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Introduction

The precise determination of the bb̄ pair-production asymmetry is important not only as a test of the
Standard Model of Particle Physics but also to investigate possible sources of New Physics. At the
LHCb experiment, that takes data at the LHC proton-proton collider at CERN, where b-quarks are
copiously produced, the Forward-Central asymmetry in the bb̄ pair-production, AFC

bb̄
, has been mea-

sured at the center of mass energy of
√
s = 7 TeV. The result is consistent with the Standard Model

expectation within the experimental error. However, additional measurements of such an observable
need to be performed at higher energies and with an increased number of events, in order to reduce the
uncertainties and to put constraints on New Physics models. The final uncertainty on AFC

bb̄
is strongly

related to the ability of identifying the flavor (u,d,s vs c vs b) and the charge (b vs b̄) of the quark
producing the jet in the detector (jet tagging). At the LHCb experiment, jet tagging exploits the
excellent capability of the detector to precise reconstruct vertices displaced with respect to the inter-
action point, which allow to distinguish the long-lived heavy quarks from light quarks jets. A standard
technique, called Muon Tagging, performs charge tagging by exploiting the charge correlation between
the b-quark and the muon produced in the semi-leptonic decay. However, the small branching ratio of
this decay strongly limits the efficiency of the algorithm. For this reason other inclusive algorithms,
based on Machine Learning techniques, are being developed, which aim to exploit the full jet particles
substructure.
In this thesis, I present new approaches to the charge tagging of b-jets, based on Quantum Machine
Learning techniques: as a general paradigm, data are embedded in a quantum circuit through a quan-
tum feature map; then the initial state gets processed by a variational quantum circuit with trainable
parametrized gates; finally, measurements of observables on the final state are mapped to a binary
classification label (b-jet or b̄-jet). The models are trained on official LHCb simulated data (

√
s = 13

TeV) and the tagging performance is compared with the Muon Tagging algorithm and a classical Deep
Neural Network model.
Finally, the precision on the Forward-Central asymmetry, AFC

bb̄
, is evaluated applying the different

tagging algorithms on a sample of simulated data corresponding to the integrated luminosity 6 fb−1

of the Run2.

The results of this brand new technique are presented and discussed in this thesis, which is struc-
tured as follows:

• Chapter 1: a brief overview of the quark sector of the Standard Model (SM), the Electroweak
theory and of the Quantum Chromodynamics is given. The b-quark production mechanisms at
colliders are presented as well as the hadronization process, that generates jets. Then, the origin
of the asymmetries of heavy quarks production withing the SM and their relationship with New
Physics are discussed. Finally, the state of the art of the measurements of bb̄ pair-production
asymmetries at colliders is presented.

• Chapter 2: the LHCb experiment is presented. I start describing the LHC accelerator facility,
then I describe the LHCb detector and its sub-systems. Then, the jets reconstruction algorithm is
described. I conclude with the discussion of the problem of jet identification: standard algorithms
for flavor and charge tagging of b-jets are described.

• Chapter 3: this chapter introduces the concept of quantum computations. In the first place,
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I give a theoretical overview of the qubit and entanglement concepts. Then, I introduce quan-
tum circuits, defined as collection of linked quantum gates. After a brief introduction to the
concepts of Supervised Machine Learning, I introduce the topic of Quantum Machine Learning:
Parametrized Quantum Circuits are defined and proposed as Machine Learning models.

• Chapter 4: I describe how I propose to solve the charge tagging problem, encoding it into a
Quantum Machine Learning model. I explain how I chose the data-set used for the analysis in
terms of variables and selections. Then, I discuss in details several quantum models, including the
software implementation which makes intensive use of the Python libraries Pennylane, PyTorch
and Tensorflow. A classical model, based on a Deep Neural Network, is also presented and
used as a reference. Finally, the performance of my implementation of the quantum models is
evaluated and compared to the Deep Neural Network and the classical Muon Tagging algorithm.

• Chapter 5: here, I measure the Forward-Central bb̄ pair-production asymmetry on Monte Carlo
simulated data, by using the algorithms discussed in Chapter 4. I present the method I chose
to check if biases are introduced by the tagging methods. Then I compute the asymmetry using
the taggers I implemented. The performance of the quantum models is compared with the
those of the Muon Tagging and the Deep Neural Network models by comparing the statistical
uncertainties achieved.

