 0.5-1.5 MHz, applying O(100) selection lines while retaining high efficiency
for heavy-flavour signatures.

« Buffer and real-time alignment/calibration: surviving events are written
to a ~40 PB disk buffer. This buffer provides sufficient latency to compute
detector alignment and calibration constants. A sampled subset of events is
continuously analysed, producing updated constants within minutes; these are
then fed back to the trigger. HLT1 parameters are updated as needed, and HLT?2
consistently uses the latest values to ensure stable offline-quality reconstruction.

o HLT2: an offline CPU-based full event reconstruction, applying @(1000) selec-
tion algorithms tuned to specific topologies. HLT2 reduces the output bandwidth
to 10 GB/s. The amount of information stored per event is determined by the
Turbo paradigm, described in Section 3.5.2.

The Trigger-On-Signal (T'OS) efficiency quantifies the probability that a given
trigger condition selects events in which the targeted signal is genuinely present. It
is commonly used as a metric to evaluate the performance of the trigger. Figure 3.18
reports the TOS efficiencies for the channels BY — JW K", B® — JhK*° and
B® — D~7t, which are of particular importance for flavour tagging as they provide
the samples used for training and calibrating the taggers. The plots compare
the efficiencies of the LHCb HLT1 trigger (specifically of the HLT1(Two) TrackMVA
trigger lines®) in pp collision data taken by the LHCb detector in 2024 to the trigger
efficiencies of equivalent Run 2 lines (combined efficiencies of LO and HLT1) [85].
The removal of the L0 stage in Upgrade I results in substantially improved efficiency
at low transverse momentum.

3.5.1 Trigger Configuration Keys (TCKs)

Each configuration of the LHCb trigger is uniquely identified by a Trigger Configu-
ration Key (TCK). The TCK encodes the sequence of algorithms, their parameters,
and the control flow defining the trigger at a given point in time. This mechanism
is essential for reproducibility: every event stored by LHCb can be associated

3The H1t1(Two) TrackMVA lines use kinematic and geometrical selections to identify events con-
taining a single (or a pair of) displaced track(s) consistent with originating from a heavy-flavour
decay.
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Figure 3.18: Efficiencies of the LHCb HLT1 trigger (namely of the
HLT1 (Two) TrackMVA trigger lines) in pp collision data taken by the LHCb detector
in 2024 (red). Direct comparisons to the equivalent trigger efficiencies in Run 2
(combined efficiencies of L0 and HLT1) are established (blue). Generator-level MC
distributions within the LHCb acceptance are shown in grey. The Upgrade I trigger
achieves nearly flat efficiency across the full p, range, with notable improvements
at low pp where Run 2 suffered losses. This gain is especially important for flavour
tagging, since many tagging particles are produced at low transverse momentum.
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with the TCK active during its selection, ensuring that the corresponding trigger
configuration can be retrieved for later offline analysis.

During Run 1 and Run 2, generating new trigger configurations was a manual
process that required following detailed instructions. With the transition to a fully
software-based trigger in Upgrade I, and the increasing frequency with which new
configurations must be prepared, a more scalable solution was required. Part of
this PhD work has been the development of a new infrastructure to automate the
validation and deployment of TCKs.
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(b) Schematic of the TCK production pipeline.

(a) Cumulative TCKs deployed in 2024. The
dashed line marks the transition to the new
automated infrastructure, which deployed over
70 additional configurations thereafter.

User specifications (YAML) are processed
through GitLab CI stages (validation, gener-
ation, evaluation) before being tagged and de-
ployed.

Figure 3.19: Overview of the automated validation of the Trigger Configuration
Keys (TCKs) TCKs [86].

The process, described in [86], is implemented as a GitLab continuous integration
(CI) pipeline. User specifications are provided in YAML format, which is processed
through multiple CI pipeline stages (validation, generation, evaluation, tagging, and
deployment). If successful, the new TCK is tagged and deployed into production,
becoming available for use in data taking (Figure 3.19b). Figure 3.19a shows the
cumulative number of trigger configurations deployed in 2024. The new infrastructure
became the default in mid-2024, after which dozens of new configurations were
automatically validated and deployed, ensuring smooth trigger operation throughout
the year.
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3.5.2 Turbo Model

The Turbo model [87-89], first introduced during Run 2, revolutionised the LHCb
data processing strategy by enabling selective persistence of reconstructed objects.
This approach allows the experiment to store varying levels of information for each
event, ranging from the minimal subset required for a specific physics analysis to
the complete reconstructed event. Figure 3.20 illustrates the different persistence
levels available within the LHCb trigger model.

HLT2
candidate

Increasing persisted event size
Decreasing information

Figure 3.20: Ilustration of the LHCDb trigger persistence model. The same
reconstructed event can be saved with varying levels of persistence: Top: Turbo
persistence, where only the decay candidate selected by the HLT2 trigger (e.g.
D° — K~ 7") and the corresponding Primary Vertex (PV) are persisted. Middle:
Selective persistence, where additional reconstructed objects (e.g. the soft pion
from D** — DUr") are stored. Bottom: Complete reconstruction persistence,
where the full event is saved, including raw subdetector data banks. Solid lines
and objects indicate persisted information in each case. Figure adapted from [90].

In Run 3, the vast majority of events are stored using the Turbo format, while
a smaller fraction is retained in FULL format to allow for exploratory or future
analyses. A dedicated calibration stream, known as TurCal, is also maintained

45



3 The Upgraded LHCb Detector

to enable precise detector and physics calibration studies. Figure 3.21 illustrates
the relative contributions of the Turbo, FULL, and TurCal streams to the Run 3
output. While the majority of events are recorded in the Turbo format, FULL
events dominate the overall data volume written to tape and disk due to the larger
size.

Event Rate Throughput
(events/s) (GB/s)
High Level Trigger High Level Trigger
(e}
3 Q
w E
Tape Storage - Tape Storage
o s
Turbo o Turbo (& %
é
Disk Storage Disk Storage

Figure 3.21: Relative contributions of the different output streams (Turbo, FULL,
TurCal) to the event rate (left) and data throughput (right) in Run 3. Most events
are stored in Turbo format, while the larger size of FULL events means they
dominate storage throughput. TurCal provides calibration samples at low rate and
size. Figure from [72].

The impact of different persistence levels can be quantified in terms of the bandwidth

consumption:
event size X event rate
BW = [MB/s],
106
where the event size is expressed in bytes and the event rate in Hz. Given the
finite bandwidth available for data storage and transfer, optimising the event size is

essential to balance physics performance and computing constraints.

Within the scope of this PhD thesis, a dedicated study was performed to evaluate
the event size and bandwidth associated with different persistence configurations for
trigger lines relevant to flavour tagging. This study used Run 3 simulated samples
of B decays into open-charm or charmonium final states, corresponding to a total of
10° events. Three main persistence configurations were explored:

o Preselected long tracks: only long tracks satisfying specific selections are
saved. These include requiring that the track originates from the same primary
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vertex (PV) as the signal B candidate, or that the minimum XIQP with respect
to all PVs exceeds six. These empirical criteria correspond to loose selections
designed to retain all potential tracks used by the flavour tagging algorithms.

o All long tracks: all long tracks in the event are persisted, without any additional
selection.

e Full persistence: the complete reconstructed event is retained. This configura-
tion is particularly important for inclusive flavour tagging algorithms, which use
all reconstructed tracks in the event.

For each configuration, the effect of including upstream tracks was also quantified.
Upstream tracks are especially relevant for same-side taggers, as low-momentum
hadrons associated with the signal B meson are often reconstructed only in the
tracking stations located upstream of the magnet. The results of these studies,
summarised in Figure 3.22, demonstrate that selective persistence can significantly
reduce bandwidth consumption while retaining the information required for flavour
tagging. In particular, even when the event size is comparable across different trigger
lines, higher trigger rates can lead to a substantial increase in bandwidth usage, as
observed for channels such as Bt — Jiy K+ and B®— Jhp K*°.
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Impact of different persistence levels and of including upstream

22:

3
tracks on event size

Figure

and bandwidth (right) for trigger lines relevant to flavour

left)

(

tagging. Higher trigger rates can lead to a substantial increase in bandwidth
usage, as observed for channels such as BT — Jhy K+ and B — Jip K*°. An event

size equal to zero indicates that the corresponding trigger line did not fire in the

simulation.
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3.6 Monte Carlo Simulation at LHCbH

3.6 Monte Carlo Simulation at LHCb

Monte Carlo (MC) simulation plays a central role in the LHCb physics programme,
providing the essential link between theoretical predictions, detector response, and
the reconstruction algorithms used in data analysis. In particular, the development
of the Run 3 flavour-tagging algorithms presented in this thesis relies critically on
simulated events, as illustrated in Chapter 5.

The simulation chain begins with the description of the proton—proton collisions
provided by the LHC. The hard scattering processes are generated with [91, 92],
tuned to LHCb kinematics. Heavy-flavour hadron decays are simulated with EvT-
GEN [93], which models decay amplitudes and angular distributions with inputs
from both theoretical calculations and experimental measurements. Final-state QED
corrections, such as photon emission, are simulated with PHOTOS [94]. The passage
of particles through the LHCb detector is modelled using the GEANT4-based LHCb
simulation framework [95-97], which describes their interactions with matter and the
resulting detector signals. This modelling includes effects such as multiple scattering,
energy loss, shower development, and detector inefficiencies. The full Upgrade I
detector geometry is implemented using the DD4hep framework [98], which provides
a unified description of the detector for both simulation and reconstruction. The
simulated detector signals are subsequently digitised to produce raw data objects
equivalent to those recorded in real collisions. These are processed using the same
reconstruction algorithms as data, ensuring consistent treatment of simulated and
real events.
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4 Flavour Tagging at LHCb

One of the primary objectives of the LHCb experiment at CERN is the study of
CP violation in the heavy-flavour sector. As discussed in Section 2.3, measurements
of mixing and time-dependent CP-violating asymmetries require the knowledge of
the flavour of neutral B meson at the time of its production. The set of techniques
developed for this purpose is collectively referred to as flavour tagging. It is important
to note that the term flavour tagging has a different meaning in general-purpose
experiments such as ATLAS and CMS, where it usually denotes the identification
of the flavour of reconstructed jets [99] (for example, distinguishing b-jets from
light-flavour jets). In the context of LHCb, flavour tagging refers exclusively to the
determination of the production flavour of a neutral B meson, namely, whether the
signal meson contained a b or a b.

Two main categories of flavour tagging algorithms (hereafter also indicated as taggers
for brevity) are employed at LHCb. The classical taggers exploit the correlation
between the electric charge of a specific particle, referred to as the tagging particle,
and the flavour of the signal B meson. The inclusive tagger, instead, uses information
from all particles in the event (excluding those associated with the signal decay) to
infer the production flavour of the signal B meson [100]. In both approaches, the goal
is to provide, on an event-by-event basis, a tagging decision d indicating the inferred
production flavour of the signal meson, together with a predicted mistag probability
71, which estimates the probability that the tagging decision is incorrect.

This thesis focuses on the development of the classical taggers for the LHCb Upgrade I.
Their implementation and optimisation are described in Chapter 5. The purpose of
this chapter is to provide the foundation of how the classical taggers work (Section 4.1)
and introduce the metrics used to evaluate their performance (Section 4.4).

4.1 Classical Taggers

Classical taggers use specific particles to infer the B flavour at production time,
named as tagging particles, that carry an electric charge that is correlated with
the flavour of the signal B meson at production. Depending on the process that
produced this tagging particle, the algorithm is classified as an opposite-side (OS)
or a same-side (SS) tagger.
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4 Flavour Tagging at LHCb

Figure 4.1 provides a schematic illustration of the OS and SS tagging mechanisms
and their connection to the quark content of the signal B meson.

SS kaon
SS pion (for BY)
SS proton (for BY)

.\> 0OS muon
OS electron

OS vertex charge
OS Charm

Figure 4.1: Schematic illustration of opposite-side (OS) and same-side (SS) flavour
tagging algorithms at LHCb. OS taggers rely on the decay products of the B
hadron produced in association with the signal, while SS taggers exploit charged
hadrons produced during the fragmentation of the signal B meson. Image source
[101]

OS taggers exploit the bb pair production. While one quark hadronises into the
signal B meson, the other forms an OS B hadron whose decay product charges can
be used to infer its production flavour and, as a consequence, the production flavour
of the signal candidate. The most commonly used particles for OS tagging are kaons,
muons, and electrons (OSKaon tagger, OSMuon tagger, OSElectron tagger).
In Run 1-2, additional algorithms such as the OSVertexCharge and OSCharm
taggers were also employed. These rely on the reconstruction of secondary vertices
or charm hadrons from the opposite-side B decay.

SS taggers exploit particles produced in the hadronisation of the signal B meson.
During hadronisation, the signal B meson is formed together with charged particles
that carry correlated flavour information. The tagging particle typically originates
from the fragmentation of the light quark (kaon, proton, or pion) that combines
with the b (or b) quark to form the signal B meson. The charge of this particle
provides information on the flavour of the B meson at production. Different SS
taggers are used depending on the signal meson species: the SSKaon tagger for
BY mesons, the SSPion tagger and SSProton tagger for B® mesons. SS taggers
are particularly sensitive to the modelling of the hadronisation environment.
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From the considerations above, the inferred flavour of the signal B at production,
denoted as tagging decision d, can be derived from the electric charge of the tagging
particle @y ,qc as:

o for charged decays (e.g. BT — JW K™) and SS/OS taggers: d = —1 + Qi nek
o for neutral decays (e.g. B — JWK*°, BY— D 7"):

— SSPion/SSKaon taggers: d = +1 + Qo

— SSProton/OS taggers: d = —1 - Qa0

The tagging decision can take the values d € {+1,—1,0}, where the convention
adopted in this work is

d=+1 — signal meson contains a b — B, (4.1)

d=—1 — signal meson contains ab — B, (4.2)

while d = 0 is assigned when the flavour can not be determined.

The probability that the assigned tagging decision is incorrect is denoted by the
predicted mistag probability (or mistag estimate) n, with n € [0,0.5]. A value of
1 = 0 corresponds to a perfectly reliable tagging decision, while n = 0.5 corresponds
to a random assignment with no discriminating power. The mistag probability is
estimated using a multivariate classifier, which provides an event-by-event prediction
by exploiting kinematic and topological properties of the selected tagging particle
and the signal decay.

