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Introduction

The precise determination of the bb 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
LHCDb experiment, that takes data at the LHC proton-proton collider at CERN, where b-quarks are
copiously produced, the Forward-Central asymmetry in the bb pair-production, AbFl—)C, 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 AEBC is strongly
related to the ability of identifying the flavor (u,d,s vs ¢ vs b) and the charge (b vs b) of the quark
producing the jet in the detector (jet tagging). At the LHCDb 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 b-jet). The models are trained on official LHCb simulated data (y/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

bb
tagging algorithms on a sample of simulated data corresponding to the integrated luminosity 6fb~?
of the Run2.

is evaluated applying the different

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

e 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 bb pair-production
asymmetries at colliders is presented.

e 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.

e Chapter 3: this chapter introduces the concept of quantum computations. In the first place,



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 bb 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.



Chapter 1

Theoretical introduction

1.1 The Standard Model of particle physics

The Standard Model of particle physics (SM) is a gauge field theory that describes the electromagnetic,
weak and strong interactions. It is based on the gauge group G = SU3)c @ SU(2); QU(1)y. A
massless gauge vector boson is associated to each generator of G, however, the electroweak bosons W+
and Z° acquire mass by mean of a spontaneous symmetry breaking mechanism of G called the Higgs
mechanism. The fermionic particle content of the SM consists in leptons and quarks: leptons consist
of charged leptons, which interact electromagnetically and weakly, and their corresponding neutrinos,
which interact only weakly. Quarks form the hadronic matter and interact electromagnetically, weakly
and strongly. A schematic overview of the particle content of the SM is provided in Figure [L.1

The next sections will provide an overview of the Quantum Chromodynamics and Electroweak sectors
of the SM.
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Figure 1.1: Particle content of the Standard Model ‘

1.1.1 Quantum Chromodynamics

The Quantum Chromodynamics (QCD) is the gauge field theory of strong interaction, based on
the unbroken gauge color group Ggcp = SU(3)c. A gauge massless vector boson, called gluon, is
associated each one of the eight generator of the Ggcp group, which is left unbroken by the spontaneous
symmetry breaking induced by the Higgs field. The matter fermionic fields of the QCD are the quarks,
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1.2. B-QUARK PRODUCTION IN PROTON-PROTON COLLISIONS

proton

Figure 1.2: Factorization diagram of a pp — bb event. The soft QCD contribution to the initial state can be
factored out from the hard scattering process, making use of the PDF's of the proton fq/, and fg /.

1.2 b-quark production in proton-proton collisions

At LHC, quark pairs are produced in proton-proton (pp) collisions at the center of mass energy of
V8 & 13 TeV. Being the proton a non-elementary particle, the reconstruction of the kinematic of a pp
collision requires knowing the composition in terms of position and momentum of the quark and gluon
content of the proton: this information is encoded in the Parton Distribution Functions (PDFs). A
PDF fo/a(x, 1) represents the probability distribution of finding the parton a inside the hadron A,
carrying the fraction = of the total momentum of A, The parameter p has usually the dimension of
a mass and is related to the renormalization scale and the running of a;. The PDFs are evaluated
experimentally fitting observables to data.

The PDFs allow to express conveniently cross sections involving hadronic initial states, factoring out
the non-perturbative from the perturbative one. This result is expressed in the QCD Factorization
Theorem EQ__Tj] that, in the case of quark pair production, can be stated as follows

dgpp%q@ —= Z / / dllfﬂ_dirfyn fnfp(ﬂj-n_‘ ﬂ-)f,n)(p(an . ;,!) d&ﬂ,-n]_—)qq (1-1 )

L1

where the sum over n and m is extended over all the possible partons that have a non-vanishing
contribution to do ;45 at the parton level, at the chosen order of perturbation theory. Focusing on
the bb production in pp collisions, Figure shows diagrammatically the contribution given by the
quark-fusion process QQ — g — bb, weighted by the two PDFs fqsp and fg,,. At Leading Order
(LO), the processes contributing to the b production are the following:

e QCD quark-fusion: a quark and an anti-quark in the initial state annihilate into a gluon which
produces a bb pair.

e QCD gluon-fusion: two gluons in the initial state interact by mean of a third gluon (in the
s-channel) or a quark (in the t-channel), producing a bb pair.
o E'W guark-antiquark annihilation: a quark-antiquark pair in the initial state annihilates into a

Z9 /~ which produces a bb pair.

The Feynman diagrams of these processes are represented in Figure

1.3 Hadronization of b-quarks

The principle of confinement states that, although quarks and gluons, commonly referred to as partons,
are the fundamental particles of the QCD theory, they can never be observed freely. The partonic
structure of hadrons has been a deeply studied field of particle physics for decades, however, the
process by which hadrons are formed from scattered partons is less understood than their initial-state
partonic structure counterparts. This process is often referred as hadronization or fragmentation.
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CHAPTER 1. THEORETICAL INTRODUCTION

(b) s-channel quark annihilation G{a%)
g b

Y

(c) s-channel gluon fusion O(a%) (d) t-channel gluon fusion O(a%)

Figure 1.3: LO Feynman diagrams contributing to the pp — bb process.

Generally, hadronization is described is term of the Fragmentation Functions (FFs), which represent
the probability density distribution for the fraction of the b-quark energy taken by the b-hadron. The
b-quark fragmentation function is defined as

1 deo
Ot Az

D(z) =

where oy, is the total hadronic cross section, while z relates the energy of the b-quark to the energy
of the b-hadron and is often defined as

_(E+pL)B
(E+ph
where pr, is the momentum of the b-hadron along the direction of the b-quark. This variable is invariant
under Lorentz boosts along the quark direction and is commonly used in Monte Carlo generators. The
QCD Factorization Theorem allows to fold the perturbative and non-perturbative contribution to
the FF, so that the observed fragmentation function can be expressed as

dz

> t
I)OL'l.‘served (Z) = / Dpert. (t) X ‘I)mm—pe:rt. (;) I~
0

A consequence of the factorization theorem is that the non-perturbative component does not depend
on the initial partonic state.

Monte Carlo generators, like PHYTIAS, deal with the perturbative part with the Parton Shower model:
in this model partons are created by successive elementary branching processes ¢ — qg, g — gg and
g — qq (neglecting the interference between the different channels).

