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Abstract

In recent years, the search for physics beyond the Standard Model has become more
and more sophisticated. Rare decays of the B meson are an ideal probe for phenom-
ena beyond the Standard Model. These decays are driven by the b — s/ quark
transition, a flavor changing neutral current, which is forbidden on tree level in the
Standard Model and can only be realized using higher-order loop diagrams, such
as electroweak penguin or WHW~ box diagrams resulting in highly suppressed
branching fractions (~ 1 : 10°). Extensions of the Standard Model may include
effective operators inducing this transition, but with different Lorentz structure re-
sulting in enhanced branching fractions or changes to the angular distribution.

Previous studies performed by LHCb, CMS and ATLAS at CERN using proton-
proton collision data showed deviations in a variable describing such a decay of up
to 3.6 0 to the prediction of the Standard Model. Performing such an angular study
is only possible with a significant amount of data. Another environment to produce
these large amounts of B mesons are the B-factories. These factories let electrons and
positron collide at the center-of-mass energy corresponding to the invariant mass of
the Y(4S) which decays almost exclusively to pairs of B mesons. Since 2019, Su-
perKEKB with the Belle II experiment has been operating as such a factory and was
able to collect a total integrated luminosity of 364 fb~! corresponding to a data sam-
ple of ~ 400 - 10° BB pairs.

This thesis will present comprehensive studies of a workflow to analyze the
B — K*{{ decay at Belle II. This includes the development of snapshot ensemble deep
neural networks for classification, which aim to maximize the efficiency and purity of
the data samples for each possible charge configuration of the decay channel. These
networks allow the two dimensional discriminating fit on the uncorrelated My, and
AE variables to reliably determine the signal and non-signal contributions. In the
next step, as a novel approach, another deep neural network is developed to model
the detector response function following the function approximation theorem. In order
to deal with remaining non-signal events on a statistical level, the sWeights method is
studied and used. By applying this method it is possible to determine the true signal
shape of the target variables (the kinematic variables to fully describe the decay) by
calculating weights from the supplied PDF models of the uncorrelated discriminating
variables (M. and AE). Using this method, the background contribution within the
target variables has no longer be determined by simulation.

In order to test the developed workflow, the differential decay rate is extracted in
the three angular dimensions in four bins of g2, the di-lepton invariant mass squared.
Exploiting transformation symmetries in the differential decay rate, the number of
free parameters of the differential decay rate is reduced from eight down to three
(Fr, S3 and Pf) which are then determined on both simulation and real data.

The available dataset of the Belle II experiment contains B — K*¢¢ signal events
in the single to low double digits in each ¢ bin. With this amount, it is not possible
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to provide meaningful results for F;, S3 and Pi. However, Belle II is expected to
collect data until 2035 when a total integrated luminosity of 50ab ' is recorded.
This increase in available data by a factor of over 100 will enable a more competitive
angular analysis that can be performed following the workflow that is presented in
this thesis.
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Chapter 1

Introduction

"No, no!" said the Queen.
"Sentence first - verdict afterwards."

Lewis Carroll, Alice in Wonderlands
(1865)

Humans have sought to understand the natural world since ancient times, begin-
ning with questions like How to tame fire? to "[...], was die Welt im Innersten zusam-
menhilt" (trans.: [...] what holds the world together in its innermost elements) [Faust I,
Vers 382 f / Goethe]. In the realms of mathematics, physics and technology, there
have been vast improvements over the last centuries resulting in very successful
and yet still incomplete models. The model trying to find a scientific answer to
the philosophical question posed in Goethe’s Faust is the Standard Model of parti-
cle physics. This model describes the interaction and structure of matter based on
experimental observations and their implications. It is extremely successful in de-
scribing subatomic phenomena within the boundaries of the field of experimental
particle physics. However, as mentioned, being a model, it is incomplete and not a
theory of everything since it is not able to describe observations mainly coming from
cosmology. Nowadays, a problem of the Standard Model is not the lack of compet-
ing models but rather the lack of uncharted areas where it breaks down and physics
beyond the Standard Model could be found within the context of particle physics.

There are two possible approaches to reach out to these new uncharted areas.
The high energy approach used by experiments at the Large Hadron Collider at
CERN, reaches such high energies that the direct production of exotic heavy parti-
cles is possible. Studying these particles gives insight in the structure of matter in
general. The other approach are high precision measurements which try to find in-
direct signatures of physics beyond the Standard Model. These effects could emerge
as new particles in intermediate steps of decays. One of the most promising exper-
iments of this frontier is the Belle II experiment located in Tsukuba, Japan. This ex-
periment specializes on the measurement of events related to the decay of B mesons
produced in a e*e -collider experiment operated mostly on the Y(4S)-resonance
center-of-mass energy allowing the direct production of B meson pairs in a clean
experimental environment. It is a rather new experiment and only started collect-
ing data in 2019 and will continue to do so until 2035 when it is expected to have
recorded a total integrated luminosity of [ £dt =50 ab~ .

Recent measurements in the last years showed intriguing discrepancies between
the prediction of the Standard Model and experimental observations in particle de-
cays undergoing a b — s/ transition. These flavor changing neutral currents cannot
occur directly according to the Standard Model but only as higher order transitions
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involving heavy bosons resulting in a high suppression of these decays compared
to direct (tree level) transitions. Therefore, effects arising from physics beyond the
Standard Model or new physics contributions could be measured and identified.
However, due to the highly suppressed branching ratio of these b — s¢{ decays,
the signal yield is very small and background events dominate, unless sophisticated
background suppressions are applied. Furthermore, the remaining background has
to be treated with care. Previous studies relied on simulation to determine the back-
ground contribution. However, this strategy only works with good modeling and is
therefore prone to errors.

This thesis is divided into three separate parts. The first part presents the the-
oretical background needed to understand the underlying processes of this thesis.
Also, the experimental setup and methods which will be used throughout the thesis
will be introduced.

The second part will focus on the analysis of the angular distributions of the
B — K*/¢¢ decays with ¢ = e, u as they became a matter of interest in the past years
due to the discrepancies found between the Standard Model prediction and mea-
surements done at CERN, which might hint to physics beyond the Standard Model.
This part will present the developed workflow to perform such an analysis of this an-
gular distribution at Belle II. For this, the Long Shutdown 1 dataset (2019 to 2022) of
Belle II with a total integrated luminosity of [ Lig1 dt = 364 fb~! alongside Monte-
Carlo generated data with f Lyvcdt =4- f L1 dt is used. This workflow includes
the applications of new strategies like using neural networks for classification and
modeling of the detector response function to perform such an angular analysis.
Furthermore, a rather new technique called sWeights is used and studied in order
to obtain a clean signal shape in the angular distributions without relying on sim-
ulation to determine the background contribution. Finally, the complete workflow
will be tested and studied on simulation as well as real data provided by the Belle II
collaboration.

There will be an additional part in the appendix providing the documentation of
the software which is developed for the pixel detector of Belle II (PXD) to find single
event upsets (SEU) during online data taking. The PXD is the innermost detector of
the Belle II experiment. Due to its closeness to the collision region of the experiment
it has to withstand high radiation rates and ionizing particles. These particles can
cause a random bit status change in the detector (SEU) stopping the detector from
working as designed. Identifying these SEUs as soon as possible is therefore crucial
for ensuring that the detector works as expected. Originally, these SEUs had to be
found by the operator responsible for monitoring the detector while data taking and
it will be shown that not all SEUs were found by them as soon as they showed up.
This developed software will therefore increase the quality of Belle II data in the
future.
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Chapter 2

Theoretical Foundations

All models are wrong, but some are
useful.

George Box

2.1 The Standard Model

The Standard Model (SM) is the result of decades of measurements, discoveries and
predictions. It is the widely accepted theory of particle physics. The fundamental
idea of the SM is that everything is made out of particles with no internal structure.
Mathematically it is formulated as a gauge theory.

2.1.1 Particles of the Standard Model

The particles of the SM can be separated by their spin (s) in categories of fermions
(matter particles; s = 1/2) and bosons (force particles; s = 0,1). The fermions can
be considered as the building blocks of nature which can interact with each other
by the exchange of three interacting-particles carrying the strong, weak and electro-
magnetic force. These forces are described by the gauge theory which links internal
symmetries of the interacting particles to conserved charges.

The particles of the SM are depicted in Fig. 2.1. Fermions are colored in purple
and green while bosons are indicated by red and yellow. Fermions themselves are
further divided into leptons (green) and quarks (purple). Each of them appear in
three generations of tuples, where in each tuple, both partners differ by one unit of
electric charge!. Quarks can be further categorized in up-type (u, c, t quarks) and
down-type (d, s, b quarks) particles. While quarks can interact with the electromag-
netic (photon), strong (gluon) and weak (W and Z) force, leptons can only interact
with the weak force, and the electromagnetic force if the lepton itself carries an elec-
tric charge.

2.1.2 The Electromagnetic Interaction

The interaction of fermions with the photon is based on the principles of the U(1)
gauge symmetry and field theory. This U(1) group is based on the idea that the laws

10ur everyday world consists almost exclusively of 1st generation fermions. u and d quarks to-
gether form protons and neutrons (strong interaction) which can combine to heavier atoms alongside
electrons (electromagnetic interaction).
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mass - =2.3 MeV/c? =1.275 GeV/c? =173.07 GeV/c? 0 =126 GeV/c?
charge - 2/3 u 2/3 C 2/3 t 0 ; 0 H
spin > 1/2 y 1/2 g 1/2 1 9 0
Higgs
up charm top gluon boson
=4.8 MeV/c? =95 MeV/c? =4.18 GeV/c? 0
/3 d 113 S 113 b 0 )
112 /~ 1/2 172 > 1 y
down strange bottom photon
<2.2 eVic? <0.17 MeV/c? <15.5 MeV/c? 80.4 GeV/c?
0 0 0 +1
1/2 .l)e 1/2 .l)p 1/2 .I)T 1 W
electron muon tau
neutrino neutrino neutrino W boson
W 0.511 MeV/c? 105.7 MeV/c? 1.777 GeV/c? 91.2 GeV/c?
< | -1 -1 -1 0 )
\\’, ‘ 1/2 e 1/2 }l 1/2 T 1 ;
electron muon tau Z boson

FIGURE 2.1: Particles of the SM. The three generations of leptons and

quarks make up the fermions. The gauge boson are the force particles.

The Higgs boson breaks the electroweak symmetry giving particles
their mass [1].

of physics are independent on the choice of the local phase of the quantum field. The
scalar field Lagrangian can be written as:

L = (D'p)"(Dyyp) — m*p'yp — iFva’” (2.1)

where ¢(x) is the wave function of a fermion with the mass m, A,(x) is a gauge
field, F,, is the field strength tensor and D,y = (9,4 + igA,1p). This is a locally
gauge invariant quantity under the simultaneous transformations

P(x) — Oy (x) and A, = A, — ;ayG(x). (2.2)

As a result, the transformation (D*¢)*(D,,p) — (D*¢)" (D) + O(6?) is locally
invariant. Furthermore, A, can be identified as the electromagnetical 4-potential.

2.1.3 Weak Interaction

The Lagrangian for two sorts of different fermions, each with a mass m, can be writ-
ten as

_ 1
L=Y(ivy"Dy —m)¥ — EGHVGW (2.3)
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with

w:@ and  ¥=(f g) 2.4)

and 7y being a Dirac y-matrix. This Lagrangian is gauge invariant under a local
SU(2) transformation

¥ o200y and ¥ e 20 (2.5)

with o = (O'x,O'y, 0-) being the Pauli matrices. As a result, the Noether currents
arise from this symmetry. In this theory, the conserved charge-like quantity is the
weak isospin T = [d®x¥74¥. Furthermore, the interaction of three W particles
(their isospin charge is one unit each) is possible in a gauge theory with local SU(2)
symmetry. In contrast, the photon itself carries no electromagnetic charge and, as a
result, direct photon-photon interactions are not possible.

2.1.4 Electroweak Interaction

Both the electromagnetic U(1) and the weak SU(2) field theory can be unified to
form the so-called electroweak interaction. This was done by Glashow in 1968 [2].

SU2)eUu(l)y (2.6)

L represents the left handedness of the fermions. In general, this handedness can be
obtained by using projectors:

Y =P = %(1 —Y5) (2.7)

Pr=Pr= (1 +73)p 28)

where ¢ is the fermionic field, 5 = iy97y17273 with ; being a Dirac y-matrix. The
photon interacts with particles regardless of their handedness, while the weak in-
teractions with the W and Z bosons only interact with left handed particles. Conse-
quently, the weak isospin T, which relates the electrically charged part of the weak
interaction, is zero for right handed particles.

U(1) is the symmetry group of the weak hypercharge Y, which is defined by the

formula: y
Q=T+ > (2.9)

This equation relates the electric charge Q of the particle to the third component of
the weak isospin T; and the hypercharge Y. The charged W+ boson carry T3 = =+1,
as a result they allow transitions between left handed up- and down-type particles.

Shortly after the Big Bang, the Universe was more symmetrical. The lepton fields
are experiencing an internal SU(2) @ U(1) symmetry. Leptons and their neutrinos
were massless. Once the Universe cooled down to a temperature of below 10°K a
symmetry breaking phase transition took place.

SU2), @ U(1)y 25 U(1)em (2.10)

Eq. 2.10 shows this spontaneous symmetry breaking (SSB) which is introduced by
the Higgs mechanism. Due to this mechanism, the originally massless gauge bosons
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mix into the massless v and the heavy weak mediators Z and W=. This also causes
the fermions to have a mass [3].

2.1.5 Quantum Chromo Dynamics

The strong interaction is described by the local symmetry gauge group SU(3). The
boson mediating this strong force is the gluon. The color charge which arises from
the symmetry of this group is conserved in strong interactions. Both quarks and
these gluons carry a color charge, and hence they participate in strong interactions
only with each other. Since the gluons themselves carry color charge, they are also
able to interact with each other. The self-interacting of this gauge field provides an
explanation of the asymptotic freedom. The color charge becomes stronger at larger
distances allowing the gauge field to decay into a pair of gluons.

2.1.6 Quantum Numbers

The SM combines the electromagnetic and weak force with the electroweak inter-
action described by the Glashow-Weinberg-Salam model (GWS) and the Quantum
Chromo Dynamics (QCD) which describes the interactions of the strong force [2] [4].

SU(3)c ® SU(2), ® U(1)y (2.11)

In the SM, left- and right handed fermionic particles are arranged into doublet
and singlet states of the weak isospin for the weak interaction, respectively. The
quantum numbers of the fermions in the SM are listed in Tab. 2.1.

TABLE 2.1: Quantum numbers of the fermions within the SM. T is the

weak isospin with T3 being its third component. Y is the hypercharge

and Q the charge. The subscript L stands for left handed and R for
right handed. Anti-particles are not shown in this table.

| Generation | Quantum Numbers
Field | (1) @) @ 'T T Y Q
0, | u/ c/ t/ | 1/ +1/2 1/3 +2/3
Quarks | d L S L b L | —1/2 —1/3
Ug : Ur CR tr : 0 0 +4/3 +2/3
,,,,,,, Dry dr_ sk br 0 0 —2/3 —1/3
Ve vy ve) ooy +1/2 0
Leptons Li | (e)L <y>L (T)L | /2 -1/2 1 -1
Er ! eR UR TR 1 0 0 -2 -1
2.1.7 Charged Currents in the Quark Sector
e

FIGURE 2.2: Feynman diagrams for weak transitions between gener-
ations.
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Fig. 2.2 shows the Feynman diagram for the flavor transition between gener-
ations of quarks. This is only possible with the exchange of a charged W boson.
As mentioned before, transitions from up- to down-type particles and vice versa are
possible. Conventionally, the transition is described for the down-type particles. The
flavor eigenstates, which are a superposition of the mass eigenstates, are tagged with
a prime (e.g. d’). Cabibbo introduced this principle for two generations of quarks in
1963 [5] and it was expanded to three generations ten years later by Kobayashi and
Maskawa [6] resulting in the so-called CKM matrix

Vud Vus Vub
Verm = | Vo Vs Vi (2.12)
Vie Vis Va
which describes the transition as
d d’ d
s =|s| =Vcxu | s ) (2.13)
b 4
weak mass

The CKM matrix is complex and, in order to conserve probability, it is con-
structed to be unitary.? It can be fully described by three mixing angles and one
complex phase, resulting in a total of four free parameters. The entries of the CKM
matrix (V;;) appear at each charged current vertex. The indices i and j represent the
flavors of the corresponding quarks. The complex-conjugated elements Vi account
for the couplings in C’P-conjugated processes. The complex phase leads to the rela-
tion

Vi # Vi (2.14)

among the elements with i # j. This relation is the only known mechanism which
leads to CP violation [7] [8].
For all generations i, j, the unitarity of the CKM matrix can also be expressed by

Y ViVi=0p and ) VyVii= o (2.15)
i j

When this relation is given, it can be visualized as triangles in the complex plane. It
is common to use the triangle constructed by the following relation

VudV;b + VCdVCE + thVt’g =65 =0 (2.16)

since almost all elements can be determined by measurements related to B decays.
By dividing each side of this equation by the experimentally best known term V4,V
the so-called Unitarity Triangle can be constructed. The three angles of the triangle
are defined as

ViaVy, )
a =P, = ar - 2.17
VoV >
=®, =arg | — cb 2.18
p ! 8 ( ViaVy, (218)

2If this 3 x 3 matrix is a sub-matrix (i.e. there are more than three quark generations) then the CKM
matrix would not be unitary.
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_ _ _VudVJb
v =®3 =arg ( VeV, > (2.19)
1-5 1T T 1 | 1T T 1 | IO l B T T 1 1T T 1
: excluded area has CL > 0.95 : %} 1
i Y % ]
1.0 — : A —
B 5 8 Amy & Amg ]
- sin2f ' ]
0.5 — E _]
- a AR
- €y /@\\ -
e Y - P —
Y Z b
: |Vub| o
-05 — | —
1.0 - Y i 4
B % i sol. w/cos 2B <0  —
- Summer 23 E (excl. at CL > 0.95) —
_1 .5 i £ L | I I | | | I I | | | I | | | I | | | N I | i
-1.0 -0.5 0.0 0.5 1.0 1.5 2.0

p

FIGURE 2.3: Latest constraints of the unitarity triangle provided by

the CKM fitter group [9]. The parameter €k is determined by mea-

suring the amount of C’P violation observed in the mixing of neutral

kaons. Amg and Am; describe the oscillation frequency of the B and
B meson, respectively.

The latest constraints of these angles are depicted in Fig. 2.3. Here, the unitarity
triangle is shown in the p77 plane with
. Vid V*b
0+ if] = ————="- (2.20)
T T,
The flavor transitions within one generation in the CKM matrix are represented
by the diagonal elements of the CKM matrix. These magnitudes are close to one.
Non-diagonal entries are much smaller in comparison.

0974 0225 0.003
Vij| ~ 0225 0.973 0.041 (2.21)
0.009 0.040 0.999
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As a result, some flavor changing transitions are suppressed by the CKM mecha-
nism. For example, the quark transitions b — c and b — u have both very small
CKM elements (see Egs. 2.12 and 2.21) which leads directly to the long lifetime of B
mesons® [9].

2.1.8 Flavor Changing Neutral Currents

’ MZ
W= =7 W
Dou,ct \“
b S h—»——» 5

(@) (b)

FIGURE 2.4: (a) This flavor changing neutral current is forbidden

within the SM. (b) allowed Feynman diagram for flavor changing

neutral currents within the SM. This decay is highly suppressed due
to the higher order.

In the SM, flavor changing neutral currents (FCNC) are forbidden at tree level,
as depicted in Fig. 2.4a according to the GIM (Glashow-Iliopoulos-Maiani) mecha-
nism. One could imagine that the K meson (5 and d quarks) decays electroweak to
two u as depicted in Fig. 2.5. However, this decay is extremely suppressed and, as
a consequence, the GIM mechanism was introduced. Without the GIM mechanism
this decay would have a branching fraction in the order of ~ 1073. However, an
upper limit of the branching fraction of only 2.1 - 1071 is determined [10].

s H
&’

d g

FIGURE 2.5: The decay K — pujfi is extremely suppressed and re-
sulted in the introduction of the GIM mechanism which forbids fla-
vor changing neutral currents on tree level in the SM.

The GIM mechanism was proposed at a time when only the three lightest quarks
(u,d,s) were discovered. However, this mechanism requires the existence of the
fourth quark (c). The prediction of the charm quark is therefore credited to Glashow,
lliopoulos and Maiani [11].4

However, these FCNC transitions can appear via higher order penguin or box
diagrams. An example for a FCNC penguin is given in Fig. 2.4b. For B mesons, the
most dominant decay mode is the b — c transition. The transition b — u is already
suppressed by a factor of Vu/v,, =~ 0.01 compared to the former mode. Thus, these
FCNCs are very rare compared to tree level decays, making them very well suited
for the search for physics Beyond the SM (BSM) which would not be masked by
a large SM contribution. Additionally, heavy particles can appear within the loop.

3A B meson contains one b anti-quark and one first generation quark.
A bit more context about the prediction of the fourth quark through the GIM mechanism can be
found in App. A.1.
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This enables indirect sensitivity for high energy scales where BSM could appear as
well.

2.1.9 Fermis Golden Rule

In first order, Fermis Golden Rule describes transition probabilities or decay rates
between the initial |i) and final |f) energy eigenstate of a quantum system according
to perturbation theory.

2 .
Tiny = 0| fIH'l) Po(Ey) 222)

In Eq. 2.22, (f|H'|i) is the matrix element of the perturbation H' between the final
and initial state and p(Ey) is the density of final states at an energy of Ey. Since decay
rates can be measured in experiments, they can be directly related to the matrix
element.

2.1.10 Effective Hamiltonian

This thesis will study the decay of B mesons. Due to the underlying mediators, these
decays take place at variety of energy scales. The energy scale of the electroweak
force is set by the mass of the heavy W and Z bosons. The interaction distance is
inversely proportional to the mass of its propagator. For hadronization, the energy
scale lies in the order of dx o 1/m,. Simultaneous calculations of decay amplitudes in
several energy scales are rather complicated in theoretical frameworks. As a result,
long distance processes are separated from short distance processes, which can be
computed by the use of perturbation techniques. The result is an effective theory
where the heavy field gets integrated out. This leaves the hadronic field separated.

A(M — F) = (F [Hepr| M) = \[ EVCKMC ) (F|Oi(u)| M) (2.23)

Eq. 2.23 shows the calculation of the matrix element for the quark transition from
state M to F. In this equation, H, £f is the effective Hamiltonian for this transition,
Gr is the Fermi constant, Vi, is the CKM matrix element of this transition and
is the renormalization scale. C;(u) is the so-called Wilson coefficient which contains
the short distance effects. The long distance effects are described within the O;(u)
operators which are handled by non-perturbative theory. These coefficients can be
calculated with the effects of BSM included. Therefore, they are of high interest in
the search for BSM since the predictions of the SM can be studied with high precision
and one can differentiate the impact between BSM scenarios.

2.1.11 Effective Hamiltonian for the b — s¢/ Transition

The b — s process can take place via an electromagnetic, gluonic and weak penguin
and box diagrams. The effective Hamiltonian is then given by the operator product
expansion for one-loop processes by:

4G
Hepr = — \;vfbvtszlc Oi() (2.24)
1=

In this equation, V;, is the CKM matrix element according to this transition.
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TABLE 2.2: Wilson coefficient and their corresponding process. The
corresponding Feynman diagrams are depicted in Fig. 2.6

Wilson Coefficient Operator Process
O1 current-current
Os3_¢ Penguin
07 Electromagnetic
Og Chromomagnetic
O9 Vector component of the electroweak penguin
O1o Axial vector component of the electroweak penguin
u,c q
b d,s b q
01 2 0376
u,c s, d
(@) (b)
i 8
b b
Oz Os
s, d s, d
(© (d
4
b ?
D910
s, d

()

FIGURE 2.6: The underlying processes of the Wilson operators with

a b quark in the initial state. (a) represents the underlying processes

of O1,, (b) of Oz_¢, (c) of Oy, (d) of Og and (e) of Og 19, depicted as
Feynman diagrams.

The Wilson coefficients are described in Tab. 2.2 and the underlying process is
depicted as Feynman diagrams in Fig. 2.6. At a leading order, only the operators Oy,
Oy and 01 contribute in the b — s¢/¢ transition.

Oy §agyv (msPL + mbPR) b, F" (2.25)

~ 1672

o2

o
" 16

Say" PLbaloy,l (2.26)
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2
e _
O = 167%7”&%@;17% (2.27)

In these equations the Wilson coefficients for left handed operators are shown. Here,
« is the color index, e is the electromagnetic coupling constant, P;, and Pr are the
projection operators 1/2(1 — s5) and 1/2(1 + 7s), respectively and o' = [y*,v"].
Furthermore, the fields for a strange quark, a bottom quark, and a lepton are repre-
sented by s, b and /¢, respectively. Finally, F/* is the electromagnetic field strength
tensor. To obtain the Wilson coefficient for the right handed operators, denoted as
07, Of, and O}, Pr and Pg need to be exchanged with each other.

2.2 The Differential Decay Rate

For the B — K*// decay, three Feynman diagrams contribute to the amplitude in
the lowest order. These three diagrams are depicted in Figs. 2.7a to 2.7c. They con-
tain two penguin diagrams exchanging a Z boson or 7 (Figs. 2.7a, 2.7b) and a box
diagram with a W boson loop (Fig. 2.7c) [12]. Figs. 2.7d and 2.7e show processes
which are not part of the SM. In Fig. 2.7d a super-symmetric charged Higgs and
in Fig. 2.7e a leptoquark occurs to suppress or enlarge the amplitude of the decay.
These changes in the amplitude could be measured in an experiment paving the way
for BSM.

221 The B — K*/¢ Decay Topology

BSM could not only change the amplitude of the decay, short distance interaction
would also be noticeable in a change of the angular distribution. To achieve this, the
decay needs to be described by independent kinematic variables. In this thesis, the
decay of B mesons will be analyzed. These mesons consist of a b and a first genera-
tion quark and can undergo the B — K*(— Krr)¢¢ decay with ¢ = e, y. In order to
describe this decay completely, five variables are sufficient. The most popular choice
is > = Mﬁg, Mk and three angles cos 0y, cos 0x and ¢, which are shown in Fig. 2.8.
In this thesis, the angle 6, is defined as the angle between the direction of the lepton
0" (£7) and the direction of the B (B) meson in the rest frame of the dilepton system.
The angle 6k is defined as the angle between the direction of the kaon K (K) and
the direction of the B (B) meson in the rest frame of the K* meson. The angle ¢ is
defined as the angle between the planes created by the dilepton system (¢/) and the

dihadron system (K7) in the rest frame of the B meson [12].