4.2 Mistag Calibration

The predicted mistag probability 1 does not coincide exactly with the true mistag
probability w. Several effects can lead to systematic deviations between these two
quantities. Since flavour tagging algorithms are typically trained using simulated
events, residual mismodelling of detector effects or of the underlying physics processes
can bias the mistag prediction when the algorithm is applied to data. In addition,
the performance of a tagger may depend on the kinematic properties or selection
criteria of the decay channel used for training; if these differ from those of the
target analysis channel, the predicted mistag probability can become systematically
biased. Finally, multivariate classifiers may partially overfit statistical fluctuations
in the training sample, leading to a mistag estimate that does not generalise to
independent data.
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4 Flavour Tagging at LHCb

To account for these effects, a dedicated calibration procedure is performed to relate
the predicted mistag probability 1 to the true mistag probability w. In practice,
the calibration is performed by grouping events into bins of the predicted mistag
probability 1 and measuring, in each bin, the fraction w of incorrectly tagged events

Nwrong?
N,
w=—E, (4.3)
Ntagged

where Niaooed = Nyight T NVirong a1 Ny i the number of correctly tagged events.
This procedure requires knowledge of the true production flavour of the signal B
meson. In simulated samples, the true production flavour is available for all decays.
In data, however, it can only be determined for specific calibration channels. For
self-tagging charged B decays, such as B — Jip K™, the charge of the final-state
kaon uniquely identifies the flavour of the B meson at production. Since charged
B mesons do not undergo flavour oscillations, their production flavour is known
unambiguously. For flavour-specific neutral B decays, such as BY — D, 7" and
BY — Jhy K*0, the charge of the decay products identifies the flavour at decay time.
In these cases, statistical corrections must be applied to account for neutral-meson
oscillations as a function of the decay time.

The calibration of flavour tagging algorithms is performed using the dedicated
lhcb_ftcalib software package [102]. This framework implements a Generalised
Linear Model (GLM) to map the predicted mistag probability 1 to the calibrated
mistag probability w. The calibration function is expressed as a polynomial in a
transformed variable, defined through a link function g(n), allowing for a non-linear
mapping of 1. The general calibration model can be written as:

wn) =g (91(77) + i%ﬂ(n)) 7 (4.4)
=0

where p, are calibration parameters, P;(n) are orthogonal polynomial basis functions,
and g is the link function. Two link functions are commonly used in practice: the
identity (mistag) link, g(x) = x, and the logit link, defined as g(z) = In(52— ). The
latter guarantees that the calibrated w always lies within the interval [0, 1].

lhcb_ftcalib employs a convention that parameterizes the deviation from the
identity w(n) = n and define the polynomial basis so that the parameters p, and p,
are uncorrelated [102]. This choice simplifies the interpretation of the calibration
parameters in terms of bias and slope corrections.
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4.2 Mistag Calibration

For the simplest case (linear calibration with the identity link g(z) = z), expression
4.2 simplifies to:

w(n) =n+py+pi(n—m)=po—pri(n) +np1 +1), (4.5)

where (1) denotes the average predicted mistag probability in the calibration sample.
In this formulation, p, quantifies the offset of the mistag fraction, while p; measures
the deviation of the calibration slope from unity.

Although the first-order polynomial form is commonly used due to its simplicity and
interpretability, higher-order polynomial terms can also be included in the GLM
framework when the data exhibits more complex dependencies between the predicted
and true mistag probabilities. This allows the calibration model to capture subtle
non-linearities, particularly at the extremes of the n distribution.

To account for possible differences in tagging performance between B and B mesons,
the calibration model can be extended to include flavour-dependent parameters.
Such differences may arise from production asymmetries in proton—proton collisions
or from charge-dependent detection effects, and can lead to small but non-negligible
biases if not properly accounted for.

In this approach, separate calibration functions are defined for candidates tagged as
B and B, while preserving a common functional form. For a first-order calibration,
this can be achieved by introducing asymmetry parameters Ap, and Ap,, defined
such that

P =py + 3 Apy, & =po — 3 Apy, (4.6)
pP =p, + 3 Apy, pP=p, — 3 Ap;.

Using the identity link function for illustration, the calibrated mistag probability
for B and B mesons can then be written as

+ 09 +p7 (0= (m), (4.8)
+p§ +pf (n—(m)- (4.9)

In this parameterisation, p, and p; describe the average calibration behaviour,
while Ap, and Ap, quantify the asymmetry between B and B mesons in the offset
and slope of the mistag calibration, respectively. A perfectly symmetric tagging
performance corresponds to Ap, = Ap; = 0, whereas non-zero values indicate
flavour-dependent effects that must be taken into account to avoid biases in time-
dependent CP-violation and mixing measurements.
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4.3 Tagger Combination

Multiple taggers can be combined to obtain a single prediction of the initial B
flavour d.,,,;, with an associated mistag estimate 7.,

The combination procedure is based on the calculation of the relative probabilities
that the candidate originated from a b or b quark, following a likelihood product
over all individual taggers. The combined probability P, (P;) for a b (b) quark is
defined as: pb

Py et P, =1-P, (4.10)
where p, and p; represent the unnormalised probabilities that the tagging decisions
correspond to a b or b quark, respectively.

Fach individual tagger contributes to these probabilities through:

po= ] (5% — =) (1.11)

p=T1 (755 +di 1w, (1.2

%

where w,(n;) denotes the calibrated mistag probability of the i-th tagger, evaluated
at its predicted 7).

From the relative probabilities P, and P}, the combined tagging decision and mistag
estimate are obtained as:

deomp = sign(P, — F) p =1 —max(F, ) (4.13)

com T]COm
The combined tagger output is then calibrated following the same procedure
described in Section 4.2, ensuring that the final combined mistag probability
Weomb (Meomb ) COTTECtly Teflects the true mistag fraction observed in data. In this
thesis work, the combination is performed via the lhcb-ftcalib [102] toolset that
handles the error propagation of the uncertainties originating from the calibration

of the individual taggers.

4.4 Performance Metrics

The performance of a flavour tagging algorithm is characterised by three key quan-
tities that allow the determination of the sensitivity to CP asymmetry [103]: the
tagging efficiency, the mistag probability, and the derived tagging power.
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The tagging efficiency ¢, represents the fraction of signal events for which the
tagger is able to provide a flavour decision, regardless of whether the decision is
correct or not. It is defined as

c _ Nwrong + Nright (4 14)
e Nwrong + Nright + Nuntagged
where Ny, is the number of incorrectly tagged events, N, is the number of

correctly tagged events and Ny p00q 18 the number of signal events for which the
tagger do not provide a tagging decision.

The average mistag probability w (already informally introduced in the previous
section) is quantified by the fraction of tagged events for which the tagging decision
is incorrect. It is expressed as

oo Vwong (4.15)
N, wrong + N, right
where N, is the number of incorrectly tagged events.

wrong

The impact of mis-tagging on the overall tagging performance is described by the
dilution factor D, defined as

D=1-2w (4.16)

A perfect tagger exhibits D = 1, while a completely random tagger yields D = 0.
The dilution factor encapsulates how much the tagging decision reduces the observed
oscillation or asymmetry amplitude.

The tagging efficiency and the mistag are combined in a single figure of merit the
tagging power e, or effective tagging efficiency, defined as

Eoft = Etag D? = € (1 — 2w)? (4.17)

The tagging power allows to compare the performance of different taggers and to
define the effective statistical power N g = €. - IV of a flavour-tagged sample with
N events.

4.4.1 Impact on CP Asymmetry Measurements

For a sample of size N, the measured time-dependent CP asymmetry A53® is reduced
with respect to the true asymmetry A% by a dilution factor depending on the

mistag [103]:
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4 Flavour Tagging at LHCb

N(Bj— f)(t) — N(By— f)(t)

A0 = N B S o NB= N0

= (1-2w) -Agp(t) = D -AZF(t) (4.18)

Therefore, the A%} and its statistical error can be obtained as:

Ameas 1 1
Atrue — cpP O ptrue X = 419
P T — 2w ACE T /€rag V(1 — 2w) etV (4.19)

This expression shows explicitly that the statistical sensitivity can be improved both
by higher statistics and higher tagging power. While the High-Luminosity LHC
will provide substantially larger datasets, maximising the tagging power remains a
central objective in the development of flavour tagging algorithms.
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5 Development of the Run 3 Classical Taggers

5.1 Introduction

The start of Run 3 in 2022 marked a major shift in the operating conditions of
the LHCb experiment [104, 105]. The instantaneous luminosity nearly doubled
compared to Run 2, increasing the number of pp interactions per bunch crossing
and raising the average event occupancy. While the higher luminosity is beneficial
for precision measurements by providing larger signal yields, it also represents a
significant challenge for flavour tagging. The probability that an unrelated track
satisfies the kinematic or topological requirements of a tagging candidate increases,
degrading the tagging power € (Figure 5.1).

) I
S
Sop ——+— B JK* 6 . .
S bt
g ¢+ Inclusive Flavour Tagger g 5 s
2.6 4+ SSand OS Combination g .
2 an4 ° .
Eﬁ . s 'Eﬁ
—_—— — 3
£ —— ]
. LHCb — 2 B = JJK* ™ LHCb
5.4fb1 L4 | ¢ Inclusive Flavour Tagger 5.4fb1
$ ¢  SSand OS Combination
3
0 50 100 150 200 250 300 350 400 ] 2 3+
Track multiplicity Number of PVs

Figure 5.1: Tagging power of the Run 2 classical tagger combination (OS and SS)
and Run 2 inclusive tagger as a function of track multiplicity (left) and number of
primary vertices (right) using 2018-2017-2016 LHCb data (B® — Jky K*°) [100].

To address the Run 3 operating conditions, the LHCb detector underwent a full up-
grade (Section 3.4), including new tracking systems, improved particle identification,
and a re-designed trigger system (as described in Section 3.4). These modifications
motivate the development of new flavour-tagging algorithms (taggers) specifically
designed for Run 3. In particular, this chapter focuses on the development of
the single-track taggers (OSKaon, OSMuon, OSElectron, SSKaon, SSPion, and
SSProton). The algorithms developed combine physics-motivated principles with
machine-learning techniques. Each tagger consists of a decision-tree-based selection
to identify the relevant tagging particles (described in Section 5.3), followed by a
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5 Development of the Run 3 Classical Taggers

neural-network-based classifier used to estimate the mistag probability (described
in Section 5.4).

5.2 Samples and Event Selections

The development of the Run 3 flavour-tagging algorithms relies primarily on sim-
ulated samples produced with the framework described in Section 3.6, while the
evaluation of their performance is done on a subset of data collected in 2024 (25 June
to 6 August). The detector configuration and data-taking conditions are the same for
simulation and real-data: pp collisions at a centre-of-mass energy of /s = 13.6 TeV,
an average i ~ 4.4 of visible interactions per bunch crossing and magnet polarity

up.

The decay channels used for the tagger development are listed in Table 5.1, together
with the respective final state particles. For notational convenience, references to
a meson such as BY, B?, or B should be understood to include the respective
anti-particle (B°, B?, and B~). Any discussion requiring a distinction between the
particle and anti-particle will use explicit notation.

Table 5.1: Decay channels used for developing the Run 3 flavour-tagging algo-

rithms.
Taggers Training channel
OSMuon, OSKaon, OSElectron Bt — JWK™' (J/¢ — ptu™)
SSKaon BY— Dynt (D - K"K 7)
SSPion, SSProton BY— JW K (J/¢p— ptpu, KO — Ktn)

The decay BT — Ji K™ is a high-yield and experimentally clean channel at LHCb
and is therefore used for the development of the opposite-side (OS) flavour taggers.
Since OS taggers exploit information from the hadron containing the opposite b
produced in the event, their performance is largely independent of the kinematic
properties of the signal decay. This allows the use of charged B* mesons, which do

not undergo flavour oscillations. The flavour at decay time is fixed by the charge of
the K.

In contrast, same-side (SS) taggers exploit correlations between the signal B meson
and particles produced in its hadronisation. These correlations are more sensitive
to the kinematic properties of the signal species and therefore differ between B™,
B°, and BY mesons. For this reason, SS taggers are trained on neutral modes
representative of their target applications. The SSKaon tagger, used for BY tagging,
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5.2 Samples and Event Selections

is trained on BY — Dy7", where the D; (D; — K™K~ 7~) charge determines the
flavour of the B, at decay. SSPion/SSProton taggers, used for BY tagging, are
trained on B® — J/¢¥K*® with J/v — p*p~ and the K*© decay (K** — K*77)
fixes the B? flavour at decay time. The presence of the J/vy — utpu~ provides
a clean and efficiently triggered final state, in close analogy to the BT — JW K™
mode.

The HLT2 trigger lines used to select the BY — JWK*, B° — JyK*, and
BY — Dy m decays are summarised below and are the same for simulation and data.
These lines apply kinematic, vertex-quality, mass-window, and particle-identification
requirements to the intermediate and final-state particles to identify the signal
candidates.

For the BT — Jip K™ mode, a J/¢ — p"p~ candidate is required within a tight
mass window around the nominal J/¢ mass (typically 3046 < m,,, < 3146 MeV
at the vertex level), with good vertex quality (x?/ndf < 8) and the muons are
required to have an associated PID, > 0. The accompanying kaon must satisfy
minimal kinematic thresholds (e.g. py > 0.8 GeV, p > 3 GeV) and loose PID cuts
(PIDj > —1 for the kaon). The resulting B™ candidate must have a reconstructed
mass compatible with the B mass (5080 < mp < 5620 MeV) and a decay time
exceeding 0.2 ps.

The B° — Jh) K* line follows an analogous strategy, replacing the bachelor kaon
with a K*0 — K*7n~ candidate. The K*° is required to lie within its nominal
mass window (826 < my, < 966 MeV), with modest kinematic requirements on
its daughters (py > 500 MeV, p > 1 GeV) and appropriate kaon and pion PID
selections (for the pion PID < 3, for the kaon PID; > —2 ). The B° candidate
is then formed from the J /¢ and K** and required to have a decay time exceeding
0.2 ps.

For the B — D 7" mode, the D; — K*K 7~ candidate is selected within a
narrow mass window around the nominal D, mass (1930 < my . < 2025 MeV),
with loose PID requirements (e.g. PIDy > —5 for kaons, PID, < 5 for pions)
and kinematic thresholds on its decay products (e.g. p > 2 GeV, py > 250 MeV).
The bachelor pion is required to be harder (p > 5 GeV, py > 500 MeV). The B?
candidate is constructed in a wide mass window (5000 < mpz < 6000 MeV), after
which a dedicated multivariate classifier is applied, to select displaced B decays and
suppress combinatorial background.
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5.3 Tagging Particle Selection via a Decision Tree
Classifier

To identify the tagging particles associated to each tagger in data, a decision tree
classifier is trained on a simulated dataset comprising the decays Bt — J/¢Y K™,
B — J/yYK*, and BY — D7, thereby guaranteeing that all tagging particles are
represented. The selection problem is framed as a multilabel classification task with
a total of seven classes: one for each tagging particle category (OSElectron, OSMuon,
OSKaon, SSKaon, SSPion, SSProton) and an extra class, notSamePV, introduced to
exclude tracks not originating from the same primary vertex as the signal B meson.
Tracks are assigned to the classes by combining two Monte Carlo variables: the
particle’s true ID and its origin flag. The true ID corresponds to the particle type
identifier defined by the Particle Data Group (PDG) numbering scheme [25]. The
origin flag encodes the process from which the particle originated in the simulated
event allowing to distinguish SS and OS particles (detailed explanation of the origin
flag in Section A.1.1 of the Appendix). Table 5.2 shows the class composition of the
training dataset (a 3.8 - 107 tracks). To prevent the classifier from being dominated

Table 5.2: Decision tree class composition for the training dataset (~ 3.8 - 107
tracks), containing simulated samples of B® — JWK**, BT — JWwK*, BY —
D 7).