The non-perturbative part is dealt with phenomenological schemes that are used to model the carry-
over of the parton momentum and flavor to the hadrons. Within the context of this work, PHYTIAS
is configured to use the Peterson model, a simple phenomenological parametrization of the spectra of
heavy hadrons that was presented in 1983 by Peterson et al [I:S_Q} The basic idea behind the model
is that when a light quark § combines with an heavy quark @ to form a hadron H = Qg. the heavy
quark slightly decelerates: therefore, () and (g should carry almost the same energy. As a consequence,
the main contribution to the amplitude M of the transition Q(Eq,pq) — H(Eny,pu) + q(Eq,pq) is

supposed to be
1 1

M -
*AE En+E,- Eg
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1.4. B-QUARK PAIR-PRODUCTION ASYMMETRY
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Figure 1.4: b-quark fragmentation functions computed at DELPHI from hadronic Z° decays compared with
Monte Carlo expectations. On the z-axis is reported the ratio between the b-hadron momentum and the momen-
tum of the beam p(B)/p(beam). Top: fragmentation function on a b-depleted sample. Bottom: fragmentation
function on a b-enriched sample. @

the energy difference between the initial and the final state AFE is

A¥ = \/m-:‘ff + 22p? + \/mg + (1 —2)%p? — \/'m%2 + p?

where p is the three-momentum of the heavy quark before the hadronization, mpg, mg and m, are
the masses of H, @@ and g respectively. In the p/mg > 1 limit (well justified in high energy colliders),
this expression can be approximated by

2 27,2
meg (1 ms/m 1
Ba @ __;_ﬂ_l o] s
2p \ z 1—2z z 11—z

where € = mg / -m-é. Therefore, the Peterson model proposes the following parametrization of the
non-perturbative FF D(z) o M?

:Dnompert. (z) = -N(f)

where N (¢€) is a normalization factor.

Due to its large mass, the b-quark tends to keep a large fraction of its energy, which is finally transferred
to the b-hadron: the bottom plot of Figure [[4] shows that the FF evaluated on a b-enriched sample
of events, shows a peak of the ratio p(B)/p(beam) close to one.

1.4 b-quark pair-production asymmetry

The study of the production of b-quarks at high-energy colliders has been a profitable field of re-
search: in particular, precision measurements of both production rates and angular distributions of
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2.2. THE LHCB DETECTOR
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Figure 2.3: Schematic layout of the VELO system.

e z-layers have perfectly vertical strips, aligned with the y-axis;
e u-layers have strips tilted of —5°;
e yp-layers have strips tilted of +5°

Figure[2.5|shows the layouts of a v-layer of the TT station (on the left)
and an z-layer of an IT station (on the right). The different layers
are arranged with the pattern x-u-v-z. The external regions of the
T1-3 stations are called Outer Tracker (OT), shown in light blue in
Figure it is a drift tube detector with a geometrical acceptance
of 300 mrad on the horizontal plane and 250 mrad on the vertical
plane. It is made of an array of straw-tube modules, each one formed

Figure 2.4: Illustration of the
tracking system, showing the IT
(violet) and the OT (cyan).

by two layers of drift-tubes with an inner diameter of 4.9 mm, containing a mixture of Ar (70%), CO2
(28.5%) and Oz (1.5%). The final drift distance resolution is ~ 200 pm.

2.2.2 Tracking performance

The tracking stations TT and T1-3, together with the VELO. are used to measure the trajectory of
charged particles allowing the determination of the momentum from the curvature induced by the
magnet. Pattern recognition algorithms are used to reconstruct the track trajectory starting from the
hits coordinates in all the tracking sub-detectors. The tracks are reconstructed via a Kalman ﬁt@

and are classified in four categories:

e long tracks, showing hits in the VELO and in all the T stations;
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CHAPTER 2. THE LHCB EXPERIMENT AND JET IDENTIFICATION
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Figure 2.5: Left: layout of a v-layer of the TT station. Right: layout of z-layer of a IT station. |25

e downstream tracks, which have hits only in the VELO and the TT station;
e upstream tracks, which have hits in all the T stations but not in the VELO;
e VELO tracks, which have hits only in the VELO.

The momentum resolution dp/p of long tracks has been measured using data samples of the J/¢ —
ptp~ decay, collected with the Dimuon trigger line, selecting couples of high energy muons. Its
behavior as a function of the momentum of the two muon final state is shown in Figure 2.6h. The
invariant mass resolution o,,/m has been determined observing six resonances in the dimuon data
sample: J/1, ¥(2S), T(15), T(25), T(39) mesons and the Z%boson. Its behavior as a function of
the invariant mass of the dimuon resonance is shown in Figure 2:6p.

The Primary Vertex (PV), namely, the pp interaction point where particles are generated, is recon-
structed from the detected tracks and it involves the minimization of the quantity

nyracks 2

2
Xpv = E 5
o4dy;
i=1 0

where dy is the impact parameter of the track and ody is its uncertainty . The PV reconstruction
efficiency ad resolution have been evaluated in simulations and they show a dependence from the
tracks multiplicity. The average efficiency goes from 90.0% to 97.5%, with a probability of recon-
structing a false PV of around 1%. The resolutions on the z, y and z coordinate are respectively 8
pm, 10 pm and 50 pm.

17



2.2. THE LHCB DETECTOR
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Figure 2.6: (a) The relative momentum resolution as a function of the momentum for long tracks, obtained
from J/¢ decays. (b) The relative mass resolution as a function of the mass of the dimuon rusonal‘lc(:.ELLQI

2.2.3 Magnet

Between the T'T and the T1-3 stations of the tracking sys-
tem, a dipole magnet is located, allowing the measurement
of the momentum of charged particles, by measuring the
trajectory curvature induced by the magnetic field. The
magnet covers a forward acceptance of £250 mrad verti-
cally and 4300 mrad horizontally. The magnetic field is
parallel to the y-axis, therefore the trajectories are bent on
the zz-plane. The magnet is not super-conductive and the
current flowing inside the coils can be reverted, allowing
measurements with two opposite field polarities. The in-
tegrated magnetic field for 10 m long tracks is =~ 4 Tm,
while the residual magnetic field inside the two RICHs is
~ 2 Tm.

Figure 2.7: Illustration of the LHCbh magnet
(lengths are expressed in mm).

2.2.4 Ring Imaging Cherenkov detectors

LHCDb features great particle identification (PID) performance thanks to the two Ring Imaging Cherenkov

detectors, RICH1 and RICH2. Their primary role is to identify charged hadrons (7, K, p); addition-

ally the RICH system can help in the identification of charged leptons (e, p), complementing the

information coming from the downstream calorimeters and muon system.