In the following equations, pﬁf ) is the direction of the momentum of particle « in

the rest frame of particle or system S resulting in for both the B’ and B* (containing
b quark) in:

cost = (p)" ) - (o, ) = (o) - (—p5 ) (2.28)

cos g = (P%K*)) . (pgﬁ)) = (pg(*)) . (—pg(*)> (2.29)

The angle ¢ is calculated by:

cosg = (pi? < pi®) - (& x 5 (2.30)
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FIGURE 2.7: Feynman diagrams (a) and (b) show penguin and (c) a

box process for the decay B? — K*0¢* ¢~ within the SM. (d) shows a

scenario outside of the SM. Charged Higgs are replacing the W boson

loop. (e) shows the same process but the boson of the interaction is a

leptoquark. This particle is also not part of the SM. In order to obtain

the Bt — K*T¢*{~ Feynman diagram, the spectator d quark has to
be replaced by a u quark.
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FIGURE 2.8: Definition of the observables for the decay B — K*/¥.

sing = [ (52 x o™ ) x (i < )| - 5 (2.31)
With B° or B~ particles (containing a b quark), these equations will change to:
cos0p = (p(" ) (p2 ) = (B2 ) - (—p5 ) (2:32)
cost = (p ) - (A1) = (k) - (=p5) (2.33)
cosgp = (pi" x i) - (o x b (234)
sing = | (pi” < i) < (p x p%) | - 9 (2.35)

2.2.2 The Differential Decay Rate for B — K*¢/

Since the lifetime of the K* is in the order of 1 x 1072*s [13], only the daughters of
the K* — K can be detected. By measuring the angle between these daughters,
information about the polarization of the mother particle can be gained. To obtain
the differential decay rate of the B — K*// channel, one has to square the matrix ele-
ment, sum over all spins of the final state particles (K7t/¢) and restrict the kinematics
of the four-body decay. A detailed description of this method can be found in [14].
Due to the low expected available number of events the S-wave contribution of from
the K*(892) will not be included. As a result, the variable Mg, will be considered as
a fixed value and the number of variables to describe the decay fully goes down to
four. The result is the following equation:

dir 9
dcosfyd cosOx dpdg? 327

I (qZI 96/ 91(/ (P) (236)

with
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I (qz, 00,0k, ¢) = (I3 sin? Ok + If cos? O
+ (I3 sin? Ok + I§ cos® Ok ) cos 26,
+ I3 sin® Ok sin® 8¢ cos 2¢
+ I4 sin 20k sin 26, cos ¢
+ I5 sin 20k sin 6, cos ¢ (2.37)
+ I sin® Ok cos B,
+ I7 sin 20k sin By sin ¢
+ Ig sin 20k sin 20, sin ¢
+1Io sin® Ok sin 6, sin 2¢)) .

In Eq. 2.37, IZ.(“) are angular coefficients as functions of 4> and they are written in
terms of the K* transversity amplitudes [14]. An advantage of this notation is that the

angular variables are separated from the q* dependencies. All these coefficients i(a)
are complete physical observables and contain the full information obtained from
the experimental measurements. Since they are functions of the Wilson coefficients,
short-distance effects are contained within them and BSM can influence them di-
rectly. The definitions used in Eq. 2.37 are only valid for the decay B® — K*0¢¢. The
corresponding expression for the CP conjugated decay B® — K*0// is:

diT 9

_ 7 (A2
d cos 0,d cos Ox dpdg? 327r1 (q 01,9k, ¢) (2.38)

The function I (42,6, 6, ¢) can be obtained from Eq. 2.37 by using the following
modifications [14]:
11(?2),3,4,7 — 11(?2),3,4,7 and 15(76),8,9 = _15(?6),8,9 (2.39)
The resulting differential decay rate after combining Eqgs. 2.36 and 2.38 for the mea-
surements of B? and B? is:
d*(T+7T)
d cos 6,d cos O d¢dg?

9 2 _
= on Z (I + L) fi (cos 8y, cos bk, p) (2.40)
i=1

For this thesis, all measurements will be conducted for averaged CP quantities
only. The CP averaged Ii(”)

asymmetric C’P ones.

terms are called S; for the symmetric and A; for the

(a) | y(a)
L+ I
s\ = m (2.41)
(a) _ (a)
a Ii — Ii

2.2.3 Definition of Related Observables

In an angular measurement of B — K*/¢/, three variables are often used. These three

variables are the forward-backward asymmetry Arg, the longitudinal polarization

of the K* F; and the transverse polarization asymmetry A(T2 ), They are defined as:
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3 I 3
App=--—0 =2 24
PP 4T 4L d 2:43)
P =55=5-1 (2.44)
£+ 45
21 25
AP =8 o 228 2.4
T "4 1-F 245

In order to cancel out as many theoretical hadronic uncertainties on I i(a) as possible,
a different set of combinations are used as observables. In particular, the functions
P! defined as follows are considered to be mostly free from form-factor uncertainties

[14].

S i=4,5,7,8
/ ]=432,7,
§— 2-46
i=4,5,6,8 F (1 F ) ( )

224 Reducing the Number of Observables

In principle, it is already possible to determine all S; observables experimentally
by fitting the probability density function (PDF; Sec. 4.1.1) to data. However, with
extremely rare B decays, the signal yield is often very low and the fit would be very
unstable. It is therefore necessary to reduce the number of observables by integrating
over one or two angles, and to only consider the projection of the differential decay
rate of the remaining angle. The equations for the possible projections are then:

1 dr 3 3
T dcostdr — aft (L —cos"0e) + (1 F) (1+cos"6) + A 247
ITdcosfdg? 4" (1—cos™6,) + 3 ( 1) (14 cos”6;) + Appcosfy, (2.47)

1 d’r 3 ) 3 )
TdcosOx dg? EFL cos” g + 1 (1—F) (1 —cos”bk), (2.48)
1 d°T 1 1 2) _
Tdgdg? — 2m <1 T3 (1—F) A" cos2¢ + App s1n4>> , (2.49)
with Ay, defined as:
_ b
A = I€ + 413 (2.50)

2.2.5 Improving the Statistical Sensitivity

The complete differential decay rate of B — K*/¢ with CP averaged observables
can be obtained by using the definitions from above and from reference [14]. The
resulting equation is [15]:
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! d'r _2 §(1—1f)sinZe + F; cos® @
dI'/dq? d cos 6,d cos O dpdq? ~ 327 | 4 k KoL K
1
+ 1 (1-F) sin? O cos 26,

— F; cos? 0 cos 26,

+ S5 sin® Ok sin? 6, cos 2¢

+ S45in 20k sin 26, cos ¢ (2.51)
+ Ss sin 20k sin 0y cos ¢

+ Sq sin? Ok cos B,

+ S7sin 20k sin 6, sin ¢

+ Sg sin 20k sin 26, sin ¢

+Sg sin? O sin® B, sin 2¢]

There are a total of eight free parameters. All of them can be determined by a di-
rect fit to data. For Belle II, the expected statistic is not sufficient enough to perform
an eight-dimensional fit to the data, as of now. To enhance statistical sensitivity,
a transformation technique will be applied. This will decrease the number of di-
mensions thereby, improving the statistical sensitivity. A detailed description of this
transformation can be found in reference [16] and [17]. The basic idea is to apply a
transformation to certain regions in the three-dimensional angular space and to then
exploit the symmetries of cosine and sine, canceling out terms in the equation. The
result is a reduction of the free parameters in the fit without the negative effect of
losing experimental sensitivity. After applying the following transformations to the
dataset, it is possible to be independently sensitive to the observable of interest:

¢ — —¢ for¢p <0

P;,S4:¢ ¢—>m—¢ forb, > m/2 (2.52)
0y —>m—0, for6, > m/2

P5, 55 : { 0, > m—0, forb, > /2 (2.53)
p—>mT—¢ for ¢ > /2

P,S7:¢ ¢— —m—¢ forp<—m/2 (2.54)
0, — m—0, for6, > 7t/2
p—mT—¢ for ¢ > /2

fe ) 9= —m—¢ forgp < —m/2

Pg, Sg : 0k — m—0x for6, > /2 (2.55)
0, — m—0, for6, > t/2

Using these transformations, all terms of Eq. 2.51 vanish except for the first five

and the corresponding S; and Pj’ term. As a consequence, the number of free param-
eters for each transformed decay rate is reduced to three. Namely, F;, S3 and one of
the observables corresponding to the transformation S45,7 8 or Pi,5,6,8 [18].

Since this thesis will focus on the variable of Pé, only the transformation accord-
ing to Eq. 2.53 will be applied. First ¢ is transformed with ¢ — —¢ for ¢ < 0. This
will transform Eq. 2.51 to:
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! d'r _ §(1—1f)sinze) + Fy cos® @
dI'/dgq? d cos 6,d cos O dpdq® 167 |4 k KoL K
1
+ 1 (1-Fp) sin? O cos 26,

— F; cos? 0 cos 26, (2.56)
+ S5 sin? Ok sin? 6, cos 2¢

+ S45in 20k sin 26, cos ¢

+ S5 sin 20k sin 6, cos ¢

+S4 sin® Ok cos 95]

Next, 0, will be folded following 6, — 7 — 6,, which, together with Eq. 2.46, will
finally lead to:

! d'r _2 §(1—F ) sin® Ok + Fy, cos® @
dI'/dq? d cos 6,d cos Oxdpdq? ~ 87 |4 b KoL K
1
+ 1(1 — Fr) sin® 0 cos 260,

— F; cos? O cos 26, (2.57)

+ S5 sin? Ok sin? O, cos 2¢

+ /FL(1 — F.) P, sin 26k sin 6, cos ¢

Studies concerning the improvement of statistical sensitivity of this transforma-
tion were performed with data created by the workflow presented in this thesis and
the results of these studies can be found in [19].

2.3 Recent Measurements

Measurements by LHCb ignited interest in the variable P.. This experiment was the
first to provide a full angular measurement in all three angles. As a result, they were

able to extract the variables Arg, F;, Agg), A%e, S3, Sg and Ag [12]. In 2013, LHCb

extracted P, 5 , s together with F; and A(T2 )in a different analysis of the same dataset.

This analysis was performed in six bins of 4> [16]. Among the 24 measurements, one
anomaly was found. This 3.6 ¢ deviation from the SM became to be known as the P;
anomaly in the g2-region 4.30 GeV%/c* < ¢* < 8.68 GeV?/c%.

Since then, the P! variable was measured by multiple experiments. In 2016, the
Belle collaboration conducted a P analysis with a dataset corresponding to a total
integrated luminosity of f Lpaedt = 711 fb~!. The results are shown in Fig. 2.9.
The measured value of Pf were in agreement with the previously found anomaly by
LHCb. However, due to the small number of measured signal decays, the errors of
the Belle measurement were quite large.

The most recent and precise measurement was done by CMS in 2024. Using
an integrated luminosity of 140 fb ™! of proton-proton collisions of the 2015 to 2018
dataset at centre-of-mass energies of 13 TeV. Their study confirmed a previously
found deviation between the predicted and measured Pf variable. This result can be
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FIGURE 2.9: Measurement of the P} variable as a function of % per-
formed by Belle [20], compared to SM calculations from DHMYV [21]
and LQCD [22].

found in Fig. 2.10 [23]. A collection of the previous measurements done by ATLAS
[24], LHCb [25], CMS [23] and Belle [26] can be found in Fig. 2.11.
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of ; :
-0.5 } —+ {
-1F .
: 11l ‘ L1 1 ‘ 111 ‘ 11l ‘ | L1 1 I -
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FIGURE 2.10: Most recent measurements of the P, variable done by
CMS [23]. This plot also shows the flavio [27] and EOS [28] SM pre-
diction.

2.4 Physics Beyond the Standard Model

Despite the great success of the SM at the electroweak scale, it is not a complete
theory and therefore it is not able to explain all phenomena observed. As a result, it
is considered to be an approximation of a more general theory at this scale.
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FIGURE 2.11: Most recent measurements of the Pé variable. Results
are from Atlas [24], LHCDb [25], CMS [23] and Belle [26].

The SM consists of a total of 19 free parameters which are listed in Tab. 2.3. Those
parameters are determined by experiment. In a global all-encompassing theory, it
would be ideal to derive measurable constants directly from theoretical predictions.

TABLE 2.3: The 19 free parameters of the SM

Parameters Amount
Quark Masses 6
Lepton Masses®
Mixing Angles of the CKM Matrix
CP-Violating Phase
Gauge Coupling Constants
QCD Vacuum Angle
Higgs Vacuum Expectation Value
Higgs Mass

_ 0 = W W

Furthermore, the largest discrepancies between SM predictions and observed
values arise in cosmology. The most popular examples are dark matter and dark
energy. Observations of galactic rotation curves have revealed that galaxies rotate
faster than expected based on their visible matter content, suggesting that they are
not in gravitational equilibrium. One possible explanation is that the masses of
galaxies are far greater than the visible mass.® As a consequence, an unknown form
of gravitationally acting matter was introduced called dark matter. This matter does
not interact with the electromagnetic force and is therefore not visible to us. Ob-
served effects of (for example) gravitational lensing in collisions of galaxies support
the theory of dark matter.

5The neutrinos also must have masses since neutrino flavor oscillation can be observed.
6 Another possible explanation is Modified Newtonian Dynamics (MOND). This theory modifies the
way gravitation behaves on large scales.
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Through the observations of supernovae as standard candles, the acceleration
of the expansion of the universe can be determined and is found to be increasing.”
Therefore, an additional form of energy is hypothesized, which could explain the
accelerated expansion of the universe. Experiments show that more than 95% of the
energy in the universe consists of this dark matter and dark energy [29]. The SM
does not provide a possible particle candidate for these phenomena.

Another unexplained phenomenon is the imbalance between the amount of mat-
ter and anti-matter found in the universe. According to the SM, after the Big Bang,
an equal amount of matter and anti-matter would have been produced. However,
no significant amount of naturally occurring anti-matter has been found in the uni-
verse. Only a small fraction of this discrepancies can be explained by C’P violation.

An unsatisfying aspect of the SM is the fine-tuning. This is more an aesthetic
problem than a physical one, but it still leaves a lot of physicists displeased. The
problem is that higher order loop contributions are divergent. As a result, according
to theory, the Higgs boson has to have an infinite mass. However, the Higgs mass
was determined to be relatively low by experiment. Within the SM, this mass can
only be finite by fine-tuning the tree-level and loop-contributions.

Obviously, the SM is not able to explain all of these phenomena and BSM is
needed. The effective approach, as presented in this thesis, is one of the more
promising approaches. It is not necessary to know exactly how BSM contributions
are affecting the processes as long as it is possible to determine the differences in the
measured Wilson coefficients compared to the SM.

7 A universe containing only gravitationally attracted matter would have a decreasing acceleration
of its expansion.






25

Chapter 3

Experimental Setup at Belle 11

God help us, we're in the hands of
engineers.

Jeff Goldblum, Jurassic Park (1993)

SuperKEKB is a two-ring, asymmetric, electron-positron collider, located at KEK
(High Energy Accelerator Research Organization) in Tsukuba, Japan. The electrons are
accelerated to an energy of 7GeV and the positrons to 4 GeV, respectively, hence
the term asymmetric. The center-of-mass energy is about /s = 10.58 GeV, which is
close to the mass of the Y (4S)(bb) resonance, which is above the B meson production
threshold. This meson decays, almost exclusively, via two B mesons. For this reason
SuperKEKB is also called B-factory. These B mesons decay further and their decay
products can be detected by the Belle II detector in order to study the properties of
the mother B meson. Since the electrons and positrons annihilate and only a Y(45)
is created, the events detected by Belle II are very clean, meaning that there are only
a handful of final state particles in each event. Also, since the inertial momenta
and energies are known, it is possible to perform precise studies on decays with a
neutrino in the final state.!

In this chapter, the experimental setup at the Belle II experiment will be pre-
sented. It will start with a brief introduction to the SuperKEKB accelerator. Then the
detector will be described, starting with the innermost subdetector up to the outer-
most. Finally, there will also be a brief introduction to the simulated Monte Carlo
and recorded datasets provided by Belle II.

3.1 SuperKEKB

The SuperKEKB accelerator is an upgraded version of the KEKB collider at the same
facility. Between 1998 and 2010, KEKB was operating as a B-factory. During its time,
KEKB achieved an instantaneous luminosity of £ = 2.11 x 10** cm~2s~! which was
a world record for its time. After more than ten years of operation, KEKB was dis-
continued, to be upgraded to SuperKEKB [30].

In Fig. 3.1 the schematic layout of the SuperKEKB accelerator is shown. The
source of the electron beam is at the low emittance gun. Here, the electrons are emit-
ted and are then accelerated in a linear particle accelerator. After the second linac
stage, the electrons hit a positron production target, where the positrons are created.

1t is not possible to detect neutrinos with Belle II directly. However, knowing the initial momenta
and energies and reconstructing all of the final state particles, the neutrino must carry the missing
energy of the event.
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FIGURE 3.1: Schematic representation of the SuperKEKB collider [31].

Afterwards, there are more accelerating stages before the two beams are finally in-
jected into their independent storage rings, high-energy ring for the electrons and
low-energy ring for the positrons, respectively. Both of these rings have a circumfer-
ence of about 3km. The beams are brought to collision in the center of the Belle II
detector. This point of collision is also called interaction region (IR) or interaction point
(IP).

One of the main upgrades of SuperKEKB compared to KEKB is, that a smaller
beam energy asymmetry is used. The advantage of this is that higher beam currents
and better focusing magnets can be used which will ultimately lead to a luminosity
30 times higher than previously [32]. The difference between the beam energies
also enables the study of C'P violation in B mesons. This can only be done when
the boost of these mesons is high and their position and tracks close to the IP is
measured which opens the door to time dependent measurements. The Lorentz
boost at SuperKEKB can be calculated by:

_ EHer — ELER o 7GeV — 4GeV
Pr=""% T T1058Gev

= 0.284 (3.1)

This boost can be brought in relation with the distance the particle travels in the time
frame At:
Az = cByAt (3.2)

Using this relation, alongside a spatial point resolution of the Belle II detector in the
order of ~ 10 pm will enable time dependent measurements.
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Another goal of SuperKEKB is to reach an integrated luminosity of [ L£dt =
50ab ! by 2035. For the sake of clarification, the concept of luminosity will be de-
scribed with more detail in the next section.

3.1.1 Luminosity

The instantaneous luminosity £ is an indicator for the performance of a collider.
Knowing £ and the cross-section o, it is possible to estimate the expected rate of
events per seconds by calculating:

dN

This rate can only be increased for a given process by increasing the luminosity since
the cross-section is a constant provided by nature. The instantaneous luminosity in
a storage ring such as SuperKEKB can be calculated by:

£ = NeNetfe o (3.4)

dmnoyoy

With oy and 0 being the horizontal and vertical size of the beam assuming a Gaus-
sian profile. N,- (N,+) is the number of electrons (positrons) in each bunch. Due
to the way particles are accelerated in an accelerator, the particles do not form a
continuous beam but are chopped in bunches. f, is the average crossing rate with
fe = n - f;, where n is the number of bunches and f; is the revolution frequency. S is
a correction factor which takes geometrical effects linked to the finite cross-section
and bunch length into account [33]. By increasing the number of bunches and the
number of particles within each bunch, SuperKEKB is able to double the luminos-
ity compared to KEKB. In addition to that, the size of the interaction region of Su-
perKEKB is reduced to one fifteenth the size of KEKB, resulting in a vertical beam
size of just 0, ~ 80 nm, which is depicted in Fig. 3.2b. As a consequence, the lumi-
nosity will be increased 30-fold [32] [34] [35]. The current status of the integrated
luminosity at Belle II will be described in more detail in Sec. 3.11.

KEKB SuperKEKB

1um

,m . f 100 um 1 um§\ floo m
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() (b)

FIGURE 3.2: The beam crossing of KEKB in (a) and SuperKEKB in (b)
[36].

3.2 The Coordinate System at Belle II

For the sake of clarification, the coordinate system at Belle II will be discussed briefly.
This coordinate system is sketched in Fig. 3.3. The z-axis is aligned with the direction
of the magnetic field and will be referred to as the forward direction. The electrons
and positrons are moving in opposite directions along the z-axis with a small angle
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FIGURE 3.3: The coordinate system at Belle II. The y-axis is point-
ing towards the viewer. The angle between the electron and positron
beam is 0 = 4.75° [37].

of 475°/2. The x-axis points to outside of the SuperKEKB storage rings and the y-axis
to the top of the experiment.

3.3 The Belle II Detector

Belle II is an upgraded version of the Belle detector, which was a solid-angle mag-
netic spectrometer located at the interaction region of KEKB. A sketch of the Belle II
detector is shown in Fig. 3.4. In the following sections, each sub-detector of Belle II
will be presented and described briefly, starting from the innermost to the outermost
sub-detector.

Pixel Detector (PXD)

Silicon Vertex Detector ( SVD)

Central Drift Chamber (CDC)

Top counter (TOP)
Aerogel RICH counter (ARICH)

Electromagnetic Calorimeter (ECL)

K° /Muon Detector (KLM)

FIGURE 3.4: The Belle II detector with its subdetectors [38].

3.4 Vertex Detector

The vertex detectors (VXD), which consists of the pixel vertex detector (PXD) and
the silicon vertex detector (SVD), are the innermost sub-detectors of Belle II. They
are able to make precise measurements of the particle tracks close to the interaction
region. This enables the reconstruction of decay vertices of long-lived particles by
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determining the distance and spatial resolution of the first measured hit and the
effect of multiple scattering. A sketch of the VXD can be found in Fig. 3.5.

SVD

PXD

FIGURE 3.5: Sketch of the vertex detectors. The innermost sub-
detector (PXD) is surrounded by the silicon-vertex detector (SVD).
[39]

3.4.1 Pixel Vertex Detector

Since the PXD is a topic of discussion in the appendix (Ch. L), this sub-detector will
be described with a bit more detail.

The main purpose of the PXD is to determine the spatial position of the decay
vertices of B and D mesons and the T lepton. To achieve this, the Depleted P-channel
Field-Effect Transistor (DePFET) technology is used, which allows very thin (= 50 pm)
sensors. Additionally, due to the proximity of the PXD to the interaction region, it
has to withstand a high radiation caused by the QED background [34] [40]. This
high radiation can cause random bit status flips while taking data, so-called Single
Event Upsets (SEUs). These random changes in a state, stop the PXD from working
as expected. Therefore, a way has to be found to identify these SEUs and recover
the bit status. Ch. L will provide more details about these glitches and how to detect
them.

A sketch of the PXD with two complete layers can be found in Fig. 3.6a. The
inner layer consists of eight planar sensors (ladders) at a radius of 14 mm. Each of
these ladders has a width of 15mm and an effective length of 90mm. The outer
layer, at a radius of 22 mm, is made of 12 ladders of the same kind. The single hit
spatial resolution of the PXD is determined to be about 10 pm [34]. It is important
to note, that before the first long shutdown of Belle II (2019 to 2022), only two of
the 12 outer ladders were installed due to production issues.> During the first long
shutdown in 2022 to 2024, a new and complete PXD (called PXD2) was installed in
Belle II.

2 A sketch of this installed PXD is depicted in Fig. B.1.
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FIGURE 3.6: (a) Sketch of the complete PXD detector [41]. (b) Illustra-
tion of the DePFET technology used in the PXD [42].

DePFET

DePFET is a concept for semiconductor detectors combining detection and amplifi-
cation in a single device. It was developed in 1987 by J. Kemmer and G. Lutz of the
MPI for Physics in Munich [34].

A cross-section of a pixel with this concept in shown in Fig. 3.6b. The main
material of a DePFET cell is fully depleted silicon. Within this silicon substrate,
depleted by a high negative voltage, a p-channel MOSFET (metal oxide semiconductor
field effect transistor) or a JFET (junction field effect transistor) is integrated. Both field
effect transistors act as a first pre-amplification.

Whenever an ionizing particle hits the detector, electron-hole pairs are created,
which are separated by the potential field of the sidewards depletion. The holes
propagate to the back contact and the electrons are accumulated in the potential
minimum, called the internal gate. The DePFET concept has the advantage that the
amplification of the signal happens right above the position of its generation. As a
result, lateral charge transfer where losses occur are avoided. However, the most
important feature is the low noise performance of the DePFET concept even at room
temperature. This is a result of the very small capacitance of the internal gate.

At Belle II, these DePFET pixels are 75um thick and vary in size between 50 x
50 um? up to 50 x 85um?. Each module consists of 250 x 768 pixels and each ladder
of the PXD is made out of two modules. A complete read out of all pixels takes 20 ps
with a dead time of only 100ns and the detector covers a polar angle of 17° < 6 <
150°.

3.4.2 Silicon Vertex Detector

The SVD is a four layered, doubled-sided strip detector of six-inch wafers surround-
ing the PXD. Due to cost it is not possible to cover this volume of detector with the
DePFET technology. A sketch of the SVD can be seen in Fig. 3.5. Similar to the PXD,
it covers the same 6 polar angle. Also, the fundamental working principle is similar.
Whenever a particle travels through the sensors, it creates electron-hole pairs along
its path by ionization. These pairs are separated and produce a signal, which can be
measured. As a result, the path which the particle took, can be reconstructed [34].
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3.5 Central Drift Chamber

The central Drift Chamber (CDC) surrounds the SVD. The volume of the CDC is
filled with a 50 % helium and a 50 % ethane gas mixture. The detector itself consists
of 14 366 sense wires arranged in 56 layers, alternating between a stereo and an axial
arrangement as depicted in Fig. 3.7. In addition to these sense wires, there are 42 240
aluminum field wires, which create an electric field in order to separate electron-ion
pairs that are created when a charged particles loses energy due to ionization while
passing through the CDC. One task of the CDC is to reconstruct the momenta and
tracks of charged particles [34]. The polar angle coverage of the CDC is the same as
for the VXD (17° < 6 < 150°).

- 1200 mm +

+— 250 mm —>

(b) ()

FIGURE 3.7: (a) Cross-section of a small fraction of the CDC. Each dot

represents a wire. In addition, the separation of the different super-

layers are indicated by the green lines. The axial and stereo arrange-
ment is depicted in (b) and (c), respectively [43].

3.6 Particle Identification Detectors

In order to improve the particle identification, two additional detectors are installed,
the Time-Of-Propagation (TOP) and the Aerogel Ring-Imaging Cherenkov detector
(ARICH).