Class Composition (%)
NotSamePV 93.36
SSPion 4.36
SSKaon 0.71
OSKaon 0.70
SSProton 0.49
OSMuon 0.22
OSElectron 0.17

by tracks coming from other PVs (93%), each class is assigned a weight w,

‘Z't t
= —2 5.1
We X Nc’ ( )

Mclasses

with N, the total number of tracks, 1., the number of classes, and N, the
number of tracks in class ¢. This reweighting ensures that the algorithm gives equal
importance to all classes during the training.

In terms of input variables for the training, the decision tree is provided with a
broad feature set (65 features), including geometrical, kinematic and PID variables.
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This allows the algorithm to identify the most relevant variables for maximizing the
class purity in the splitting. The full list of input features is reported in Table A.1
in the Appendix, together with a brief description of each and their distributions
(Figures A.2, A.3). To control the model complexity, the tree depth is limited
to six levels and a minimum impurity decrease of 0.009 is required for a split to
be created, ensuring that additional splits are introduced only when they yield a
significant improvement in discrimination. Once the decision tree is trained, the
tagging particle selections are derived by following the successive branch splits
leading to the terminal leaves. Each terminal leaf is associated with a distinct
tagging-particle class, determined by the majority of samples populating that leaf.
An additional requirement is imposed to exclude particles originating from the signal
decay (OriginFlag #+ 0). The complete structure of the trained tree is provided in
Figure A.4 of Appendix A, while the resulting cuts are presented below in readable
format as a set of logical conditions.

Tracks are selected as OSElectron if they satisfy:

ProbNN,_ > 0.6606 A OriginFlag # 0.

Tracks are selected as OSKaon if they satisfy (A) or (B):

(I) ProbNN, <0.6606 A ProbNN, <0.6472 A Az < 6.7063
A ProbNN_ < 0.9496 A X% (PVi(B)) > 9.2305
A ProbNN, > 0.4192 A OriginFlag # 0,

(II) ProbNN, < 0.6606 A ProbNN, < 0.6472 A Az > 6.7063
A X% (PV,,,) > 16.7833 A OriginFlag # 0.

own )

Tracks are selected as OSMuon if they satisfy (A) or (B):

(I) ProbNN, < 0.6606 A ProbNN, < 0.6472 A Az < 6.7063
A ProbNN_ < 0.9496 A x5 (PV,(B)) > 9.2305
A ProbNN, < 0.4192 A OriginFlag # 0,

(IT) ProbNN, <0.6606 A ProbNN, > 0.6472 A OriginFlag # 0.
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Tracks are selected as SSPion if they satisfy (A) or (B):

ProbNN, < 0.6606 A ProbNN, <0.6472 A Az <6.7063
A ProbNN_ > 0.9496
A OriginFlag # 0,

Tracks are selected as SSProton if they satisfy:

ProbNN, < 0.6606 A ProbNN, < 0.6472 A Az < 6.7063
A ProbNN_ < 0.9496 A X% (PV,.(B)) < 9.2305
A ProbNN,, > 0.3049 A OriginFlag # 0.

Tracks are selected as SSKaon if they satisfy:

ProbNN, < 0.6606 A ProbNN, < 0.6472 A Az < 6.7063
A ProbNN_ < 0.9496 A x5 (PVy.(B)) < 9.2305
A ProbNN,, <0.3049 A OriginFlag # 0.

Tracks belong to another PV if:

ProbNN, < 0.6606 A ProbNN, < 0.6472 A Az > 6.7063
A X (PV,,,) < 16.7833 A OriginFlag # 0.

Overall, the PID-related variables (ProbNN, PID ) contribute to particle identifica-
tion, while geometric variables are crucial for distinguishing their origin (OS, SS, or
other PVs). As can be observed in Figure 5.2, the IP x? w.r.t the best PV associated
to the B signal is typically large for OS candidates, which are displaced relative to
the B production PV, and smaller for SS candidates, which tend to originate closer
to the PV. Since both OS and SS tracks are produced in the same pp interaction
as the signal B meson, they populate the region of small Az(PVtag, PVy), defined
as absolute value of the difference in z—position between the tagging track best
PV and the B best PV. Ideally, this quantity would peak at zero, but detector
effects and reconstruction uncertainties contribute to broadening the distribution.
In contrast, tracks classified as notSamePV exhibit a broader Az distribution and
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Figure 5.2: Distributions by tagging particles (OSKaon, OSMuon, OSElectron,
SSPion, SSProton, SSKaon) and particles associated to other PVs than the B
signal. (Left) Absolute value of the difference in z—position between the tagging
track best PV and the B signal best PV. (Middle) IP x? w.r.t. the B signal best
PV. (Right) IP x? w.r.t. own best PV. The sample is made of ~ 3.8 - 107 tracks
(MC simulation of B — JWK*, Bt — JWwK™*, B! — D n").

dominate at large separations (Az > 6.7 mm), reflecting their origin from different
PVs. It is interesting to note that the OSKaon selection is made of two cuts (de-
noted as branches I and II). Branch I is used to discriminate OSKaon from SSKaon
and SSProton, while branch II drives the separation OSKaon-notSamePV. The
cut Az > 6.7 mm in branch II retains OSKaons originating from the decay chain
b — ¢ — s, which can be significantly displaced from their PV. The additional
requirement on the x%(PV,,,) (defined as the IP y? w.r.t. the own best PV)
ensures that these displaced OSKaons are distinguished from particles associated
with other PVs, which have large Az but exhibit small x% (PV,,,) values.

The confusion matrix (Table 5.3) quantifies the selection efficiency (contamination)
for each tagging particle class by computing;:
N (true = A & predicted = B)

N(true = A)total

€(A— B) =

where N (true = A & predicted = B) is the number of particle of type A predicted
as of type B and N (true = A),,; is total number of true A particles. The diagonal
elements (in bold) therefore represent the selection efficiency for each tagging particle
class after applying the cuts derived from the decision tree.

OSElectron and OSMuon have relatively high selection efficiency, 87.4% and 87.6%
respectively. For hadronic tagging particles, the efficiencies are lower: OSKaon
class has selection 66.8% efficiency, with a notable fraction of true OSKaons being
misclassified as SSKaons (15.9%). The lowest efficiency is observed for SSProton
at 52.8%, with significant confusion with SSKaon (25.6%) and SSPion (7.5%).
This pattern reflects a well-known challenge in tagging, where separating charged
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Table 5.3: Confusion matrix (in %) for the decision tree particle classification.

<tm§,:<£ ﬁi’f)dt i‘i:?d:B). The diagonal values (in bold)

indicate the efficiency for each particle type after applying the selection cuts.

The efficiency is computed asy

True \Predicted OSElectron OSKaon OSMuon SSKaon SSPion SSProton notSamePV

OSElectron 87.4 2.9 5.4 2.4 0.9 0.1 1.0
OSKaon 0.3 66.8 7.0 15.9 5.4 1.9 2.6
OSMuon 0.9 3.9 87.6 1.9 4.7 0.1 0.9
SSKaon 0.4 8.8 1.9 70.7 8.9 8.3 1.0
SSPion 0.8 5.0 2.8 13.3 75.5 1.0 1.6
SSProton 0.4 9.6 3.8 25.6 7.5 52.8 0.4
notSamePV 3.5 8.8 2.1 0.9 6.2 0.2 78.2

hadrons (kaons, pions, and protons) with similar kinematic properties and partially
overlapping PID responses is intrinsically difficult.

Alternative classification strategies were explored in this thesis, including the removal
of the notSamePV class during training or the introduction of a dedicated “other”
particle class to collect candidates that do not satisfy any tagging definition such as
prompt particles from the pp collision, particles originated from interaction with
the detector material or coming from the opposite-b-fragmentation (schema A.1
in Appendix). The configuration exposed in this section is the one ultimately
adopted because it provided the best compromise between selection efficiency and
purity across all taggers. Further optimisation of misidentification patterns remains
an interesting avenue for future improvements, with potential benefits for the
mistag estimation. In particular isolation techniques could improve the OSKaon
contamination from tracks associated with other primary vertices. These techniques,
aiming at isolating SS and OS tagging tracks, are currently under development
within the Flavour Tagging Working Group and represent a promising direction.

5.4 Mistag Estimation via Neural Network

As described in Section 4.1, the goal of flavour tagging is to provide, for each event, a
tagging decision d indicating the inferred production flavour of the B signal, together
with a mistag probability n, which estimates the probability that d is incorrect. The
mistag estimation is achieved by training a neural network (NN) to predict whether
the tagging decision derived from tagging particle charge is correct (label = 1) or
not (label = 0). The mistag estimate is thus n = 1 — NN output, where the NN
output is the probability of getting label = 1. Given that the mistag is defined in
[0,0.5], if » > 0.5, d is inverted (d,., = —d) and 7 is recomputed as 7,., = 1 —n.

This manipulation ensures that n always represents the probability that the tagging
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decision is wrong, avoiding information loss when the NN predicts the opposite
decision with high confidence. When more than a tagging particle for the same
tagger species is present in an event, only the tagging decision with the lowest
predicted mistag is retained.

5.4.1 Neural Network Setup, Training, Grid Search

Table 5.4 collects the variable used as input features for the NN training. Two
sets are defined, based on the variables used for the Run 2 taggers: one for the OS
taggers and one for the SS taggers, and kept identical within the same tagger family.
This choice simplifies the initial development stage by ensuring that performance
differences among taggers within the same family are not attributable to differences
in NN input variables. An explanation of each variable can be found in Table A.3
in Appendix.

Table 5.4: OS and SS input feature sets. Unless specified, the variables refer to
the tagging particle. The feature AQ)y is computed under the mass hypothesis of
the specific tagging particle associated with the tagger being trained: e.g. AQ,
for the SSPion.

Tagger Type Features
OSKaon, OSElec- nTracks, nPVs, p, pr, pr(B), /X&p (PVeen), X2/ndf,
tron, OSMuon ProbNN, ProbNN,, ProbNN,, ProbNN , ProbNN_,

GhostProb, |IP(PV . )|, AR, AQx

own )

SSPion, SSProton, nTracks, nPVs, p, pr, pr(B), /X (PVeen), x2/ndf,
SSKaon ProbNN, ProbNN,, ProbNN,, ProbNN,, ProbNN_,
GhostProb, [IP(PV ,.)|, AR, AQx, A¢p, An, pr(B+tag)

For the OS taggers, the feature set includes event-level observables (number of
reconstructed primary vertices, number of tracks, kinematics of the B signal), and
tagging particle variables (momentum p, transverse momentum p, track-fit quality
x?/ndf, and the ProbNN variables). Geometric information is also included: the
absolute value of the IP w.r.t. the best PV, its significance, and the quadratic
angular separation between the tagging track and the B signal (AR). Additional
inputs are the ghost (fake-track) probability and the mass—hypothesis variable AQ,
defined as the difference between the invariant mass of the combined system (tagging
particle and B) and the sum of the individual rest masses (more in Section A.1.2 of
the Appendix). In addition to the OS feature set, the SS taggers exploit variables
describing the topological correlation between the tagging track and the B signal
track. These include the differences in azimuthal angle A¢ and pseudorapidity
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An, and the transverse momentum of the combined system B-tagging particle.
Before the NN training, all input variables are preprocessed. The features are first
standardised to have zero mean and unit variance, and are subsequently transformed
using a power transformation to reduce skewness and the impact of long tails in their
distributions. This preprocessing improves the numerical stability of the training
and ensures that all variables contribute on comparable scales to the optimisation
procedure [46].

For each tagger, the dataset is split into a 60% training set and a 40% test set. The
training subset is further divided into 80% for actual training and 20% for validation.
The validation set is used exclusively for monitoring model performance and guiding
early stopping, while the test set is reserved for calibrating the mistag estimate and
evaluating the calibrated tagging power. Table 5.5 reports the number of events
and tracks used for training each tagger after applying the tagger-specific selection
(as described in Section 5.3). The statistics for the validation and calibration sets
can be checked in Table A.4 of the Appendix.

Table 5.5: Number of events and associated tracks used for the training of each
tagger after applying the tagger-specific selection obtained from the decision tree.

Tagger Events Tracks

OSElectron 1.5-10% 7.2.106
OSKaon 1.6-10% 1.1-107
OSMuon 1.3-10 3.6-10°
SSKaon 2.2-10° 1.5-10
SSPion 2.0-10° 3.7-106
SSProton 1.4-10° 3.2-10°

Different NN architectures and hyperparameter combinations are explored by vary-
ing:

o the number of hidden layers (2, 3, 8);

o the number of neurons per layer (3, 32, 256);
o the learning rate (1-1074, 1-1073, 1-1072);

o the batch size (128, 4096, 8192).

Each NN is implemented using the PyTorch deep-learning library [106]. All hidden
layers use the Exponential Linear Unit (ELU) activation fucntion, and a dropout
rate of 0.1 is applied after every hidden layer to reduce overfitting. The loss function
is the binary cross-entropy, reflecting the binary nature of the mistag classification
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5.4 Mistag Estimation via Neural Network

task, and the Adam algorithm [107] is used a optimizer. The training process is
limited to a maximum of 500 epochs, and an early-stopping patience of 50 epochs
is applied to terminate the process once the validation loss no longer improves,
avoiding unnecessary computation and reducing the risk of overfitting.

After training the NN, the mistag calibration is performed as described in Section 4.2,
using the dedicated calibration sample and the 1hcb-ftcalib toolkit [102]. This
procedure provides the calibrated mistag w, tagging efficiency, and tagging power,
while correctly accounting for events with no valid tagging candidate, assigned
d = 0 and n = 0.5. For each model, the mistag is calibrated across multiple
configurations, varying both the calibration function (two- or three-parameters) and
the link function (identity or logit). Because the quantity of ultimate interest is
the tagging power, from the 81 models trained in the grid search, the final model
for each tagger is selected as the one with the highest calibrated tagging power.
Performing calibration across multiple settings ensures a fair comparison among
models and prevents discarding a potentially superior classifier solely because of a
suboptimal calibration setup.

5.4.2 Evaluation of the Neural Network Training

After selecting the model with the highest calibrated tagging power for each tagger,
the quality of the NN training is verified using a common set of validation plots: the
evolution of the training and validation losses, the ROC curves, and the NN output
distributions. As an illustration, the SSKaon tagger is discussed in detail below; the
corresponding results for the other taggers are provided in Appendix A.2.1.