Particles crossing the RICH radiator travel at a velocity larger then the speed of light in the same

medium. As a consequence, the charged ones emit Cherenkov light in a cone with axis parallel to the

particle speed. The cone angle 6. is related to the particle velocity v by the relation
cosﬂc=ﬁ=%=7\/m

v v np

where n is the refractive index of the RICH active medium, m and p are the mass and the momentum

of the particle, while ¢ and ¢, are, respectively, the speed of light in the vacuum and in the active

medium. By measuring the angle of the Cherenkov cone of a charged particle and knowing p from the

tracking system, one can get an estimation of m

Vn2p? cos? b, — p?
C

m =

therefore allowing the identification of the particle by its mass.
The RICHI1, located upstream of the magnet, between the VELO and the T'T station, allows to distin-
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2.3. TRIGGER
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Figure 2.8: Structure and granularity of the SPD/PS and ECAL systems (left), and of HCAL (right).

2.2.6 Muon System

The muon system is the outermost detector from the in-
teraction point and it allows for fast muon detection. It is
composed of five stations M1-5 of rectangular shape, placed
along the beam axis, as shown in Figure 2.9] The detector
is made of a total of 1380 chambers that cover an area of 435
m?, covering and angular acceptance range from +20 mrad
to +306 mrad horizontally and from +16 mrad to £258
mrad. The M1 station is located downstream of the RICH2
detector and is used to improve the transverse momentum
measurement in the trigger. M2-5 stations are placed down-
stream of the calorimeters and are interleaved by 80 cm
thick iron absorbers to select penetrating muons, summing
to a total thickness of around 20 interaction lengths: the
minimum momentum of a muon to cross all the five stations
is approximately 6 GeV/e. The muon system is made of
Multi-Wire Proportional Chambers (MWPCs), except for
the most inner part where triple-GEM detectors are used.
MWPCs are filled with a gas mixture of Ar/CO2/CFy, in
a 40 : 55 : 5 proportion. They achieve a time resolution of
around 5 ns. The GEM detectors are filled with a “faster” Figins 90 Tllustrasion muon systezs i the
gas mixture of Ar/CO,/CFy4, in a 45 : 15 : 40 proportion, yz plane.

that allow for a better time resolution of 3 ns.

>
2
2
Al

2.3 Trigger

LHCb operates at an average luminosity which is much lower than the maximum designed luminosity
of LHC, with a bunch crossing rate around 40 MHz. At the beginning of the Run II data taking
(2015), the storage system was able to write and save events at a rate of 12.5 kHz, corresponding
to almost 0.6 GB/s. The purpose of the trigger system is to reduce the rate from 40 MHz to 12.5
kHz, by selecting only a small fraction of potentially interesting events. The LHCb trigger system in
use during the Run II is designed to operate in two steps: the first one is an hardware trigger stage
called Level 0 (L0) operating synchronously with the bunch crossing rate, while the second one is a
software trigger called High Level Trigger (HLT) which operates on a processor farm. Figure [2.10
shows schematically the data flow on the LHCD trigger.

2.3.1 Level 0 trigger

The LO trigger is designed to spot particles with high transverse momentum or high transverse encrgy,
since heavy-flavor events are characterized by these signatures. L0 trigger decides if an event is
accepted according to signals coming from the calorimeters and the muon system, which are connected

20
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LHCb 2015 Trigger Diagram

40 MHz bunch crossing rate

LO Hardware Trigger : 1 MHz
readout, high Er/Pr signatures

....................................

. Software High Level Trigger

Partial event reconstruction, select
displaced tracks/vertices and dimuons

Buffer events to disk, perform online
detector calibration and alignment

Full offline-like event selection, mixture
of inclusive and exclusive triggers

= » =
12.5 kHz (0.6 GB/s) to storage

Figure 2.10: Schematic representation of the data flow in the LHCb trigger system (Run II configuration)

to the LO Decision Unit (LO-DU). The LO trigger is able to reduce the event rate from 40 MHz to
1 MHz. To reject multiple interactions events, the L0 trigger applies a cut on the number of hits
inside the SPD, called Global Event Cut (GEC). If an event passes the GEC, is accepted if one of the
following conditions is satisfied:

e LO-Muon: a particle identified as a muon has a pr > 1.76 GeV/c.

e LO-Dimuon: two particles identified as muons have the product of their py is pk - p% > 1.62

LO-Hadron: a particle release a cluster in the HCAL and has Ep > 3.7 GeV.

LO-Photon: a particle release a cluster in the ECAL and has Er > 3 GeV.

LO-Electron: a particle has an Fp > 3, producing a cluster in the ECAL and hits in both the
PS and the SPD.

2.3.2 High Level Trigger

An event accepted by the L0 trigger is then processed by the HLT which runs on a large computing
facility called Event Filter Farm. HLT is able to finally reduce the event rate from 1 MHz to 12.5
kHz. It is divided in two stages:
e HLT1: it uses the information coming from the VELO and the T1-3 stations to partially
reconstruct the events accepted hy LO0. It selects tracks with high pr and high displacement

from the interaction point.

e HLT?2: it performs the full reconstruction and selection of an event making use of inclusive and
exclusive algorithm, selecting all the particles selected or a specific decay mode, respectively.
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CHAPTER 2. THE LHCB EXPERIMENT AND JET IDENTIFICATION

A2
Xtrack-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 7V | resolved 7° | photons
Er [MeV] - - > 200
PhotonlD - > =2 -
X%rack—cluster > 25 > 25 > 25

For the HCAL there are no particle identification requirement, while different thrack_duster re-

quirements are applied for different energy thresholds: E < 10 GeV a X?rack_duster > 25; £ > 10
2

GeV a Xtrack-cluster > 15.

e Non-isolated neutral particles are particles showing as clusters and are associated to tracks. The

The

selection of this category of particles is done through the following steps:
1. The following requirements on ECAL and HCAL X%rack-cluster are applied:
— ECAL: X e cluster < 29
— HCAL: E < 10 GeV a X2, ctuster = 295 B > 10 GeV a X2 1 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 E“? 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 E°P is larger than 1.8 times the measured energy E™°* then the
cluster group is discarded;

5. it E™meas > 1.8 E¢*P then E°®P is subtracted from E™¢ces: Fsub — pmeas _ perp.
6. finally, if Er > 2 GeV then E*" is selected as a non-isolated neutral particle and used as

input of the anti-k7 algorithm.

anti-k; algorithm proceeds with the following steps:

. For each pair of particles (7,j) of the input list, the following distance d;; is evaluated

. -2 7.2 Azzj 2
dij = mln(kt,i 7kt,j> R2 Ai]’ =

2 2
(i —y;)" + (i — &)
where k;;, y; and ¢; are, respectively, the transverse momentum, the rapidity and the azimuthal

angle of the particle ¢, and R is a tunable parameter of the algorithm called radius.