• Chapter 6: in the last chapter, a summary of the results I obtained on the asymmetry accuracy
is presented and some final consideration on the Quantum Machine Learning approach to the
b-tagging problem are made. Moreover, I discuss my ideas on the current state of the art of this
technique, including limits, advantages a possible perspectives. Finally, I conclude with what
I learnt on the feasibility of Quantum Machine Learning tasks, involving large and complex
data-sets, and the actual usage of the current quantum hardware in the near future.
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1.4. B-QUARK PAIR-PRODUCTION ASYMMETRY
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CHAPTER 2. THE LHCB EXPERIMENT AND JET IDENTIFICATION

– χ2
track-cluster associated to the probability that a cluster is associated to a track.

The following table show the applied requirements for each particle category:

merged π0 resolved π0 photons

ET [MeV] - - > 200

PhotonID - > −2 -

χ2
track-cluster > 25 > 25 > 25

For the HCAL there are no particle identification requirement, while different χ2
track-cluster re-

quirements are applied for different energy thresholds: E < 10 GeV a χ2
track-cluster > 25; E > 10

GeV a χ2
track-cluster > 15.

• Non-isolated neutral particles are particles showing as clusters and are associated to tracks. The
selection of this category of particles is done through the following steps:

1. The following requirements on ECAL and HCAL χ2
track-cluster are applied:

– ECAL: χ2
track-cluster < 25

– HCAL: E < 10 GeV a χ2
track-cluster > 25; E > 10 GeV a χ2

track-cluster > 15

2. clusters in ECAL and HCAL are grouped such that groups do not share tracks;

3. the expected energy released in the calorimeters Eexp is estimated using an empirical
parametrization of E/p as function of p, being E; the cluster energy released by charged
particles and p the track momentum;

4. if the expected energy Eexp is larger than 1.8 times the measured energy Emeas then the
cluster group is discarded;

5. it Emeas > 1.8Eexp then Eexp is subtracted from Emeas: Esub = Emeas − Eexp;

6. finally, if ET > 2 GeV then Esub is selected as a non-isolated neutral particle and used as
input of the anti-kT algorithm.

The anti-kt algorithm proceeds with the following steps:

1. For each pair of particles (i, j) of the input list, the following distance dij is evaluated

dij = min(k−2
t,i , k

−2
t,j )

∆2
ij

R2
∆2

ij = (yi − yj)
2 + (ϕi − ϕj)

2

where kt,i, yi and ϕi are, respectively, the transverse momentum, the rapidity and the azimuthal
angle of the particle i, and R is a tunable parameter of the algorithm called radius.

2. A similar distance is computed between each particle and the beam axis

diB = k−2
t,i

3. The smallest distance dij or diB is found:

• If the smallest distance is dij , namely, between the particles i and j, then they are combined
into a single particle, summing their four-momenta. The particles i and j are removed from
the list of input particles.

• If the smallest distance is diB, namely, between the particle i and the beam, then the
particle i is considered as a jet and removed from the list of particles.

4. The algorithm restarts from step 2, unless no particles are left to be clustered.
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CHAPTER 2. THE LHCB EXPERIMENT AND JET IDENTIFICATION

Figure 2.11: Jet identification efficiency as function of the jet pT

2.5 Heavy-Flavor jet identification

Identification of jets that originate from the hadronization of heavy quarks is crucial for studying Stan-
dard Model processes, allowing the search of New Physics. The measurement of charge asymmetries
in the pair-production of b-quarks requires, in the first place, the ability to efficiently identify b-jets
with a minimal mis-identification of c- and light jets, and then the ability to determine the charge of
the b-quark associated to the jet, namely determining if it has been originated from a b- or a b̄-quark.
This two tasks are accomplished by two categories of jet identification algorithms:

• Jet-flavor tagging: this type of algorithms are used to determine the flavor of the heavy-quark
that originated the jet, identifying b-jets, c-jets and light quark jets, with low mis-identification
rates.

• Jet-charge tagging: this kind of methods are able to identify the charge of the heavy-quark
that originated the jet, discriminating b-jets from b̄-jets or c-jets from c̄-jets.