The left panel of Figure 5.3 shows the training and validation losses as a function of
the number of epochs. Both curves decrease during the initial training phase and the
validation loss reaches a minimum at epoch 33, indicated by the vertical dashed line.
Over the subsequent 50 epochs, corresponding to the chosen patience, no further
improvement is observed; instead, the validation loss exhibits an increasing trend,
suggesting a tendency towards overfitting. As a result, the early-stopping criterion is
triggered, and the model parameters corresponding to the lowest validation loss are
retained. The training and validation ROC curves in the right panel of Figure 5.3
provide a complementary view of the classifier performance. The AUC scores are
both approximately 52%. Although from machine-learning perspective these values
may seem modest, they reflect the intrinsic difficulty of the classification task: as
illustrated in Figure 5.4, the input-feature distributions exhibit significant overlap
between the two classes, except for A¢, which provides discriminating power.
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Figure 5.3: Training evaluation for the SSKaon. Left: Evolution of the training
and validation losses (binary cross-entropy), illustrating the epoch at which early
stopping is triggered. Right: Receiver Operating Characteristic (ROC) curve
evaluated on the training and validation samples (“Train, Test” in the plot), together
with the corresponding Area Under the Curve (AUC) score, which quantifies the
raw separation achievable before calibration.

As with the input feature distributions, the (1 — NN output) distribution shows
substantial overlap between the two classes (Figure 5.5). The pronounced peak
near 0.5 is expected, as it corresponds to a random-guess regime where the classifier
has limited discriminating power. Nevertheless, a long tail extending towards lower
values (down to about 0.1) is clearly visible. In this region, the separation between
correct and wrong tagging decisions becomes more apparent, illustrating the residual
correlations that the NN learns to exploit between the input variables and the
tagging outcome.

The three-parameter calibration curve is shown in the right panel of Figure 5.5, and
separately for B? and B? candidates in Figure 5.6. As indicated by the low Ap
parameters, the SSKaon tagger provides a symmetric mistag estimate for the flavour
states. The obtained calibrated tagging power is (2.97 + 0.07)%, demonstrating
that, even when the raw classifier separation is intrinsically limited, the combination
of the NN output and the calibration procedure still yields a measurable tagging
DOWer €.

While the SSKaon tagger exhibits no significant flavour—-dependent behaviour,
both the OSKaon and SSProton taggers show a visible difference between the
calibration curves for B /B~ (OSKaon) and B°/B° (SSProton) (Figure 5.7). Since
the training sample is constructed to contain equal proportions of B and B with
equal fractions of correctly and incorrectly tagged tracks, these effects cannot
originate from an imbalance in the training labels. Their origin is therefore more
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Figure 5.4: Distributions of the input features used for the SSKaon training.
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to assess possible flavour-dependent effects in the mistag response.
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subtle and likely cannot be attributed to a single cause. A plausible explanation
involves a combination of misidentified tagging particles with different underlying
charge-flavour correlations and what the NN learns from these mixed samples. The
OSKaons majority originates from the decay chain of the other B hadron and OS
decay chains of B and B are not perfectly flavour-symmetric. Differences in the
production asymmetry, detector acceptance, and reconstruction efficiencies can
lead to small differences in the effective mixture of OS decay topologies entering
the OSKaon category for reconstructed B and B candidates. This asymmetric
mixture could induce species—dependent differences in the mistag estimation and
calibration. Furthermore, both the OSKaons and SSProtons are subjected to
substantial misidentification from SSKaons and SSPions at tagging-particle selection
level, as shown by the confusion matrix in Table 5.3. These misidentified tracks carry
opposite charge-flavour correlation (see Section 4.1), and their relative fractions may
vary between B and B events. In this scenario, the NN could learn different effective
mappings between the input features and the mistag probability for the two flavours,
leading to the observed differences in the calibration curves. Consistently with this
interpretation, no asymmetry is observed for SSKaon and SSPion taggers. These
taggers benefit from higher selection efficiencies and, although misidentification
occurs between these two categories, their charge correlation with the B flavour
follows the same assignment rule: a misidentified SSPion can still provide correct
flavour information for the SSKaon tagger, and vice-versa. The arguments presented
above are intended as a qualitative interpretation rather than a definitive explanation,
and the origin of the observed effect is currently under investigation.

Tables 5.6 and 5.7 summarise the final hyperparameter configurations and calibration
settings for the six Run 3 taggers, together with their calibrated tagging powers.
The values for tagging efficiency, mistag probability, and tagging power before and
after calibration are provided in Table A.5 of Appendix A.

Overall, the OSKaon and SSKaon taggers emerge as the most powerful individual
algorithms, while the OSElectron and SSProton provide the lowest standalone perfor-
mance. Nevertheless, all taggers contribute non-trivially to the global flavour tagging
information: even relatively weak taggers can add complementary information in
events where the dominant taggers fail or are unavailable. The full potential is there-
fore realised only through their combination. The evaluation of their combination
performance is the core subject of the next chapter and provides the foundation for
the subsequent discussion of potential avenues for further optimisation.
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Table 5.6: Final NN hyperparameter and calibration configurations for the Run 3
OS taggers (OSKaon, OSMuon, OSElectron). The calibration block reports the
link function, the number of parameters of the fit function, and the calibrated
tagging power.

OSKaon OSMuon OSElectron
NN Hyperparameters
Learning rate 0.0001 0.001 0.001
Batch size 8192 4096 4096
N. layers 3 3 3
N. neurons per layer 32 256 32
Calibration
N. parameters 3 3 3
Link function Logit Identity Identity

Calibrated e s (%) 1.99+0.02 1.047+0.016 0.477 + 0.011

Table 5.7: Final NN hyperparameter and calibration configurations for the Run 3
SS taggers (SSPion, SSProton, SSKaon). The calibration block reports the link
function, the number of parameters of the fit function, and the calibrated tagging
power.

SSPion SSProton SSKaon
NN Hyperparameters
Learning rate 0.001 0.001 0.01
Batch size 4096 128 4096
N. layers 3 3 3
N. neurons per layer 256 3 32
Calibration
N. parameters 2 3 3
Link function Identity Identity Logit

Calibrated cq (%) 1.19+0.05 0.070 +0.013  2.97 + 0.07
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5.5 Automated Workflow for Flavour Tagging

As discussed in Section 1.2, automation is an essential aspect of this thesis. For the
development of the Run 3 taggers, this principle is realised through an automated
workflow that orchestrates the full chain, from processing the samples for training
each tagger to the inclusion of the tagging information in the samples. The workflow,
illustrated in Figure 5.8, is implemented using Snakemake [108], with each processing
step defined as a separate rule. Each rule specifies well-defined inputs and outputs,
and Snakemake automatically resolves the task dependencies and determines which
rules must be executed, and in which order, using the specified computational
resources.

The workflow begins with the processing of the raw samples, which are enriched
with the additional features required for the NN training. In a second step, the
tagger-specific selections are applied, producing dedicated training datasets for the
six taggers: OSKaon, OSMuon, OSElectron, SSPion, SSProton, and SSKaon. In the
subsequent stage, the NNs, defined through dedicated configuration files, are trained
independently for each tagger and for each hyperparameter configuration. For the
relatively lightweight architectures employed in this work, the training time typically
ranges from approximately two to nine hours, depending on the tagger. The mistag
calibration is performed asynchronously within a separate Snakemake workflow,
allowing the calibration to start as soon as the trained models become available.
Once the hyperparameter scan is completed, the models with the highest calibrated
tagging power are extracted (one for each tagger). Finally, the selected taggers are
applied to hold-out samples, and the resulting tagging information—namely the
tagging decision and the calibrated mistag probability—is attached to the samples
for use in the subsequent tagger-combination stage.
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6 Performance of the Run 3 Taggers

6.1 Introduction

Chapter 5 described the strategy and implementation of the Run 3 flavour-tagging
algorithms, resulting in a suite of six taggers: OSKaon, OSMuon, OSElectron,
SSKaon, SSPion, and SSProton. These constitute the first flavour-tagging algorithms
specifically designed for the upgraded LHCb detector. As discussed in Section 4.3,
the outputs of the individual taggers (tagging decision and mistag) can be combined
to obtain a single optimised tagging decision. The tagging power of this “combined
tagger” represents the performance of an idealised tagger that exploits the full OS
and SS information simultaneously.

In Sections 6.2 and 6.3 of this chapter, the performance of the combination of
the newly developed taggers (referred to as Run 3 taggers) is evaluated on both
simulated samples and data collected by the LHCb experiment in 2024, with the
simulation corresponding to the same data-taking conditions. The performance of
the Run 2 taggers ported to the Run 3 software (referred to as Benchmark taggers)
is used as a reference. Indeed, despite being optimised for the Run 2 data-taking
conditions, these algorithms retain competitive tagging performance when applied
to Run 3 data.

Section 6.5 discusses possible avenues for further optimisation of the tagging perfor-
mance, while Section 6.6 concludes the chapter with a comparison to the performance
of the Run 2 taggers on 2018 data.

For notational convenience, references to a meson such as B°, B, or BT should
be understood to include their respective anti-particles (BY, B, and B™) as well.
Any discussion requiring a distinction between the particle and anti-particle will
use explicit notation.
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6.2 Combined Tagger Performance on Monte Carlo
samples

In this section, the tagging power for the combination of the Run 3 taggers is
evaluated calibrating! on simulated samples of BT — JaW K+ (N, opns ~ 2.4 -105),
BY = JW K (N, yenss =~ 6.6 -10%) and B? — D; " decays (N,pppnps = 9.4 - 10%),
produced as described in Section 5.2 and not used for the tagger training. To
preserve readability, the calibration plots for the combinations are collected in

Figure B.1 of Section B.2.

For the B® — Ji) K** channel, the combination includes the OSKaon, OSMuon,
OSElectron, SSPion, and SSProton taggers, while for the BY — D, w* channel, it
includes the OSMuon, OSElectron, OSKaon, and SSKaon taggers. These choices
reflect the tagging particles expected to have a strong charge correlation with the
signal B flavour. In addition, the Bt — J/) K mode provides a clean environment
to evaluate the performance of the OS taggers alone, and to verify that the calibration
procedure effectively removes any decay-dependent bias.

The calibrated tagging power values for the single taggers and their combination are
reported in Table B.1 of the Appendix. Figure 6.1 summarises the obtained values.
Each plot corresponds to a decay mode and shows the calibrated tagging power,
€q, for the individual taggers that contribute to the final combination (Benchmark
taggers in blue, Run 3 taggers in red). The horizontal lines with shaded bands
represent the calibrated tagging power of the combined tagger and its associated
410 uncertainty, values which are reported in the plot as well. Dashed lines denote
the simple sum of the individual tagging powers: if this sum is noticeably larger
than the calibrated combination, it indicates that the taggers are overlapping.

It is possible to observe that the Run 3 taggers exhibit larger mutual overlap than
the Benchmark taggers in the BY — D;7" and B* — Jip K" channels, while
showing a smaller overlap in the B® — Jip K*® mode. The SS Run 3 taggers tend
to underperform relative to their benchmark counterparts. Despite this, the Run 3
tagger combination achieves performance that is overall higher or comparable to
that of the Benchmark combination across all decay modes.

Unlike the OSMuon and OSElectron taggers, the OSKaon tagging power shows only
modest improvement in BT — J/i KT and remains comparable to the benchmark
performance in both BY — Ji K*® and B? — D;7". Inspection of the calibration
parameters reveals that the Ap, coefficient is notably large in the BT — JW K™
mode (Figure 6.5a), pointing to a calibration asymmetry between B and B mesons.

!Calibration done using lhcb_ftcalib toolset [102]
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Figure 6.1: Calibrated tagging power €4 for individual and combined taggers,
comparing Benchmark (blue) taggers and Run 3 (red) taggers evaluated on the
simulated samples for the channels BT — Ji K+, B®— Ja K*°, and B? — Dy 7.
The horizontal lines and shaded bands represent the calibrated tagging power of
the combined tagger and its +1o0 uncertainty. Dashed lines indicate the sum of
individual tagging powers, showing that the statistical overlap among taggers is

minimal.

This behaviour is clearly illustrated in Figure 6.5b, where the BT and B~ calibration
curves show visibly different responses. This effect is not observed for the Benchmark
OSKaon (Figures 6.5¢ and 6.5d). This asymmetry appears to be specific to the OS-
Kaon tagger and was already evident during the development phase. Possible origins
of this behaviour are discussed in Section 5.4.2, and a more detailed investigation is
currently ongoing within the LHCb Flavour Tagging Working Group.

83



6 Performance of the Run 3 Taggers

OSKaon Calibration
S

3 T
#050F — Calibration
-z — Identity
_E 0.45 e E
g
=
2040 E
s
035 = 0.0071 £ 0.0042 ]
030 E
025 E
020 E
1 ! B
03 0.4 0.5

Predicted mistag n

(a) Run 3 OSKaon

OSKaon Calibration
T T T

30.50
B —— Calibration

2 —— Identity

£ 0.45 [ ST

B

Z0.40 B
3

=

o
w
G

=
w
=]

o
i
G

I I [
0.40 0.45 0.50
Predicted mistag n

L L
0.30 0.35

(c) Benchmark OSKaon

B- OSKaon Calibration B+

3 [ L 3050 T 1 "
I — g s — 1
%Zos5f — Calibration % o4s [ —— Calibration .
E [ —— Identity e ] E [ —— Identity ]
?E N wtrue ] Fa‘é 0.40 F wtrue E
7041 b 2 r ]
g ] g f ]
= r ] =035 F 4
03 ] P ]
¢ ] 0.30 |- E
-2 1 025 g B
P P R | R R B
0.3 0.4 0.5 0.3 0.4 0.5

Measured mistag w

Predicted mistag n

Predicted mistag n

(b) Run 3 OSKaon: split by BT/ B~

OSKaon Calibration

B-

3

—— Calibration

— Identity
wtrue

A A T
030 035 040 045 050
Predicted mistag n

(d) Benchmark OSKaon:

Measured mistag

B+

0.50

0.45

0.40

0.35

0.30

0.25

030 035 040 045 050
Predicted mistag n

0.20

split by BY/ B~

Figure 6.2: Calibration of the Run 3 OSKaon (top row) and Benchmark OSKaon
(bottom row) in Bt — J/i K* simulated samples. Left: global calibration curves.
Right: corresponding flavour-split calibrations, separating the two flavour samples.
While Benchmark OSKaon exhibits consistent behaviour between the flavour
samples, the Run 3 OSKaon split reveals a clear asymmetry, as indicated by the
large Ap, fit parameter in the Run 3 calibration.
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6.3 Combined Tagger Performance on 2024 data

After evaluating the expected calibrated tagging power on simulated samples, the
same combinations of taggers are applied to the corresponding control channels in
data collected by the LHCb experiment in 2024 (06-25 August) (details about the
samples used in Section 5.2).