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

dip =k}

t,1

The smallest distance d;; or d;p is found:

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

e If the smallest distance is d;g, namely, between the particle i and the beam, then the
particle ¢ is considered as a jet and removed from the list of particles.

The algorithm restarts from step 2, unless no particles are left to be clustered.

23






CHAPTER 2. THE LHCB EXPERIMENT AND JET IDENTIFICATION

5 1.0 T . , D e
W - Py )
C ——0——— + n

0.95— _._+ —

C - .

C - ]

0.90F 3
. 5

0.85F -
0.80F -

C LHCb simulation  J

0.75F . -
i 2<™ <45 3

0'70' NP IR BEPEES I B B B B

20 40 60 80 100 120

P [GeV]

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

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 ¢- 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 b-quark.
This two tasks are accomplished by two categories of jet identification algorithms:

e 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.

e 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 b-jets or c-jets from c-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:

e Secondary Vertex tagging: these algorithms exploits the fact that, since b- and ¢- 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 ¢ discrimination. Therefore, SV tagging only perform jet-flavor tagging but
not jet-charge tagging.

e Muon tagging: this algorithm exploits the semi-leptonic decays of b-hadrons into muons. These
muons usually have a sizable transverse momentum pr as well as a large transverse momentum
relative the the jet axis pTTel, 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.

e 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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Figure 2.12: Efficiency of the SV-tagging algorithm for b-jets and e-jets, measured on simulated data for
2.2 <5y < 4.2, as a function of the jet transverse momentum pq«.['_zg

e the taggy corrected mass is evaluated as Moo = v/ M2 4 p?sin® § + psin @ where psinf =
|p§1‘i5“| represents the missing component of the momentum with respect to the particle
flight direction. To further remove any contamination from kaons or hyperons Mo = 600
MeV /c? is required.

5. Finally, if more than one taggy per jet fulfils the requirements, the one with the higher py is
chosen. A jet is classified as generated by an heavy quark (therefore SV-tagged) if at least one
taggy is found with this algorithm.

SV-tagging performance The performance of the SV flavor tagging algorithm can be measured
evaluating the b(c)-tagging efficiency €.y and the light jets mis-identification ¢;: the first one is defined

as the ratio between the number of tagged b(c)-jets Ng';g over the total number of reconstructed jets
l‘\TL(’L
blc) .
ATLER
_ Ny
€b(c) = N tot
“b(e)

while the latter is defined as the ratio between the number of tagged light jets N:,ag over the total
number of light jets Ngaf)
[
€g = qudg
: tot
Nio

The Tagging performance, evaluated on MC samples of pp — dijets events at /s = 13 TeV of b-, ¢-
and light quarks, generated with PYTHIA8 [68], is the following:

e for pr > 20 GeV/c the average €y is around 60% (25%), as shown in Figure [2.12}
o for pr < 20 GeV/c the average € is much lower, around 10% (15%);
e the average ¢, is around 0.3%, increasing with pr;

e in the 2.2 < 5 < 4.2 range, both ¢, have the same behavior with respect to pr, while ¢, is
almost constant.

2.5.2 Muon Tagging

An exclusive approach to jet-charge tagging is based on the semi-leptonic decay of the h-hadrons into
muons (e.g. BY — puTv X~ and BE — p~ 2 XT), correlating the charge of the muon in the final
state to the charge of the b-quark that originated the jet. In the LHCb implementation (Run 1 /s =7
TeV) (also similar to the one used at CDF), the muon tagging algorithm is applied as follows:
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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

e pr >2GeV/c
e p>10 GeV/e

3. The decay chain b — ¢ — p 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. B® — B” and BY — Bg 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 — ¢ X, ¢ = pv X: the measured values of b-hadrons production fractions
and branching ratios can be used to evaluate the contribution of this dilution channel.

¢. 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
BT = J/4% Kt or Bt — D" 7+, one can exploit the unambiguous tag provided by the B+ to obtain
another validation channel, which provide a measured integrated purity of 73 4 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

2 4i(pi - piet)™?
QJet - Zz(pz 'pjet)0'5 (2.1)

where the two sums are extended over all the tracks in the jet, ¢; and p; are the charge and the
3-momentum of the particle and pje; 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 AQ = Q1 — Q3:

o if AQ > 0, jet 1 is considered to be the b-jet;
e if AQ <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 b
separation.

28



CHAPTER 2. THE LHCB EXPERIMENT AND JET IDENTIFICATION

-

S 22500 - MC b jets -
2 20000 & MC b jets —
£ .
m1?5’00 E
15000 F-
12500 F-
10000 £
7500 £
5000 |-
2500 |- _

P P P I SN PPN IR I T = .
-1 08 06 04 -02 0 02 04 06 08 1
Jet charge

Figure 2.13: Distribution of the momentum-weighed jet charge on a MC sample at CDF.

2.6 Development of new tagging algorithms

This brief review puts the necessity of developing new tools for the efficient identification of jets
originated by heavy flavor quark production. New methods should exploit the complex structure of
jets and all the available experimental variables, trying to unveil correlations between particles that
could enhance the identification process. Modern Machine Learning techniques provide very powerful
tools for attacking these classification tasks and some of them are already employed at the CMS[67} @
and ATLAS experiments. LHCb still lacks of official high-performing algorithms for the tagging
of dijet events that could give a boost to the study of production asymmetries of heavy quarks in
the forward region. The main purpose of this thesis is exploring the new-born field of Quantum
Machine Learning trying to develop a quantum tagger for the b vs b classification, comparing the
results with classical Machine Learning models and the Muon Tagging algorithm. The performance
of the charge-taggers will be compared in terms of the following metrics:

e Tagging efficiency €., defined as the ratio between the number of tagged events N'*& over the

total number of events NtOt
Ir\rta.g

N tot

Eeff

e Mistag rate w, defined as the ratio between the number of events that are tagged incorrectly
N"ﬁ%ng over the total number of tagged events Ntag

rtag
WTrong

Ntag

w =

e Tagging power €y, defined as
3 2
€tag = €eff(1 — 2w)

which takes into account both the efficiency and the purity of the tagger and represents the
effective fraction of tagged events that are useful for the estimation of the A%bc, therefore being
directly related to the achievable precision.