When the velocity of a charged particle § is higher than the speed of light within
this medium c,, = </n with n being the refractive index, Cherenkov light is emitted
in a cone around the direction of the particle momentum. The angle 0¢ of this light
to the particle momentum can be calculated by [44]:

=
np
The working principle of the TOP detector can be seen in Fig. 3.8a. The emitted

Cherenkov light is reflected within the crystal until it reaches the photon detectors
at the end. The photons are then focused by mirrors and are finally detected by

cos(0¢c) = (3.5)
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FIGURE 3.8: (a) Operating mode of a TOP and (b) of the ARICH
detector. Kaons and pions can be distinguished by measuring the
Cherenkov angle [34].

Microchannel-Plate Photo Multiplier (MCP-PMTs). By measuring the time differ-
ence of these photons, the position of transit of the charged particle can be deter-
mined. Depending on the angle of the photons, different MCP-PMTs are hit and the
original angle can be determined [34].

The ARICH on the other hand is a close proximity Ring-Imaging Cherenkov de-
tector. The Cherenkov photons escape the first medium and are then detected by a
photo detector which is placed 20 cm behind it. The Cherenkov angle of these pho-
tons can then be determined by reconstructing the ring created by them.

While the TOP is located in the barrel region, the ARICH is located in the forward
end-cap region of the Belle II detector.

3.7 Electromagnetic Calorimeter

The main task of the Electromagnetic Calorimeter (ECL) is the detection of photons,
and charged particles alongside their energy and angular coordinates with high effi-
ciency. The detector itself can be divided in three regions. One barrel region and two
end-cap regions, resulting in a total of 6624 + 2 - 2112 = 10 848 Thallium doped Ce-
sium iodide CsI(TI) crystal elements, each with a length of about 30 cm correspond-
ing to about 16.1 radiation lengths X for photons and electrons. These crystals are
all read out individually by photodiodes [34].

High energetic electrons (positrons), pions and photons produce electromag-
netic showers in the scintillating crystals by creating bremsstrahlung and under-
going pair-production. The higher the energy of the incoming particle the larger
the shower becomes which can spread across several crystals. Using algorithms, the
measured energy of each crystal can be combined and the initial energy of the in-
coming particle can then be reconstructed. The ECL covers a polar angle of 12.4° <
§ < 155.1° [32]. Electrons (positrons), photons and pions are completely stopped
by the ECL while muons and neutral kaons can pass it depositing only a fraction of
their energy.

3.8 KY and Muon Detector

Since both the K and the muon pass through the ECL without getting stopped,
an additional detector has to surround the ECL. This K% and muon detector (KLM)
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consists of an alternating sandwich structure of 4.7 cm thick iron plates and resistive
plate chambers in between [32].

K% and muons create clusters in both ECL and the KLM. However, since muons
are charged, they create tracks in the CDC and they can therefore be distinguished
from the neutral K?.

3.9 Particle Identification

Before an analysis can start, one must be able to reconstruct the particle type. How-
ever, it is not possible to calculate the rest-mass of particles by individual detectors.
Instead, first individual hits in the detectors are combined to tracks. Then the mo-
mentum and the energy of the particle can be determined by precise measurements
of the momentum and rest-mass under a particle hypothesis. Using information like
the energy loss in the CDC (dE/dx), particle discrimination information from TOP
and ARICH and cluster size and position in the ECL with corresponding KLM clus-
ters, it is possible for the particle identification system (PID) to assign probabilities
to each measured track to be an electron, muon, kaon and pion. In order to separate
different particle hypotheses, likelihood ratios are introduced with:

I L,
[T LL+TT Eiﬁ

with [T; £i being the likelihood for a particle kind « in detector component i.

PID, vs p = (3.6)

3.10 Trigger System and Data Acquisition

In Tab. 3.1, the cross sections and trigger rates for some physical processes at a lumi-
nosity of £ = 6 x 10%° cm~2s~! are shown.

TABLE 3.1: Cross-section and trigger rate for a luminosity of £ = 6 x
10%° cm~2 s~ ! at Belle I [34]. The numbers are adjusted to correspond
to the current instantaneous luminosity goal of Belle II.

Physics Process Cross-Section [nb] Rate [Hz]
Y (4S) — BB 1.2 720
Hadron Production from Continuum 2.8 1650
utu~ 0.8 480
Tt~ 0.8 480
Bhabha (6, > 17°) 44 2603
YYiab > 17° 2.4 143
27 Process (01, > 17°, pr > 0.1GeV) ~ 80 ~ 11200
Total ~ 130 ~ 15000

In order to handle these high rates, a multilayer hierarchy trigger system is
needed. Each subdetector provides trigger information from the corresponding sub-
detector to the global decision logic (GDL). This global trigger then decides whether
or not the event should be written out [34]. It fulfills the following conditions:

3Due to their distinct signatures it is possible to pre-scale these very high cross sections by a factor
of 100
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0. high efficiency for continuum and hadronic events from Y(4S) — BB
1. a peak average trigger rate of 30 kHz

a stable latency of 5 s

a timing resolution of less then 10ns

a minimum two-event separation of 200 ns

AR

a robust and flexible trigger configuration

Once the GDL decided that the event should be stored, the data acquisition sys-
tem (DAQ) reads out the detector signals. Starting with the front-end electronics, the
DAQ passes the signals through multiple layers of data processing before writing it
to the storage system [34].

3.11 Data on Tape

Belle II started data taking in 2019 with the goal to collect a total integrated luminos-
ity of about 50 ab~! by 2035. This schedule is depicted in Fig. 3.9. The majority of
this integrated luminosity will be taken at a center-of-mass energy corresponding to
the mass of the Y(4S) [45].
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FIGURE 3.9: Goal of the integrated and peak luminosity of Belle II
[45].

In this thesis, data collected up to July 2022 is analyzed. This data set corre-
sponds to a total integrated luminosity of 426.86 fb™! including 364.41 fb~! of on-
resonance data. More details about the collected data, also called Long Shutdown 1
(LS1) dataset 5, can be seen in Tab. 3.2 and Fig. 3.10. For the analysis of this thesis
only good runs are taken into account. As a result, the integrated luminosity of the
dataset for this analysis is f L1s1 dt = 364 bl

4The first large data taking phase took place from 2019 to 2022, followed by a shutdown in order
to upgrade and repair parts of the detector. Hence the name Long Shutdown 1 dataset.

5During 2024, Belle II started to continue collecting data. Fig. B.2 shows the most recent collected
(integrated) luminosities.
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TABLE 3.2: Integrated luminosities recorded by Belle II during LS1.
These integrated luminosities do not include bad runs [46].

Center-of-Mass Energy

Integrated Luminosity [fb ']

Y (4S) 364.41 + 1.64
Y(4S)Offres 42.64 +0.20
Y (45)scan 0.079 4 0.001
Y (55)scan 19.73 +0.12

Total 4269+ 1.7
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FIGURE 3.10: Total (integrated) luminosity at Belle II. This luminosity
also includes all center-of-mass energies at Belle I and bad data runs
which will not be used for analysis [45].

3.12 Monte Carlo Data

Total integrated luminosity [fb~1]

A large portion of this thesis, will be done using simulated data, also called Monte
Carlo (MC) data. This MC data will help to test and establish analysis procedures in
order to improve them with real data. The software packages to generate these MC
data are EvtGen [47] and PYTHIA [48]. These software packages simulate the decay
chain and determine the final state particles. After this, another package, called
PHOTOS [49], calculates the final state radiation. Finally, the detector response is
simulated by the software package GEANT4 (Geometry and Tracking) [50].
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3.12.1 Generic Monte Carlo

In order to study the backgrounds, all possible b — g transitions are simulated with
their corresponding branching ratio. Depending on the spectator quark of the B
meson, there are two kinds of generic MC: charged (efe~ — B*B™) and mixed
(e*e~ — BYBY) MC. In addition to these generic MC, generic continuum (e*e~ — g7
with g = u,d, s, c) and tau-pair (eTe~ — 7T) MC are also provided.

There are two major subsets of these background MC samples, run-independent
(ri) and run-dependent (rd) MC. rd MC has the exact detector setup simulation which
was present when the data was recorded. This means, that if, for example, some
subdetector was partially deactivated during a run then the same conditions were
created during the simulation. Belle II provides four streams of independently cre-
ated rd MC data sets. On the other hand, during the creation of ri MC, the exact
configurations of the detector conditions are not taken into account. Resulting in
slightly less realistic MC samples which are easier to generate. There are 1ab™' of
generic ri continuum and tau-pair MC and 3ab ™! of generic mixed and charged
MC. The Monte Carlo iteration used in this thesis is MC15. More information can be
found in Tab. 3.3.

3.12.2 Signal Monte Carlo

Since the B — K*{/ decays are very rare, it is crucial for the analysis that way more
than the expected amount of these signal events are generated and provided for
analysis. For that reason, Belle II provides for each of the possible signal processes
B — K*¢¢ 10 million events, generated in the same manner as i MC. A summary of
all the available data used in this thesis is shown in Tab. 3.3.

TABLE 3.3: Signal and generic MC with the underlying process and
the amount of available MC data. 4 Streams corresponds to four times

the total integrated luminosity on tape ([ L4 streams df = 4 - 364 b 1).

. Name Process Amountrd Amount ri
Signal . mixed BY — K (0 =e,p) / 107 events
,,,,,, ! _charged | BT - K™l(t=epu) /107 events
. mixed ete” — Y(4S) — B°B" 4 Streams 3ab !
Generic . charged | ete” — Y(4S) — BTB~ 4 Streams 3ab !
: continuum ete™ — wil, dd, s5, cc 4 Streams lab~!
| tau-pair efe” > 1T 4 Streams lab™?

3.13 Skims

As already mentioned, Belle II will take a lot of data. However, for an analyst it
is not feasible to process every recorded event during the analysis since this would
take a lot of time and consume a lot of resources. For this reason, the collaboration
provides centrally produced preselected datasets in order to reduce their file size
while keeping relevant events. These so-called skimmed datasets are provided for
both data on tape and MC data [51]. This analysis will use a skim called 12160200
(B — X{¢ (no LFV)). More information about this skim can be found in Tab. 6.2 in
Sec. 6.5.
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Chapter 4

Analysis Tools

Before enlightenment:
Chop wood, carry water
After enlightenment:
Chop wood, carry water.

Zen Koan

This chapter will start with a brief overview about the concept of probability.
After this, the fundamentals of correlation and how to find them will be introduced.
It will conclude with the description of some parameter estimation techniques that
used throughout this thesis and a brief introduction to the metric which is chosen to
analyze the neural network classifiers (see Ch. 5).

4.1 A Brief Introduction to Probability

Three axioms form the foundation of probability. Let P(E) be the probability of an
event E and () be a sample space of all possible events.
The first axiom states that the probability is a non-negative real number.

PeR,P(E)y>0 VEeP(Q) 4.1)

The second axiom states that from everything possible at least one thing will

occur.
POQ) =1 (4.2)

This axiom is sometimes referred to as the unitarity of probabilistic theory.

The third axiom states that if the individual probabilities of A and B are inde-
pendent of each other then the probability that either A or B will happen is the sum
of both probabilities [52].

P(AUB) = P(A) +P(B) if ANB=0 4.3)

These three axioms describe how probabilities behave and should be handled. How-
ever, they do not describe how the probabilities are obtained in the first place. Basi-
cally, there are two complementary different approaches: Bayesian and frequentist.

Frequentist Approach

The definition of a probability according to the frequentists is that if there are n dis-
tinguishable events, while none of them is preferred over one the other, and an event
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can be realized in each one of them, and there are k realizations with the attribute A,
then the probability for the appearance of A is:

P(A) = - (4.4)

This definition of probability seems circular but often there are underlying symme-
tries which allow this kind of definition. In all other cases, the empirical definition
of probability is chosen: If the attribute A is carried by k of n observations, then the
probability for the presence of A is

.k
Again, one could argue that it is impossible to reach the limes of infinity. However,
this probability often converges fast to a specific value in practical situations. A
major disadvantage of the frequentist approach is that for example it fails to answer
simple questions like: Will it rain tomorrow? since there is only one tomorrow and
the exact event can not be repeated.

Bayesian Approach

Another popular definition of probability is based on the Bayesian approach. The
Bayesian definition of probability is the degree to which one believes that attribute
A will occur in an observation.! The belief in a hypothesis is expressed by a prior
probability, which is updated as new and relevant data become available. This
Bayesian definition of probability approaches the Frequentists empirical definition
in the limes of infinite number of observations. The advantage of the Bayesian ap-
proach is that it still can give a probability to occurrences even if there is no under-
lying symmetry and no way of repeating the event. Another powerful feature of the
Bayesian approach is Bayes theorem:

P(AIB) = P(B|A) - 7;((2,‘)) (4.6)

This equation gives the probability for the occurrence of A under the condition that
B happened (A given B).

To know how to handle probabilities, especially Bayes theorem, is very impor-
tant in the realms of particle physics.? With its help, it is possible to determine the
probability of observing a signal event in a given data set.

The probability P(signal|data) can be determined with the help of simulated
data. As described in Sec. 3.12, the mixture of signal and background is known in
a Monte Carlo data set. The ultimate objective is to draw conclusions about the
probability for a signal event considering the measured data P(signal|data). This
can easily be done using Bayes theorem and a correct prior probability.

1A common analogy of the Bayesian method is how much of your money are you willing to bet on
the occurrence of attribute A in an observation.

2Despite the success of the Bayesian approach, this statistical method to give probabilities, and
therefore weight to evidence, is blocked in UK courts (Regina v. T.). It is argued that the subjectivity
is often misunderstood and it is difficult to present Bayesian arguments in a way that everyone can
understand them [53].
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4.1.1 Probability Distribution

For a given discrete random variable n, each individual possible value of # is assigned
with a probability.
P(n) = P({n}) (47)

0.09 T T T T T T T 0.09
0.08 | 0.08 |
0.07 | 0.07 |
0.06 | 0.06 |
E 0.05

& 0.04f

—~ 0.05F
ke

= 0.04F
0.03 0.03 |
0.02 | 0.02 |

0.01F 0.01 |

0.00
0

0.00
0

() (b)

FIGURE 4.1: Example for a probability distribution of a discrete vari-
able # (a) and a continuous variable x (b).

An example of a discrete probability distribution is shown in Fig. 4.1a. Given
a continuous variable, Eq. 4.7 needs to be modified since the probability of each
individual value is zero (P({x}) = 0). In this case, a so-called probability density
function (PDF) is used to properly describe the probability content of an interval
with x; < x < x»
dpr X2
dP(x) = f(x) with Py <x<xp) = / f(x)dx. (4.8)
dx X1
As a consequence, the PDF is a non-negative and normalized function.

f(x)>0 and /_if(x) dx =1 (4.9)

In physics it is more common to encounter so-called continuous variables like the
reconstructed mass or lifetime of a particle. An example for a distribution with a
continuous variable x can be found in Fig. 4.1b.

The expected value or mean (IE) of a PDF is defined as:

Efx] = (x) — [ T Xf(x) dx (4.10)
For a constant a, E = (ax) = a (x) is fulfilled. The variance of x is defined as:
Vix] = ((x = (1))%) = () = (x)* = E[(x — (x))?] (4.11)

The standard deviation of x is expressed by the square root of the variance.

0x = /V[x] = \/{(x— (1))?) (4.12)
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Eqgs. 4.8 to 4.12 can be modified to describe n random variables in m dimensions [54],
resulting in the following PDF

d"P(xq,..., %)
dxq,...,dx,

— f(x1,...,%,)  and P(E):/Ef(xl,...,xn)d”x (4.13)

with the expected value

(xi) = Elxj] = /Oo Xif(x1,..., %) dxq ... dxy, (4.14)
and the variance
Vx| = /(xi — (X)) f(x1, ..., %) dxq ... dxy. (4.15)

Furthermore, given two random variables x; and x;, the covariance between them
can be calculated with

= [ )y ) e x) e O

This covariance matrix will be important later in the analysis to estimate the error
dependencies among the fit variables.

4.2 Correlations

An important aspect to keep in mind when fitting multidimensional PDFs are cor-
relations since these fits will only deliver meaningful results when the underlying
correlations of its variables are understood and treated correctly.

4.2.1 Linear Correlation / Pearson’s Correlation Coefficient

The most common variant of a correlation is called linear correlation. It describes
the correlation between two features of the same dataset. The coefficient r describing
this correlation is called Pearson’s correlation coefficient.

i (% —7) 417)

\/Zl (x; — %) \/ZN . —2

1Y 1Y
X = N Z;xj and 7= N Zy]- (4.18)
j= i=j

with

where x and y are the two features of the dataset with N entries and ¥ and 7 are the
arithmetic means. By construction, r can only take values within [—1, 1]. This range
indicates the correlation between both variables. r = 1 corresponds to a strong cor-
relation, r = —1 to a strong anti-correlation and » = 0 to no correlation. An example
for r ~ 0.9 can be found in Fig. 4.2a. This strong correlation is also visualized in
Fig. 4.2b. Here, a cut on variable x; is applied, as a consequence, the shape of vari-
able y; changes. Therefore, as expected, both variables are correlated. However,
Pearson’s correlation coefficient has its disadvantages since it is not able to find all
non-linear correlations. This can be seen in Figs. 4.3a and 4.4a. Both examples have



4.2. Correlations 41

a linear correlation coefficient of » ~ 0 indicating that there is no correlation between
the variables x; and y, and x3 and y3, according to Pearson’s coefficient. Despite that,
Fig. 4.3b shows that the shape of x, depends on the values of y,. As a consequence,
these two variables are correlated. In Fig. 4.4b the shape of x3 is independent of y3.
Therefore, both of these variables are truly uncorrelated. These examples show the
weakness of the linear correlation coefficient. Especially for maximum likelihood
fits (Sec. 4.3), it can be crucial to find and treat variables with correlations correctly.
The method used to find these non-linear correlations will be presented with more
detail in the next sections.
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FIGURE 4.2: Distributions of correlations between two observables.

(a) The linear correlation has been calculated to be r ~ 0.9. In (b) a

cut on y; results in a different distribution in x;. Both variables are
correlated.

4.2.2 Flat Distributions

It can be advantageous to transform a non-discrete distribution x to a flat distribu-
tion x¢. This advantage is obvious if x has large tails and one wants to perform a
histogram division. Due to statistical fluctuations, it is possible that some bins are
left empty. Using a flat distribution, all bins are filled with the same number of en-
tries and divisions by zero do not occur.

The easiest way to create a flat distribution is to change the binning in such a
way that each bin contains the average of N/ny;s entries, with N being the size of
the data set and ny,,s the number of bins. The value of the bin edges can be chosen
by calculating percentiles of x in order to prevent numerical instabilities.

Another way is to transform each value x; of the dataset in such a way that the
resulting distribution is flat (x — x¢). This is done by transforming the initial distri-
bution of the data set with its Cumulative Distribution Function (CDF). In the case
of an unknown CDF, it can be approximated by creating a histogram hoig with 1pins

bins. Each bin i is filled with n?ﬁg events. After this, the bin content of the new
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FIGURE 4.3: Distributions of correlations between two observables.
(a) The linear correlation has been calculated to be r ~ 0.0 indicating
that there is no correlation. However, a cut on y, results in a different
distribution in x,. This can be seen in (b). Both variables are corre-

lated.
1500
1250 o
[
08
+ 1000 2
c 0.6 ©
3 750 >
o
O s00 04 E
250 02 Y
00 cumulative
1.0 0.5 0.0
3
2
(%]
1
(]
—
0 -
C
Ll
-1
=2
-3
2000 1500 1000 500 0
count
(@) (b)

FIGURE 4.4: Distributions of correlations between two observables.

(a) The linear correlation has been calculated to be r =~ 0.0. In (b) a cut

on y3 does not change the distribution in x3. Both variables are truly
uncorrelated.

CDF histogram hcpr can be calculated by successively adding up all the previous
bin contents to each bin

1=
CDF __ orig
n =g Z X; (4.19)
j=1
with i = 1,2,...,npips. In general, the normalization for hcpr is 1/N. However,

it can be useful to chose a different normalization like 100/n in order to extract the
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percentiles of x. The CDF can then be estimated by performing a spline fit (Sec. 4.3.4)
on the values of hcpp.® The flat distribution can be obtained by transforming xf =
CDF(x). This procedure is demonstrated in Fig. 4.5.
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FIGURE 4.5: Flattening of a distribution with its CDF. On the left the

original distribution can be seen. The red line is a spline fit performed

over the CDF of the distribution. About 10% of this distribution is in

the interval between zero and the vertical red line. Another ~ 10%

are between the vertical red and the vertical orange line and so on.
The resulting flattened distribution is shown on the right.

4.2.3 Finding Correlations

An important aspect is to find correlations between two variables x and y in a dataset
with N entries. This can be done by transforming both variables to their correspond-
ing flat distribution xf and 3. To study the correlation between both of these vari-
ables, a n x n histogram H with equal bin size can be constructed. In the case of
an uncorrelated dataset, the scattered distribution is expected to be uniform across
the two dimensional plane. Therefore, one expects that each bin of the histogram is
filled with nex, = N/n2. If the condition neyp 2 25 is fulfilled, the statistical error of
each bin can be estimated with the Poisson error 0y, = v/ N/n?. Using this average,
a x? test-statistic can be calculated:

n n P 2
=y (n”az—nexf’) (4.20)

with n;j being the bin content of the histogram H(i,j). A x* distribution with n? —
(2n — 1) degrees of freedom * describes the probability p that the two distributions

3The spline fits for the examples above can be found in the appendix in Figs. C.1 (Line), Fig. C.2
(Circle) and Fig. C.3 (2D Gaussian).

4One degree of freedom is removed due to the constraints for the number of events in each
row /column during the flat transformation.
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FIGURE 4.6: Flattened distributions for the variables (x1, y1) ((a) line;
Fig. 4.2a), (x2, y2) ((b) circle; Fig. 4.3a) and (x3, y3) ((c) 2D Gaussian;
Fig. 4.4a).

are uncorrelated [55]. This procedure is shown for three examples in Figs. 4.6a (line),
4.6b (circle) and 4.6¢ (two dimensional Gaussian). The resulting flat distribution can
be seen in Fig. 4.7.

The expected yield 7.y, in these plots is indicated by the green color. The color
axis is in units of the standard deviation ¢ with respect to the statistical error oy, .
Bins colored in red contain more events then one would expect if both variables are
uncorrelated. The opposite is true for the blue bins. Here, less entries then expected
are filled in the bins. Using this method, it is possible to decide if both variables are
correlated or not. This technique will be used in multiple occasions throughout the
thesis.

4.3 Parameter Estimation

In physics, the true values of parameters of a physics problem are unknown. As
a consequence, the estimated value 4 of a set of parameters may be different by
statistical and systematical errors compared to the true values ay.
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FIGURE 4.7: Flat correlation distributions for the three examples with
the deviation from a flat expectation expressed in standard devia-
tions. (a) shows a linear correlation. In (b) a lot of entries with |o| > 5
can be observed. Indicating a strong correlation between both vari-
ables. In addition a structure can be seen. Furthermore, both, (a) and
(b), have a probability p of about 0. In (c) no entry has a high devia-
tion from the expected value. In addition to that, no structure can be
seen and p is quite high. As a result, x3 and y3 are considered uncor-
related.

Oftentimes, the measured data can be considered as a set of random variables
X. These variables follow a probability density function f(¥|ag). The goal of an
estimator process is to determine the underlying parameters @ and their errors. This
estimator process has to fulfill several criteria [56]:

Consistency: limy_,. 4 = ap
Unbiasedness: E[d] = ag
Efficiency: The variance of 4 must be as small as possible

Robustness: There must be no effect on 4 by wrong data or hypotheses

4.3.1 Maximum Likelihood Method

An example for this estimator process is the measurement and determination of the
mean value of the lifetime 7 of an atomic state. In general, the method of choice
is the so-called maximum likelihood method. In the context of a dataset following a
normal distribution, this method corresponds to the Xz-test. In a broader sense, the
goal of the maximum likelihood method is to select a set of parameters 0 = 0, ..., 0,
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for a sample of random variables x = Xy, ..., X, following a function f(x;|6). This
function is chosen to be a probability density function P (¥;|0) according to Sec. 4.1.1.
For all possible parameters of 6 it is positive and normalized within their boundaries
Q.

/Q P(RlO)dE=1 V6 421)

P(xi0) >0 (4.22)

The likelihood function L(X|0) of an ensemble of N independent data points is
the product of each data point’s probability.

n

L(Fy, ..., %l0) = [T f(%il6) (4.23)
i=1
The estimated parameters f are then chosen in such a way that the maximum likeli-
hood method maximizes L(X|6):

L(%,...,%|0) > L(%,...,%,00) V8 (4.24)

As a convention and for numerical stability in computational algorithms, the loga-
rithm of L(6) is calculated and its result is multiplied by —1. This function is then
minimized. In addition, it is possible that the data contains several categories, each
having an individual number of expected events and their own PDF. As a result, the
parameters are then obtained by extending the maximum likelihood fit:

n C C

L(0) =—1InL(0) = Z{ZNZ'PZ-(SC’]'\G)} -Y_N; (4.25)
j=1 li=1 i=1

Here, C is the number of categories, P; is the PDF of the ith category and Nj is the

number of signal events within the category.

4.3.2 zFit

A maximum likelihood fit will be used within this thesis to determine the observ-
ables from the angular distribution of the B — K*¢¢ decay. For this, the python
library called zFit will be used. This module is able to perform unbinned maximum
likelihood fits®, create plots and generate data following a provided PDF (toy Monte
Carlo samples). It was primarily designed as a particle physics data analysis toolkit
[57].

4.3.3 sWeights

Later on in this analysis, it will be necessary to extract the true signal shape from a
dataset containing both, signal and non-signal. This can be done with a statistical
technique called ;Plot. In a naive approach, after performing a fit to determine the
yields N; for all contributing PDFs f; on the discriminating variable y, one can define
the weight

Ny fu(ye)
P.ly,) = ——2LI 4.26
(y ) Z}lj;1 Nkfk(ye) ( )

5Tt is important to be an unbinned fit since the binning of an histogram has a strong impact on the
resulting observables. An unbinned fit circumvents this problem.
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for all events. With f;(y.) being the value taken by the PDFs f; for event e. These
PDFs are associated with a set of values y. for the set of discriminating variables.
Eq. 4.26 can then be used to build a histogram with the distribution M,, of the target
variable x by:

NuM,(%)6x = Y Pulye) (4.27)

eCox

Here, the right side of the equation sums over Nj, events with x, being the value
taken by the variables x for event e which is in the x-bin centered around ¥ that has
a total width of éx [58]. However, this naive approach has the disadvantage that the
PDFs of x enter implicitly in the definition of the weight. This can be avoided by
extending the method which is done by the sPlot technique. Here the sWeights are

defined as: N
Z:S Vn' i\Ye
spn(ye) - ;\]ql ]f](y )
Yo 1 Nifi(ve)

with the inverse of the covariance matrix V;; being defined as:

(4.28)

(4.29)

M= (T Nefi(e))?