These algorithms usually exploit peculiar features of the events to perform the identification, such as,
the presence of a long-lived b- or c-hadron that carries sizable fraction of the jet energy. In the next
section, the following tagging algorithms are described in details:

• Secondary Vertex tagging: these algorithms exploits the fact that, since b- and c- hadrons
are long-lived, they travel a sizable distance before decaying, producing a Secondary Vertex (SV)
detached from the PV, from which the products of the decay originate. This algorithm is able
to identify b- and c-events, distinguishing them from light-partons events. Additional techniques
allow the b versus c discrimination. Therefore, SV tagging only perform jet-flavor tagging but
not jet-charge tagging.

• Muon tagging: this algorithm exploits the semi-leptonic decays of b-hadrons into muons. These
muons usually have a sizable transverse momentum pT as well as a large transverse momentum
relative the the jet axis prelT , due to the large mass of the b-quark. Moreover, the charge of the
muon is related to the charge of the decaying b-quark. Therefore, the muon tagging algorithm is
able to perform both flavor-tagging and charge-tagging; however, the efficiency of this method
is strongly limited by the branching ratio of the decay.

• Jet Charge: this jet-charge tagging method consists in estimating the charge of the quark from
a jet-based observable defined as the momentum-weighted sum of the charges of the particles
inside the jet, called Jet charge. However, this method alone is not able to identify heavy-flavor
jets, therefore is usualy coupled to a different jet-flavor tagging algorithm.
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2.5. HEAVY-FLAVOR JET IDENTIFICATION

1. At least one of the two jets of the event must have a particle identified as a muon inside (tagging-
muon)

2. To reduce the charge asymmetries due to the detector biases, the tagging-muon is required to
satisfy the following kinematic requirements

• pT > 2 GeV/c

• p > 10 GeV/c

3. The decay chain b → c → µ contaminates the purity of the tag. To further mitigate this effect,
the tagging-muon is required to be the particle with highest momentum among all the displaced
tracks.

4. Finally, if the tagging-muon satisfies all the requirements, the jet is classified as an heavy-flavor
jet and the charge of the tagging-muon is related to the charge of the b-quark.

The three main sources of dilution of this charge tagger are the following:

a. B0 − B̄
0
and B0

s − B̄
0
s oscillations: the known B-meson oscillation frequencies and the lifetime

acceptance at LHCb can be used to estimate the expected dilution.

b. Decays of the form b → cX, c → µ ν X: the measured values of b-hadrons production fractions
and branching ratios can be used to evaluate the contribution of this dilution channel.

c. Muon mis-identification: kinematic requirements on the tagging-muon make this contribution
negligible.

Combining all the effects, the integrated purity of the muon tagging algorithm is expected to be
73 ± 4%. This value can be validated directly measuring the purity on the fraction of events where
both jets present a muon of opposite charge, thus producing an unambiguous tag: this analysis gives an
integrated purity of 70.3± 0.3%. Furthermore, selecting events with one jet and a fully reconstructed
B+ → J/ψK+ or B+ → D̄

0
π+, one can exploit the unambiguous tag provided by the B+ to obtain

another validation channel, which provide a measured integrated purity of 73± 3%.
Even though the muon tagging achieve good charge tagging purity, it strongly limits the available
statistics due to the intrinsic constraint put by the branching ratio of the b decaying semi-leptonically
into a muon, which is around 10%.

2.5.3 Jet Charge tagging

This inclusive technique consists in evaluating the momentum-weighted average of the charge of the
particles associated with each jet, called jet charge

Qjet =

∑︁

i qi(pi · pjet)
0.5

∑︁

i(pi · pjet)0.5
(2.1)

where the two sums are extended over all the tracks in the jet, qi and pi are the charge and the
3-momentum of the particle and pjet is the 3-momentum of the jet; the exponent 0.5 is chosen to
maximize the discriminating power of the tagger. The algorithm make a decision using the difference
between the charges of the two jets of an event ∆Q = Q1 −Q2:

• if ∆Q > 0, jet 1 is considered to be the b-jet;

• if ∆Q < 0, jet 2 is considered to be the b-jet;

Although being an inclusive method, the jet charge tagging is not able to achieve a good b versus b̄
separation.
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3.6. PARAMETRIZED QUANTUM CIRCUITS
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4.6. RESULTS
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