2.7 Data-set selection

Data samples come from official LHCb Monte Carlo simulations of dijet produced from pp collisions at
the C.0.M. energy of \/s = 13 TeV (Run2 conditions). bb pairs production is done using PYTHIA8 gen-
erator that also performs the jet fragmentation. EvtGen[62] simulate b-hadrons decays and Geant4/[6]
simulate the interactions with the detector. Finally, the simulated signals are digitized and the events
are reconstructed using the LHCb software, which performs the jet reconstruction applying the Par-
ticleFlow algorithm and the anti-kp clustering algorithm. PYTHIAS8 includes production processes at
LO QCD and LO Z°/v decaying into a bb pair (the relevant Feynman diagrams are shown in Figure
; events are generated with two opposite polarization of the magnet.
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Chapter 3

Quantum Computing and Quantum
Machine Learning

3.1 Introduction to Quantum Computation

The first step towards the development of an organic theory of quantum system is commonly con-
sidered to be the idea of quantized energy introduced by M. Plank in 1900 within his studies on the
black-body radiation. The next 40 years have seen the fast and prolific rise of Quantum Mechanics
thanks to the exceptional contributions of A. Einstein, M. Born, L. de Broglie, W.K. Heisenberg, P.
Jordan, E. Schrédinger, P. Dirac and J. von Neumann. Figure [3.] shows a sketched timeline of the
early-history of Quantum Mechanics.

Paul Dirac and
J ohn von Neumann
unite approaches
Max Born & formulate modern
applies quantisation quantum theory
to atomic spectrum :

Quantum theory branches out
_ : into physical subdisciplines
Max Planck ; Heisenberg, | ordan, Born

discovers quantisation : formulate matrix
of black-body radiation : mechanics
1900 1912 1925 1932
1 ] 1 L1l L1 N
T | T | O 5 1 / / 7
1905 1923 © 1930 TIME
- 1926 . :
Albert Einstein :
discovers quanti- J i /;
sation of light Erwin Schrodinger
formulates wave
mechanics
de Broglie

postulates the duality
of waves and particles

Figure 3.1: Timeline of the early-history of Quantum Mechanics. @!

The Quantum Theory is often considered to be the most accurate physics theory ever developed: it is
able to provide prediction of physical observables with an astonishing precision (e.g. the anomalous
magnetic moment of the electron a = (g. — 2)/2 is predicted by the QED with a precision better

31






CHAPTER 3. QUANTUM COMPUTING AND QUANTUM MACHINE LEARNING

computational basis of H

|U)EU{—>(E})ECZ

0
iyeH-—s (1) e C?
This isomorphism allows us to represent quantum states as complex (normalized) vectors and linear
operators as complex matrices.

Bloch sphere A convenient way to graphically represent a 1-qubit state is the Bloch sphere: the
expression can be rewritten (up to an irrelevant global phase rotation) as:

|1} = cos g [0) + exp (i¢) sing 1) (3.2)

where  and ¢ are real number with 0 < # < 7w and 0 < ¢ < 27 that can be interpreted as spherical
coordinates. Therefore, the state [1)) can be visualized as a the R? vector (sinf cos ¢, sin @ sin ¢, cos ¢)
that represents a vector pointing from the origin to the surface of a sphere, called Bloch sphere (Figure

59).

11)

Figure 3.2: Representation of a generic pure state |¢/) on the Bloch sphere. P_Q]]

Density matrix and mixed states The quantity ppue = |¥0) (¢ is called density matriz of the
pure state [¢) and represents a projector operator:

Nk o.»nai
ajay o |?

[¥) = @ |0) + 1 [1) Pous = | )il = (
ppure has the following proprieties:
. p;r)m-e = ppure (p is Hermitian)
o V|®) : (@ ppure | @) = 0 (p is positive semi-defined)

e Trppure = 1 (the diagonal terms of py.. are the probabilities of finding |¢) in a basis state and
they sum to 1)

. -Of)ure = Ppure (ppure is a projeCtor)
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Figure 3.3: Name, circuital symbol and matrix representation of the common 1-qubit gates.

The operators that rotates of an angle 6 the state vector around the z, y and z axis on the Bloch
sphere are the rotation gates. They are defined by exponentiating the Pauli operators (3.3)):

e 0 0 cos? —isin?
_—iexsz _ P L Oy 2 3
R.(0)=e cos 2]1 i sin 2X (—-‘i sing- cosg ) (3.5)
v 0 0 cos? —sind
— —ifY /2 ] Ty | = f g — y 2
Ry (0) =e cos 51 — isin 2Y (sing el ) (3.6)
o 0 —i6/2
B, (0) = W82 — cue il = isin gZ = (e 0 85.8;2) (3.7)

Controlled gates performs controlled operations of the type “If A is true, then do B”. Let U
be n arbitrary 1l-qubit unitary operation. A controlled-U operation is a 2-qubits operation, with a
control qubit and a target qubit: in the control qubit is set to |1) then U is applied to the target qubit,
otherwise the target qubit is left unmodified. A controlled operation is represented as in Figure [3.4}
the control qubit (on the top) is wired to the controlled gate (on the bottom).

T

Figure 3.4: Controlled-U gate. The top wire represent the control qubit while the bottom wire is the target
qubit.

The most common controlled gates are the Controlled-NOT (CNOT) gate and the Controlled-Z (CZ)
gate: their matrix representations and circuital symbols are shown in Table

Measurement gates are used to denote projective measurements on the computational basis and
they are represented as“meter” symbols as shown below

) —
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. 100 0

Controlled-NOT 0100
o 00 01

= 0010

1 0 0 0

Controlled-Z 010 0
00 1 0

00 0 -1

Table 3.1: Name, circuital symbol and matrix representation of the CNOT and CZ gates.

Projective measurements on a different basis or even non-projective measurements can be always be
opportunely expressed as projective measurements on the computational basis by mean of additional
qubits (called ancilla qubits) and unitary operators. Moreover, measurements performed at an in-
termediate stage of a quantum circuit can always be moved to the end of the circuit without loss of
generality (principle of deferred measurement[55]). Another important statement about measurements
on quantum circuits is the so called principle of implicit measurement[55|, which states that, without
loss of generality, any unmeasured qubit at the end of the circuit may be assumed to be measured. In
other words, measuring an unmeasured qubit at the end of the circuit does not change the probability
distribution of the other measurements.