Using Eq. 4.28 it is now possible to obtain a ;Plot histogram with:

vl — i fu(ye) fi(ve)

Nu sMu(2)6x =Y Pu(ve) (4.30)

eCox

This histogram reproduces on average the true distribution of the target variable
x [58]. The technique requires the discriminating and target variables to be uncor-
related. Otherwise, Eq. 4.30 is no longer valid and a more sophisticated approach
using a Monte Carlo simulation is needed to obtain the expected distribution.

An example for sWeights can be found in Fig. 4.8. Here, the uncorrelated vari-
ables M. and AE are used. A signal/background fit on the discriminating vari-
able My, (Fig. 4.8a) was performed to obtain the PDF model and yield. With this
model it is possible to compute the signal shape in the uncorrelated target variable
AE without determining the background contribution in this variable. The obtained
AE shape can be seen in Fig. 4.8d. The errors for the bin in this figure are calculated

by:
n
o= /) w? (4.31)
i=1

where w; is the signal component sWeight of the ith entry and # is the total number
of entries in the bin.

Unfortunately, the sWeight method has one disadvantage. It is not possible to
calculate the sWeights on an already weighted dataset. This is not a problem, as
long as the weights are uncorrelated to the target variables. In this case, the weights
can be applied after the fit and the sWeights can then calculated.

This technique is already implemented in the python library sPlot [59] which will
be used in the analysis in order to obtain the true shapes of the kinematic variables
describing the decay. It has the big advantage that the background contribution has
no longer be determined by simulation. It will be referenced to in this thesis as
sWeights.
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FIGURE 4.8: Example for sWeights method. (a) and (b) show the
background and signal events in the variables My, and AE, respec-
tively. The PDF model obtained from (a) is used to calculate the
sWeights shown in (c). Here, the sWeights components for signal and
background weights and their sum are shown as a function of My,.
Using the signal weights component it is possible to obtain the true
generated signal shape of AE shown in (d). The dataset was created
with a zfit PDF model.

4.3.4 B-Spline

The B-spline (basis spline) interpolation is a numerical technique of piece-wise poly-
nomial interpolation. The idea is to fit small degree polynomials to a small subset
of the available values instead of fitting a high degree polynomial to all the values.
These lower degree polynomials are combined at equidistant so-called knots. The
adjustable parameters are therefore the amount of knots and the degree of the poly-
nomials [60].

In Fig. 4.9, examples for spline fits are shown. The data in this example are cre-
ated by adding random noise to the values of f(x) = sin(x) (black points). The
purple line represents a line created by a B-spline fit with a smoothness s = 0. In
contrast, the red line is the result of a B-spline fit with a smoothness equal to the
number of available data points. As already mentioned, the technique of B-spline-
interpolation will be used throughout this thesis. It will be referred to as spline fit.

4.4 Analyzing Classifiers / Metrics

One of the most difficult tasks is to make decisions. This is also true in physics. An-
alysts have to decide which events are discarded and which will be used for further
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FIGURE 4.9: Example for spline interpolation with different amount
of smoothing s. The data points are created by adding random noise
to the values of the function f(x) = sinx.

analysis. Some ways which help to make these decisions will be introduced briefly
in the following sections.

4.4.1 Receiver Operating Characteristic

The receiver operating characteristic (ROC) is a method to rate and optimize analysis
strategies. The general idea is to choose a feature describing a property of the events
and a specific value (also called threshold). Everything on, for example, the right
side® of this threshold will be considered signal and everything on the other side
non-signal. This separation introduces four possible combinations which are listed
in the so-called confusion matrix in Tab. 4.1.

TABLE 4.1: Confusion matrix for classifiers.

True
1 0

Predicted 1| True Positive  False Positive
0 | False Negative True Negative

True signal events labeled as signal are considered as True Positive (TP). When
these true signal events are labeled as non-signal then this is the False Negatives (FN)
case. The non-signal events on the other hand can be label as non-signal (True Nega-
tive; TN) and signal (False Positive; FP) events, respectively.

The ROC curve itself shows the efficiency (€) vs. 1-background rejection (1 — 7).
The points on the curve are calculated by:

TP
€= TP I EN (4.32)
FP
= 4,
= IN+FP (4.33)

0f course this depends on the analyzed variable. It can also be the other way round
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Using these equations, it becomes obvious that the best case is reaching the point
(1,1) in the ROC. This is only possible if there are no False Negative and False Positive
events. However, this is often not possible since most of the time there is no feature
which separates signal from non-signal events perfectly. Therefore, first off, a way
has to be found to determine the best classifying feature, then the best threshold
value of a feature dividing signal from non-signal has to be found. Both of these
tasks can be solved using information of the ROC curve. The features can be ranked
by calculating the area under the curve (AUC) itself. As a rule of thumb, the larger
the AUC-value the better the feature works as a classifier. Finally, the threshold will
be determined by calculating the point on the ROC curve with the smallest distance
to the point (1,1). Of course, this is not the only way one can determine the threshold
as it depends heavily on the goal of the analysis. If a more pure sample is preferred
over a sample with a high efficiency, the threshold value should be adjusted accord-

ingly.

1.0 HEE True Negative e
False Negative

False Positive

| EEE True Positive
=== Threshold

0.8

0.6 [

0.2}

0.0

FIGURE 4.10: Example for ROC input is given. Once a threshold is
chosen everything on the right side of it will be considered signal.
Everything else would then not be included in further analysis.

An example for the threshold (pink line) and its effect on the input data is depicted
in Fig. 4.10. Here, signal and non-signal events are shown. A value for the threshold
is chosen and the four possible combinations mentioned in the confusion matrix are
colored in.

The corresponding ROC curve is shown in Fig. 4.11. Since the threshold does not
go through the point of the ROC with the closest distance (red point) to (1,1) (green
point), the value for the threshold is not optimized [61] [62].

Imbalanced Data

Another aspect one needs to consider is the balance between the number of signal
and non-signal events. Depending on the ratio a corresponding metric (Sec. 4.4)
needs to be chosen. In general, if the ratio is one or higher, the ROC curve is probably
the best classifier since both € and 7 are independent from each other, meaning that
adding more signal events won’t change the value of 7.

If the ratio is smaller than one (there are more non-signal than signal events) then
another metric called precision-recall curve (PRC) is probably the better choice. Recall
corresponds to the efficiency € and precision ¢ (also called purity) is defined by:
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FIGURE 4.11: ROC curve for the example in Fig. 4.10. The pink line
represents the threshold chosen in the former plot. Obviously, this
threshold is not the best one since there are points on the ROC curve
which are closer (red point) to the point (1,1) (green point). In this
case, the best threshold is at x = 0.0. The green arrows show the
effect of changing the threshold. The dashed line represents classifier
with no separation power. A variable with this kind of ROC curve is
not suitable to separate signal from non-signal.

fo TP
~ TP+FP

Precision is more focused on the positive class since it is not affected by large
numbers of negative samples. Similar to the ROC, the best feature and threshold

can be chosen by calculating the area under the curve and picking the one with the
highest value [63].

(4.34)

4.4.2 Figure of Merit

Another way to determine the best threshold is the so-called figure of merit (FOM)

which can be calculated by:
TP

M= T (439
A FOM curve can then be calculated just like the ROC curve. Features can be ranked
by calculating the maximum value of the FOM curve and the best threshold is then
determined by the position of this maximum in each feature. The advantage of the
FOM curve is that one can easily see the threshold in the FOM plot.

An example for a FOM plot is given in Fig. 4.12. This example uses the same data
and threshold as Fig. 4.10. In the FOM example the best threshold at x = 0 can be
read from the plot directly.

However, the FOM technique has a disadvantage. It can only be applied on a
dataset where the signal and non-signal relation is close to the expected in the ex-
periment. That being said, this can lead to problems when training a neural network
(Sec. 4.4.1) where far more than the expected signal is loaded for training. For this
reason, the ROC will be used as the metric of the classifying neural network.
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FIGURE 4.12: Example for a FOM curve. The maximum of the curve
is reached at x = 0.0. Therefore, the best threshold value would also

be at x = 0.0.
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Chapter 5

Introduction to Neural Networks

There are no shortcuts.
Everything is reps, reps, reps.

Arnold Schwarzenegger, Total Recall:
My Unbelievably True Life Story (2012)

Feed-Forward Neural Networks (from here on simply called neural networks)
are algorithms based on multiple (hidden) layers of highly interconnected neurons.
The structure of these networks are inspired by the biological brain of animals,
meaning, the neurons in a neural network mimic the way the neurons in a brain
pass signal to one another [65]. The learning process of a neural network is similar
to that of for example a human child.? In order to use neural networks, they need to
be trained (Deep Learning® in the case of a deep neural network) by feeding them in-
put data and providing the desired output. By adjusting the connections during the
training, the network will be able to provide a more and more accurate prediction
for each input. As a result, a neural network, for example, can be trained to recog-
nize and distinguish between a shoe, shirt, pants etc. (Classifying neural network).

Overall, neural networks are used in all areas of modern society, from trying to
predicting stock market movements, through predicting the demand of vegetables
in a grocery store in order to reduce food waste to deep learning based speech syn-
thesis and even generating digital pictures in any desired style [66]. In early 2023, a
chat bot called ChatGPT, developed by the company OpenAl, reached public inter-
est and sparked debates about how artificial intelligence will influence our daily life
[67]. Nowadays, it becomes more and more difficult to imagine a world without the
use of neural networks.

For the analysis of this thesis, neural networks based on TensorFlow 2.0 will be
used in two major use cases. First, a classifying neural network is developed in or-
der to distinguish between signal (B — K*£{) and non-signal (continuum, T-pair, self-
cross feed (a signal decay is present but the reconstruction failed), non-signal B-events)
events. In the next step, a neural network will approximate the detector response
function in order to correct for effects of the detector and reconstruction.

In contrast to Feed-Forward Neural Networks there are also Hopfield Neural Networks which
only consist of one layer of interconnected neurons in total. They are designed to store the information
from the training within the network’s connections itself [64].

2If the network really understands what it learned is a rather philosophical question. The same is
true for the art generation. The first training must be done with art created by humans. However, it is
also unlikely that a human will create art without ever seeing art by other humans in the first place.

3It’s called deep learning since it contains one or more hidden layers between the input and the
output layer. Therefore, it forms a complex structure. If a neural network only contains an input and
an output layer, it is called learning instead of deep learning.
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This chapter will start with a brief introduction to TensorFlow 2.0. After this,
the basic functionality of neural networks will be described starting with the fun-
damental structure and the mathematics behind it. Finally, some techniques will be
presented which can improve the performance of neural networks further.

5.1 About TensorFlow 2.0

TensorFlow 2.0 is a free open source end-to-end platform for machine learning de-
veloped by Google Brain. It was released in September 2019 as a successor of Ten-
sorFlow. Significant improvements included cross-compatibility and a major gain
in the computing performance on GPU (Graphics Processing Unit). The ecosystem of
tools and libraries provided by TensorFlow 2.0 are comprehensive and flexible and
therefore let researchers and developers easily build and deploy machine-learning
applications [68].

TensorFlow 2.0 supports a very user friendly application programming interface
(API) called Keras which is used in this thesis. This allows the direct use of the
Python language for neural networks.

5.2 Basic Functionality of Neural Networks

The fundamental functionality of a neural network has been known since the 1950s
described by Frank Rosenblatt [69]. The general working principle of neural net-
works is rather simple and will be discussed briefly in this section. First, the general
structure and then some mathematical basics will be sketched.

5.2.1 Structure of a Neural Network and Nodes

Neural networks consist of multiple (at least two) node layers (one input and one
output layer) as depicted in Fig. 5.1. These layers contain highly interconnected
nodes (also called neurons)*. Each node represents a mathematical function which
has one or more signal inputs. The incoming signal is then processed and an out-
put is produced which will be sent to every connected node of the next layer. The
connection between the nodes themselves each carry an individual weight. These
weights can be interpreted as the strength of the connection. Each node also carries
a bias which is a constant value that is added to the sum of all outputs. All in all, a
node can be interpreted as a model of linear regression consisting of input, weights
(the connection between the nodes) and bias following Eq. 5.1 with z being the value
of the node, w; the weight of the ith input connection and x; the ith input.

M

Il
—_

z =) w;x; + bias (5.1)

5.2.2 Activation Function

Before the value of a node is sent to the next layer, it is processed by an activation
function. These functions play a crucial role in introducing non-linearity into the
neural network. Without non-linearity, these networks would be limited to mod-
eling linear relationships between inputs and outputs. This restriction significantly

41f each node in each layer is connected to each node in the adjacent layers, then the network is a
so-called convolutional neural network
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Deep neural network
Input layer Multiple hidden layers Output layer

OO0

FIGURE 5.1: Artistic representation of a deep neural network contain-

ing one input, three hidden and one output layer. Each circle repre-

sents a neuron. The connections between the layers are shown by the
colored arrows [65].

hinders their ability to capture the complex patterns and relationships often present
in real-world data. The most popular activation functions for neural networks in-
clude linear, ReLU, sigmoid and hyperbolic tangent (tanh) which are shown in Fig. 5.2.

e |inear

4 | === RelU :

e Sigmoid
tanh

FIGURE 5.2: The four most popular activation functions.
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linear f(x) =x

Used when linearity is expected. They are interpretable, computationally effi-
cient and robust to outliers.

ReLU f(x) = max(0,x)

Similar to linear, except that the output becomes 0 when the input value is neg-
ative. This property makes it less affected by the vanishing gradient problem
that can obstruct the training.

sigmoid f(x) =e*/(1+¢")
Often used in binary classification problems. The output values are in the

range between zero and one, effectively converting it into a probability-like
value.

tanh f(x) = tanh (x)

Similar to sigmoid. However, this function also returns negative values and
the slope is steeper around the origin. As a result, it is more sensitive to
changes in the input.

5.2.3 Loss Function, Learning Rate and Gradient Descent

Before a neural network can be trained, a way has to be found to measure how
well the model performs. In order to achieve this, a so-called loss function is used
which takes the models predictions and compares it with the actual correct answers.
The function then returns a numeric value which has to be minimized in order to
improve the model.

1 m
I(y) = m
i=1

(1 —y)? (5.2)

A simple loss function is shown in Eq. 5.2 where 7 is the predicted outcome, y is
the actual value and m is the number of samples provided. As already mentioned,
the main goal of the training will be to minimize the output of the loss function. This
problem can be solved with an algorithm called gradient descent. A simple example
of this algorithm is depicted in Fig. 5.3a.

The algorithm starts at a random point. It then takes a step in a direction where
the output of the function becomes smaller (it follows the gradient). Each dot rep-
resents an iteration of the algorithm. This will be repeated until there is no further
improvement. If the step size is constant, two major problems can occur.

¢ Small step size: The algorithm may get stuck on a local minimum and will
not find the global minimum since it is not able to escape the local minimum.
Also it will take a lot of computing power since the algorithm only takes small
steps.

¢ Large step size: The algorithm may get closer to the global minimum but it is
unlikely that it will get it exactly right. It will dance around the minimum.

The best compromise is to start with a large step size and to decrease the step
size once there is no further improvement. Fig. 5.3b shows a such procedure. The
gold stars mark the found minima by the algorithms. Note that the algorithm with
a small starting step size was not able to escape the first local minimum just like
in Fig. 5.3a. However, the algorithm with a larger starting step size did manage to
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FIGURE 5.3: Gradient descent with a constant (a) and dynamic (b)
step size to find the global minimum. All algorithms start at the
same point and the stars indicates the final point of the algorithms.
In (a) the algorithms with the small and large step size are colored
red and green, respectively. Both fail to find the lowest minimum dis-
played. In (b) the step size is decreased with time. The algorithm
with the large starting step size is now able to find the lowest mini-
mum shown. In both cases the algorithm with the small starting step
size is not able to escape the first local minimum.

find the lowest minimum displayed. In the context of neural networks, the step size
is called learning rate. Another problem that can occur while training is vanishing
gradients. This means that the gradient becomes so small that the neural network
is effectively stopped from training. This can be prevented by batch normalization
(Sec. 5.4.2) and some activation functions (e.g. ReLU). In general, since each weight
and bias introduces a new dimension, finding the global minimum in this multi-
dimensional space is computationally very expensive.

Randomness

A way to escape local minima or saddle points is to use randomness. The algorithm
with decreasing learning rate will be used multiple times with different random
starting parameters and in the end the best result will be taken. However, even with
a good starting point and a decreasing learning rate it is rare that the global minimum
is found by the neural network especially with a high number of variables.

Optimizer

TensorFlow 2.0 provides several so-called optimizers. Each has a different strategy
to find the lowest result of the loss function. The optimizer used in this thesis is
adam. This optimizer adapts the learning rate for each parameter individually based
on the past gradients. Also, it uses a method which takes the exponentially decaying
average of the past gradients in order to smooth out the updates and hence accelerate
convergence towards a minimum [70].
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Hyper-Parameters

In addition to the optimizer, the hyper-parameters® need to be chosen. They are
the starting point before the training begins. Unfortunately, hyper-parameters have
to be chosen by trial-and-error until a model is found that bites®. After that, these
parameters are tweaked to find a better model until there are no further improvement.
Yet again, as already stated, there is no way of knowing if the found local minimum
is also the global minimum [65]. In Sec. 5.8 some techniques will be introduced in
order to find the best possible hyper-parameters.

5.2.4 Training Strategy

A neural network has to be trained in order for it to return meaningful results. For
this a special dataset which includes the actual value of the desired outcome is re-
quired. The process of learning itself can be separated into four steps.

Forward Pass The output of the network is calculated by passing the input data
through.

Error Calculation Using the special dataset and the loss function, the error between
the desired and the network output is calculated.

Backward Pass The error is propagated backwards through the network and the
gradient of the error on the weights are calculated.

Weight Update The weights are updated in the direction of the gradient. As a result,
the weights are changed in a way that reduces the discrepancy between the
output of the neural network and the desired output.

This training procedure is repeated multiple times until the desired number of
iterations is reached or the error converges to an acceptable small value (Sec. 5.3.2).

Using all of the introduced techniques, it would already be possible to write a
functional neural network. However, there are a lot of additional techniques which
can be used in order to improve it further. The techniques used in this analysis will
be briefly introduced and discussed in the following sections.

5.3 Preventing Overfitting

Neural networks are prone for overfitting. This means that the network learns fea-
tures/patterns of the training set and applies them to the weights in a way that the
training set will be perfectly fitted, but at the same time, the network prediction fails
for a slightly different data set.

In Fig. 5.4 an example for a good and an overfitted model is given. The signal and
background points are Gaussian distributed around the points (1,1) and (-1, —1),
respectively. One would assume that a simple straight line with a slope of -1 and
an offset of 0 would be the best way to divide the area in signal and background
regions. This model is shown in Fig. 5.4a. In Fig. 5.4b, an overfitted model is shown.

5This includes (but not exclusively) the number of layers and nodes of each layer, the activation
function, the loss function, the learning rate, the factor by which the learning rate decreases and the
number of iterations before early stopping aborts the process, . ..

bbiting in this context means that the network learns something at all. Most of the time a network
with random starting hyper-parameters won't learn.
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FIGURE 5.4: On the left the signal region is divided from the non-

signal region with a pink line. Some background events creep in the

signal region and one signal event is lost in the background region

but the line fits well. On the right are the same data points but the

model is overfitted. This model appears to be better than the model
on the left but this only works well on this training dataset.

The model perfectly divides the signal from the background on the training sample.
However, it is obvious that this model will perform far worse on other similar data

samples.”

5.3.1 Validation Data Set

The simplest way to find overfitting is to take another dataset and apply the neural
network model during the training on it as well. This dataset will be called validation
dataset. If there is no overfitting then the results of both datasets during training
are similar. However, if the network performs way better on the training dataset
compared to the validation dataset and, even more importantly, the performance
of the model on the validation data set starts to decrease, then overfitting occurs,
resulting in a network which will not work as expected on real data.
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FIGURE 5.5: On the left the same good model is applied to the valida-
tion data set. It still fits well to the data points. On the right the same
overfitted model from Fig. 5.4 is applied to the validation dataset.
This model is now far worse compared to the good model on the left.

7This simple example also shows that it is not always necessary to use a neural network for classi-
fication. In this case it would be far more efficient and stable to just use a straight line as a classification
model. It is therefore important, to understand underlying structures in the data before starting to
write and use a neural network.
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An example for a validation set is shown in Fig. 5.5. Since the validation set
and the training set should be comparable, the points for signal and background are
created in the same way. The good model (Fig. 5.5a) still divides signal very well
from background. However, the overfitted model (Fig. 5.5b) now performs way
worse. This method of applying a validation dataset and calculating the loss on it is
a very simple and effective way to detect overfitting.

5.3.2 Early Stopping

In general, if the network trains for too long, it is likely that overfitting will take
place. The network will have too much time to learn features of the training dataset.
This can be prevented by the method early stopping. To be able to use this, the in-
troduced validation dataset is needed. After each iteration (epoch), the loss of the
validation dataset is calculated. Then, if this loss has not changed or got larger after
a certain number of training iterations (epochs), the training stops, preventing over-
fitting. The number of epochs waited before stopping is another hyper-parameter
and can be changed.

5.3.3 L2-Regularization

Another method to prevent overfitting is the L2-Regularization. To apply this method,
another term needs to be added to the loss function (Eq. 5.2) resulting in:

n

) = = Yy + A Y w? 53)

i=1 j=1

In this equation w; is the weight of the jth feature with n being the number of fea-
tures and A is the so-called regularization parameter which can be tuned. A large
value of A will result into a strong penalization of large weight values. In contrast,
the regularization effect will be smaller for lower A values. This reduction of the
weights results in a smaller value of z in Eq. 5.1 which again reduces the impact of
the activation function resulting in a simpler function [71] [72]. This will reduce the
effect of overfitting.

5.3.4 Dropout

Another way to reduce overfitting is excluding nodes in the training randomly. With
each iteration of training, different nodes will be deactivated. The probability of this
happening can be changed, resulting in another hyper-parameter. The motivation
behind the idea of this method is that the neural network will no longer be able to
rely on single nodes with high weights to give a good result since this node could
be deactivated by chance. Thus resulting in more distributed weights across the net-
work with overall smaller values. This method is not allowed for the last layer of the
network. Otherwise, a possible correct output of the network would be deactivated
and the network would not be able to provide the correct answer in the first place
[73]. An example for a neural network sketch with a dropout mechanism is shown
in Fig. 5.6b. The black colored nodes are deactivated in contrast to Fig. 5.6a where all
nodes are fully connected. In general, when a dropout mechanism is used, the loss
of the validation data set is lower during training compared to the loss of the train-
ing data set. This is because the mechanism is only applied to the network during
training and not during validation, resulting in a worse network while training.
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(b)

FIGURE 5.6: A sketch of the neurons of a deep neural network. (a)

No dropout is applied. Every node of each layer is connected to all

nodes in the next layer. The network is fully connected. (b) the same

network but with dropout is shown. Each node has a certain chance

to be excluded. These nodes are not connected with any other nodes.

Note that the dropout method is not applied to the output layer (last
layer) [73].

5.4 Batches

5.4.1 Batch Size

In order to improve the speed of training it is advantageous to only train over a
number 7, (batch size) smaller than the total number of available sample size. The
two most important improvements are:

¢ The memory required to perform the training is drastically decreased since the
network is using smaller batches. This procedure is especially important when
the dataset is too big for the machine’s memory.

* In general, the networks train faster with small batch sizes. After each prop-
agation, the parameters of the network are updated. If there are ten batches
instead of one complete sample, the network would be updated ten times in-
stead of one time with the complete sample.

However, this also has disadvantages. The size of the batches affects the accuracy
of the estimate of the gradient. An example for this effect can be seen in Fig. 5.7. The
blue line represents a complete data set as the batch. Green are mini batches, so their
size is smaller than the total number of the sample. Red is stochastic, corresponding
to a batch size of one. It is clear that the green line fluctuates more in comparison to
the large batch size (blue). However, it still reaches its goal or at least gets fairly close
to it while the red line appears to be scattered wildly around the minimum. As a
consequence, the batch size itself is a hyper-parameter which needs to be optimized.
Often, the size of the batches is a power of two (4,8,16,32,64,128, ...) [74].
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FIGURE 5.7: Behavior of the gradient for different batch sizes [74].

5.4.2 Batch Normalization

It can be advantageous to normalize each layer in a neural network by fixing the
mean and variance of each of their inputs within a batch. This will reduce the so-
called internal covariate shift, which is the effect of sources of randomness on the
distribution in the input data to the neural network. While the reason for its ef-
fectiveness is still a matter of discussion, it is evident that the inclusion of batch
normalization makes the training of neural networks faster and more stable. Other
benefits are believed to be robustness to larger learning rates without running the
risk of resulting in vanishing or exploding gradients [75].

5.5 Feature Engineering

Using all the methods introduced, a rather well working neural network can already
be programmed. However, a model can only be as good as the features it was trained
with. In general, one wants to add as many useful features as possible to the train-
ing. In the context of a binary classifying network, a good feature separates signal
from non-signal. This quality can be improved by manipulating and combining these
variables in some way. This is called feature engineering. It is not straightforward
and takes a lot of time but, provided a good new feature is found, the performance
of neural network can be drastically improved. An example for a new feature is a
variable which represents the total sum of the momenta for all final state particles.

5.5.1 Handling Outliers

Another part of feature engineering is the handling of outliers. It can happen that
some features contain entries which are very far away from most of the others. Mov-
ing them closer to the others can improve the resulting network because now the
entries of the feature are in a fixed interval. This method, called capping, has to be
done with care and for each feature individually if necessary.

An example for this procedure can be seen in Fig. 5.8a. The outliers on the right
are moved closer to the other values around 0. It is important to note that they are
not removed from the data sample.
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FIGURE 5.8: (a) Impact of the capper. The far away values are moved

closer to the others. (b) Scaling the values to an interval of [0,1] in

order to improve the quality of the neural network. (c) NaNs are

replaced with —9. Note that in the interval between 0 and 1 nothing
changed.