The calibration of the taggers on B — D, 7", and consequently the validation of the
SSKaon tagger on data, is not included in this work. In the case of B? decays, due
to the very fast oscillation frequency, the per-event decay-time uncertainty require a
precise determination prior to its use in the flavour-tagging calibration. A dedicated
decay-time resolution model for Run 3 data is currently under development within
the LHCDb collaboration, and, once this model is finalised, a consistent calibration
of the SSKaon tagger using BY decays will be performed.
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Figure 6.3: Invariant mass distributions for the control channels used in the
analysis. Left: B° — JiK*® candidates. Right: Bt — JiK™* candidates.
Data are shown as black points, the total fit as a red line, and the signal and
combinatorial background components as dashed blue and dashed green lines,
respectively.

Before calibrating, background-subtraction weights (s Weights) are applied to isolate
the signal component [109]. This technique statistically subtracts the combinatorial
background and ensures that the measured tagging efficiency and mistag rate
correspond to the signal only. The signal yields extracted from the mass fits
are ~ 5.1 - 10° candidates for BY — JW K" and ~ 1.3 - 10° for BY — Jap K*°
(Figure 6.3).

Table 6.1 reports the calibrated tagging power obtained for the Benchmark and
Run 3 tagger combinations, as well as for the individual taggers. Last column shows
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the relative improvement Ay, (Run 3 taggers with respect to Benchmark taggers) in
terms of calibrated tagging power eq

ERun 3 _ EBenchmark
_ “eff eff
A% o Benchmark x 100 (61)
Eoff

For the OS combination, the nominal relative improvement amounts to +5.7%
in BY - JWK" and +12.5% in B® — JK*. The Run 3 OS calibration in
BT — Jrp K+ yields results consistent with the B — Jjip K*V calibration, indicating
that the OS calibration exhibits no strong dependence on the decay channel (although
a residual dependence due to the specific decay selections cannot be completely
excluded).

Table 6.1: Calibrated tagging power €. (%) for individual taggers (Run 3 and
Benchmark) and their combinations on 2024 data (25 June to 6 August). The
rows OS, OS+SS, SS report the relative change Ag, in calibrated tagging power
(Run 3 taggers with respect to Benchmark taggers), together with the uncertainty
evaluated in the limiting cases of no correlation (p = 0, upper value) and full
correlation (p = 1, lower value). These two limits are quoted using a compact
asymmetric notation, with the upper and lower uncertainties indicated by the
superscripts + and —, respectively.

Decay / Tagger Benchmark e [%] Run 3 cg [%] Ay,
B*— JWK*

OSElectron 0.203 + 0.015 0.34 £ 0.02

OSMuon 0.72 +0.03 0.82 +0.03

OSKaon 1.01 +0.03 0.88 + 0.03

0s 1.92 +0.05 2.03 +0.05 +5. 738,
B — Jrp K*0

OSElectron 0.24 £ 0.05 0.46 £ 0.08

OSMuon 0.52 + 0.07 0.62 + 0.09

OSKaon 1.03 £0.11 0.89+0.11

SSPion 1.08 4 0.08 0.95 + 0.08

SSProton 0.33 + 0.06 0.26 4+ 0.04

0s 1.76 +0.14 1.984+0.17  +12.573%)
SS 1.38 +0.10 1.20+0.09  —13.0 5%
0S+SS 3.06 +0.17 3.16+0.19  +3.375%,

A reduced tagging power is observed for the Run 3 SS combination (—13%), but this
is not a major concern, since the metric that ultimately matters for physics analyses
is the performance of the full OS+SS combination. Indeed, despite the lower SS-only
performance, the Run 3 OS+SS still achieve an improvement of approximately +3%.
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This behaviour suggests that the Benchmark SS taggers had a non-negligible overlap
with the Benchmark OS taggers, whereas the Run 3 design, benefiting from exclusive
preselection criteria, suppresses this overlap. Such an effect is clearly visible in
Figure 6.4 with basically no separation between red solid and dashed lines in the
right-hand plot.

While this reduction in OS-SS overlap is a desirable feature of the Run 3 strategy,
the modest net gain in the B® — Ji) K*© channel indicates that further optimisation
of the SS taggers would be beneficial.
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Figure 6.4: Calibrated tagging power €4 for individual and combined taggers,
comparing Benchmark (blue) taggers and Run 3 (red) taggers evaluated on the
2024 data, for the channels BT — Ji K+ and B°— Ji) K*°. The horizontal lines
and shaded bands represent the calibrated tagging power of the combined tagger
and its +1o0 uncertainty. Dashed lines indicate the sum of individual tagging
powers.

In addition, Figure 6.4 shows a decrease in the performance of the Run 3 OSKaon
tagger. As already note in simulation, the Run 3 OSKaon calibration on data
exhibits an asymmetry between B and B mesons as well. The calibration curve
shown in Figure 6.5a features a large Ap, coefficient (—3.25 £ 0.71), indicating
a flavour-dependent effect in the mistag response. The flavour-split calibrations
in Figure 6.5b further confirm this, revealing different trend for the B* and B~
calibration curves. Again, this effect is not observed for the Benchmark OSKaon.
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Figure 6.5: Calibration of the Run 3 OSKaon (top row) and Benchmark OSKaon
(bottom row) in Bt — Ji K* data. Left: global calibration curves. Right:
corresponding flavour-split calibrations, separating the two flavour samples B~ /B™.
While Benchmark OSKaon exhibits consistent behaviour between the flavour
samples, the Run 3 OSKaon split reveals a clear asymmetry, as indicated by the
large Ap, fit parameter in Figure (a).
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6.4 Simulation and Data comparison

An overview of the results presented in Section 6.2 and Section 6.3 is provided in
Figure 6.6, showing the calibrated tagging power achieved by the newly developed
Run 3 taggers (OSElectron, OSMuon, OSKaon, SSPion, and SSProton), evaluated
both on 2024 data and on Monte Carlo samples produced under Run 3 conditions,
and compared to their respective Benchmark tagger counterparts. This comparison
sets the stage for the discussion that follows, highlighting the gains achieved through
the Run 3 retraining as well as the limitations that remain.
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Figure 6.6: Calibrated tagging power €,4 for the combinations of Benchmark and
Run 3 taggers, evaluated on Run 3 data (filled markers) and corresponding Monte
Carlo (MC) simulated samples (open markers) for the channels BT — JWp K+
and B® — Jhy K*0. Solid/dashed horizontal lines and shaded bands represent the
calibrated tagging power of the tagger combinations with their associated +1o
uncertainties.

A general trend visible in both channels is that the tagging performance observed
in simulation is higher than in data. This behaviour can be explained considering
that the simulation exhibits lower pile-up and reduced track multiplicities (Fig-
ure 6.7), providing a cleaner environment in which flavour tagging performs more
effectively, regardless of Benchmark or Run 3 taggers. Moreover, the Run 3 taggers
are trained exclusively on simulated samples, which further contributes to their
better performance in that domain. At single tagger level, the Run 3 OSKaon is
outperformed by its Benchmark counterpart on data, in contrast to the OSMuon
and OSElectron taggers, which benefit from the retraining performed under Run 3
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Figure 6.7: Comparison of the number of PVs and the number of tracks distribu-
tions for simulated samples (dashed line) and real data (solid line) in the channels
BY— Jip KO (orange) and B* — Jip KT (blue).

detector conditions. The Run 3 OSKaon calibration exhibits a pronounced flavour
asymmetry (see Figure 6.5b), affecting its performance and indicating that further
scrutiny is required. A likely contributing factor is that the Run 3 taggers are
trained exclusively on magnet—up samples, as no magnet—down simulated samples
were available at the time. Repeating the training with both polarities, as was done
for Run 2 tagger development, may help mitigate or eliminate this asymmetry.

A noteworthy observation is that both the Benchmark and Run 3 SSProton taggers
achieve higher tagging power on data than on simulation. For the Run 3 SSProton,
which is trained exclusively on simulation, this behaviour might look counter-intuitive.
A plausible explanation lies in the nature of the tagger: the SSProton primarily
acts as a “recovery” tagger, capturing events where the true same-side particle has
been misidentified as a proton. Since particle-ID misclassification is generally more
frequent in data than in simulation, these recovery opportunities occur more often
in real data, which may lead to its enhanced performance.

6.5 Future Prospects

Beyond the recommendations discussed in Section 6.4, the future development
of the LHCb flavour-tagging framework should proceed along two complementary
directions: the systematic optimisation of the current algorithms, and the exploration
of more advanced machine-learning approaches capable of exploiting the full event
information.

90



6.5 Future Prospects

6.5.1 Optimisation of Current Algorithms

A first line of improvement concerns the refinement of the existing taggers and their
associated selections.

Selection Optimisation. Throughout this thesis, it has become clear that the
impact of the tagging particle selection is crucial. Particular attention should be
given to increasing the OSKaon selection efficiency and purity. Although selection
efficiency and purity are naturally in tension, a systematic optimisation including
tagger-specific or channel-specific selections could yield measurable gains.

Global Same-Side Tagger. The persistent cross-contamination between pion,
kaon, and proton categories in the same-side regime suggests that replacing the
separate SSPion, SSKaon, and SSProton taggers with a unified “global” same-
side model may be advantageous. Such a tagger could explicitly resolve the pion—
kaon—proton ambiguity using a single classifier, thereby reducing the misidentification
observed in the current approach.

Feature Set Expansion. Beyond the Run 2-inspired baseline, additional sets of
input features should be investigated. Feature-selection techniques such as Principal
Component Analysis (PCA) or SHAP-based variable importance could help identify
the most discriminating inputs. PCA identifies the dominant directions of variance
in the feature space by constructing orthogonal linear combinations of the inputs
[110]. Shapley values provide a measure of feature importance by quantifying how
much each feature contributes to a model’s prediction on average across all possible
feature combinations [111].

Hyperparameter Tuning. While the current taggers underwent targeted hyper-
parameter scans (Section 5.4.1), a wider grid search may identify better-performing
configurations and yield further improvements in €.g-.

Data-driven retraining. Training the neural networks for the mistag estimation
has already proven beneficial for the opposite-side taggers, resulting in a measurable
performance gain [112]. This could be extended to SSPion and SSProton.

6.5.2 Advanced Machine Learning Techniques

In parallel to the optimisation of the current algorithms, more advanced machine-
learning architectures may be explored, drawing inspiration from recent developments
in the HEP-ML communities. These approaches have the potential to capture
complex correlations that are difficult to model with simpler neural networks.
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Transformer Architectures. Originally developed for natural-language processing,
Transformer models [7] have recently gained considerable traction in high-energy
physics due to their ability to handle variable-length inputs and to learn long-
range correlations through attention mechanisms. Recent studies [113, 114] have
demonstrated that Transformers can dynamically focus on the most informative
particles in an event, a property highly relevant for flavour tagging where both the
identity and quality of the tagging tracks vary significantly from event to event.
A notable advantage of attention-based models in the context of flavour tagging
is their ability to disentangle the competing information provided by OS and SS
tagging candidates. Classical taggers treat OS and SS categories independently
and rely on selections to minimise cross-contamination. Transformers, on the other
hand, can learn to assign different attention weights to OS-like and SS-like tracks
based on their kinematic and topological signatures. This allows the model to
suppress misleading candidates automatically while enhancing the contribution of
the genuinely informative ones. Moreover, this ability to assign weights is also
highly relevant for Primary Vertex association, as the model can learn to suppress
tracks based on topological signatures that indicate an origin inconsistent with the
B-meson decay vertex.

Inclusive Deep-Set Taggers. A particularly promising avenue is the inclusive
tagger based on the DeepSet architecture [115], that can take as input a list of
variable length (no fixed number of particles between events) and is invariant
under permutation of its inputs (particle order does not matter to infer the B
flavour at production time). The inclusive Run 2 tagger [100] DeepSet-based
demonstrated substantial performance gains over the classical taggers, improving
the tagging power by approximately 35% for B mesons and 20% for B? mesons
when evaluated on Run 2 data. Moreover, as shown in [116], the DeepSet architecture
is computationally efficient: it can be trained on a GPU in roughly one hour on
statistically representative samples, and achieves an evaluation time of O(7 us) per
event. Inclusive algorithms naturally leverage the full event record, enabling them
to discover correlations that classical taggers cannot exploit. However, this strength
also makes them sensitive to bandwidth constraints: using the complete set of
event-level information increases the amount of data that must be persisted. For
future operation at higher luminosities, it may therefore be advantageous to design
hybrid inclusive taggers that learn to focus on a restricted, physics-motivated subset
of features, preserving performance while reducing the data footprint.
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6.6 Conclusions

Overall, the evaluation of the calibrated tagging power of the Run 3 taggers on
both 2024 data and simulation provides an assessment of the current flavour-tagging
performance. The results highlight areas of progress, while also identifying aspects
where further optimisation is both necessary and promising. In particular, addressing
calibration asymmetries, refining pre-selections, improving PV—track association,
and pursuing data-driven retraining are expected to yield significant gains. The
results also validate the application of the Benchmark taggers to Run 3 data, as their
performance remains competitive when compared to the independently developed
Run 3 algorithms.

In Figure 6.8, the combination of OSKaon, OSMuon, OSElectron, SSProton and
SSPion taggers in the B® — Jk) K*¥ channel is compared with the corresponding
Run 2 tagger combination evaluated on 2018 data. The Run 2 calibrated tagging
power on 2018 data is (3.95 4+ 0.08)%, approximately 25% higher than the value
obtained for the Run 3 taggers on Run 3 data (3.16 4 0.19)%. While a reduction
in Run 3 is expected due to the higher pile-up and multiplicity of the Run 3 data-
taking environment [69], a dedicated optimisation of the Run 3 taggers could help
reduce the gap. Using the Run 3 OSElectron and OSMuon taggers together with
the higher-performing Benchmark OSKaon, SSPion and SSProton taggers already
increases the tagging power to (3.43 + 0.19)%. This intermediate result suggests
that there is space for improvement.

The work presented in this thesis details the development of flavour-tagging al-
gorithms for Run 3 and provides a first evaluation of their performance using
benchmark calibration modes. Following the studies described in this chapter,
the taggers have been implemented in the LHCb software framework, enabling
the tagging decision and mistag probability to be stored directly in the samples
for use in physics analyses. A complete validation will be achieved through their
deployment in physics analyses and the assessment of their impact on the sensitivity
of key measurements, such as the determination of the neutral B-meson oscillation
frequency Am,. These studies will play a central role in fully exploiting the physics
potential of Run 3 data and in guiding further developments towards the Upgrade II
era.
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Figure 6.8: Tagging power ¢, for OS+SS tagger combination in B® — J) K*°
decay. Results are shown for the combination of the taggers developed in Run 2
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Run 3 data, specifically of the: Benchmark taggers (blue), Run 3 taggers (red),
and Run 3 OSMuon/OSElectron combined with the Benchmark OSKaon/SSPi-
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Run 3 software.



7 Financial Transaction Simulation with LLMs
at IBM

This chapter describes the work carried out during a three-month secondment at
the IBM France Lab in Saclay, conducted within the framework of the SMARTHEP
European Training Network. The objective of this project was to develop an open-
source framework [117] for the generation of synthetic financial transaction logs,
representing both legitimate and fraudulent user behaviour. Such datasets are of
interest in fraud detection research, where access to real transaction data is restricted
by confidentiality requirements, privacy regulations, and operational constraints.