3.5 Machine Learning with quantum circuits

3.5.1 Introduction to Machine Learning

Machine Learning (ML) is a branch of Artificial Intelligence that consists in making a computer learn
directly from data how to solve a problem, instead of providing explicitly a solving algorithm. ML
aims to automate the process of generalizing from experience in order to make predictions in new and
unknown situations. ML is a very powerful tool in tasks where the patterns from which a prediction
has to be derived are very complex and we do not have a sufficient understanding of those patterns to
write an explicit solving algorithm. The ML approach starts instead with a very general and agnostic
mathematical model and uses the data to adapt it to the case. Usually, when looking at the final
model, it is not possible to gain information that could allow the development of an explicit algorithm;
however, the model has to be considered as a black box that has learned the pattern of the system
and it produces reliable predictions.

ML includes three main branches, each one targeting a different class of problems:

e Supervised learning: during the training phase, the model is allowed to process a set of input
data paired with the expected output of the model.

o [Unsupervised learning: the model is not provided with a target output but, instead, has to learn
on its own the patters arising from the input data.

e Reinforcement learning: the model get trained with a rewards/punishment mechanism and it
has to optimize a final score by trial and error.

This thesis will focus on the task of supervised learning employing quantum circuits as models.

3.5.2 Supervised learning

The main structure of generic supervised machine learning algorithm as shown in Figure [3.5] is the
following;:

1. Problem definition: given an input domain X and an output domain Y, a training data-set
D = {(z1,y1)y ., (@rr,ynr) } with (z,9;) € X x Y being M couples of training inputs z; and
expected outputs y; where the relationship between the z; and the y; is unknown, we want to
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Figure 3.5: The four main steps of a supervised learning algorithm. Upper left: a train data-set is given. Upper
right: A model family is chosen. Lower left: the model is trained. Lower right: the model is employed on new

data.

approximate this relationship using an ML model (Figure upper-left). Within this work, the
input domain is R"V: therefore, input data are N-dimensional real vectors called feature vectors.

2. Choice of the model family: a model family is a function

with v € X, y € Y and 6 = {#;,...,0p} is a set of real parameters that has to be optimized
during training process (Figl_lre upper-right). The model family may also depend on hyper-
parameters that are not included explicitly in the notation.

3. Training of the model: the model is trained by fitting the parameters and the hyper-
parameters to the data D. This means that a specific model function is chosen from the model
family optimizing and fixing the model parameters f. A test data-set can be used to validate
the performance of the model on new, unseen data(Figure lower-left).

4. Employment of the model: once trained, the model can be used to predict output values
(Figure lower-right).

The training phase is the most critical step for a ML algorithm: the goal of the training is to select the
best model from a model family. This can be accomplished defining an objective function L(#),called
loss function, that quantifies the quality of a particular choice of parameters 8: therefore, training can
be considered an optimization problem. Different choices of the loss function lead to different training
strategies and results. In this work we have employed the mean squared error loss, defined as

e 1 M ) )
LMSE(9) = — L0)—y')? 3.8
0) = 37 LU0 =) (3.8)
and the cross-entropy loss, defined as
}"I . . . .
LOF(0) =Y —y'logp’ — (1 — y*) log(1 — p') (3.9)
i=1

where p' = f(z%,0) are the outputs of the model, which are assumed to be probabilities. The loss
function L(#) has to be minimized with respect to the parameters of the model to obtain the optimal
parameters configuration 0:

0 = arg m@in L(0)

Once the loss function is fixed, training a ML model reduces to the mathematical problem of optimizing
the loss function. However ML tasks often lead to hard optimization problems since the loss function
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saddle point‘/

local minimum

global minimum

Figure 3.6: Illustration of several steps of a gradient descent method: it gets stuck in local minima and conver-
gence becomes slow at saddle points.

can be non-convex. This kind of problem are much less known in Optimization theory. Therefore,
popular methods are iterative searches such as the gradient descent method.

Gradient descent algorithms are a class of local optimization methods that iteratively updates the
parameters f of the loss function L(#) towards the direction of the steepest descent

g+l — ) _ v L(p0) (3.10)

where 7 is a tunable parameter called learning rate and t is the iteration index. Figure [3.6] shows an
example of a training updates of a 1-parameter model. Since the gradient of the loss function is used,
these methods can get stuck on local minima and their rate of convergence can get prohibitively low
on saddle points where VL — 0. To mitigate these effects, several methods have been derived from
the naive gradient descent: in this work the ADAM[47] optimizer has been used.

3.6 Parametrized quantum circuits

Parametrized Quantum Circuits (PQC), also known as variational circuits are typically composed of a
combination of fixed gates (like CNOT, CZ or H gates) and adjustable gates with tunable parameters
(like the RX, RY, RZ gates) that can be used as Quantum Machine Learning (QML) models. Even
at low circuit complexity, PQC are able to generate non-trivial outputs that cannot be efficiently
simulated by classical hardware. The essential components of a QML model based on a PQC are

Parameterized Quantum Circuit

M,
|0) s — Uq‘)(:r:) — =lawed Post-processing
Pre-processing | A Ug .
Input: @ ~ Pn |O>®.m r {<ﬂnl>m‘9}};:l

f ({(a"‘"ffk}m,_e}:zl)

Figure 3.7: Main components of a supervised ML model based on a PQC. @

sketched in Figure 3.7} where classical stages are shown in light blue, while quantum stages in pink:

1. Pre-processing: a feature vector = is sampled from the training data-set Pp and gets trans-
formed following a classical pre-processing scheme by a function ¢ that maps x — ¢(z). This
step can include feature selection and normalization techniques.

2. PQC: the transformed data is mapped to the parameters of an encoder circuit Uy, which
embeds the data into an n-qubits state. A variational circuit Uy with tunable parameters 6,
which an possibly act on an extended qubit register, implements the core operation of the
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Figure 3.8: An example of variational circuit ansatz for a PQC learning model: the rotational angle of each R,
and . gate is a parameter of the PQC that can be tuned.

Gradients of PQC are a key requirement for the implementation of a gradient descent algorithm
on a QML model. The expression requires the evaluation of the partial derivatives of the loss
function with respect to each tunable parameter #;: these terms can be evaluated numerically using
the finite difference formula

OL _ L(0 + c&;) — L(6 — e&)
o0; 2¢

where € is a (small) parameter and é; refers to the unit vector of the 6; direction. However, often
ML lead to optimization problems which presents instability with respect to numerical differentiation
therefore analytical gradients are used if available. Luckily analytical gradients for PQC can be
calculated exactly using the, so called, parameter shift ?”uleﬂ5__3]._ @ recalling that L(#) is defined as a
function of the expectation values (My)g, so, using chain rule, the derivatives of L(f) can be expressed
as a function of derivatives of (M} )g. The parameter shift rule states that

M)y (Mr)oyze, — (Mr)o-ze,

0, 2

This means that exact gradients can be calculated performing two evaluations of the quantum circuit
per parameter, even on quantum hardware.
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Figure 4.1: Circuital representation of the Amplitude Encoding classifier model. In blue: amplitude encoding
stage: in red: parametric rotational gates to be optimized during the training phase; in green: entangling CNOT
gates.