5.5.2 Input Normalization

In general, neural networks and their corresponding activation function perform
way better when their features are normalized. Therefore, each feature will be scaled
to an interval of [0,1]. The input normalization takes the complete training sample
into account. The result for the previous example can be seen in Fig. 5.8b. When the
model is applied to other datasets, the same scaler needs to be loaded. Otherwise,
the prediction output for the evaluation could not be interpreted. This is also the
biggest difference to the batch normalization described in Sec. 5.4.2, where the nor-
malization changes during training.

5.5.3 Handling Missing Values

It can happen that some features are not always filled with information. Instead they
contain some NaNs (not a number). For example, this can happen if the features rep-
resent the energy of the rest of event tracks. If there are no tracks in the rest of event
then these features will be empty. In general, the network can not work with NaNs
and they need to be excluded or replaced. Since exclusion would mean that either
the feature could not be used or the entire event would be excluded and, as a result,
the amount of available data would be drastically reduced, the only feasible option
is replacement. This way, the network is also able to extract some information from
this condition. In the case of the example, the network would know that there are no
additional tracks in the rest of event. However, this needs to be done with care. As
a rule of thumb, the NaNs should be replaced with a value at least three standard
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deviations away from the mean or median of the other values in the variable. As
a consequence, this needs to be done after the scaling of the values, since doing it
before would render the scaling process rather useless because the real values would
then all be close to either zero or one.

5.6 Ensemble Neural Networks

As already mentioned, the quality of the network can depend on the initial weights
chosen for the training. In order to reduce this random effect, it is possible to use an
ensemble of neural networks with the same structure but different starting weights
at once and take the average of the predicted output. This way the network is over-
all more stable and less effected by fluctuations in input data. In general, the perfor-
mance of an ensemble neural network tends to be better compared to a single neural
network [76].8

input_1 input: | [(None, 68)]

InputLayer | output: | [(None, 68)]

/ l \
sequential | input: | (None, 68) sequential_1 | input: | (None, 68) sequential_2 | input: | (None, 68)
Sequential | output: | (None, 1) Sequential | output: | (None, 1) Sequential | output: | (None, 1)
average | input: | [(None, 1), (None, 1), (None, 1)]
Average | output: (None, 1)

FIGURE 5.9: Model depiction of an ensemble neural network.

An example for a model containing an ensemble of neural networks can be seen
in Fig. 5.9. Here, after the input layer, three sequential neural networks are placed in
parallel. These are complete networks with multiple layers and activation functions.
In principle, they can even have completely different structures. The output of each
of these networks is combined in the final output layer where the average will be
calculated.

5.6.1 Snapshot Ensemble

It is preferred to let the neural network converge to the lowest local minimum possi-
ble. However, each local minimum found along the optimization path also contains
information which can be used to improve the quality of the model. This infor-
mation can be obtained by saving a snapshot of the model after it converged and
then let the learning rate increase again to leave the local minimum and continue
training. This process of lowering and increasing the learning rate is called Cyclic
Learning Rate Schedule. These processes are repeated until the training ends. After
the training is done, all snapshots are assembled together and their average is taken.
It is also possible to assign different weights to the output of the snapshots which is
recommended because the last snapshot tends to be the better one of the ensemble.

8Even the impact of each neural network in the ensemble to the final prediction can have a different
weight.
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FIGURE 5.10: (a) Example the gradient during a training of a normal

neural network. The neural network only finds one local minimum.

(b) Same network but with Snapshot Ensembling and a Cyclic Learn-

ing Rate Schedule. In each found local minimum, the current model
is saved and the learning rate is increased again [77].

In Fig. 5.10a, the optimization process for a normal single model with a standard
learning rate scheduler is shown. Here, only the final model is saved. In Fig. 5.10b,
the optimization path for a snapshot ensembling model with a cyclic learning rate
scheduler can be seen. Once the model reaches a local minimum, its weights are
saved and the learning rate is increased again so it can escape and is able to reach
the next local minimum. This process repeats until the training finishes. Afterwards,
all saved weights are loaded and merged to an ensemble neural network. Again, this
approach results in more stable models with a lower error rate [77].

It is important to note that if a snapshot ensemble technique is chosen, the early
stopping method should be deactivated and the length of the training and the timing
when the snapshots happen must be chosen in such a way that overfitting does not
take place.

5.7 Function Approximation

So far, artificial neural networks were introduced as a way to classify data samples.
In addition to that, according to the Universal Approximation Theorem, neural net-
works are also able to approximate any continuous function. According to theory, a
single-hidden-layer neural network is able to approximate any continuous function
with arbitrary precision, provided that the activation function fulfills certain condi-
tions and that the number of nodes can get arbitrarily large [78] [79]. In practice,
oftentimes a more smooth approximation of the function is desired in contrast to ex-
act replication of the input data. Having this in mind, the number of required nodes
can be drastically reduced. According to [80], it is possible to approximate any con-
tinuous function with a neural network with exactly three hidden layers.’ The result
is a computationally reasonable approach to function approximation [81] [82].

In general it is preferred to go deep instead of wide. This means computational resources are
reduced by building a deeper neural network with less nodes overall compared to a one layer neural
network with a lot of nodes.
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5.8 Hyper-Parameter Tuning

As already described, there are a lot of hyper-parameters which need to be tuned. In
the following subsections, three techniques will be described which aim to find the
best set of hyper-parameters within computationally reasonable time frame.

5.8.1 Grid Search

The most straightforward method is to choose possible settings for each hyper-
parameter, train a network for each combination and then choose the best. A sketch
of the grid search working principle can be seen in Fig. 5.11a. This strategy has sev-
eral disadvantages. For one, even if there are only six hyper-parameters (1, = 6)
each with five possible settings (1. = 5), then a total of ng = ne' = 15625 trainings
would be needed to test all of the possible combinations. Obviously, there is a big
risk of wasting resources on unimportant parameter choices in addition to the disad-
vantage that the chance of hitting the best set of parameters is limited by grid gran-
ularity, which refers to the spacing between points on the grid of hyper-parameter
values.

5.8.2 Random Search

A better way to find a good set of hyper-parameters is to search for them randomly.
If possible, replace the fixed grid with continuous ranges and choose nr random
sets of hyper-parameters in order to search for the best. Usually ng < ng is true and
given that np is still sufficiently large, the chances of finding a good set of parameters
are higher compared to the grid search. An example sketch for randomized search
can be found in Fig. 5.11b.
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FIGURE 5.11: Hyper-parameter optimization using (a) Grid Search
and (b) Random Search [83].

5.8.3 Sequential Search

However, the best way is to perform a more informed search. The idea is to start
with an initial coarse or random search. These sets of hyper-parameters together
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with their corresponding loss are then fed into a Bayesian optimizer. This will re-
turn a prediction for the best next hyper-parameters to test and perform a new train-
ing. These steps are repeated. However, even with this method, there is no way of
knowing that the found set of hyper-parameters is the best set there is. Once the
performance of the neural network is satisfying, the best found hyper-parameters
are chosen and the search ends [83].

5.9 Boosted Decision Trees

There are a variety of methods to distinguish between signal and non-signal data.
Another very popular method are the so-called Boosted Decision Trees (BDTs) which
can be used to improve the performance of neural networks even further. BDTs are
rather successful classifier in the realms of physics because they combine many weak
classifiers with a technique called boosting. The working principle of a BDT will be
described briefly in this section.

Survival of Passengers on the Titanic

Gender
N 1%”7@/@
Survived
A
8¢ 0.73; 36%
Died sibs
0.17; 61% p
Died Survived
02, 2% 0.89; 2%

FIGURE 5.12: Example for a structure of a decision tree with a tree
depth of three. The probability to survive the Titanic accident will be
determined based on the features gender, age and how many siblings
and spouses (sibsp) are on board. The numbers in each box (leaf)
show the probability of survival (left number) and the percentage of
the total data sample (right number). For example, 36% of all people
on board were female and each of them had a 73% chance of survival
according to the decision tree [84]. If the probability of survival is
higher than 50 % the leaf is labeled Survived, otherwise Died.
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Before describing BDTs, decision trees in general will be discussed. The working
principle behind a decision tree can be represented by a tree like structure, hence
the name. An example for this structure can be seen in Fig. 5.12. A decision tree
will separate the training data in two regions. In the case of the example the regions
are This person will (not) survive the Titanic. The decision tree does this by consecu-
tively cutting on one variable at a time. After all the conditions are applied, signal
enhanced and suppressed subsets are created. The requirements on the features are
chosen in order to maximize the separation gain, which measures the improvement
in classification accuracy achieved by splitting the data based on a particular feature.
The number of consecutively applied requirements is called the depth of the tree. In
the example, the depth is three.

The most simple decision trees are prone for overfitting, especially when they
have a large tree depth. As a consequence, they are not powerful classifiers in gen-
eral. However, they can become so-called weak-learners by limiting their depth.
Now, a Gradient Boosting algorithm combines multiple weak learners to one sin-
gle classifier with great separation power. In this algorithm, the weak-learners are
trained consecutively. In the first iteration of the training, the first weak-learner re-
turns the mean of the particular feature. In addition, the residual errors of the output
of this weak-learner algorithm will be calculated and passed as output target to the
next weak-learner which will be trained.

This last part of the procedure is repeated multiple times. After the training
stops, the final output is calculated as a weighted sum of the outputs of all weak-
learners. In order to prevent overfitting, it is common to train each weak-learner
with its own randomly created subset of the whole training data. This will also
speed up the training.

The next generation of Gradient Boosting is called XGBoost (eXtreme Gradient
Boosting) which is an improved version. The key difference is that XGBoost also
includes regularizations (L1 and L2), which speed up the training further, resulting
in even better results.

The most important hyper-parameters for a BDT are the number of weak-learners,
including their depth, and the learning rate of the algorithm [85].

5.9.1 Feature Importance

It can be an advantage to understand how much each of the feature contributes
to the final prediction of a classifier and rank them. This ranking is called feature
importance. Knowing this ranking, features which contribute little to nothing to the
final prediction can be excluded from the training, resulting in a faster and more
resource friendly training [86].

The feature importance will be calculated with the BDT since using the tree-like
structure makes it very easy to estimate the impact of each feature. This information
will also be applied to the neural network studies because for a convolutional neural
network this calculation is not trivial. Since the nodes are so highly connected it is
almost impossible to determine the impact of one feature to the final output. How-
ever, one can assume that the impact of a feature to the final prediction should be
similar for both, BDTs and neural networks.
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Chapter 6

Event Reconstruction Using basf2

But how do you live and have no story
to tell.

Fyodor Dostoevsky, White Nights
(1848)

Before the B — K*// angular analysis can start, data from both the real detector
and simulation is needed. Then the B — K*(— Kur)¢¢ decays have to be recon-
structed from these data. During each of these steps the Belle II Analysis Software
Framework (basf2) provided by the Belle II collaboration is used.

6.1 basf2

basf2 is a software used in all areas of the data-processing pipeline at Belle II [87].
This includes generating simulated data (Monte Carlo), unpacking real raw data,
tracking, clustering, etc. and high-level analysis reconstruction. In Fig. 6.1 both
large colored boxes are done with the help of basf2 and its modules. The first big
box shows the procedure of how data is gathered at Belle II, both for real data (Data
Taking) and MC. The collaboration provides data files which already has undergone
all of these steps. The analysts then have to reconstruct the decay they are interested
in. For this, release 06-01-15 of basf2 was used during the creation of this thesis. The
final analysis alongside its preparation is done offline, meaning that it is not using
basf2 but rather a variety of python scripts which are run locally.

6.2 Particle Lists and Event Reconstruction

In order to be able to reconstruct events, some lists with particles in them need to be
loaded first. For each final state particle and the K2 and 7° particle, these lists are
provided by the collaboration. Both neutral particles decay almost instantly after
creation via very distinct decay channels. It was therefore decided to provide particle
lists which already contain these particles candidates.

In general, every particle list contains both, particle and anti-particle. Charged
particles candidates have to fulfill certain criteria to be included in a list.

Track Quality The track has to be within the CDC acceptance (17° < Ocpc < 150°)
and the number of CDC hits must be higher than 20.

IP Cut The origin of the track has to be close to the interaction region. (dr < 0.5cm
and |dz| < 2.0cm)



72 Chapter 6. Event Reconstruction Using basf2

Data Preparation Workflow Done by the Belle II Collaboration

Data Taking (LS1) | Tracking,
Cali- Clustering
Dat = > ’

Detector Acq u?siii on —>> bration PID Calculation,
Monte Carlo (MC) ‘ i i
Generated . . . .
= Simulation = Skimming
Events

‘ VIV

Event Reconstruction Workflow for This Analysis
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TC) Load [ Bremsstrahl- [=—>> Reconstruction
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) Chain

MC-Truth Lists

T
Additional <€ Event <€ K\i/relrixt/i
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!

PID
Correction

—3 Preparation f—3»{ Analysis

FIGURE 6.1: Workflow for the event reconstruction. The first large
box are preparations done by the collaboration, the second one de-
scribes the event reconstruction for this analysis.

PID Cut The particle identification for the required mass hypotheses according to
Sec. 3.9 must be greater than 0.5 (0.1) for the good (loose) list category.

Particle candidates are added to the lists based on their properties. Therefore, a
particle candidate can be included in multiple lists at the same time if it meets the
criteria for each. Furthermore, since electrons can perform bremsstrahlung, electron
candidates need to be corrected for that. This is done using a module provided by
basf2. Tab. 6.1 shows all the used lists during this analysis.

In order to reconstruct a decay chain, particle candidates from lists are combined,
conserving energy and momentum, to create a mother candidate in a new particle
list. In the context of this thesis, a particle from the 7 list is combined with a particle
from the K list to create an entry in a newly created K* list. In the next step these
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TABLE 6.1: Used particle lists and their category. Even though K and
70 are not final state particles, Belle II decided to provide particles
lists for them. The category loose (good) refer to a PID cut value
of PID > 0.1 (0.5). For the ¥ list, criteria where chosen in such a
way, that 50 % of all ¥ are reconstructed. The Kg list is created by
reconstructing two charged pions. In addition to that, the vertex fit

must not fail (Sec. 6.3) and the reconstructed invariant mass of the K(S]
must be within 0.450 GeV /c? < M. K < 0.550 GeV /2.

Particle List Loaded | Category
Electron loose
Muon good
K+ good
t good
Kg merged
° 50eff

particle candidates are combined with two oppositely charged leptons from the cor-
responding lepton list (¢ = e or £ = ) to create a particle candidate which is filled
in the B candidate list.

6.3 Vertex and Kinematic Fit

The quality of the reconstructed candidates can be improved with modules provided
by basf2. One of these modules is the so-called vertex treefit. In the case of the K? list,
its decay vertex position, flight length, and four vector and their uncertainties can be
obtained by combining the measurements of the two pion daughters assuming they
come from the same vertex. Performing a vertex fit will result into an improvement
of the pion track momenta and the x? of the fit can be used to suppress background
[88].

Using the vertex treefit, all particles within the decay chain are updated starting
with the final state particles working its way up, updating track positions and mo-
menta information. This fitter also allows to constrain the mass of the particle in the
given list. This is done for the 71°. As a result, the mass of the particle candidate will
be set to the PDG value. The effect of this constrain can be seen in Fig. 6.3a.

The effect of the vertex treefit on the variable dz can be seen in Fig. 6.3b. Before
the fit, dz was always at one fixed value which is not physical. After the fit the
distribution looks way more realistic. Also the momenta of the particles are shifted.
Of course this will also affect the resolution of the angles describing the decay. This
is more subtle but an improvement can be observed as depicted in Fig. 6.4 for the
variable cos 0.

6.4 Continuum Suppression, Event Kinematics and Rest of
Event

More additional information about the event in general can be gained by calling the
following methods. This information can be used later on to improve the quality
(higher purity without losing too much efficiency) of the particle lists.
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J/U

BY decay vertex
(@) (b)

FIGURE 6.2: The red lines show the track helix approximations deter-

mined by the tracking detector, the blue dashed lines show the decay-

ing particle momentum vectors obtained by the fit. (a): Illustration of

the /¢ — upp decay. Since the detector is unable to see the decay

length of the |/, its vertex is taken to be the one of the BO. (b): Mus-

tration of the B — K%(— "7~ )J/¢(— u"pu~) decay. The shown
lengths are not up to scale [88].
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FIGURE 6.3: (a): Effect of the mass constrain for the 7% in red com-
pared to no kinematic fit in blue. (b): Variable dz before (purple) and
after (black) the kinematic fit.

buildRestOfEvent This method introduces new variables like the Rest of Event En-
ergy and Rest of Event Mass.

buildContinuumSuppression This method introduces access to new variables like
the Super-FoxWolfram variables and Cleo Cone Continuum Suppression variables,
etc..

buildEventShape Using this method, event-level quantities like thrust, sphericity
and FoxWolfram Moments will be calculated and provided.

buildEventKinematics This method calculates global event kinematics like visible
energy in an event, missing momentum and missing mass.
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FIGURE 6.4: Effect of the vertex fit on the variables cos 6,.

6.4.1 Continuum Suppression

A significant amount of background is contributed by continuum events (ete~ —
uil, dd, c¢, s3). For this reason, a few variables which can help to suppress these kind
of events will be introduced briefly.

All of these continuum suppression variables use the fact, that events coming
from continuum have different kinematic shapes in contrast to Y(4S) events. This is
due to the fact, that the beam energy is close to the mass-threshold for the production
of two B mesons. As a consequence, the B mesons are produced almost at rest in the
center-of-mass system and these events tend to be almost isotropic in the detector.
Continuum events, on the other hand, undergo large energy releases. The spatial
distribution is therefore a more back to back jet-like structure. An illustration of the
difference between continuum and B meson events can be seen in Fig. 6.5.

p(B) = 0.3GeV/c

tom B
ete” —qq (€ {uds,c}) e T - BE

(@) (b)

FIGURE 6.5: Illustration of the difference between continuum (a) and
B meson events (b) in the center-of-mass system [89].
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Fox-Wolfram Moments

In order to calculate the Fox-Wolfram moments [90], all tracks in the events are
considered and the angular distribution between them is described using Legen-
dre polynomials. The moments are calculated by

Pi(

H Z ‘PszE]L k 1]) (6.1)
Vis

with N being the number of reconstructed charged particles in the event, |p| the

momentum of the charged particle /, Py the kth Legendre polynomial, 6;; the angle

between the momentum of the ith and the jth particle and E,;s the total visible energy

in the event. It was found that it can be advantageous to form the ratio

Ry = (6.2)

between the kth Fox-Wolfram moment and the Oth. Especially, R, has proven to be
effective in separating BB from continuum events.

Super Fox-Wolfram Moments

Even more information about the event can be extracted when the summation over
all particles is split into groups of the combination of the final state particles belong-
ing to the B meson candidate (s) and the remaining tracks (o). Using this technique,
three types of variables can be created: Rj®, R}’ and R}°. These new variables are
called Super Fox-Wolfram Moments [91]. A total of 18 of them will be used in this
thesis.

6.5 Selections Before and During Event Reconstruction

In addition to the conditions introduced by the provided lists, there are some more
applied during the reconstruction. A very important requirement is the so-called
skim cut. In fact, this cut is even applied before the event reconstruction by the an-
alyst starts as depicted in Fig. 6.1. The Belle II collaboration decided to provide
pre-treated files filled with events which all passed some minor conditions in order
to remove obvious non-signal events. As a result, the number of events that are
even considered for event reconstruction is reduced. This saves computation time
and storage resources. Details about the used skim cut are listed in Tab. 6.2. As men-
tioned, these requirements are rather loose since the main goal of them is to keep the
efficiency as high as possible while rejecting as much obvious background as possi-
ble.

In addition to the skim, there are three additional conditions applied during
event reconstruction in order to remove obvious background events. These require-
ments are shown in Tab. 6.3. The cuts on the K* mass is chosen to be about two
times the decay width of the particle in each direction (I' ~ 50 MeV/c?). The other
two conditions are chosen by considering the physical properties of the signal decay.
The Y(4S) decays into two B mesons, each carrying half of the center-of-mass frame
beam energy Epeam. Using this knowledge, it is possible to construct two indepen-
dent and therefore uncorrelated variables AE and My, defined as:

My, = \/E2

Beam

— |PB|? and AE = Ep — EBeam (6.3)
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TABLE 6.2: Requirements of the B — X/{¢ (no lepton flavor violation
(LFV)) skim. The skim code is 12160200.

Level } Selection Cut Value
. foxWolframR2 <05
! ¢ of Particles >0.1GeV/c
Event-Level : gluster Energy > 0.1GeV
,,,,,,,,,,,, | Numberof Tracks | >3
Electrons ! electronID > 0.1
Muons | muonlD > 0.5
 Dilepton System | Dilepton Energy Eyy | > 15GeV.
[ Plab > 0.395GeV/c
Leptons | dr < 0.5cm
| | dz| <2.0cm

with Ep and pp being the energy and momentum of the reconstructed B meson,
respectively.

TABLE 6.3: Additional requirements during reconstruction.

Variable | Requirement

M- 0.796 GeV/c? < My~ < 0.996 GeV /c?
IAE| < 030GeV

M > 5.20GeV/c?

The conditions shown in Tab. 6.3 are rather loose considering that the signal re-
gions are at My, > 5.27GeV/c? and |AE| < 0.05GeV. This can be seen in Fig. 6.6
in the left plots. This results in so-called signal and non-signal regions (or sidebands)
within these variables. On the right side of the same figure, background events are
shown. Later on, the variables AE and M, will be used to perform a simultaneous
discriminating fit and providing a signal and non-signal region is advantageous for
the quality (stability) of the fit.

6.6 Best-Candidate Selection

There can only be up to one true signal candidate in an event.! Despite this fact,
there will be more than one candidate reconstructed in a lot of the events after all
of the requirements and methods are applied. This is depicted in Fig. 6.7 where the
number of reconstructed candidates per event is shown.

There are a lot of events with more than one reconstructed candidate in a sin-
gle event. At the end of the reconstruction and preparation, only one candidate is
allowed to survive in an event. This best candidate selection will be done by the
classifying neural network later on in this analysis.

In principle it is possible that both B mesons of an event decay through the desired decay chain.
However, in the case of the electroweak decay B — K*¢/, the branching fractions are at the order of
10~°. Therefore, it is extremely unlikely (= 1 : 1000000) to have two true signal candidates in a single
event and a lot of background can be removed with the assumption that there can only be one.
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FIGURE 6.6: Variables that have to fulfill requirements during
the reconstruction. On the left, signal events with the condition
isSignal == 1 only are shown (The isSignal variable will be in-
troduced in the next section). On the right, the same variable but for
non-signal events (background; isSignal == 0) are shown. Here, the
signal shape also appears. This is due to the J/¢ and (2S) decays
(charmonium resonances; pseudo-signal events). In Sec. 7.4 a veto
will be introduced in order to suppress these kind of decays. The
plots for the variables AE and M, for background events after the
veto is applied can be found in Fig. 7.7.
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FIGURE 6.7: Number of reconstructed candidates per event for the

decay chain B* — K**(K*7r%)¢¢. Despite the fact that a maximum

of one signal candidate is present in each event, significantly more
than one are reconstructed most of the times.

6.7 MC-Truth

With all the introduced methods it is already possible to have a complete working
event reconstruction and this is all that can be done for LS1 data. However, it is
possible to extract even more information from Monte Carlo. For this, each recon-
structed particle has to be matched with its generated particle. This can easily be
done with the Truth Matching module of basf2.

Once the module is loaded, generator information are accessible. The most im-
portant Monte Carlo variable is the so-called isSignal variable. This variable is cre-
ated by comparing the assigned PDG codes at reconstruction and generation. Only
if all of these codes within a reconstruction chain match, the variable will be one,
otherwise a zero will be assigned. If some particle in the reconstruction chain has no
matching generated particle, isSignal will also be assigned with a zero. This variable
is very important while learning about the properties of the B — K*¢¢ decays.

Furthermore, it is also possible to reconstruct the generated events directly. This
way it is possible to gain the true information of all the generated decays within a
file, including the ones which were not detected by the detector and are therefore
not reconstructed.

Using this generator-level information it is possible to count the number of gen-
erated events (11gen) together with the number of reconstructed events (1) and an
efficiency (€) according to

nrec
€= 6.4
gen (6.4)

can be calculated. Tab. 6.4 shows the event reconstruction efficiency for this analysis
for several g>-regions and each decay channel. These g*-regions will be introduced
with more detail in Sec. 7.4.
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TABLE 6.4: Event Reconstruction efficiency for several g2-regions.
These regions will be introduced with more detail in Sec. 7.4.

Efficiency [%]

985& qi 9 93 9 Tomb
— K9(— Kt~ )ee |18.04£03 204403 23.0+£05 242+05 20.6+0.2
— K(— Kt~ )up | 182403 19.7+03 229+03 248403 204+0.1

mo — K*0(— K2n)ee 89+06 93+07 83+08 103+07 92+03

BY - K*(— K2n%)upu | 77£05 99+06 95+06 104+06 89403

‘ w% — K (= Kint)ee [120£03 127+£04 131+£05 13.6+£04 126+£02

— K (= K3 aJ pp | 11.8+£02 11.2+03 121403 129+04 137403
— K (— K ee | 146+04 168+04 192406 185+05 16.6+0.2
— K*"(— K" up | 145+03 171+04 183+04 183+04 162402
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Chapter 7

Preparation and Preselection

Better to wait actively than passively.

Stephen L. Carter

This chapter will provide an overview over the techniques that are used in the
workflow of this analysis. In order to reduce the differences between real data and
simulation, corrections are applied. Then a veto will be introduced to exclude the
charmonium resonances which have the same final state particles as the signal de-
cay. In the next step, a neural network is trained and applied to the data in order to
reduce the non-signal contributions, which dominate the events. With another neu-
ral network the detector-response function will be approximated. In the last section,
some correlations between variables are studied. This is an important step since
the sWeight method (Sec. 4.3.3), which will be used in the analysis to obtain the true
shape of the kinematic variables, requires no correlation between discriminating and
target variables. The general workflow of this chapter can be seen in Fig. 7.1.

7.1 Particle-ID Corrections

Simulated data is playing a crucial role throughout this thesis. For this reason, it
is important that these simulated events represent the LS1 data as well as possible.
Unfortunately, no simulation is perfect but some discrepancies can be reduced. This
will be done with the so-called Particle-ID (PID) correction. This method tries to
correct the tracking part of the simulation by calculating weights for each charged
particle leaving a track within the detector. These weights are dependent of the po-
lar angle and the momentum of the charged particle in the lab frame and of the
chosen PID selection value. In order to save computing resources, the weights are
pre-calculated and stored in lookup tables which can be loaded according to the
workflow presented in Fig. 7.1. Here, the first large color box depicts this PID cor-
rection workflow. The PID correction is only applied to MC15_ri, MC15_rd and
Large MC Signal Files I/11.