The framework incorporates two modelling approaches. A baseline simulation is
implemented using classical Markov chains, in which user behaviour is modelled by
probabilistic state transitions. In parallel, a simulation based on Large Language
Models (LLMs) is explored as an alternative approach for generating sequences
of financial activities, with the aim of representing behavioural patterns that are
not straightforward to encode within a purely Markovian framework. Together,
these components provide a means of producing synthetic transaction datasets
with configurable parameters, including fraud prevalence, behavioural profiles, and
temporal structure, which can be used for development and testing in fraud-detection
studies.

7.1 Introduction and Motivations

Financial fraud represents a significant challenge for banks, payment providers,
and regulatory organisations. Over recent decades, increasingly complex fraud
schemes—such as account takeover, money laundering, and coordinated multi-agent
activity—have led to the development of detection systems based on machine learning
and artificial intelligence [118-120]. Progress in this area, however, is constrained
by the limited availability of realistic transaction datasets. Real-world financial logs
are highly sensitive and subject to strict confidentiality and privacy requirements,
which restrict their use outside of the operational environments.

Synthetic transaction data is therefore commonly employed in fraud-detection re-
search as an alternative to real data. For such datasets to be useful, they must
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capture both the diversity of legitimate user behaviour and the evolving nature of
fraudulent activity. Many existing data-generation approaches rely on hand-crafted
rules or static heuristics, which may not reflect the complex and context-dependent
patterns observed in practice. In particular, they often fail to capture adaptive
decision-making and long-range temporal dependencies that arise from interactions
between multiple agents. This motivates the exploration of simulation frameworks
that combine established probabilistic models with more flexible generative ap-
proaches, capable of producing coherent sequences of events at the level of individual
agents.

Large Language Models are a class of machine-learning models designed to process
and generate natural language by learning statistical patterns from large-scale text
corpora. Modern LLMs are predominantly based on the transformer architecture [7],
which relies on self-attention mechanisms to capture long-range dependencies in
sequential data. Through large-scale pre-training on heterogeneous data, these
models acquire general representations that can be adapted to a wide range of
downstream tasks, including text generation, classification, and structured data
extraction [121].

In recent years, LLMs have gained significant attention in both academia and
industry due to their strong generalisation capabilities and reduced reliance on
task-specific supervision. In industrial settings, they provide a flexible framework
for automating complex workflows and supporting scenario-based simulations when
access to real data is limited by availability or confidentiality constraints. Within the
context of the IBM secondment, LLMs are investigated as a generative component
embedded within an agent-based simulation framework. This approach is described
in detail in Section 7.3.

7.2 Baseline Simulation with Markov Chains

Markov chains provide a natural tool for modelling user activities as stochastic
processes with state transitions governed by a probability matrix [122, 123]. In the
developed framework, each user is assigned a behaviour profile characterised by a
transition matrix encoding the likelihood of performing one activity after another.
These profiles represent broad categories such as legitimate, traveller, business user,
or common fraud scenarios like account takeover, money laundering, card skimming.
The simulator also incorporates a temporal model in which each behavioural state
is associated with a characteristic time scale. For example, legitimate users may
exhibit hour- or day-scale separations between transactions, whereas fraudulent

96



7.2 Baseline Simulation with Markov Chains

actions—such as repeated attempts to exploit compromised credentials—tend to
occur at much shorter intervals (minutes).

Transaction amounts are sampled from log-normal distributions, reflecting empirical
observations that financial amounts are typically skewed towards small values
with occasional large outliers [124]. Legitimate and fraudulent behaviours use
different parameterisations to reflect their distinct statistical properties. For example,
legitimate transactions are generated with mean y = 5 and standard deviation o = 1,
yielding amounts centered around 150 USD, while fraudulent transactions use p = 8
and o = 1.2, producing amounts averaging around 3000 USD. Figure 7.1 illustrates
these differences.

Legitimate Small Transactions Fraudulent Large Transactions

mmm | egitimate Small Transactions mmm Fraudulent Large Transactions

0.004 0.00020

0.003 0.00015

Density
Density

0.002 0.00010

0.001 0.00005 -

0.000 0.00000 -

0 250 500 750 1000 1250 1500 1750 2000 0 5000 10000 15000 20000 25000 30000 35000 40000
Transaction Amount ($) Transaction Amount ($)

Figure 7.1: Comparison of transaction amount distributions for legitimate (left)
and fraudulent (right) activities, sampled from log-normal distributions. Legitimate
transactions predominantly involve smaller amounts, while fraudulent transactions
exhibit significantly larger transaction values.

Markov-chain-based simulation offers several advantages:
e Transparency: Transition matrices are interpretable and easy to validate.
e Reproducibility: Simulations behave deterministically for fixed random seeds.

e Controlled variation: Researchers can manually adjust transitions or time
scales to explore “what-if” scenarios.

Despite their usefulness, Markov chains are fundamentally limited in expressivity.
They depend on the Markov assumption—future states depend only on a finite
history—making it difficult to model long-range dependencies or adaptive behaviours.
Higher-order Markov models partially mitigate this, but the state space grows
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exponentially. Moreover, domain expertise is required to construct realistic transition
matrices, reducing scalability and introducing bias.

These limitations motivate the transition to the LLM-based simulation described in
the following section.

7.3 Two-Step LLM-Based Simulation Framework

While Markov-chain-based simulations provide a well-defined baseline for modelling
user behaviour, their formulation requires explicit specification of state transitions.
As a complementary approach, Large Language Models (LLMs) can be used to
generate sequences of actions conditioned on broader contextual information and
longer histories. In this work, an LLM-based simulation is explored using a two-
step workflow (Figure 7.2) that separates the generation of high-level behavioural
descriptions from the generation of individual transaction events.

The workflow consists of the following stages:

1. Strategy generation: an LLM produces a high-level behavioural profile,
encoded as a structured JSON object, describing typical transaction types,
activity frequency, amount ranges, devices, geographical patterns, and additional
contextual information.

2. Activity generation: a second LLM generates individual transactions sequen-
tially, conditioned on the assigned strategy and on the previously generated
simulation state.

The simulation allows the specification of different fraud levels, corresponding to
distinct risk environments (e.g. high-, medium-, and low-risk scenarios), as well as the
total number of transaction records to be generated. The simulation iterates over a
population of agents and assigns a behavioural profile to each user (strategy), selected
from the collection of strategies produced by the Strategist LLM (as described in
Section 7.3.1). The simulation assigns fraudulent behaviours until the target fraud
level is reached, then it proceeds with legitimate behaviour only. The assigned
behaviour is provided as input to the Agent LLM, which generates a sequence of
activities as described in Section 7.3.2.

The output produced by the Agent LLM is subsequently parsed and subjected
to a series of validation and correction steps, as described in Section 7.3.3. Once
validated, each generated activity is stored as a row in a dataframe. The simulation
proceeds iteratively until the desired total number of activities has been reached.
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Inputs: risk level, number of users, time span, initial balance

!

Step 1: Strategy Generation (Strategist LLM)
Behavioural strategies (JSON)

- J
, !
Step 2: Activity Generation (Agent LLM)
Sequential transactions conditioned on a strategy (JSON)
(.
L (errors / hints
( \)

Python validation
JSON structure, timestamps, balances

!

Outputs: validated transaction logs

(. J

Figure 7.2: Two-step LLM-based workflow. Behavioural strategies are used to
condition the generation of transaction sequences, while a Python-based validation
step enforces structural and temporal consistency.

A central aspect of the simulation concerns the treatment of time. A global simulation
clock is defined, and for each agent, the timestamp of the first activity is randomly
initialised relative to this reference. Subsequent activities generated by the Agent
LLM are produced with timestamps defined relative to the initial event, ensuring
temporal consistency within each agent’s activity sequence. After the simulation is
complete, all activities are merged and ordered chronologically, yielding a combined
transaction log rather than user-ordered sequences.

The workflow can be executed either locally, using the 011lama framework for running
LLMs on local hardware [125], or in a cloud-based setup via IBM Watsonx [126],
which supports the use of models with a larger number of parameters and facilitates
larger-scale data generation.

7.3.1 Strategy Generation

In the first stage, an LLM—executed either locally (deepseek-r1:7b [127]) or in
a cloud-based configuration (1lama-3-405b-instruct [128])—is used to generate
behavioural strategies encoded as structured JSON objects. The LLM output is
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required to be enclosed strictly within the delimiters

“json ..” " “end_json in

order to ensure deterministic parsing.

Each generated object defines a dictionary that characterises a user’s behaviour
through a set of high-level attributes, including;:

An

the number of accounts associated with a user,

the types of transactions typically performed,

expected transaction-amount ranges,

geographical regions of activity,

network and device types,

typical recipients or merchants,

characteristic time gaps between consecutive transactions.

example of a strategy corresponding to a cryptocurrency-related fraud profile is

shown in Listing 7.1.

{

"profile_or_fraud_type": "Cryptocurrency Fraud",
"n_accounts": 5,
"involves_hijacking": true,
"transaction_types_involved": ["Purchase", "Transfer Out",
< "Withdrawal'],
"typical_amount_range": "$100 - $5000",
"geographic_focus": ["Domestic US", "East Asia", "Southeast Asia"],
"velocity": "3-5 transactions per day",
"expected_time_gap": "5-30 minutes between transactions",
"network_types": ["Wi-Fi", "Cellular", "VPN Connection"],
"common_devices": ["iPhone 13", "MacBook Pro", "Samsung Galaxy S22"],
"ip_ranges": ["73.x.x.x", "203.x.x.x", "45.x.x.x"],
"common_merchant_names": ["Binance", "Coinbase", "Kraken"],
"common_recipient_ids": ["ACC-774683nf", "ACC-836gfu98",
—» "ACC-467382hf"],
"common_recipient_banks": ["Bank of America", "Wells Fargo", "HSBC"],
"context": "Fraudulent use of compromised accounts for cryptocurrency
“ transactions across exchanges and banks."

Listing 7.1: Example of a generated fraudulent-strategy JSON.

Strategies are generated once prior to the simulation and are subsequently assigned
to users during the activity-generation stage.
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7.3.2 Activity Generation

A second LLM (Agent LLM), an instruction-following model such as Mistral:7b
([129]) or mistral-large[130], is used to generate sequences of transaction events.
For each user, the Agent LLM is prompted with the JSON strategy corresponding
to the behavioural profile assigned during the simulation.

The strategy provides the contextual information required for activity generation,
including transaction types, amount ranges, temporal characteristics, and environ-
mental attributes. The LLM is instructed to generate transaction records conforming
strictly to a predefined schema and to populate all required fields without producing
additional free-text content. This constraint is necessary to ensure compatibility
with downstream parsing and validation steps.

Each generated activity is described by a set of financial and contextual fields, which
together define the structure of the simulated transaction logs. These fields are
listed in Table 7.1.

Field
transaction_ id
bank_ timestamp
local__timestamp

Explanation

Unique identifier (UUID).

UTC timestamp of the transaction (ISO 8601).
Local timestamp including timezone offset.

user__id Unique user identifier.

account_ id Identifier of the involved bank account.

type Transaction type (e.g. Purchase, Withdrawal, Trans-
fer).

amount Monetary amount of the transaction.

currency Currency code (e.g. USD).

balance__before / after | Account balance before and after the transaction.

location City and country where the transaction occurred.

ip_ address IP address associated with the transaction.

device_id Device identifier.

network__type
merchant _name
recipient__id
recipient__bank
granted

fraud_ label
behavior__type

Type of network connection.

Merchant name, or null if not applicable.
Recipient identifier for transfer transactions.
Recipient bank name for transfers.

Boolean flag indicating transaction approval.
Binary indicator of fraudulent activity.
Assigned behavioural profile.

Table 7.1: Fields generated during activity simulation with relative explanation.
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7.3.3 LLM Output Validation and Error Handling

As LLM-generated outputs may contain structural inconsistencies or invalid JSON,
a dedicated validation layer is implemented to perform a series of systematic checks.
These include:

o verification of JSON formatting integrity (e.g. balanced brackets, consistent
quoting, valid separators),

e presence and type checking of all required fields,
e consistency of timestamps and account balances,

o rejection of invalid or implausible values (e.g. non-monotonic timestamps, out-
of-range amounts, incompatible device, network, or merchant attributes, and
inconsistent timezones).

Several correction approaches were explored, including post-processing, sequence
regeneration, adaptive prompt reinforcement, and the use of lightweight validator or
corrector LLMs. This last approach, tested on local hardware (MacBook Pro, Ap-
ple M1 Pro, 16 GB RAM), proved to be impractical due to increased computational
overhead, added prompt complexity, and repeated validation—correction cycles that
occasionally introduced new structural errors.

For these reasons, a simpler approach based on hard-coded validation and sequence
repair was adopted, triggering a sequence regeneration if necessary. The final

workflow consists of the following steps:

1. Generation: the Agent LLM produces a JSON sequence conditioned on the
assigned strategy and simulation parameters.

2. Parsing: extraction of the JSON sequence.

3. Validation: enforcement of hard constraints on schema, timestamps, balances,
and consistency with the assigned strategy:.

4. Deterministic repair: correction of minor violations where safe.

5. Re-validation and eventual regeneration: acceptance if all checks pass, or
regeneration.
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7.4 Outlook and Future Directions

This chapter presented an open-source framework for the generation of synthetic
financial transaction datasets. The framework provides two alternatives: a trans-
parent, Markov-chain-based baseline simulation or a more expressive, LLM-driven
approach.

From a practical perspective, the Markov-chain simulation proved to be more
stable and computationally efficient. Its deterministic behaviour, low computational
cost, and fully controlled output make it a reliable baseline for large-scale data
generation. As such, it provides a solid foundation upon which more sophisticated
behavioural models can be incrementally introduced. Future improvements could
enrich this baseline by incorporating more realistic geographical modelling, for
example by assigning transaction locations according to probability distributions
centred around a user-specific barycentre, with decreasing likelihood at increasing
distances. Such extensions would preserve interpretability while increasing realism
and interoperability with downstream analysis tools.

The LLM-based simulation, while more constrained in terms of output reliability,
demonstrated a strong potential for generating realistic and diverse behavioural
sequences. However, this approach comes with practical limitations. Local execution
is constrained by available computational resources and is not well suited for large-
scale generation. Cloud-based deployment using IBM Watsonx enabled testing at a
larger scale (exceeding 103 generated activities), but introduces operational costs
associated with token-based usage and external dependencies.

Beyond computational considerations, a key challenge of the LLM-based approach
lies in the variability of model outputs, which can occasionally violate structural
or semantic constraints and disrupt the simulation pipeline. As observed in this
work, the development of robust fallback mechanisms—combining strict validation,
deterministic correction, and controlled regeneration—is therefore essential for
maintaining the workflow stability.