4.2 Quantum Machine Learning models

Since this research topic is brand new, several QML models have been tested and compared in terms
of tagging performance.

4.2.1 Amplitude Encoding classifier

This model consists in a PQC with a classical structure made by an encoding circuit followed by a
variational circuit. The schematic representation of this model is shown in Figure An amplitude
encoder is used to embed the 16 features of the data-set into the amplitudes of a 4-qubits circuit.
Follows a variable number L of, the so called, strongly entangled layers, which consist in parametrized
rotational gates R(a;, 5;,7:) applied to each qubit alternating with CNOT gates which entangle the
qubits. The complexity of this kind of circuit can be tuned changing the number of strongly entangles
layers L and, consequently, the number of parameters of the model Npa,, that for a generic n-qubits
circuit is equal to

Npar=3xnx L (4.1)

Note that, although the dimension of the Hilbert space scales exponentially with respect to the number
of qubits n, the number of parameters only scales linearly. The exponential scaling is here exploited
by the amplitude encoder: this model is able to deal with a large number of features employing only
a limited number of qubits.

The expectation value of the Pauli operator (o) is measured, with (0.} € [~1,+1]. The probabilities
Py, and Py of being a b-jet and a b-jet are defined as

Py = 5({oz) +1) (4.2)
(1—(ox))=1-P, (4.3)

With this choice, a measurement of (o.) = +1 corresponds to a 100% probability of having a b-jet,
while a measurement of (¢.) = —1 corresponds to a 100% probability of having a b-jet. Finally,
(0,) = 0 corresponds to the maximum uncertainty with equal 50% probabilities.

Within the context of this work, the number of strongly entangled layers was fixed to L = 4, leading
to a total number of parameter of Ny, = 72.

4.2.2 Angle Encoding classifier

The structure of this model differs from the Amplitude Embedding classifier in the encoding used
to embed the features into the quantum state. A schematic representation of the quantum circuit is
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Figure 4.2: Circuital representation of the Angle Encoding classifier model. In blue: angle encoding stage; in
red: parametric rotational gates to be optimized during the training phase; in green: entangling CNOT gates.

shown in Figure this circuit embeds N variables as parameters 6; of N rotational gates R, (6;):
this circuit structure requires a one to one correspondence between qubit registers and input features.
The variational stage of the circuit is identical to the Amplitude Embedding classifier, featuring a
variable number L of strongly entangled layers that can be used to tune the complexity of the model:
therefore, the number of parameter Np,, to be optimized are the same as

Again, Npar scales linearly with respect to N, despite of the exponential growing of the quantum
state dimension, however, the angle embedding does not exploit the exponential scaling in the embed-
ding: this means that dealing with high-dimensional data-set requires a large number of qubits, which
makes this structure impractical to simulate or run on nowadays hardware. Due to this limitation,
this model has tested with the reduced muon data-set, which requires only N = 4 qubits.

Finally, the measurement stage is identical to the Amplitude Embedding classifier: the expectation
value of the Pauli o, operator is measured and mapped to tagging probabilities P, and P, as expressed
in [.2] and .31

In this case, the number of repetitions of the variational layer L was fixed to 4, so that the model has
a total number of parameters of Ny, = 48.

4.2.3 Data re-uploading classifier

This model is inspired by the work of A. Perez-Salinas et al[58] in which they introduce the concept of
a single qubit universal quantum classifier based on a circuit organized as a series of data re-uploading
stages followed by single-qubit processing units. This structure allows, in principle, the accommodation
of an arbitrary number of input dimensions and several target categories at the output with a single
qubit if one is allowed to use and arbitrary number of gates. In reality, circuits with a large number of
gates are impractical to simulate classically and to implement on current quantum hardware. However,
the same paper suggests a generalization of the same structure on multiple qubits. A classifier based
on this idea has been realized, involving the quantum circuit shown in Figure the embedding
gates (in blue) alternates with variational gates (in red) and entangling gates (in green). Features
are embedded as rotational angles, three for each stage, identically copying them to each of the N
qubits. After each embedding gate, the qubit state is processed by a variational rotational gate and
successively entangled by CNOT gates. Loading n features using this structure requires a total of
[n/3] embedding stages, where [-] denotes the ceiling operation. Additionally, the full structure of
the circuit can be repeated L times to further increase the complexity of the model. The total number
of variational parameter of data re-uploading model is

Npar =3 x N x L x {g-‘

In this case, the number of qubits N is not constrained to the number of input features n: in fact, n fixes
the number of embedding gates [n/3] and, therefore, the minimum depth of the circuit. Therefore,
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Figure 4.3: Structure of the data re-uploading circuit.

QAOA
Embedding

R.,,(ﬂ])

Rz(ag)

R;;;(OIS)

R.(a7)

HRa(oo) HPHRe00)]

Ry (o)

Figure 4.4: Quantum circuit of the tree-topology model.

the complexity of this model can be tuned acting both on N, that fixes the dimension of the Hilbert
space, and on L, that fixes the number of trainable rotational gates. Again, the final measurement
stage of the circuit is identical to the previous ones and tagging probabilities P, and F; are expressed
as and 3]

For our case, the number of qubits was fixed to N = 3, while the number of repetition layers was fixed

to L = 4, leading to a total of Np. = 216.

4.2.4 Tree Topology classifier

This model has a structure inspired from Tree-Tensor Networks (TTNs), a class of models used for the
approximation of high-dimensional functions in numerical analysis and data science[52]. This model
has been tested on a subset of the full data-set containing only the 8 most important features according
to the analysis performed by T. Felser et al.[35]:

q, Pﬁglg AR of the muon

q, P, AR of the kaon

q of the pion
Qjet
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Figure 4.5: Feature map circuit of the QSVM model.
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Figure 4.6: Diagrammatic representation of the classical DNN.