In Fig. 7.2 a visual example for the grid of the u (Fig. 7.2a) and the charged 7
(Fig. 7.2b) lookup tables is shown. The size of the cells depends on the polar angle
f and the momentum p. These tables are calculated by counting well understood
processes in MC and LS1 data and then correcting these numbers accordingly. For
example, the electron lookup table is created by studying the Bhabha process (ee —

ee(y)) [92] [93].
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FIGURE 7.1: Workflow for the preparation of the analysis.
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FIGURE 7.2: Example for the granularity of PID-correction lookup
tables. The correction table for a y (a) and charged 7t (b) is shown.

7.2 Comparing LS1 Data and Monte-Carlo 15

Even after this correction, there will be differences between simulated MC15_rd and
LS1 data. For this reason, the variables AE and M,,. will be shown for both LS1 data
and MC15_rd. The pull for this comparison is be calculated by:

Pull = NnLs1 — NMC15_rd (7.1)

2 2
\/ Ois1 — OMmcC15 rd

where nyg; is the counts and o1 is the square root of the counts in each bin of the
LS1 histogram and

n n
nMcised = Y Wi and  Omcised = 4/ ) W (7.2)
i=1 \ i

Here, w; is the PID weight of the ith entry and 7 is the total number of entries in the
bin of the MC15_rd histogram.

In Fig. 7.3 the shapes for the discriminating variables AE (Fig. 7.3a) and My,
(Fig. 7.3b) are shown alongside the six most important variables for the classifier
training. More information about these variables will be presented in Sec. 7.5.3.
Overall, the shapes of the LS1 and MC15_rd dataset is very close. This is impor-
tant because the classifier is trained with simulated MC and it has to be applied on
LS1 data as well. This only makes sense if both datasets are comparable. The plots
for the other decay channels can be found in the App. D.

7.3 Calculation of the Angular Variables

In order to use the variables which fully describe the decay B — K*¢/, introduced in
Sec. 2.2.1, they have to be calculated first. This will be done after the reconstruction.
In order to verify the calculations of the angular variables, a test is performed. For
this, events are generated with a flat phase space distribution!. This flat distribution
is also reconstructed and can be seen in Fig. 7.4.

IThis can easily be done with EvtGen by adding the argument PHSP at the end of the decay in the
decay.dec file.
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nating variables AE and My, respectively. (c) - (h) show the compar-
ison for the six most important features for classification of this decay

channel.
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7.4 J/v and (2S) Veto and g>-Regions

In addition to the B — K*/{ decay, there is also the tree level decay B — K*J/(—
¢¢) which produces the same final state particles. The corresponding Feynman dia-
gram of this decay can be seen in Fig. 7.5.

[
J/y
c
b oo 5
BO K*O
d > d

FIGURE 7.5: Tree level Feynman diagram for the decay B’ — K*0] /4.

The J /¢ can decay into two leptons. Therefore, the final state particles

will be the same as for the FCNC BY — K*/¢ making this a so-called
pseudo signal and a control channel.

This pseudosignal has to be removed for the analysis since it is impossible to
distinguish it from B — K*/{ events. Fortunately, events containing a charmonium
resonance can be removed with veto regions on the invariant mass of the lepton
system corresponding to the mass of the ]/ and ¢(2S). As a result, the veto regions
are:

8.00GeV?/c* < M7, < (Mj/y +0.08)*GeV%/c* (7.3)
~0.20GeV/c* < Myp(y) — My(as) < 0.08GeV/c? (7.4)
—0.10GeV/c* < My — Mys) < 0.08GeV/c? (7.5)

Only the range of the veto region for the ¢(2S) differ between electrons and muons.
This is due to the g*-regions which will be introduced in the next section (Sec. 7.4)
and the fact that electrons are able to perform bremsstrahlung which results in a
worse energy resolution compared to muons. These veto regions can be seen in
Fig. 7.6a for electrons and Fig. 7.6b for muons, respectively. Their effect on the vari-
ables AE and My, can be found in Fig. 7.7. The peaks caused by the pseudo signal
and which were visible in Fig. 6.6 disappear.
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FIGURE 7.6: Depiction of the veto regions for the |/ and ¢(2S) in (a)

for ¢=ee and (b) for £/=pup. The 1(2S) veto region is larger for the

electrons due to their poorer energy resolution in the detector caused
by bremsstrahlungs photons.
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FIGURE 7.7: The shape for the variables AE (a) and My, (b) are

shown for non-signal events before (light blue) and after (teal) the

charmonium veto. As a result of the veto, the peak in the signal re-

gion, appears to vanish completely. The events shown are from the
BY — K*(— K* 71 )¢ decay channel.

Due to the low expected statistics of this analysis, it is not possible to use g° as
a fit variable in the final fit. Instead the events will be divided into four analysis
regions plus the two already introduced veto regions. The ranges for the former
four regions follow [26] and are listed in Tab. 7.1. A plot of the ¢* distribution for
generated MC signal can be seen in Fig. 7.8.

7.5 Machine Learning - Classification

In Fig. 7.9 the variables AE and My, of the B® — K*0(— K* 7t~ )ee for the MC15_rd
before the signal/non-signal classification are shown. These figures contain three
different contributions:

Background These are reconstructed candidates with no signal candidate present
in the event. These events include continuum (e*e~ — q4; g € u,d,c,s), B
pairs without a signal event and 7 pairs (e~ — 77 77).
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TABLE 7.1: Chosen g*-ranges. The ] /- and §(2S)-veto regions fol-

low Egs. 7.3 to 7.5.

q*-region Range [GeV?/c?]
q7 [0.10, 4.00]
¢ [4.00, 8.00]
q3 [Upper ] /-Veto Region, Lower §(2S)-Veto Region]
q [Upper ¢(2S)-Veto Region, 19.00]
q% /v [Lower ] /i-Veto Region, Upper ]/ 1-Veto Region]
q% (25) [Lower 1(25)-Veto Region, Upper (25)-Veto Region]
Jcomb q% + q% + q% + qi
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FIGURE 7.8: Generated signal 4> distribution and the regions used for
analysis.
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FIGURE 7.9: Shapes of the AE and M, variables before the classi-
fier for the B — K*9(— K*7~)ee decay channel in MC15_rd data.
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sfx These are candidates with a signal candidate present in the event. However,
something went wrong during reconstruction and the candidate is considered
non-signal. These candidates are also called self-cross feed.

Signal These are correctly reconstructed signal events.

In both variables the signal peak is barely visible. As a result, a way has to be
found to increase the signal to non-signal ratio. This will be done using a classifier
based on machine learning.

This section will provide a brief overview over the neural network that was used
to classify each reconstructed event. It will start with the features used, continue
with the structure of the final models and end with a brief discussion about the
performance of the chosen neural networks.

7.5.1 Variables

Using the feature importance method of BDTs (Sec. 5.9.1), the variables used for
classification are determined.? Here, a complete description of these features will be
provided. If the feature was not used in all classifiers, it will be stated at the end of
the description and additional information will be provided.

sphericity Sphericity of an event, defined as the linear combination of the sphericity
eigenvalues A;: S = 3/2(A2 + A3).

visibleEnergyOfEventCMS Visible energy in the detector in the center-of-mass frame.
|Azg| Difference between the dz position of the leptons.

|Azg | Difference between the dz position of the K and the 7.

M(K*) Mass of the reconstructed K*.

cos TBTO Cosine of the angle between the thrust axis of the B meson and the thrust
axis of the Rest-Of-Event.

RestOfEventExtraE Energy of the Rest-Of-Event.

missingMass2OfEvent Missing mass squared of the event.

cosicms Cosine of the 6 angle of the B meson in the center-of-mass system.
foxWolframR(/) Four FoxWolfram moments according to Sec. 6.4.1.

KSFW A total of 16 Super FoxWolfram moments according to Sec. 6.4.1.

CleoConeCS(i) ith Cleo cone from the continuum suppression. Cleo cones are the
shapes of the cones created by charged particles.

harmonicMomentThrust(i) Squared ratio between the momentum of the ith parti-
cle and the total momentum of all particles.

Xprob Xprob value of the vertex fit for the B meson.

max(Xprop) Maximum x,qp for all particles in the reconstruction chain.

2This is done by writing a fully functional BDT classifier. The performance of the classifier will be
compared to the performance of the neural network classifier in Sec. 7.6.
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min(Xprop) Minimum X, for all particles in the reconstruction chain.

p:(final state) Transverse momentum of the final state particles of the decay (K, 7
and ¢/).

Y. p:(final state) Sum of the transverse momentum of the final state particles of the
decay (K, 7T and ¢¢).

ArmenterosDaughter1Qt(K*) Transverse momentum of the first daughter with re-
spect to the K*.

daughterAngle(rr) Angle between the both daughters of the 7. Only used in the

classifying networks for the channels containing a 7.

DifferenceOfPhiDaughterAngle(rr) Difference between in the ¢ angles of the daugh-

ters of the 7r. Only used in the classifying networks for the channels containing

a i,

log /Ax?, + Ay3, Logarithm of the square root of the sum of the Ax and Ay position
squared of the B meson (Fig. E.2).

cos pZv Cosine of the angle between the momentum p and the vertex vector v. The
vertex vector is the vector connecting the IP and fitted vertex position of the
particle.

¢ — Lo Difference between the curvatures of the lepton tracks (Fig. E.4a).

(& + €, Sum of the curvatures of the lepton tracks (Fig. E.4b).

7.5.2 Setup

In general, the underlying structure of each of the classifying neural networks is very
similar. Solely, the number of nodes in each layer differs. Each network consists of
three fully connected hidden layers. The number of nodes is determined with a
gradient randomized search. The result of this search can be seen in Tab. 7.2.

TABLE 7.2: Chosen number of nodes for each neural network.

Channel 1%t Layer 2" Layer 3 Layer
BY — K*0(— K¥7r )ee 53 34 91
B — K*(— K*)uu | 51 37 66
BY — K*(— K2n¥)ee 56 16 49
BY — K*0(— KIn®) 62 48 56
B+ — K*F (= K3t t)ee 37 136 104
LK K b e | 136 65 43
L K (o K 0)ee 77 34 56
B+ S K (o K | 62 16 56

The activation function of the input layer is Linear. For this reason, all variables
are scaled to an interval of 0 and 1 before the network. All of the hidden layers,
including the output layer, have a sigmoid activation function and as a result, af-
ter each layer a batch normalization takes place. This brings the weights to values
around zero with a standard deviation of one. Finally, dropout with a value of 0.35 is
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added to each of the hidden layers. The loss function of these networks is the binary
cross-entropy loss function

1 & . R
y) = = Y vi-log i+ (1—yi) -log (1 - i) (7.6)
i=1

and the adam optimizer is used. The starting learning rate is Ir = 0.001 which gets
reduced constantly at the end of each epoch. After 100, 300, 700 and 1500 epochs a
snapshot of the whole network is taken and the learning rate is increased again to
escape the local minimum. In order to increase the stability of the neural network, a
total of 100 of these networks are trained in parallel.

In the end, each snapshot contributes to the final output of the mayor neural
network. However, the weight of the output depends on the snapshot. For example,
the first snapshot has a lower weight compared to the last, since this snapshot should
in principle be better overall’>. All networks within the same snapshot stage are
assigned the same weight.

7.5.3 Training

The classifying networks are trained with the MC15_ri datasets. For this the com-
plete run independent dataset, as introduced in Sec. 3.13, was used with an exception
of the mixed signal and charged signal files (Large MC Signal File I). Here, only half
of all the available data was used during training. This was done to make sure, that
there are enough signal data that did not see the classifying training left for the train-
ing of the detector acceptance approximation neural network (Sec. 7.7). The dataset
is split into a training and a validation dataset with a ratio of 4 : 1. In addition to
these two datasets, a Testing dataset is added, which corresponds to MC15_rd. This
dataset is not involved during the training of the network. However, after the train-
ing is done, the binary classifying output and the ROC curve is calculated for this
more realistic MC as well.

Since there can only be one signal candidate in each event, the candidate with the
highest neural network prediction is considered the best candidate and every other
candidate in the event is treated as non-signal.

For all datasets it was made sure that they do not include J/¢ and ¢(2S) events.
This was done using MC truth information. This can not be done in reality, however
removing charmonium events makes sure that the network will not want to start
to calculate ¢? by its own as for some g-region the ratio between signal and back-
ground drops significantly. Also since the B — K*¢) decays has the same final state
particles but is considered background, the neural network could get confused and
the overall performance could drop.

In Fig. 7.10a the output for signal /non-signal events used as training, validation
and testing datasets for the classifying model of the B® — K**(— K* 71~ )ee channel
is shown. For each dataset signal is nicely separated from most of the non-signal.
The pink line indicates the threshold value determined by the ROC curve which is
presented in Fig. 7.10b. This threshold is in the rather flat area of Fig. 7.10a indicating
a stable classification. In Tab. 7.3 information about the classifying networks for each
decay channel can be found. In Fig. 7.10c and 7.10d the variables AE and My, after
the classifier for the B — K*°(— K* 71~ )ee channel can be seen, respectively. In both
variables a clear signal peak at AE ~ 0 and M. ~ 5.28 can be seen.

31t was trained for a longer time and the learning rate became smaller after escaping several local
minima.
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FIGURE 7.10: Classifying model for the channel B — K*(—
K* 7t~ )ee. Both plots contain the three datasets that are used during
training, validation and testing. In (a) the binary classifying output of
the model and in (b) the ROC is shown. In (b) the vertical lines indi-
cate the relative efficiency of the network which produces the closest
point in the ROC curve to the perfect classifier at (1,1). The position
of these lines, which also represents the relative efficiency of the clas-
sifier, is stated in the legend. In (c) and (d) the variables AE and My,
can be seen after the classifier. Now, a clear signal peak (red) can be
observed.

TABLE 7.3: AUC-Values and classifier thresholds for the classifying
neural networks.

Channel AUC Threshold
B0 — KY(— KTt )ee | 0.971 0.735
— KO(= Ktn ) up | 0964  0.718
B0 — K0(— K2n%)ee | 0975  0.104
B — K*O(— Ko%)up | 0970  0.063
B+ — K+ (= K2t)ee | 0956 0715
— K (= Kot )up | 0950  0.689
B+ — K*F(— K*r%)ee | 0980  0.428
— K*(— KT up | 0973 0.262

7.5.4 Performance

The performance for each decay channel is shown in Tab. 7.4. In this table, the purity
(¢) and the efficiency (€) in each qz-region is shown. In order to get these number,
the datasets are restricted on the signal region (M. > 5.27GeV/c? and |AE| <

0.05GeV).
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TABLE 7.4: Total efficiencies and purities in percent in the signal re-
gion (Mp. > 5.27GeV/c? and |AE| < 0.05GeV) for all channels after
the network selection is applied.
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Tab. 7.5 shows a direct comparison between Belle and this analysis. The Belle val-
ues are from [26]. While the studied channels are the same at Belle and this analysis
at hand, the classifier at Belle had some different requirements. The main difference
is that AE was a part of the features used in training and as a result, it can not be
used as a discriminating variable. Also, the signal region for channels with / = e
was wider at Belle in AE (—0.10GeV < AE < 0.05GeV). Overall, the performance
of the classifier introduced in this analysis seems to outperform the ones used at
Belle.

In Tab. 7.6, the expected amount of signal events for an integrated luminosity of
[ £dt = 364 fb~! in every g?-region is shown. Especially the low number for the
BY — K*%(— K2n")¢¢ channels is interesting. However, this is expected once the
decay chain for this channel is considered. Due to isospin, only 1/3 of all K** decay
into K°7°. Half of all K decay further into K2 and the other half decay into K? which
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TABLE 7.5: Comparison between the performance of the classifier

of Belle ([26], p. 67) and this analysis. In contrast to this analysis

at hand the signal region for the channels with ¢/ = e at Belle was

—0.10GeV < AE < 0.05GeV. The AE variable was also part of the

features within the classifier training, as a result it can not be used as

a discriminating variable at Belle. The My, signal region is the same
and neither analyses use it in the training.

. Channel Efficiency [%] Purity[%)]

" BY — K*(— K"t )ee 5.37 47 +5
Belle | BY — K*(— Kt~ )uu 14.28 37 +3

 BY — K**ee 2.94 1743

L BY o Ktwp | 354 1843

' BY — K*(— K717 )ee 15.9+0.2 51+6

' B — K*O(— Kt )up 17.4+0.1 38+3
This Analysi | BT — K*F(— Ko™ )ee 9.9+0.2 5348

| B+ — K (— K0n+) 10.1+0.2 24 +4

' BT — K*"(— Kt7¥)ee 11.4+0.2 13+2

| B+ — K (= K n)up | 123+£02 5+1

TABLE 7.6: Expected number of signal events for a luminosity of
364 fb~! after reconstruction and the neural network classifier. These
numbers are determined with the MC15_rd dataset with a luminosity

of ([ Lis1dt = [ Lycis a/4dt =4-364fb~ ' /4 =364~ 1).

Channel i 43 43 i
— K*0(— K7t )ee 8706 8007 57+06 88=£07
BO 5 K= K )up | 107407 108+07 113+08 133+09
(
(=

BY — K*0(— K270)ee 06+02 02402 02+02 05402

B — K*(— K2n®)up | 08+£02 07+02 07+02 09402

B+ — K" (= Kot )ee | 444+04 36+04 27+03 45104
— K (= K0n+) 36+03 26+03 29403 35404

B+ — K (— K*n%)ee | 49+04 50405 33+04 62406
— Kt (=

K*n%up | 40+04 40+04 42404 53405

are very difficult to detect, even at Belle II. For this reason, they are neglected in this
analysis. The K2 decays about 1/3 of the time to 77°7° which decay into a total of four
7. It would be very difficult to reconstruct two 7° in an event and the amount of
expected background would be huge. As a result, this channel is also neglected. The
other 2/3 of the K? decay channel goes into 777 71~. Therefore, only a small fraction
(1/3-1/2-2/3 = 1/9) is even considered for reconstruction. In addition to this low
branching fraction comes the 50% reconstruction efficiency of the ¥ making it a very
difficult decay channel to reconstruct. More details about the branching fractions
within the B — K*/¢ decays can be found in Fig. 7.11. Considering the very low
expected yields for the channels B® — K*0(— K27%)ee and B® — K*0(— KIn%)up,
these channels will not be studied further in the context of this thesis.

7.6 Neural Network vs. Boosted Decision Tree

In Sec. 5.9, Boosted Decision Trees were introduced as an alternative classifying
method. Since they are also able to perform a signal/non-signal classification, for
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both tools (BDT and NN), the performance can be calculated, compared and the bet-
ter method will be chosen. For this brief study, only the B — K*0(— K7~ )ee
channel is investigated and the efficiency and purity after both classifying methods
as well as the AUC of the ROC curves are compared. The ROC and signal/non-
signal separation plots for the BDT can be found in the appendix in Fig. E8. The
results can be found in Tab. 7.7.

TABLE 7.7: Performance comparison between the BDT and NN for
the decay B — K*O(— K*7t~)ee in the qgomb-region.

| Total Efficiency [%] Purity [%] AUC
BDT 16.4+0.2 34+ 6 0.966
NN 1594+0.2 5146 0.971

As presented in this table, the dataset after the BDT has a higher total efficiency.
However, the purity of this dataset is worse compared to the NN. In order to com-
pare both classifiers, the threshold of the BDT prediction is chosen in such a way,
that the relative efficiency of both classifiers is the same. This results in a purity of
43 + 6% for the BDT. As a result, the neural network classifier is considered to per-
form better than the BDT. This can also be seen in the AUC value which is a little
bit higher for the NN compared to the BDT. Therefore, and for the sake of consis-
tency, the neural network was chosen as a classifier and for function approximation*
(Sec. 5.7).

41t is not possible to use a BDT as a function approximation since the output of the BDT is not
smooth but rather steps. This is not desired in an acceptance function.
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7.7 Detector Acceptance Corrections

In Ch. 3 the Belle II detector with its subdetectors was introduced. It is clear that this
machine does not work perfectly and the reconstruction efficiency for the particles
depends on their angles and momenta (acceptance).” These inconsistencies need to
be corrected in order to perform an analysis which will depend on the exact number,
position and momenta of the reconstructed particles. To perform these acceptance
corrections, an approximation with a neural network according to Sec. 5.7 is devel-
oped. (Function Approximation)

7.7.1 Variables to Correct

According to theory (Sec. 2.2.1) the decay B — K*¢/ can be fully described with only
five variables. Due to the limitations in the amount of available data, the Mg, vari-
able will be considered a fixed value. In addition to that, the 42 variable will only be
divided in the six already introduced regions, leaving only three angular variables:
¢B, cos 8y and cos Ok.

¢ Acceptance Corrections

Studying the properties of ¢, it is found that this variable is uncorrelated to cos 0,
and cos Ok and the reconstruction efficiency is rather flat, this can be seen in Fig. 7.12
and 7.13, respectively. As a consequence, this variable will not be used in the training
for the correction since the corrections done to cos 6, and cos 6x will also bring ¢p
back to the generated form. This will be described in the next section. The correlation
and efficiency plots for the other decay channels can be found in the App. G.1 and
App. G.2, respectively.

cos 6, and cos Ox Acceptance Corrections

In order to perform the detector acceptance corrections, a two dimensional func-
tion approximation with keras-TensorFlow will be done. For this, the efficiencies as
functions of the two angular variables, cos 6, and cos 6k, are used in the training.
The final model will be able to return the expected efficiency as a function of both
angular variables. In Fig. 7.13 the efficiencies as a projection for the three angles are
depicted. These shapes of the efficiencies also depend on the g2-region. For this rea-
son, each g2-region will get an individually trained neural network.

7.7.2 Structure of the Neural Network and Training - Acceptance

For each g2-region of the remaining B — K*{/ decays, a separate neural network is
trained. However, the structure of each network is be the same. Solely the input
2D efficiency histogram changes. For a given number of bins, the binning of this
two dimensional histogram is determined using generated events and the method
introduced in Sec. 4.2.2. This method ensures, that each bin in the 2-dimensional
plot has roughly the same amount of generated events and, as a consequence, the
calculated efficiencies are more stable. Otherwise, a bin with zero generated events
could be created and it would be impossible to calculate the efficiency. This method
is applied to several different amounts of total bins in order to increase the total

5This becomes obvious considering that even though Belle II covers a large spatial area, there are
no detectors at very small and large polar angles (the polar angle acceptance is 17° < § < 150°). Hence,
no particle can be reconstructed in these areas.
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FIGURE 7.12: Correlations between four decay variables for the B® —

K*0(— K* 7~ )ee. There is a correlation between cos 6, and 4%. How-

ever, this correlation is expected since both of these variables depend
on both leptons in the decay.

number of entries of efficiency points which can be provided to the training of the

network.

For these neural networks, feature engineering is done as well in order to give
it more structural information and to help during the training. The features used in

the training are:
1. f1(6;) = cos by
2. f2(0x) = cos bk
3. f3(8;) = cos? 0,
4. f4(0x) = cos® Ok
5. f5(8y,0k) = cos by - cos Ok
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6. f6(9g, 91() = 9( . 91(

7. f7(6,,0x) = \/cos? 0, + cos? Ok

This function approximation neural network uses the optimizer adam. The net-
work itself consists of two hidden layers. The first hidden layer has 16 nodes and
a ReLU activation function. The activation function of the following layer is sigmoid
with 16 nodes as well. Between each layer, a batch normalization takes place. The
training lasts 350 epochs while the following custom loss function is chosen:

1 R
y) = — Y |log 9; — logy;] (7.7)
i=1

This custom loss was chosen over a mean-squared-error (mse) loss function because
in order to calculate the acceptance weights, 1 over the efficiency has to be calculated.
However, the model is trained directly with the efficiency. It’s easy to understand
the resulting problem with an example. Assuming the target efficiency is 50 %, this
results in an acceptance weight of 2. The mse loss function would punish a model
with a predicted efficiency of 40 % the same as a model with a predicted efficiency
of 60 % (Both are an absolute of 10 % off to the real value). However, the acceptance
weight for the former model is /0.4 = 2.5 and the later 1/0.6 = 1.6. Even though both
models have the same mse, the calculated weights of the last model is closer to the
true value. For this reason, the custom function was written. The log was chosen
since for small efficiencies, 1/¢ can get large very quickly. This new loss function
has a very similar problem, however, while testing the resulting models appeared to
perform better.
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For training, the starting learning rate is Ir = 0.02 and it gets multiplied by a
factor of 0.6 after a plateau which lasts 50 epochs is reached. The dataset used for
training is the second half of the MC signal data (Large MC Signal Files II; Sec. 7.5.3).
Only candidates passing the neural network classifier and the best candidate in each

event are COHSidEI'Ed.
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FIGURE 7.14: (a) Input efficiencies for the acceptance model training.

Resulting acceptance correction model for the decay B® — K*0(—

K7~ )ee in the g3-region. In (b) the resulting model function is

shown. In (c) the difference between the predicted and true efficiency
is shown.

The result is a model that depends on cos 6, and cos fx and returns the detector
acceptance efficiency at this point. For the g3-region and the channel B® — K*0(—
K7™ )ee, the resulting model can be seen in Fig. 7.14b. In Fig. 7.14c the difference
between this model and the real efficiency values is shown as a two dimensional
histogram. The model plots for the other channels can be found in App. G.3.

7.7.3 Corrected Variables

After analyzing the training data for the acceptance models and the resulting mod-
els, it is found that there are some areas which have very low efficiency. This can be
seen as dark blue areas in Figs. 7.14a and 7.14b. In these low efficiency areas, small
errors in the modeled efficiency lead to large errors for the calculated weights, as it
was already mentioned in Sec. 7.7.2. For this reason, the low efficiency areas will be
cut away. This will make the further analysis more stable and since there are only
a few reconstructed signal events in these areas in the first place, the total efficiency
will be reduced only slightly. A detailed table with all the angular requirements can
be found in Tab. 7.8. To determine the areas to cut off, it is important to keep in mind
that cos 6, has to be treated symmetrically because there will be a transformation of
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this variable according to Eq. 2.57. On the other hand, cos 6k will not be transformed,
therefore there are no special limitations for cutting on this variable. The procedure

of cutting off low efficiency regions in cos 6, and cos 0k will be referred to as trim-
ming.