An open question concerns the evaluation of the realism of the generated datasets.
While qualitative inspection suggests that LLM-generated sequences capture plausi-
ble behavioural dynamics, defining quantitative realism metrics remains an open
research problem. Possible directions include the construction of composite realism
scores based on statistical distances, rule-based consistency checks, or LLM-as-a-
judge approaches (another LLM is used to evaluate the realism). Realism metrics
could be optimised using reinforcement learning techniques, or employed in stress-
testing scenarios aimed at probing the limits of fraud-detection algorithms.
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Despite these challenges, the use of LLMs for financial transaction simulation ap-
pears promising, particularly in the context of developing fraud-detection systems
that are robust to emerging and previously unseen fraud schemes. The ability of
LLMs to generate adaptive, context-dependent sequences offers a valuable com-
plement to traditional simulation techniques, and motivates further exploration,
including domain-specific fine-tuning and extensions to coordinated multi-agent
fraud scenarios.
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The different application domains addressed in this thesis provided a valuable
opportunity for scientific and technical development. Although the individual
projects were motivated by distinct objectives, they are connected by a common
theme: the exploration of automation as a means of improving scalability and
reproducibility in complex data-processing environments.

In the context of the LHCb trigger operations, automation was driven by the need to
reduce manual intervention during data taking, a phase that is inherently fast-paced
and operationally demanding. The development of an automated workflow for the
generation, deployment, and validation of Trigger Configuration Keys (TCKs) con-
tributed to standardising trigger configurations. This standardisation is particularly
relevant for offline analyses, as it facilitates the retrieval and interpretation of the
trigger conditions under which a given dataset was recorded.

The automation of flavour-tagger training represented a second, complementary
application of these principles. By formalising the training procedure within a
reproducible workflow, it became possible to scale the development process and
to train multiple taggers in parallel. The resulting infrastructure enabled the
simultaneous development of six taggers and provided a consistent framework for
their optimisation, calibration, and evaluation.

The industrial secondment at IBM extended these ideas beyond the domain of
high-energy physics and reinforced the transferability of methodological concepts. In
particular, the simulation of financial transaction data shares conceptual similarities
with particle reconstruction, in which a sequence of observations (e.g. detector hits
or transactions) is interpreted as the manifestation of an underlying process. This
analogy motivated the exploration of probabilistic and generative approaches for
modelling sequential behaviour in a financial context.

The introduction of Large Language Models (LLMs) within this framework opened
additional perspectives. While their use in this thesis was exploratory, it highlighted
the potential of such models. This is especially relevant in light of the growing
interest in LLMs across multiple scientific disciplines, including physics. Possible
applications range from operational support and data quality monitoring to more
speculative questions concerning the representation of physical knowledge within
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data-driven models. At the same time, the results emphasise the need for careful
validation and supervision when deploying LLM-based methods. Assessing the
reliability, stability, and limitations of such models remain a prerequisite for their
adoption in scientific workflows, and automated systems should not replace rigorous
downstream testing and expert oversight.
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A.1 Decision Tree for Tagging Particle Selection

A.1.1 Particle Origin Classification

When working with simulated samples, the identification of the physical origin of
each reconstructed particle is provided by the OriginFlag Monte Carlo variable,
which assigns an integer label to every track according to its production process.
This classification enables a clear distinction between signal particles, SS and OS,
and other sources such as prompt tracks. The OriginFlag scheme is illustrated in
Figure A.1 and summarised below:

% Signal
i candidates

-1 == No associated MC particle (probably ghost)
10 == Signal
1 == SS Fragmentation @ @
== OS Decay (track has
BO, B+, Bs, B¢+ mother) @ N
== OS Fragmentation

from excited B /

Avalue of +100 is added _ -
if track origin is not the signal PV

Figure A.1: Schematic representation of the OriginFlag classification in a simu-
lated BY event. Each reconstructed track is assigned an integer value corresponding
to its physical origin within the event. The diagram highlights signal particles,
same-side (SS) and opposite-side (OS) components, and prompt tracks from the
primary vertex. Courtesy of Vukan Jevti¢ (LHCb)
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0: Signal particles. Particles originating from the decay chain of the signal meson,
e.g. the muons and kaons from B? — J)¢.

1: SS Fragmentation. Particles produced from the hadronisation of the same
quark jet that contains the signal meson. These are not part of the signal decay
itself but are correlated with its flavour.

2: OS Decay. Particles produced in the decay chain of the B hadron on the
opposite side of the event (such as kaons or leptons from semileptonic decays).

3: OS Fragmentation from an excited B meson. Particles originating from
the decay of an excited B meson on the opposite side.

4: OS Fragmentation from a b. Particles directly produced in the fragmentation
process of the opposite-side b.

5: Prompt particles. Tracks originating directly from the primary interaction
vertex.

A constant value of 4100 is assigned to the tracks that do not originate from
the same primary vertex as the signal candidate. This classification provides the
foundation for identifying the tagging particles.

A.1.2 Input Features

To follow, all variables used for decision tree training are listed, along with their
naming conventions and explanations.

Table A.1: Input features used for training the decision tree that identifies the
tagging particle for the Run 3 classical taggers (OSKaon, OSMuon, OSElectron,
SSPion, SSProton). If a variable refers to the B signal, it is indicated with B.
Tagging track refers to the tagging particle track (or a potential tagging particle if
before applying selections).

Variable Description
Particle Identification (PID) Features

ProbNNg o« A family of particle PID probabilities. Each
ProbNN is built using multivariate techniques by
combining tracking and PID information for a
specific particle hypothesis (e.g., Kaon, Proton,
Electron, etc.).

PID, Kaon PID response.

PID, Electron PID response.

PID,, Muon PID response.
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Variable Description

PID,, Proton PID response.

isMuon Muon identification flag.

Pihost Low-level ghost probability.
Kinematic Features (Tagging Candidate)

p [MeV/c] Total momentum.

pr [MeV /(] Transverse momentum.

E [MeV] Energy.

n Pseudorapidity.

Dus Pys P [MeV/c] Momentum components.

arctan(pp/p,) Polar-angle estimator.

pr(tag + B) [MeV/c] Transverse momentum of the system (tagging

particle, B).
Vertexing and Spatial Association

IP(PV,_,,) [mm] IP w.r.t. best own PV.

X5 (PV on) IP x? w.r.t. best own PV.

[IP(PV, )| [mm] Absolute IP w.r.t. best own PV.

Xip (PV n) IP significance w.r.t. best own PV.

IP(PV,(B)) [mm] IP w.r.t. best PV of the B signal.

X5 (PVit (B)) IP x? w.r.t best PV of the B signal.

MINIP [mm] Minimum IP w.r.t. any PV.

NP x? associated with MINIP.

EVIP [mm] Distance from the PV to the point of the track that
is the closest to the B decay vertex.

log(EVIP) Logarithm of EVIP.

Az(PV ., PVp) [mm] Difference in z position between own best PV and
best PV of the B signal (absolute value).

An(tag, B) Difference in pseudorapidity between tagging track

and B signal (absolute value).
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Variable
AR(tag, B)

Ag(tag, B) [rad]

cos Ag(tag, B)

min A¢(tag, B)

Ap [MeV/c]

AQ,. [MeV/c?
AQ,, [MeV/c?
AQ, [MeV/c?
AQ, [MeV/c?
AQk [MeV/c?]

]
]
]
]

E(B) [MeV]

n(B)
m(B) [MeV/c?]

Description

Separation in the n—¢ plane between tagging track
and B signal.

Azimuthal angle difference between tagging track
and B signal computed as described in {f.

Cosine of the azimuthal angle difference between
tagging track and B signal.

Minimum azimuthal separation between tagging
track and B signal.

Kinematic Differences

Momentum difference between B signal and tagging
track.

AQ under pion mass hypothesis 7.

AQ) under muon mass hypothesis 7.

AQ) under electron mass hypothesis .

AQ) under proton mass hypothesis f.

AQ under kaon mass hypothesis t.

B Signal Properties
Energy
Pseudorapidity.
Invariant mass.

p(B), pp(B) [MeV/¢] Momentum and transverse momentum.
p.(B),p,(B),p,(B) [MeV/c] Momentum components.

¢(B) [rad] Azimuthal angle.

zpy(B), ypy(B), zpy(B) [mm] Coordinates of B PV.

Zend(B), Yond (B)s Zeng (B) [mm] B Decay—vertex coordinates.

nPVs Number of primary vertices.

nTracks Number of reconstructed tracks in the event.
Tagging Track Properties

isLong Track type flag (Long track or not).

x, y, z [mm] Spatial coordinates.

x? /ndof Track-fit x? per degree of freedom.

1The variable AQ represents a mass difference, computed under the hypothesis that
the tagging track is a specific particle species X € {7, K,p, e, u}. It quantifies how
much the invariant mass of the B candidate would change if it were combined with
the tagging track, assumed to have mass My. The AQ y is defined as:

AQx = \/(EX + Ep)? — by + bpl’ — Mp — My,
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where:

o My is the assumed mass of the tagging particle,

o Py = (pa)f,pf,pf) is the 3-momentum of the tagging track,

o Ey =+/M%+ |pxl|? is the energy under that mass hypothesis,

e pp and Ep are the momentum and energy of the B candidate,
e Mp is the invariant mass of the B candidate.

11The azimuthal separation between the tagging particle and the B candidate
is quantified through the variable A¢. Since the azimuthal angle is a periodic
coordinate, the separation is computed as the minimum angular distance on the
circle. This is obtained by evaluating the signed difference using trigonometric
identities rather than a simple subtraction, ensuring a well-defined value in the
interval [—7, m| even when the angles lie on opposite sides of the 27 boundary.
Explicitly, if ¢,, and ¢ denote the azimuthal angles of the tagging track and the
B candidate, respectively, the minimal angular difference is defined as

A¢ = atan2 (sin(qbtag — gbB), cos(qﬁmg — gZ)B)) .
This convention ensures a continuous and physically meaningful measure of azimuthal

separation, independent of the branch cut of the raw angles.

A.1.3 Output Schema

Figure A.4 shows the schema of the decision tree trained to obtain the Run 3 cuts
used to select the different tagging particles.

A.1.4 Final cuts

The decision tree cuts — corresponding to the terminal leaves of the decision tree —
are summarised in Table A.2, while the full structure of the trained model is provided
in Figure A.4. A further condition is applied to exclude particles originating from
the signal decay chain (OriginFlag # 0) .

'In data, the equivalent is IsInTree # 1
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A
s
Ml

Figure A.2: Decision tree (DT) input feature distributions. The DT is trained to
identify the tagging particle (OSKaon, OSMuon, OSElectron, SSPion, SSProton,
SSKaon). The label "tag” refers to the tagging track. The label B refers to the B
signal (signal). The class notSamePV identifies particles belonging to a different
PV than the B signal.
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n ~

w

Figure A.3: Decision tree (DT) input feature distributions in logarithmic scale.
The DT is trained to identify the tagging particle (OSKaon, OSMuon, OSElectron,
SSPion, SSProton, SSKaon). The label "tag” refers to the tagging track. The
label B refers to the B signal (signal). The class notSamePV identifies particles
belonging to a different PV than the B signal.
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A.2 Neural Network for Mistag Estimation

Table A.2: Selection cuts for tagging particles obtained by training a decision
tree with balanced classes, depth set to 6, minimum impurity decrease set to 0.009.

Tagging Particle Relative Cut

OSElectron (ProbNN, > 0.6606) & (OriginFlag !=0)

OSKaon ((ProbNN, <= 0.6606) & (ProbNN , <= 0.6472) & (Az <=
6.7063) & (ProbNN_ <= 0.9496) & (x%(tag, PV (B)) >
9.2305) & (ProbNNy > 0.4192) & (OriginFlag !=0)) | ((ProbNN,
<= 0.6606) & (ProbNN,, <= 0.6472) & (Az > 6.7063) &
(X3 (PV yn) > 16.7833) & (OriginFlag !=0))

OSMuon ((ProbNN, <= 0.6606) & (ProbNN, <= 0.6472) & (Az <=
6.7063) & (ProbNN, <= 0.9496) & (% (tag, PV (B))
> 9.2305) & (ProbNN, <= 0.4192) & (OriginFlag !=0)) |
((ProbNN, <= 0.6606) & (ProbNN, > 0.6472) & (OriginFlag
1=0))

SSPion ((ProbNN, <= 0.6606) & (ProbNN, <= 0.6472) & (Az <=
6.7063) & (ProbNN_ > 0.9496) & (PIDy <= -1.6081) &
(OriginFlag !=0)) | ((ProbNN, <= 0.6606) & (ProbNN, <=
0.6472) & (Az <= 6.7063) & (ProbNN_ > 0.9496) & (PIDy >
-1.6081) & (OriginFlag !1=0))

SSProton (ProbNN, <= 0.6606) & (ProbNN,, <= 0.6472) & (Az <=
6.7063) & (ProbNN, <= 0.9496) & (x2p(tag, PVyey (B)) <=
9.2305) & (ProbNN,, > 0.3049) & (OriginFlag !=0)

SSKaon (ProbNN, <= 0.6606) & (ProbNN, <= 0.6472) & (Az <=
6.7063) & (ProbNN_ <= 0.9496) & (x%(tag, PV, (B)) <=
9.2305) & (ProbNN,, <= 0.3049) & (OriginFlag !=0)

notSamePV (ProbNN, > 0.6606) & (X% (PV y,) > 16.7833)& (ProbNN >
0.4192) & (OriginFlag 0)

A.2 Neural Network for Mistag Estimation

A.2.1 Tagger Training and Validation Plots

This section contains the full set of training and validation plots for each of the flavour
taggers developed in this work. For each tagger, the plots show the training loss,
the ROC curve, the neural network output distributions, and the calibration on a
hold-out test sample (for both: distinguishing by B species and merged calibration).
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Table A.3: Input features used for OS and SS taggers, with brief explanations.
Unless specified, all the variables refer to the tagging particle.

Feature Explanation

nTracks Number of reconstructed tracks in the event.

nPVs Number of reconstructed primary vertices.

P Momentum magnitude.

D Transverse momentum.

pr(B) Transverse momentum of the B signal.

pr(B + tag) prp of the B-tagging particle system.

X (PV on) Impact-parameter significance w.r.t. the own best PV.

x? /ndf Track-fit x2 per degree of freedom.

ProbNNg ¢ in A family of particle PID probabilities. Each ProbNN is
built using multivariate techniques by combining tracking
and PID information for a specific particle hypothesis
(e.g., Kaon, Proton, Electron, etc.).

GhostProb Probability that the track is a ghost (fake).

[IP(PV )| Absolute impact parameter w.r.t. the own best PV.

Ao Azimuthal angle difference between tagging track and B.

An Difference in pseudorapidity between tagging track and
B.

AR Distance in n—¢ space between tagging track and B.

AQK ey AQ) computed assuming a specific particle mass hypothe-

S1S.