Quantum SVM (QSVM) models uses data embeddings as feature maps and evaluates the kernel
matrix using a quantum circuit. These models are based on the assumption that kernel functions
defined via quantum circuits are computationally hard to evaluate on a classical computer. The
implemented model uses the kernel function

k(xj,xk) = (0" Ux;)UT(x) [07)

where U is the unitary operator described in the quantum circuit in Figure L5} the 16 features of the
data set are embedded into a 4-qubits state via an Amplitude encoding stage, then the for qubit are
entangled using CNOT gates. This circuit does not contain any variational parameter, since it only
maps classical data into a quantum state: the optimization procedure occurs on the a; coefficients,

appearing in

4.3 Classical Deep Neural Network model

In addition to the QML models, a classical ML model has been developed to provide a reference.
This model is a Deep Neural Network (DNN) inspired by the DeepCSV@ and DeepJet@ networks
employed for jet identification at the CMS experiment. The DNN takes as input the same 16 variables
of the data-set (a reduced version of the same network has also been trained on the muon data-set)
and its structure is shown in Figure (L6}

1. Charged particles and the global jet charge variable are initially processed in two different
branches: the 3 variables associated to each charged particles are processed firstly by a Batch
Normalization (BN) layer (shown in red) and then by a Long Short Term Memory (LSTM) layer
(shown in green). The jet charge is only processed by a BN layer.

2. Charged particles branch and jet charge branch are then concatenated and processed by 4 layers
of Dense connected hidden layers (shown in blue) of constant size. The ReLu activation function
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i t 3 B 1 l T T e T LY
P Py e :’ quantum device

# Create backend to run the quantum node -
dev = gml.device('default.qubit', wires=1) : [0) -[@—@

# Define quantum node | l‘ “““““
Qqml . gnode (dev) E
def circuit(x):

qml.RX(x, wires=0) —{quantum node'

return gml.expval(gqml.PauliZ(0))

# Define classical node/cost Y

def cost(weights): :
classical node
return weights[0] * circuit(weights[1])

# Update initial wvariable l

opt = qml.GradientDescentOptimizer()

init_weights = [0.1, 0.2) optimizer
new_weights = opt.step(cost, init_weights)

Figure 4.7: Basic example of a PennyLane program consisting of a quantum node followed by a classical node.
The output of the classical node is the objective for optimization.

ReLu(z) = max(0, x) has been used between each layer.

3. The output layer is a Dense layer of dimension one which is finally passed through a sigmoid
function o(z) = 1/(1 + e~*) (shown in pink) to produce a value between 0 and 1 that can be
interpreted as a tagging probability.

Additionally, Dropout layers are introduced in the hidden part of the network to avoid overfitting.
The total numbers of parameters of the DNN acting on the muon data-set and on the full data-set
are respectively Np,, = 181931 and Ny, = 163 307 .

A summary of all the analysed models is available in Table

Model Nfeat. Npar
Amplitude Embedd. 16 72 Model Nfeat. | Npar
Data re-uploading 16 216 Angle Embedd. 4 48
Tree-topology 8 104 DNN 4 181931
QSVM 16 N.D. Muon Tagging 1 N.D.
DNN 16 163 307

Table 4.1: Summary of the analyzed ML models, the number of features they process and the total number of
trainable parameters: on the left, models acting on the full data-set; on the right, models acting on the reduced
muon data-set.

4.4 Software implementation

The previously described models have been implemented using the PennyLane@ Python library
except for the QSVM model that was written using the IBM Qiskit Python library.

4.4.1 PennyLane

PennyLane is Python3 software framework designed specifically for QML applications. PennyLane’s
core feature is the ability to automatically compute gradients of parametrized quantum circuits in a
way that is compatible with classical optimization techniques, such as back-propagation. This allow
the development of hybrid quantum-classical machine learning models that can be jointly described
and trained within the same library. Moreover, a plugin system provides access to variety of quantum
simulators and cloud quantum hardware devices. Figure [L1.7] shows a simple workflow example: the
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4.5. TRAINING
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Figure 4.8: Representation of the Distributed Data Parallel training strategy on 3 processes. Each process keeps
in RAM a copy of the the model and of the training data, and evaluate the partial gradient on its slice of data.
Gradients are then synchronized and averaged before updating the parameters.

machine, using all the available jets.

The Mean Squared Error loss function (defined in @ has been used with every quantum model,
while the Cross-Entropy loss function (defined in has been used to train the DNN. The ADAM
optimizer has been used with all the quantum models (except for the QSVM model for which the op-
timization is performed by a custom routine embedded in the QSVM Qiskit class), fixing the learning
rate at 0.001. Parameters are initialized randomly at the beginning of a training process. Each model
has been trained for 100 epochs and during each epoch, the optimizer process the training data-set
once, updating the parameters at the end.

Figure [1.9] shows the behaviour of the loss and the accuracy of the Tree-Topology model as the
training proceeds. Both are evaluated on a smaller validation data-set which is not used for training,
to keep under control overfitting. The loss gets progressively smaller, converging after around 80
epochs; similarly, the accuracy gets maximized by the training procedure.

Figure shows the action of the optimization process. The figure shows the distribution of the
predictions of the data re-uploading model at the beginning and at the end of the training. b- and
b-jets are represented with light-orange and light-blue color respectively. At the beginning, parameters
are random numbers and the model is not able to classify the jets. However, as the training goes by,
the distribution of b- and b-jets starts separating, getting closer to the extrema of the [0,1] range. A
perfect classifier would show a light-orange peak at 0 and a perfectly separated light-blue peak at 1,
which means that the final quantum state (before the measurement) is |1) for b-jets and |0) for b-jets.
A realistic classifier, due to the finite number of trainable parameters, is not able to perfectly align
the final state to the measurement basis vectors, thus reducing the width of the output distribution
shown in Figure
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Figure 4.9: Loss and Accuracy evaluated on a small validation data-set as a function of the training epoch.
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Figure 4.10: Distributions of the output of the Data re-uploading classifier at the beginning (on the left) and
at the end (on the right) of the training. The b-jets and b-jets are represented in light-blue and light-orange
respectively.
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Figure 4.11: Muon data-set: ROC curve of the three algorithms. The dashed line represents the worst case
of a random classifier.
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Figure 4.12: Muon data-set: comparison of the mis-tag w in bins of pp of the jets for the three tagging
algorithms considered.
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Figure 4.13: Muon data-set: comparison of the tagging power €., in bins of pr of the jets for the three
tagging algorithms considered.
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Figure 4.14: Full data-set: ROC curve of the five algorithms. The dashed line represents, again, the random
classifier.
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Figure 4.15: Full data-set: comparison of the mis-tag w in bins of py of the jets for the five tagging algorithms
considered.
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Figure 4.16: Full data-set: comparison of the tagging power €, in bins of pr of the jets for the five tagging
algorithms considered.
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