TABLE 7.8: Chosen requirements for the trimming. Regions in cos 6,
and cos 0k with a very low efficiency are removed in order to improve

the fit stability.
q*-Region | cos 6y cos Ok
q? |cosfy| <0.75 cosfg > —0.90
qgﬂp(zs) / cos g > —0.90
9 |cosBy| < 0.95 |cosbx| < 0.95

After applying the angular variable trimmer, the corrected angular variables for
the B® — K*%(— KT 717 )ee in the g3-region can be seen in Fig. 7.15.
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FIGURE 7.15: Decay angle acceptance correction for cos 6y (a), cos Ok
(b) and ¢ (c) for the B® — K*9(— K717 )ee channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.

Here, the pull is calculated by

Pull — Tgen — 1PA

7.8
o (7.8)
where Ngen 1S the number of generated events within the bin, and
n
npa = Zwi and OpA = (79)
i=1




100 Chapter 7. Preparation and Preselection

where w; is the acceptance weight multiplied with the PID weight of the ith entry
and n is the total number of entries of the bin. This trimming is only applied right
before the angular analysis. The correction plots for the other decay channels can be
found in the App. G.4.

7.8 Correlations

In the next analysis step, the sWeights method (Sec. 4.3.3) will be used in order to
reduce the influence of non-signal on the angular (target) variables. The signal/non-
signal separation will be done with a 2D fit on AE and My, (discriminating). How-
ever, the sWeights method only works if the discriminating variables used in the
signal /non-signal fits are uncorrelated to the target variables where only the signal
component will be projected out. For the channel B — K**(— K7~ )ee, the cor-
relation plots between AE/ My and cos )y, cosx and ¢p can be seen in Fig. 7.16.
No correlation is found. The correlation plots between the target and discriminating
variables in the other channels for background (signal) events can be found in the
App. H.1.1 (H.2.1). Another requirement of sWeights is that the method can only
be applied to unweighted datasets. Therefore, all the weights calculated earlier, like
PID-correction weights (for MC datasets) and acceptance weights, have to be applied
after the sWeights are calculated. This can only be done, if there is no correlation be-
tween AE and My, and both of these aforementioned weights. This is investigated
for the B® — K**(— K* 7~ )ee channel in Fig. 7.17. For the B® — K**(— K*7~)¢¢
channels, no correlation is observed and the sWeights method can be applied. Un-
fortunately, some correlations are found in the B — K**(— KT 7?)¢¢ channels.
This will be discussed with more detail in the next section. The correlation plots be-
tween the discriminating variables and weights in background (signal) for the other
channels can be found in the App. H.1.2 (H.2.2).

7.8.1 Correlations in the B* — K**(— K*7?)¢¢ Channels

It was found that the channels B* — K**(— K*7%)ee and BT — K**(— KT %) uu
have some strong correlations in variables which should be uncorrelated in order for
this analysis strategy to work. The problematic correlation arises in the variables M,
and cos 0y and cos 0k for background events. This can be seen in Figs. 7.18 and 7.19
for the Bt — K**(— K™n%)ee and Bt — K**(— K™ 7%)up channel, respectively.
My, is used in the fit to determine the signal and background PDF (discriminating
variables), therefore it has to be uncorrelated to the variables that are used later in
the angular fit (target variables), otherwise the sWeights, calculated with the sPlot
method, will not sum up to the true shape of these angles [58].

However, since the sWeight method enables an analysis, which does not rely
on fixing a background shape determined by simulation it was decided that this
advantage is larger then the loss of the decay channels containing a 71°. For this
reason, the analysis will continue with the B — K**(— K*7~)¢¢ and BT — K**(—
KQ7t™) ¢ channels and the BT — K**(— K™ 7%)£¢ channel will be dropped.
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FIGURE 8.1: Workflow for the angular analysis.

With all the event reconstruction and preparation done, the fitting procedure
can start. This procedure can be split up in several steps. First, the PDFs in the
discriminating variables, My,. and AE, are determined for signal and sfx events using
MC files containing only signal events. Then the fit parameters, as well as the ratio,
obtained from this fit will be fixed in the following procedure while determining
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the parameters and ratios for the background PDFs of the discrimination variables.
Using these combined PDFs it is now possible to calculate the sWeights according to
Sec. 4.3.3 in order to obtain the true shapes of the angular variables (target variables).
After computing the weights, the trimmer, as introduced in Sec. 7.7.3 and Tab. 7.8,
is applied. Finally, a three dimensional angular fit, using Eq. 2.57 as the PDF, is
performed and the values for F;, S3 and P! are determined. During the fit, these
parameters are restricted to Fr, € [0,1] and S3, Pf € [—2,2]. The fitting procedure is
repeated for each channel and each g2-region independently.

Before the analysis procedure can start, for each discriminating variable, the PDF
models for each of the three contributions in the data set have to be determined.
These contributions are signal, sfx and for the background the contributions of con-
tinuum, B meson and T pair events are combined to a single model. The chosen PDF
compositions are listed in Tab. 8.1.

TABLE 8.1: Chosen PDFs for the discriminating variables and each
contribution in the data sets.

Variable | Signal sfx Background
AE Gaussian + Crystal-Ball Polynomial Polynomial
My Gaussian Argus Argus

8.1 Error Estimation

Once the final parameters are determined in the fit, an error to these values has to be
assigned. This error estimation will be done with a MC toy study. For this, the ob-
tained signal and non-signal PDFs are used in order to generated a toy MC sample.
The cos 8, cos 0 and ¢p shapes are approximated with a Legendre-Polynomial for
the non-signal model and with the PDF according to Eq. 2.57 for the signal models.
Now, since the shape of these variables after reconstruction is required, the accep-
tance value will be calculated of each event according to Sec. 7.7 alongside a random
number between 0 and 1. Then, if the random number is larger than the calculated
acceptance value, the event will be dismissed, otherwise it will be retained. After
this procedure, the shapes of this toy MC dataset will correspond to the MC15_rd
dataset after reconstruction. Finally, the sWeights for this new toy MC dataset are
calculated and using these weights, the originally generated shapes for cos 6, cos 0
and ¢p can be obtained and the 3D angular fit can be performed, saving the covari-
ant matrix of the fit. An example for these three steps (1st: generating; 2nd keep only
events where the random number is smaller than the calculated acceptance; 3rd ap-
plying acceptance weights) can be seen in Fig. 8.2.

This process will be repeated 50 times for each decay channel and g*-region with
the corresponding integrated luminosity. Finally, the standard deviation of the ob-
tained parameters is calculated. This value is then considered the error of the origi-
nal parameter value.
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FIGURE 8.2: Example for pure toy study events. The shapes after

acceptance are created by creating a random number between zero

and one for each event. If this number is smaller than the acceptance

value of this event, the event is kept otherwise discarded. Applying

the acceptance weight to the events which survive the selection brings
the shape back to the generated one.
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82 MC15_rd

As a proof of concept, the whole analysis will be done with MC15_rd data first
to ensure that the procedure works. This dataset was generated to be very sim-
ilar to the LS1 dataset. The integrated luminosity of this dataset corresponds to
[ Lyvcisdt = 4 - 364 fb~!. Examples for these fits are shown in Figs. 8.3 and 8.4 for
the discriminating variable and angular fits, respectively. The dataset for both exam-
ples are from the B® — K*9(— K717 )¢/ channel in the g3-region with £ = ¢ (¢ = p)
on the left (right). The discriminating and angular fits for the other decay channels
can be found in App. I.1.1 and 1.1.2, respectively.
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FIGURE 8.3: My, and AE fits in the g3-region for the B — K*0(—
K*7t7)¢¢ channel with the MC15_rd dataset. The fits for ¢ = e (¢ = p)
are shown on the left (right).

The resulting parameters of the three dimensional angular fit on the B — K*(—
Kt 7~ )ll are presented in Fig. 8.5. In this figure the values for the electron (orange
cross) and muon (brown cross) channels are shown side by side. Keep in mind, that
both channels are generated with the same set of Wilson coefficients. As a result, the
obtained parameters should be the same. The fit values after combining the electron
and muon dataset are shown as a dark slate gray cross. The green line shows the
value obtained by a fit on a MC generated truth data set.

For the F; and S3 parameters, the results appear to be consistent considering the
rather large error bars. Especially S3 seems to be a very stable parameter with the
exception of the g5-region, where the value for the electron and muon channel have
rather large discrepancies. Unfortunately, P has the largest deviations between the
channels. Also the error bars are very large. Especially, the fit on the electron chan-
nel returns a rather high value in the third g?-region. Overall, the values from the
combined measurement lie between the values obtained by the electron and muon
channel separately, as expected.
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FIGURE 8.4: Angular fits for the B — K*Y(— K*7~)¢¢ channel in
the g3-region containing the MC15_rd dataset. The fits for £ = e (¢ =
i) are shown on the left (right).

Since the expected amount of signal events is much smaller for the B¥ — K*(—
K27) 0, compared to the B® — K*0(— KT 717)4, it is also expected that the ob-
tained errors are larger for these channels. This can be seen in Fig. 8.6. Again the
parameter with the smallest (largest) error bars is Sz (P%).
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8.3 Long Shutdown 1 Data

The complete analysis pipeline shall now be done for the Long Shutdown 1 data
set of Belle II. This dataset has a total integrated luminosity of [ Lig; dt = 364 fb1.
Unfortunately, according to Tab. 7.6, the number of expected reconstructed signal
candidates is too low to perform a three dimensional angular fit in the channels
BT — K*"(— K%7")¢¢. For this reason, the analysis will only be done with LS1
data for the B® — K*O(—> KT 717 )¢ channels. However, even for these channels, the
expected amount of signal candidates is around ten (Tab. 7.6), which makes a three
dimensional angular fit still very challenging. The discriminating and angular fits
for all channels can be found in the App. 1.2.1 and 1.2.2, respectively.

8.3.1 LS1 Results

The final fit parameters of the LS1 dataset for the B® — K**(— K* 7~ )¢/ are pre-
sented in Fig. 8.7. The orange (brown) crosses represent the obtained values from
the ¢ = e (¢ = p) channel. The results from the combination are represented by the
dark green cross. The only parameter which seems to produce good results through-
out the g?-regions is S3. However, even for this parameter, there is a large discrep-
ancy between values obtained from the electrons and muons. The errorbars for F,
are quite large and the fits in the first g>-region seem to have failed for the muon
channel since F; is determined to be exactly zero. For the parameter P; in the first
g%-region the muon channel returns a very high value. The same is true for all chan-
nels in the second qz-region. Here, the value is almost the same for all three channels,
but it is unexpectedly high. In the fourth g*>-region the electron channel returned a
very high value, as well.

In Fig. 8.7d the parameter P, determined in this thesis is presented alongside the
values calculated by other experiments. With the exception of the second g?-region,
the results obtained from this analysis seems to be in agreement with the results of
Belle.

With these values and error bars, it is not possible to claim meaningful results
from this analysis on the LS1 dataset. Despite this fact, it was shown, that the anal-
ysis workflow works in principle and it is only a matter of time until the total inte-
grated luminosity of Belle Il is large enough to produce meaningful and competitive
results. Further improvements of this workflow will be discussed in Ch. 10.
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FIGURE 8.7: Angular parameters obtained by the three dimensional

fit as a function of ¢* for the B® — K*O(— K* 7~ )¢ channels in the
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values of this thesis (dark green), the values obtained by Belle (blue)
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113

TABLE 8.2: Angular parameters obtained by the three dimensional fit
LS1 dataset.

for all the ¢? region in the BY — K**(— K* 7~ )¢/ channels using the

8.3. Long Shutdown 1 Data

Channel . Parameter q? 73 q3 q
” F, 0.53+0.31 0.55+0.30 0.53+0.33 0.51£0.21
BY — K*0(— K*7t " )ee | S3 0.25+0.06 0.04+0.19 0.26 +0.33 —0.01£0.17
! P —0.05+1.00 1.34 +1.00 0.15£1.00 0.99 +1.00
\\\\\\\\\\\\\ . F |  000£015 0214£017  031£026  072+034
B — K*(— Kt )up | S3 —0.02+0.11 0.39 +£0.16 —0.25+0.26 —0.11£0.21
ook 1812070 lai+1o0 0.59+100  —066+1.00
\\\\\\\\\\\\\ . K| 009£022  039£015  029+023  070+0.18
BY — K*0(— Ktm—)el | S3 0.08 +0.18 0.32+0.10 —0.05+0.21 —0.17 £0.19
! P 0.02 £1.00 1.39+0.53 —0.16 £0.57 —0.37+£0.70
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Chapter 9

Systematic Studies

Paths are made by walking.

Franz Kafka

9.1 Branching Fractions of B — K*J/¢ and B — K*i(25)
Decays

A very common way to validate the calculated acceptance correction is to determine
the well known branching fractions of the B — K*J /¢ and B — K*(2S) channels.
These transitions happen on tree level and therefore occur around ~ 1000 times as
often compared to the flavor changing neutral currents. In general, the branching
fraction can be calculated by

_ Nobs

2-€- fu- fxn - Npp
where N is the observed number of B — K*X,; events, € is the efficiency after
reconstruction and classifier! and f is an additional factor from PDG [10] which
takes the branching fraction of the c¢ state decaying into lepton pairs into account.
This factor is 5.94 4 0.06 - 1072 (5.93 + 0.06 - 1072) for [/ — ee (J/¢ — uu) and
7.734+0.17-1073 (7.7 £ 0.8 - 1073) for ¢(2S) — ee ((2S) — up). Similar, fx, is
a correction factor that takes the branching fraction of the K* — Kt into account.
Finally, Nz is the number of produced B meson pairs. The denominator has to be
multiplied by a factor of two since there are two B mesons in an event and each of
them can decay through the channel of interest.

Tab. 9.1 shows the obtained branching fractions of the B — K*X.: channels.
These values are shown for each channel separately since each one of them has a
separate classifying and acceptance model. These values are calculated using the
MC15_rd dataset? and the errors are determined by the yield fit on the discriminat-
ing variables AE and My.. Looking at the errors for the decays including a J/ it
becomes obvious that this error estimation has to be done with more detail in the fu-
ture. Tab. 9.1 also contains the branching fraction value used while generating this
dataset and the official PDG value.

Most noticeable is that the branching fraction determined in the B — K*0(—
K7t )¢¢ channels are consistently lower than the values, that are used to generate
these data samples. The branching fractions calculated from charged B mesons are

B(B — K*Xc¢) 9.1)

I The acceptance corrections are calculated with this efficiency
2The box was not opened for these studies are, and, as a result, the branching fractions within the
LS1 dataset were not determined.
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TABLE 9.1: Measured branching fractions for each channel in the
MC15_rd dataset. The PDG values are also shown in these tables [10].

B(B — K*]/l/J)[lO*”]
Used Workflow Channel | Measured Gen. PDG-Value
BY » K*(— Kt )ee | 1.17+£0.01

B KO Ky | 1224001 VP T EOS

BT - K**(— KInt)ee | 1.38+0.01
BT — K**(— K" )up | 1.47 £0.01 143 143008

B(B — K*1(2S))[1074]
Used Workflow Channel | Measured Gen. PDG-Value
BY — K*9(— K* 7t~ )ee 5.7+0.2

B KO K | 55404 01 SOFOE
BT - K*"(= KInt)ee | 62+03
Bt — K" (= Ko H)up | 79+06 : :

overall closer to their generated values. There is one exception. The determined
branching fraction of the B" — K**(— K27t )up channel is roughly three standard
deviations above the generated values. This large discrepancy has to be studied with
more detail in the future.

More details about these obtained values alongside all the corresponding figures
can be found in the master thesis of Jigarkumar Patel [96]. These studies did not
include the sWeights method. Instead the yield was determined using a two dimen-
sional fit on the variables AE and My, with weighted events. These weights include
PID and acceptance correction weights.

9.2 Angular Fit Stability

A first iteration of systematic studies concerning the angular fit stability is presented
in the master thesis of Andre Klotzbticher [19]. His thesis investigated the influence
of the transformation introduced in Sec. 2.2.5 transforming Eq. 2.51 with a total of
eight independent parameters to Eq. 2.57 with the three parameters F;, S3 and P:. In
addition to that, the performance of the angular fit depending on several integrated
luminosities is studied and the expected fit biases of the final three fit parameters are
determined depending on the available integrated luminosity.

These studies were done with datasets prepared using the workflow presented
with the thesis at hand. These studies were using pure MC15_ri signal files and,
once the PDF shapes were determined, toy MC files, as well. They did not include
non-signal events and the sWeights method.

9.3 Demonstrating sWeights

Since the sWeights method is rather uncommon, its effectiveness will be studied
with a more sophisticated example compared to the one presented in Sec. 4.3.3. For
this demonstration, the obtained signal and non-signal PDFs are used in order to
generated a toy MC sample similar to Sec. 8.1.

The fit on the discriminating variables is shown in Figs. 9.1a and 9.1b, the re-
sulting figures of the target variables in Figs. 9.1c, 9.1d and 9.1e. These last three
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plots show the true generated signal event shape in green, the events after they are
shaped to reconstruction level and with acceptance weights in dark orange and the
same events but with also the sWeights in red. After applying all weights (accep-
tance + sWeights) the shape of the reconstructed events with all weights applied (red)
is very close to the shape of the generated signal events (green). Using this genera-
tor level-like shape it is possible to directly fit the three angular parameter F;, S3 and
Pl without fixing the background shape determined by simulation. The results for
these data can be seen in Sec. 10.1. There, this method is applied for both, / = ¢ and
¢ = u to the second g2-region for several integrated luminosities.
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FIGURE 9.1: Showing the effect of the sWeights using toy MC. (a) and

(b) show the discriminating variables, (c), (d) and (e) the target vari-
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containing signal and non-signal events in dark orange (only accep-
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9.4 Loading More Signal Events

Another test that can be done in order to study the stability of this analysis is to load
way more signal events than expected while keeping the background the same. In
this study, the complete MC15_rd dataset (4 - 364 fb~ ') is taken for the background.
For signal, ten times the amount of expected events are loaded. The complete anal-
ysis workflow is applied to this new data sample. This way, the analysis is done
with larger datasets which are not a toy study since both background and signal are
generated as MC15. An example for the discriminating and angular fit can be found
in Fig. 9.2. The fits for the other g>-regions can be found in the App. J.

The result from the angular fits can be found in Fig. 9.3. As expected, the error
bars are smaller compared to Fig. 8.5. For the P/ variable, there could be a bias since
for the g*-regions 2, 3 and 4, the fit values appear to be consistently higher then

expected.
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9.5 Fixing the Background Shapes Instead of Using sWeights

sWeights are used in order to get rid of the non-signal contribution in the angular
variables. But, the more obvious way to handle these contributions is by determin-
ing the background shapes with MC and keep them fixed. The signal contribution
can then be determined. Therefore, this analysis will also be done with this simpler
method and the results will be compared to the sWeights strategy. For this, the back-
ground for the angular variables as determined on the MC15_rd background sample
using higher degrees Chebyshev polynomials.

In Fig. 9.4 this method of fixing the background contribution is shown for the
BY — K*9(— K*7t™)ee in the second g*-region. The plots with the fits for the other
g%-regions can be found in App. J.1.

The results for the angular parameter of these fits can be found in Fig. 9.5. Com-
pared to Fig. 8.5 (where the sWeight method was used), the obtained values from
the fits for F; and S3 are more scattered around the generated value. In the third
g%-region all channels return P = —2, which is the smallest value possible in the
fit. For the electron channel also the first and second g*-region seems to have failed.
Overall, only the fourth g*>-region seems to be stable.

This method of fixing the background shape has the big disadvantage, that these
shapes can only be directly determined for MC data. Therefore, for real data, these
MC determined shapes have to be used as well and, as a result, the quality of this
strategy depends heavily on the similarity between MC and real data. Therefore,
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FIGURE 9.4: Figures related to the fit study with fixed background
shapes and no sWeights for the B — K*(— K*7r~)ee in the g3-
region.

small differences could lead to poor background modeling. A good example is the
measurement of Rgx- with the B — K*/¢/ decay. In 2022 a violation of the Lepton
Universality with a significance of 3.1 ¢ was reported by LHCb [97]. In 2023 an
improved background model was used which brought all measurements to be in
agreement with the SM at 0.2 o level [98].
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Chapter 10

Outlook

There is as yet insufficient data for a
meaningful answer.

Isaac Asimov, The Last Question (1956)

It was shown that the presented workflow for this analysis works. However,
there are several aspects which can be improved further. This chapter will provide a
brief overview of some of these improvements.

10.1 The Future of the B — K*/¢ Angular Fits

Belle IT is still at the beginning of data taking. The LS1 dataset was collected between
2019 and 2022 and contains an integrated luminosity of 364 fb~" which is about half
the integrated luminosity of Belle ([ Lpeye dt = 710 fbfl). The most obvious way to
improve this analysis is by increasing the amount of data used. This will make all the
fits more stable and will reduce the overall statistical error. Since Belle II is expected
to continue collecting more data with an goal of a total integrated luminosity of
f L£dt = 50ab~ !, it will only be a matter of time until the amount of collected data
is large enough to perform a more competitive analysis.

For now, the performance of this analysis can be estimated by making projec-
tions for several integrated luminosities. The workflow for these projections can be
seen in Fig. 10.1. To make a projection, the PDFs obtained with the MC15_rd dataset
are loaded and events are generated with zFit according to the expected amount of
events. Then the complete analysis pipeline is started. This means that after the
weights are computed and applied, the three dimensional angular fit is performed.
This will be done for several total integrated luminosities. The values for the angular
parameters are the same for electrons and muons. Fig. 10.2 shows the discriminat-
ing and angular fit for the B — K**(— K*7~)ee in the second g2-region for an
integrated luminosity of 50ab™'. The fits for the other integrated luminosities and
muons can be found in the App. K.

The result of the fits on theses generated datasets can be seen in Fig. 10.3. Here,
the obtained values for the second g>-regions for the B — K**(— K*71~)¢/ channels
are shown for several integrated luminosities. As expected, the size of the error is
getting smaller for higher integrated luminosities. In addition to that, the values
seem to converge against the value used for generation. This shows that the fits will
become more reliable for higher integrated luminosities starting with about 10ab ™.
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10.2 Recover Low Transverse Momenta Particles

After studying the efficiency as a function of the variables cos 8, and cos 0k, it ap-
pears that there are regions in these variables with a very low efficiency. This was
the reason the trimming (Tab. 7.8) was introduced. After studying these regions, the
reason for these low efficiencies appears to be the bad reconstruction efficiency of
particles with low transverse momentum. This is true for both the lepton (Fig. 10.4a)
as well as the 7t (Fig. 10.4b).

|cos6,| >0.9 cosBfx<-0.9
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FIGURE 10.4: Number of generated and reconstructed tracks as a

function of pt for leptons (a) and pions (b). In (a), only events with

|cosf;| > 0.9 and in (b), only events with cosfx < —0.9 are taken
into account.

Using the innermost detectors of the experiment, (PXD + SVD), the low momen-
tum leptons could be reconstructed. As of now, these events are thrown away by
the nCDCHits > 20 condition which is required for PID corrections. Using tracks
with low momentum would therefore also mean that new PID correction tables are
needed. The transverse momentum of the 7t on the other hand loses a lot of entries
due to the skim, which requires each track to have a transverse momentum of at
least 0.1 GeV/c. Using a different skim with a lower requirement on the transverse
momentum would therefore improve the reconstruction efficiency of the pions in
all channels with a charged 7r. Using both of these strategies could therefore make
the trimming unnecessary and as a result increase the total efficiency and lead to an
overall improvement of the three dimensional angular fit.

10.3 Adding the K*-Mass as a Kinematic Variable

With a larger dataset (Sec. 10.1) it will be possible to also determine the contribution
of the S-wave component of the K*(892) decays. This contribution is not included
in the parametrization (Eq. 2.57) and therefore needs to be treated. For this, the
window on the invariant mass of the K* needs to be opened further and a classifying
neural network has to be trained without this feature. As a result, it can be added
as an additional target variable to the existing kinematic variables of the decay. The
training, validation and testing is done with the same dataset as before in Sec. 7.5.3.
The performance of this network for the B — K**(— K* 71~ )ee channel can be seen
in Fig. 10.5 and Tab. 10.1 provides a direct comparison between the classifying model
with and without the K* mass in the training.

Obviously, the performance of the classifier without the M- variable in the train-
ing performs a bit worse. The efficiency as well as the purity are lower and as a result
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TABLE 10.1: Comparison between classifying models with and with-
out the K* mass variable in the training for the B — K*0(— K* 717 )ee
channel.

Model ‘ Efficiency [%] Purity [%] AUC Threshold
w/ Mg+ 159+0.2 51+6 0.971 0.735
w/0 Mg~ 15.7+0.2 47 + 6 0.960 0.734

the AUC value is lower. However, this is still a good classifier since both values are
still comparable.

Besides the performance of the classifying network, it is important that there
is no correlation between Mg and some important variables. The flat correlation
plots can be found in Fig. 10.6. In order to use the sWeights method, there must be
no correlation between Mg+ and both the PID- and acceptance-correction weights
since these weights will be applied after the discrimination fit (Figs. 10.6a, 10.6b).
Also, since Mk~ is a part of the target variables, it has to be uncorrelated to the
discriminating variables My, and AE (Figs. 10.6c and 10.6d). Due to the fact, that the
K* mass will be used a target variable alongside cos 0y, cosx and ¢p it would be
nice, but not crucial, that these variables are uncorrelated among themselves. This
can be seen in Figs. 10.6e, 10.6f and 10.6g.

104 ]/y-Leakage

Even though a charmonium veto is applied it is still possible that some |/ events
appear in the g2-region due to the width of the ] /1 resonance and the detector reso-
lution. This is a problem for the electron channels especially due to bremsstrahlung.
The remaining ]/ events in the B — K**(— K'7r)ee channel can be seen in
Fig. 10.7a. Here, it is clear that some |/ events end up in the signal regions and
since the J/¢ decay channel is very similar to the signal channel, it is difficult to
exclude it further without losing more signal events.
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In Fig. 10.7b the same decay channel but with y as leptons is shown. Since the
energy resolution of the detector performs better for y compared to electrons, the
width of the J/¢ peak is much narrower and there is almost no leak in the signal
regions. All figures presented here contain background events only. Signal and sfx
events have been removed to make the J/¢ and (2S) contribution to the back-
ground more clear.