Table A.4: Breakdown of the number of events and associated tracks for each
Run 3 tagger at various stages of the development pipeline. The "Before selection”
and ”After selection” columns reflect the counts before and after the application of

the DT-based exclusive cuts designed for that specific tagger. The ”After selection’

)

sample is then split: 60% is used for the combined Training (80%) and Validation
(20%) sets, and 40% is reserved for the calibration sample. The ”Calibration
(only selected)” column refers to the 40% sample with the DT-cut applied, while
”Calibration (total)” represents the entire initial 40% sample used for calibration,
regardless of whether a tagging particle was successfully selected. OS taggers and
SS taggers (pion, proton) share the same initial event statistics as they originate
from common merged simulation samples.

Before selection  After selection Training Validation Calibration (sel.) Calibration (total)
Tagger Events  Tracks Events Tracks Events Tracks Events  Tracks  Events Tracks Events Tracks
OSElectron 3.4-10 3.0-10% 3.2-10° 1.5-107 1.5-10° 7.2-10° 3.8-10° 1.8-10° 1.3-105 6.1-10° 1.4-10° 1.2-10%
OSKaon 3.4-10° 3.0-10% 3.3-10° 2.4-10" 1.6-10° 1.1-107 3.9-10° 2.8-10° 1.3-105 9.7-10° 1.4-10° 1.2-10%
OSMuon 34-10° 3.0-10% 28-10° 7.9-10° 1.3-10° 3.6-10° 3.3-10° 9.1-10° 1.1-10° 32-10° 1.4-10° 1.2-10°
SSKaon 4.7-10° 4.1-107 4.6-10° 3.1-10° 2.2-10° 1.5-10° 55-10* 3.7-10° 1.8-10° 1.2-10° 1.9-10° 1.6-107
SSPion 4.1-10° 3.6-10"7 4.1-10° 7.7-10° 20-10° 3.7-10° 4.9-10* 9.1-10° 1.6-10° 3.1-10° 1.6-10°  1.4-107
SSProton 4.1-10° 3.6-107 3.0-10° 6.9-10° 1.4-10° 3.2-10° 3.6-10* 81-10* 1.2-10° 2.8-10° 1.6-10° 1.4-107
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These plots provide a detailed visual overview of the taggers’ performance and
training behavior.

Table A.5: Pre- and post-calibration tagging performance for all Run 3 taggers.
Tagging efficiency €,,, mistag w.q and tagging power €4 are given in percent.
Where two uncertainties are quoted, the first uncertainty is statistical and the
second one is the propagated uncertainty from the calibration parameters.

Tagger €tag (%) eiae (%) Werr (%) wii (%) cert (%) it (%)
Opposite-side taggers

OSKaon ~ 96.35+0.02 95.19+0.02 43.63+0.01 4277+ 0.01 (stat) +0.04 (cal) 1563 +0.003 1.990 + 0.003 (stat) + 0.023 (cal)

OSMuon 81.76 £0.03 71.2340.04 44.65+0.01  43.94 +0.01 (stat) £0.05 (cal)  0.93540.003 1.047 £ 0.003 (stat) 4 0.016 (cal)

OSElectron  92.7140.02 79.83 +0.03 46.70 +0.01  46.14 4 0.01 (stat) + 0.04 (cal)  0.404 4 0.002 0.477 4+ 0.002 (stat) + 0.011 (cal)

Same-side taggers

SSPion 99.90 +0.01  99.90 £0.01 4543 +0.01  44.53 + 0.02 (stat) £ 0.12 (cal)  0.836 £0.005 1.194 + 0.007 (stat) + 0.052 (cal)
SSProton 7243 +0.11 31.93+£0.11 48.78+0.00 47.66 + 0.01 (stat) +0.002 (cal) 0.043 £ 0.000 0.070 4 0.001 (stat) + 0.013 (cal)
SSKaon 97134+ 0.04 9527 £0.05 42.90+0.02 41.17 +0.02 (stat) £0.10 (cal) 1957 £0.011 2.973 £ 0.017 (stat) & 0.070 (cal)
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Figure A.7: Training and validation plots for the OSMuon tagger.
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Figure A.9: Training and validation plots for the OSElectron tagger.



A.2 Neural Network for Mistag Estimation

1072
1073

1074

alized counts

10-°

orm:

Z 1076

1077

-
IS
1

@

Normalized counts
=
(=}
&

—
o
©

—
o

Normalized counts
=
> =
0 (=}
L2

,_‘
=)
b

Normalized counts
= =
(=] (=}
5 L

—-
o
)

@

T =
[Jlabel = 0

T T
[Jlabel = 0

T T
[Jlabel = 0

) )
2 2
Cllabel = 1 g 107 Cllabel = 15 g 1072 Cllabel = 13
E E o o
L 1 3 g
N N
é g 107
1 2 1076
i ) 10-7
0 200 400 600 0 25000 50000 75000 0 2500 5000 7500
nTracks p [MeV/c| pr [MeV/c|
100
9 bl =03 B 'abei=0] B 3 ‘
Cllabel = 1 =] Cllabel = 1 =]
1) 2
3 3 3] » O 1071 a
310 13
El 3 N N
| G102 E
L] 1 E £
3 3
i ] z10 4 Zi03f E
CJlabel = 0
[Jlabel = 1
! ! 1
0 20000 40000 60000 0 5 10 0 2 4
pr(B) [MeV/c] o (PVoum) x?2/ndof
= 2
"“label = 03 ‘E abel = 0’ *E 10 "“label = 03
Cllabel = 1 3 llabel = 1 =1 label = 1
L] 1 5] 2 10! -
o o
g °
| | Fwl L F o :
© |
g £1071 E
L] . [ =}
S 3]
z Z 1072 -
I 100 I 10-3 I
0.0 0.5 1.0 0.0 0.5 1.0
ProbNN, ProbNN,,
-1
2 "per 0] 2210 "label = 0
] Clabel=1{ 3 Cllabel = 1
5] 5]
o o
T 100 1%
N N 10-1 H
© ©
£ £
= =
z z
Clabel = 0 10-1 4 7 6x1072
| label = 1 ‘ ‘
0.0 0.5 1.0 0.0 0.5 1.0 0 5 10
ProbNNyjox [IP(PV )| [mm)] AR(tag, B)

rmalized counts

[&)

Normalized counts Normalized counts

Normalized counts

107

0.0

10 15

0.5 1.0

ProbNN

Jlabel = 0

[Jlabel = 1

0.0 0.5 1.0
ProbNN,.
‘ label = 0]

[Jlabel =

1000 2000 3000

AQ, [MeV/c?]

Figure A.10: Distributions of the input features used for the OSElectron training.

125



A Supplementary Material for Chapter 5

SSPion

2 L A A B BN B 'TI T
Q | raining |
2 0.6932 L i Validation ]
- ! -==- Best epoch

[ ! ]

[ | ]

0.6931 [~ [ ]

L i ]

C | 1

- 1 .

0.6930 | ]

: i ]

[ ) ]

0.6929 - ! ]

[ | ]

L MR S A R

o -

20 40 60 80
Epoch

(a) Loss versus epoch for the SSPion tagger.

SSPion
T T T
10 E Training:3654308 total tracks
F BN wrong tagging decision
LLH correct tagging decision

Normalized number of tracks

0.2 0.3 0.4 0.5
1 - NN output

(c) Normalized distribution of the tagger output,

SSPion
—

True Positive Rate
= o -
£ oo (=)

=) o
o =)
L L B e e

Test (area = 0.50805) -
Train (area = 0.50706) ]

0.2 0.4 0.6 0.8 1.0
False Positive Rate

(b) ROC curve for the SSPion tagger, showing
the Area Under the Curve (AUC).

SSPion Calibration
e e e

o
n
(=)

=

~

[
T

o
~
S
T

—— Calibration
— Identity

wtrue

Measured mistag w
o
98)
(9]
T

030F
0.25F

0.20

po=—0.009+0.0012

Ap; =0.07260.0712
mistag link

v o T

M S S T R
2 0.3 0.4 0.5
Predicted mistag n

(d) Calibration plot for the SSPion tagger on a

separated by tagging decision. hold-out test sample.
B0 SSPion Calibration BO

3 0.50 i T T T T I T T T T I T T T T 3 0.5 _l T T T T I T T T T I T T T T
& oL ] g0 o ]
% 045 —— Calibration 3 7 [ —— Calibration 1
5 —— Identity ] & t  — Identity 1
?;) 0.40 wirue —; E 0.4 B + wirue 7]
2 ] 2 [ 1
é‘ 0.35 E g i ]
030 3 031 p
0.25 = I ]
] 0.2 .
0.20 3 i ]
1 1 1 1 F 1 1 1 I 1 1 1 1 I 1 1 1 1 '-
19 0.2 0.3 0.4 0.5 0.2 0.3 0.4 0.5
6 Predicted mistag n Predicted mistag 7

(e) Calibration plot for the SSPion tagger on a hold-out test sample distinguishing by B species.

Figure A.11: Training and validation plots for the SSPion tagger.
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Figure A.12: Distributions of the input features used for the SSPion training.
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Figure A.14: Distributions of the input features used for the SSProton training.
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B.1 Combined taggers on 2024 MC

Table B.1: Calibrated tagging power e, (%) for individual Run 3/Benchmark
taggers and their combinations. Calibration on Run 3 Monte Carlo samples of
BY— D;ynt, Bf— JW KT, and B — Jip K*¥. The combined rows (OS, OS+SS)
report the relative change Ag, between the Run 3 and Benchmark, together with
its uncertainty evaluated in the limiting cases of no correlation (p = 0, upper value)
and full correlation (p = 1, lower value). These two limits are quoted using a
compact asymmetric notation, with the upper and lower uncertainties indicated
by the superscripts 4+ and —, respectively.

Decay / Tagger Benchmark e.g [%] Run 3 e [%)] Ag,
BY— Dyt

OSElectron 0.28 +0.03 0.47 +0.04

OSMuon 0.86 + 0.06 1.05 + 0.06

OSKaon 1.79 4 0.08 1.78 4+ 0.08

SSKaon 2.97+£0.10 2.8140.10

0s 2.89 +0.10 3.2240.10 +11.4753
0S+SS 5.69 + 0.13 5.8540.13 +2.813-28
Bt — JWK*

OSElectron 0.24 + 0.02 0.47 +0.03

OSMuon 0.79 +0.03 1.08 4 0.04

OSKaon 1.88 4 0.05 2.02 +0.06

0os 2.86 + 0.06 348 £0.07  4+21.7°3%
B — Jhp K*0

OSElectron 0.34 +0.04 0.52 +0.05

OSMuon 0.78 +0.06 1.01 4 0.07

OSKaon 1.84 4 0.10 1.83 4 0.10

SSPion 1.20 £ 0.08 1.11 £ 0.08

SSProton 0.12 + 0.02 0.07 + 0.02

0s 2.90 +0.12 3.32+012  +1457%
0S+SS 414 +0.14 446+0.15  +7.75 M
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Table B.1 reports the calibrated tagging power for the single taggers and their
combination. The last column quantifies the performance gain Ag of the Run 3
combination with respect to their Benchmark counterpart as:

ng;m 3 _ 8Bf§nchmabrk

— € €

A% - Benchmark x 100 (Bl)
Eeff
e

where 5§§n0hmark and 65&«”1 3 are the calibrated tagging power of the Benchmark

and Run 3 tagger combination. Introducing p as the correlation coefficient, the
propagated uncertainty o Ay 180

Run 3 Run 3) 72 Bench. ) 72 Run 3 Bench.
oo, st [Tl oteBe ) ol )] [olh)
UA% - Bench. Run 3 Bench. p Run 3 Bench.
Eoff Eoff Eoff Eoff Eoff

B.2)
Given that the taggers are calibrated on the same samples, the tagging powers are
expected to be correlated. The uncertainty on Ag is therefore reported as a range:
no correlation p = 0, full correlation p = 1. The o4, is expected to lie between the

two limiting scenarios.

The nominal relative improvement is +2.8% for the OS+SS combination in B? —
Dy 7", +7.7% for the OS+SS combination in B — J K*° and +21.7% for the
OS combination in Bt — Jip K. It is nonetheless important to note that the
SS Run 3 taggers tend to underperform relative to their benchmark counterparts.
This reduction affects the relative gain Ay when adding SS taggers to the OS
combination. For example, in B? — D 7", the improvement decreases from
approximately +11% (OS only) to about +3% once the SSKaon tagger is included.
A plausible explanation is the higher-track-multiplicity environment in Run 3, which
may particularly challenge SS taggers that rely on identifying nearby fragmentation
particles.

B.2 Calibration Plots: Run 3 combination

This section collects the calibration plots for the tagger combinations evaluated on
simulated samples (exposed in Section 6.2) and on 2024 data (exposed in Section 6.3).
The corresponding calibrations plots for the combination of the Benchmark taggers
are documented in Appendix B (Figure B.3 for simulated samples, Figure B.4 for
block 1 data). In all cases, a linear fit is sufficient, and the Ap parameters do not
report pathological values.
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B.2 Calibration Plots: Run 3 combination
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Figure B.1: Calibration plots for the Run 3 tagger combinations on Monte Carlo
simulations of B? — Dy7t, B — JWK*, and BT — Jhy K+ decays. The black
line shows the first—order polynomial calibration in the link space, with parameters
po and p; controlling the average offset and slope, and Ap, and Ap; accounting
for flavour asymmetries between B and B mesons. The shaded band reflects the
fit uncertainty, while the blue line shows the identity w(n) = 7.
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Figure B.2: Calibration plots for Run 3 tagger combinations on 2024 data. Top:
0S (OSKaon, OSMuon, OSElectron) in B* — J/¥K* and B®— Jiy K** decays.
Bottom: SS and SS+0S (SSPion, SSProton, OSKaon, OSMuon, OSElectron) in
B — Jip K*O. The black line shows the first-order polynomial calibration in the
link space, with parameters p, and p; controlling the average offset and slope,
and Ap, and Ap, accounting for flavour asymmetries between B and B mesons.
The shaded band reflects the fit uncertainty, while the blue line shows the identity

w(n) =n.
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Figure B.3: Calibration plots for the Benchmark tagger combinations on Run 3
Monte Carlo simulations of B? — D;nt, B® — JWK*, BT — JWK* decays.

The black line shows the calibration fit, the blue dashed line indicates perfect

calibration (wy,,. =), and the green shaded area represents the fit uncertainty.
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Figure B.4: Calibration plots for Benchmark tagger combinations on 2024 data.
Left: OS (OSKaon, OSMuon, OSElectron) in Bt — J/¢YK*. Right: SS+0S
(SSPion, SSProton, OSKaon, OSMuon, OSElectron) in BY — Jiy K*9. The black
line shows the first—order polynomial calibration in the link space, with parameters
Do and p; controlling the average offset and slope, and Ap, and Ap; accounting
for flavour asymmetries between B and B mesons. The shaded band reflects the
fit uncertainty, while the blue line shows the identity w(n) = 7.
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