In Figs. 10.7c and 10.7d, the same dataset is shown for electrons and muons,
respectively. However, these figures only contain events which pass the neural net-
work classifier. It appears that a large portion of the background events in the sec-
ond g3-region still have a J/¢ in them. In order to handle this contribution, a clean
B — K*J/¢(— ¢¢) sample should be created, preferably in the { = y channel. Then
the angular distribution of these charmonium events should be determined and their
amount in the second ¢?-region should be estimated. Afterwards this contribution
should be fixed. This approach should also be possible on real data without relying
on simulation since the |/ events dominate and it should be possible to create a
rather clean sample. However, studies concerning this approach still have to be per-
formed.
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10.5 Recover Bt — K**(— K*7Y)¢¢ Channels

In Sec. 7.8.1 a correlation between cos 6k and My, was found for the Bt — K**(—
K*7%)¢¢ channels which caused the channels to be dropped.! This correlation has
to be studied in greater detail and the question has to be answered if there is a way
to recover these channels.

10.6 Error Estimation

For this analysis the errors are estimated calculating the mean of the covariant ma-
trices obtained by fitting over zFit generated toy MC 50 times (Sec. 8.1). This had to
be done since the angular fit did not always converge for very low integrated lumi-
nosities, especially for the LS1 data set. In general, the estimation of the error on the
final values has to be more sophisticated. With in increase in the available integrated
luminosity the stability of the angular fits will increase as well and as a result, the
covariance matrix can be obtained directly from the fit reliably. In addition to doing
a better estimation of the errors, biases originating from the fits have to be studied
further and the corrections need to be applied. A first approach of these studies was
done in [19].

10.7 Fixing the Background Shape

In Sec. 9.5 the analysis was done without the sWeight method. Instead the back-
ground shape is determined and fixed. For future analyses, it would be nice to keep
this methods as a sanity check. In Sec. 10.1 it was shown, that the sWeight method
will converge against the generated value without relying on a background contri-
bution determined by simulation. It will return values close to the generated ones
once the amount of available data is large enough. On the other hand, fixing the
background shape is a rather common and established strategy in particle physics.
However, this approach has several disadvantages. For it to work, simulation and
real data have to be very similar and a good model for the background has to be
found. Both of these requirements are vulnerable to errors.

IThe discriminating and the target variables have to be uncorrelated in order to use the sWeights
method.
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Chapter 11

Conclusion

It’s the job that’s never started as takes
longest to finish.

J.R.R. Tolkien, The Lord of the Rings
(1954)

This thesis shows that an angular analysis of the B — K*¢/ decay is feasible at
Belle II. The most considerable part of this work focuses on creating a workflow with
new techniques to execute this kind of analysis.

It starts with the development of snapshot ensemble neural networks which are
able to reliably differentiate between signal and non-signal events (Sec. 7.5) while
keeping the background side-band of the AE and My, variables fittable!. It is also
shown that the performances of the classifiers developed in this analysis are better
compared to the ones used at Belle (Tab. 7.5).

The next major step in the analysis pipeline is the novel approach to approxi-
mate the response function of the detector with another neural network (Sec. 7.7).
Finally, a rather new technique which is able to get rid of the non-signal events con-
tribution in the angular variables is introduced and demonstrated (Sec. 9.3). This
sWeights method returns weights that allow for a direct likelihood fit on sweighted
events in order to obtain the true signal shape. Using this approach the background
contribution is no longer determined by simulation eliminating possible sources of
error. In general, this method has to be studied with greater effort in the future and
the resulting systematic and statistical errors have to be understood in more detail.
However, the advantages of the sWeight method can not be denied and I think it is
the way to go for future analyses.

After applying this sWeight method, a data transformation is applied which re-
duces the dimensions of the angular decay rate from eight down to three dimen-
sions. As a result, the fit is only sensitive to the observables F;, S3 and PZ. In order
to validate the developed workflow, these parameters are determined with a multi-
dimensional fit on the angular variables for the MC15_rd (Sec. 8.2) and LS1 (Sec. 8.3)
dataset.

As a next step of the analysis, the overall errors have to be studied with far more
detail in general. This also includes the impact of events coming from the charmo-
nium resonances, which migrate into lower g2-regions and the S-wave component
of the K*(892) decays.

Belle II only started taking data in 2019 and so far has collected a total integrated
luminosity of [ Lig dt = 364 fb~! at the Y(4S) resonance which is about half of its

IThe output of the classifier does not correlate strongly with these variables leaving a background
and a signal side-band.
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predecessor Belle. Policies aside, the goal of this thesis is not the exact determina-
tion of the parameter F;, S3 and P. with data which is currently available, but rather
the development of a workflow to obtain these parameters in the future at Belle II.
Therefore, this rather small dataset of Belle II is the most obvious bottleneck of this
analysis at the moment. As of right now, the amount of expected signal events is
in the single to low double digits making it very difficult to perform a three dimen-
sional angular fit. However, Belle II continues to collect data and is expected to do
so until 2035 when a total integrated luminosity of [ £dt = 50 ab ™! will be reached,
increasing the number of expected signal events to over one thousand. With this
amount of events, the analysis will become more stable and the size of the errors
will decrease drastically.

Overall, this analysis approach is promising. Neural networks can be used reli-
ably as classifiers and for function approximations and with the sWeight method it is
possible to obtain the true shape of the kinematic variables without relying on sim-
ulation for background modeling. Once the integrated luminosity of Belle II reaches
about [ Ldt =10 ab~ ! I would recommend to redo this analysis with the presented
workflow.
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Appendix A

Theoretical Foundations

A.1 Prediction of the c Quark Through the GIM Mechanism
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FIGURE A.1: The K® — u*u~ decay is extremely suppressed. This
lead to the introduction of the GIM mechanism forbidding (a). The
transition depicted in (b) is possible according to the SM (8¢ is the
Cabibbo angle) and assuming there are only u, d and s quarks this
decays should have been observed. Introducing a c quark (4th quark)
also enables the transition shown in (c). Adding up the amplitudes of
both decays nullifies the total amplitude (caused by the minus sign at
the vertex in (c)) and, as a result, this decay is highly suppressed.
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Appendix B

Experimental Setup

FIGURE B.1: Installed PXD before the first long shutdown. Only two
out of the 12 outer ladders were installed [99].
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FIGURE B.2: Most recent (integrated) luminosities as of summer

2024. A total integrated luminosity of [ £dt = 531.34 fb~! has been

recorded at Belle II. The data taking was paused in July of 2024 in or-

der to perform some more upgrades of the detector. In October 2024
data taking will continue [100].



Appendix C

Analysis Tools
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FIGURE C.1: Spline fit to the line correlation example in Fig. 4.2.
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example in Fig. 4.4.
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FIGURE D.1: Comparison between LS1 data and MC15_rd for the
decay channel B® — K*0(— K7t~ )up. (a) and (b) show the discrim-
inating variables AE and M., respectively. (c) - (h) show the compar-
ison for the six most important features for classification of this decay
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ison for the six most important features for classification of this decay
channel.
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FIGURE D.4: Comparison between LS1 data and MC15_rd for the

decay channel B — K**(— K27")ee. (a) and (b) show the discrimi-

nating variables AE and My, respectively. (c) - (h) show the compar-

ison for the six most important features for classification of this decay
channel.
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FIGURE D.5: Comparison between LS1 data and MC15_rd for the
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FIGURE D.6: Comparison between LS1 data and MC15_rd for the
decay channel B* — K**(— K*7%)ee. (a) and (b) show the discrimi-
nating variables AE and My, respectively. (c) - (h) show the compar-
ison for the six most important features for classification of this decay
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FIGURE D.7: Comparison between LS1 data and MC15_rd for the

decay channel B — K**(— K27")up. (a) and (b) show the dis-

criminating variables AE and My,, respectively. (c) - (h) show the

comparison for the six most important features for classification of
this decay channel.



Appendix E

Classifying Network Preparation

E.1 Handling Outliers / Scaling
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FIGURE E.1: The result of using the capper on the features missing-

Mass20fEvent (a), energy of the rest of event (b) and visibleEnergy-

OfEventCMS (c). The few outliers are moved closer to the rest of the
values.

159



160 Appendix E. Classifying Network Preparation

E.2 Feature Engineering

T T T T T T T 200F T T ™
200 | [ isSignal == 0 4 [ isSignal == 0
[ isSignal == 1 175 F [ isSignal == 1
150 |
n 125
9
5 100f
c
w
75F
50 [
25
0 . . ok .
-0.03 -0.02 -0.01 0.00 0.01 0.02 0.03 -0.03 -0.02 -0.01 0.00 0.01 0.02 0.03
Axy [cm] Ayy [cm]
(@) (b)
0.5 e isSignal == 0
e isSignal == 1
0.4
@ o3l
=
fras)
c
W 0.2
0.1
0.0

-8 -6 -4 =2
In(y/ AxZ + Ay3) [In(cm)]
(c)

FIGURE E.2: Example for the creation of a new feature. Now signal
and non-signal can be discriminated better than before.
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FIGURE E.3: Transverse momenta of the leptons are shown in (a) and
(b). Ratio of the transverse momenta of both reconstructed leptons is
shown in (c).
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Appendix F

Training Of The Neural Network -
Classifier

F1 Neural Network Classifier
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FIGURE F.1: Classifying model for the channel B — K*(—

KT 717 )up. In (a) the binary classifying output of the model and in

(b) the ROC is shown. In (b) the vertical lines indicate the relative ef-

ficiency of the network which produces the closest point in the ROC

curve to the perfect classifier at (1,1). The position of these lines,

which also represents the relative efficiency of the classifier, is stated
in the legend.
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FIGURE F.2: Classifying model for the channel B — K*(— K27%)ee.
Both plots contain the three datasets that are used during training,
validation and testing. In (a) the binary classifying output of the
model and in (b) the ROC is shown. In (b) the vertical lines indi-
cate the relative efficiency of the network which produces the closest
point in the ROC curve to the perfect classifier at (1,1). The position
of these lines, which also represents the relative efficiency of the clas-
sifier, is stated in the legend.
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FIGURE F.3: Classifying model for the channel B® — K*0(—
Kg 7%)up. Both plots contain the three datasets that are used during
training, validation and testing. In (a) the binary classifying output of
the model and in (b) the ROC is shown. In (b) the vertical lines indi-
cate the relative efficiency of the network which produces the closest
point in the ROC curve to the perfect classifier at (1,1). The position
of these lines, which also represents the relative efficiency of the clas-
sifier, is stated in the legend.
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FIGURE F.4: Classifying model for the channel B* — K*'(—
K37+ )ee. Both plots contain the three datasets that are used during
training, validation and testing. In (a) the binary classifying output of
the model and in (b) the ROC is shown. In (b) the vertical lines indi-
cate the relative efficiency of the network which produces the closest
point in the ROC curve to the perfect classifier at (1,1). The position
of these lines, which also represents the relative efficiency of the clas-
sifier, is stated in the legend.
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FIGURE F.5: Classifying model for the channel B* — K*'(—
K37+ ) pp. Both plots contain the three datasets that are used during
training, validation and testing. In (a) the binary classifying output of
the model and in (b) the ROC is shown. In (b) the vertical lines indi-
cate the relative efficiency of the network which produces the closest
point in the ROC curve to the perfect classifier at (1,1). The position
of these lines, which also represents the relative efficiency of the clas-
sifier, is stated in the legend.
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FIGURE F.6: Classifying model for the channel Bt — K*'(—
K*7%)ee. Both plots contain the three datasets that are used during
training, validation and testing. In (a) the binary classifying output of
the model and in (b) the ROC is shown. In (b) the vertical lines indi-
cate the relative efficiency of the network which produces the closest
point in the ROC curve to the perfect classifier at (1,1). The position
of these lines, which also represents the relative efficiency of the clas-
sifier, is stated in the legend.
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FIGURE F.7: Classifying model for the channel Bt — K*'(—
K*71%) up. Both plots contain the three datasets that are used during
training, validation and testing. In (a) the binary classifying output of
the model and in (b) the ROC is shown. In (b) the vertical lines indi-
cate the relative efficiency of the network which produces the closest
point in the ROC curve to the perfect classifier at (1,1). The position
of these lines, which also represents the relative efficiency of the clas-
sifier, is stated in the legend.
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E2 BDT Classifier
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FIGURE F.8: Classifying BDT model for the channel B’ — K*0(—
K*7t™)ee. Both plots contain the three datasets that are used during
training, validation and testing. In (a) the binary classifying output of
the model and in (b) the ROC is shown. In (b) the vertical lines indi-
cate the relative efficiency of the network which produces the closest
point in the ROC curve to the perfect classifier at (1,1). The position of
these lines, which also represents the relative efficiency of the classi-
fier, is stated in the legend. There is a rather large difference between
the training curve and the test/validation curve. This shows the need
for validation data sets.
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Acceptance Corrections

G.1 Angular Correlations
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FIGURE G.1: Correlations Between the Four Decay Variables for the

BY — K*(— K*7~)up. There is a correlation between cos, and

q%. However, this correlation is expected since both of these variables
depend on both leptons in the decay.
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FIGURE G.2: Correlations Between the Four Decay Variables for the

Bt — K*T(— KJn")ee. There is a correlation between cosf, and

7%. However, this correlation is expected since both of these variables
depend on both leptons in the decay.
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FIGURE G.3: Correlations Between the Four Decay Variables for the

BT — K**(— K27")up. There is a correlation between cos 6, and

7%. However, this correlation is expected since both of these variables
depend on both leptons in the decay.
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FIGURE G.4: Correlations Between the Four Decay Variables for the

Bt — K**(— K*7m%)ee. There is a correlation between cos 6, and

7%. However, this correlation is expected since both of these variables
depend on both leptons in the decay.
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FIGURE G.5: Correlations Between the Four Decay Variables for the

Bt — K**(— K™7%)upu. There is a correlation between cos 6, and

7%. However, this correlation is expected since both of these variables
depend on both leptons in the decay.
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FIGURE G.7: Efficiencies for the angles cos 8, (a), cos 0k (b) and ¢p (c)
in the ¢3 region for the B® — K*9(— K* 7~ )ee channel.
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FIGURE G.9: Efficiencies for the angles cos 6y (a), cos 0k (b) and ¢p (c)
in the ‘ﬁ/tp region for the B — K*0(— K* 7~ )ee channel.
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(c) in the ‘ﬁ/tp region for the B — K*9(— K* 7~ )uu channel.
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(c) in the ’721/;(25) region for the BT — K**(— K27")ee channel.
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FIGURE G.23: Efficiencies for the angles cos 6, (a), cos 0k (b) and ¢p
(c) in the 43 region for the B* — K**(— K27™)up channel.
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(c) in the g2 region for the Bt — K**(— K27™)up channel.

+i4

-1.00 -0.75 —0.50 ~0.25 0.00 025 050 0.5 1.00

cos©,

(a)

~1.00 -0.75 —0.50 —025 0.00 025 0.50 075 1.00

C0os Ok

(b)

0.1200

01175

0.1150

0.1125

0.1100

0.1075

0.1050

0.1025

o 1 2 3 4
®p [rad]

(©
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K*7~)ee in the g3 region. In (b) the resulting model function is
shown. In (c) the difference between the predicted and true efficiency
is shown.
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shown. In (c) the difference between the predicted and true efficiency
is shown.
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shown. In (c) the difference between the predicted and true efficiency
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FIGURE G.34: (a) Input efficiencies for the acceptance model training.

Resulting acceptance correction model for the decay B® — K*0(—

K*7t7)up in the g3 region. In (b) the resulting model function is

shown. In (c) the difference between the predicted and true efficiency
is shown.

0.100
0.075
0.050
0.025
0.000
~0.025
-0.050
-0.075
-0.100

0.100
0.075
0.050
0.025
0.000
-0.025
~0.050
-0.075

~0.100

0.100
0.075
0.050
0.025
0.000
~0.025
-0.050
-0.075
-0.100



182 Appendix G. Acceptance Corrections

030 030
X 025 - 025
< 0.20 020
; 015 w o)
X 0 015 w
RS o
o 0.10 ©
0.10
0.05
0.05
0.00
3 vagao 08322 0.00

LR

0.100
0.075
0.050

0.025

cos©;

0.000

~0.025

cos O,

~0.050

~0.075

~0.100

200030028 22226295
262822 2565558 5265 Sslo,
N S e e R

0.2
2%

1.0 =05 0.0 0.5 1.0
Ccos O cos O
(@) (b) (©

FIGURE G.35: (a) Input efficiencies for the acceptance model training.

Resulting acceptance correction model for the decay B® — K*(—

K*7~)up in the g3 region. In (b) the resulting model function is

shown. In (c) the difference between the predicted and true efficiency
is shown.
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Resulting acceptance correction model for the decay B® — K*O(—

K7t~ )up in the g3 region. In (b) the resulting model function is

shown. In (c) the difference between the predicted and true efficiency
is shown.
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Resulting acceptance correction model for the decay B® — K*0(—
K*7t7 ) py in the qlzp (25) region. In (b) the resulting model function is
shown. In (c) the difference between the predicted and true efficiency
is shown.
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FIGURE G.40: (a) Input efficiencies for the acceptance model train-

ing. Resulting acceptance correction model for the decay Bt —

K*T(— K7™ )ee in the g7 region. In (b) the resulting model func-

tion is shown. In (c) the difference between the predicted and true
efficiency is shown.
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FIGURE G.41: (a) Input efficiencies for the acceptance model train-

ing. Resulting acceptance correction model for the decay Bt —

K**(— Ki7")ee in the g3 region. In (b) the resulting model func-

tion is shown. In (c) the difference between the predicted and true
efficiency is shown.
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FIGURE G.42: (a) Input efficiencies for the acceptance model train-

ing. Resulting acceptance correction model for the decay BT —

K**(— K7t )ee in the g3 region. In (b) the resulting model func-

tion is shown. In (c) the difference between the predicted and true
efficiency is shown.
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FIGURE G.43: (a) Input efficiencies for the acceptance model train-

ing. Resulting acceptance correction model for the decay BT —

K**(— K7™ )ee in the g3 region. In (b) the resulting model func-

tion is shown. In (c) the difference between the predicted and true
efficiency is shown.
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FIGURE G.44: (a) Input efficiencies for the acceptance model training.
Resulting acceptance correction model for the decay Bt — K*(—
K27t )ee in the q% /y Tegion. In (b) the resulting model function is
shown. In (c) the difference between the predicted and true efficiency
is shown.
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FIGURE G.45: (a) Input efficiencies for the acceptance model training.
Resulting acceptance correction model for the decay BT — K**(—
K%7+)ee in the qi(zs) region. In (b) the resulting model function is

shown. In (c) the difference between the predicted and true efficiency
is shown.
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FIGURE G.46: (a) Input efficiencies for the acceptance model training.
Resulting acceptance correction model for the decay Bt — K*(—
K27 *)up in the g7 region. In (b) the resulting model function is
shown. In (c) the difference between the predicted and true efficiency

is shown.
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FIGURE G.47: (a) Input efficiencies for the acceptance model training.
Resulting acceptance correction model for the decay BT — K**(—
K37t )up in the g3 region. In (b) the resulting model function is
shown. In (c) the difference between the predicted and true efficiency
is shown.
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FIGURE G.48: (a) Input efficiencies for the acceptance model training.
Resulting acceptance correction model for the decay BT — K**(—
K7t )up in the g3 region. In (b) the resulting model function is
shown. In (c) the difference between the predicted and true efficiency
is shown.
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FIGURE G.49: (a) Input efficiencies for the acceptance model training.
Resulting acceptance correction model for the decay BT — K**(—
K27t )up in the g3 region. In (b) the resulting model function is
shown. In (c) the difference between the predicted and true efficiency
is shown.
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FIGURE G.50: (a) Input efficiencies for the acceptance model training.
Resulting acceptance correction model for the decay BT — K**(—
Kg " )up in the q% /p region. In (b) the resulting model function is
shown. In (c) the difference between the predicted and true efficiency
is shown.
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Resulting acceptance correction model for the decay BT — K**(—
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FIGURE G.52: Decay angle acceptance correction for cos 6, (a), cos 0x
(b) and ¢ (c) for the B® — K*O(— K* 7~ )ee channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.53: Decay angle acceptance correction for cos 6, (a), cos 0
(b) and ¢ (c) for the B® — K*9(— K* 71~ )ee channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.54: Decay angle acceptance correction for cos 6 (a), cos 0
(b) and ¢ (c) for the B® — K*9(— K' 7~ )ee channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.55: Decay angle acceptance correction for cos 8, (a), cos 0
(b) and ¢p (c) for the B — K*¥(— K*7~)ee channel in the ‘7%/1/:'
region. Green shows the distribution on generator level. The recon-
structed candidates are shown in dark orange. They are corrected
with the acceptance correction and the result is shown in red.
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FIGURE G.56: Decay angle acceptance correction for cos 6, (a), cos Ok
(b) and ¢3 (c) for the B — K*(— K* 71~ )ee channel in the ‘712;;(25)'
region. Green shows the distribution on generator level. The recon-
structed candidates are shown in dark orange. They are corrected
with the acceptance correction and the result is shown in red.
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FIGURE G.57: Decay angle acceptance correction for cos 8, (a), cos Ok
(b) and ¢p (c) for the B® — K*O(— K71~ )up channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.58: Decay angle acceptance correction for cos 6, (a), cos 0
(b) and ¢ (c) for the B® — K*Y(— KT 71~ )up channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.59: Decay angle acceptance correction for cos 8, (a), cos 0x
(b) and ¢ (c) for the B® — K*O(— K* 7~ )up channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.60: Decay angle acceptance correction for cos 8, (a), cos 0
(b) and ¢ (c) for the B® — K*0(— K7~ )up channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.61: Decay angle acceptance correction for cos 8, (a), cos 0
(b) and ¢p (c) for the B — K*O(— K*7r~)up channel in the ‘7%/1/:'
region. Green shows the distribution on generator level. The recon-
structed candidates are shown in dark orange. They are corrected
with the acceptance correction and the result is shown in red.
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FIGURE G.62: Decay angle acceptance correction for cos 6, (a), cos 0k
(b) and ¢p (c) for the B — K**(— K* 7~ )uu channel in the ‘712;;(25)'
region. Green shows the distribution on generator level. The recon-
structed candidates are shown in dark orange. They are corrected
with the acceptance correction and the result is shown in red.
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FIGURE G.63: Decay angle acceptance correction for cos 8, (a), cos Ok
(b) and ¢ (c) for the BY — K*T(— K27 )ee channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.64: Decay angle acceptance correction for cos 6, (a), cos 0
(b) and ¢p (c) for the BT — K**(— K27t")ee channel in the g3-region.

Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.65: Decay angle acceptance correction for cos 8, (a), cos 0x
(b) and ¢ (c) for the BT — K**(— K271 )ee channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.66: Decay angle acceptance correction for cos 8, (a), cos 0
(b) and ¢ (c) for the BT — K**(— K271 )ee channel in the g3-region.
Green shows the distribution on generator level. The reconstructed
candidates are shown in dark orange. They are corrected with the
acceptance correction and the result is shown in red.
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FIGURE G.67: Decay angle acceptance correction for cos 8, (a), cos 0
(b) and ¢p (c) for the BT — K**(— K27T)ee channel in the ‘7%/1/:'
region. Green shows the distribution on generator level. The recon-
structed candidates are shown in dark orange. They are corrected
with the acceptance correction and the result is shown in red.
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region. Green shows the distribution on generator level. The recon-
structed candidates are shown in dark orange. They are corrected
with the acceptance correction and the result is shown in red.
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H.2 Signal

H.2.1 Angular Variables
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I.1.2  Angular Fit Projections
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FIGURE 1.41: Angular fit projections for the BY — K**(— Ki7™)¢/
channel in the g3-region with the MC15_rd dataset.
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FIGURE 1.42: Angular fit projections for the BY — K**(— K7™/
channel in the g3-region with the MC15_rd dataset.
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FIGURE 1.44: Angular fit projections for the BY — K**(— K27T)¢¢
channel in the qi—region with the MC15_rd dataset.
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FIGURE 1.45: My, and AE fits in the g3-region for the B® — K*(—
Kt 7t~ )ee channel with the LS1 dataset.
e Signal e Bkg 4+ LS1 e Signal e Bkg + Ls1
~ — sfx @ comb Fit - 15 w— SfX @ comb Fit
Q15 F ‘ ‘ ‘ " gl _‘ftdt:}é‘lﬂ‘)”’ < Belle ftdt=364‘fb’] ‘ ‘ ‘
() Work In Progress gf) Work In Progress
a o 10[ 1
S 10f ] ol
H. al
s 1 30 ’
]
g T+
€ okb . T r . T h c OC T T T ! 1
L T T T T _|.|-| T i
= = [ ma = S oo — iH—_——T—
g : !- N j & —25E. _- . . , j
2015 -0.10 -0.05 0.0 0.05 0.10 0.15 5.20 5.22 5.24 5.26 5.28
AE [GeV] My [GeV/c?]
(a) (b)
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K* 7™ )ee channel with the LS1 dataset.
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I.2.2 Angular Fit Projections

Pull
b o
Pull
&b o

-050 -025 000 025 050 075 100
Cos O

(b)

=075

~N , Belle Il [cdt=3641b"" — it 25 Belle Il [cdt = 3641 PR 30 Bele Il [cdt= 36410 — e
s Work In Progress ~ i k! - Work I rogress
2 N + |1 2 + s S . + 151
S 20 — 20 | ™ 20
015 S5 =]
~ S Z
10 n 1 wn
> 2 g
o 5 I 505 =
= f=4 [ v
= T fim] [}
o1 T 0 0 ————
5 5
— =
I~

0.0 0.5 1.0

15 20 25 3.0
®p [rad]

(©

FIGURE 1.57: Angular fit projections for the B — K*0(— K¥ 71 )ee
channel in the g3-region with the LS1 dataset.

S a0 Galle I [cat = 364" — R 40 Belle 1 Jcdt - 364" PP Galle I cot = 364to-+ —
) Work In Progress P s = P S Work In Progress P
2 S 30 ] ~

o 30 — m

s e s

— 20 Z20 =

< § i

g1 51 ]

= [= I~

2 g, &

—_— +

w

_ 5 _ 5 —

z0 S of me—— 35

20— e | Z 2

%0 02 0.4 0.6 0.8 1.0 ~5 075 7050 —025 000 025 050 075 1.00
cos O, Cos O

(b)

FIGURE 1.58: Angular fit projections for the B® — K*O(— K7~ )ee
channel in the g3-region with the LS1 dataset.

av 100 feai=36atot o Belle Il [edt = 3641+ pARge, 15 Gele  Jcdt=36410-F — Tt
) ork I Progress PR S i ¥ lsid s Work In Progress. . s
S 10 > —~
8 s ™ 10
S IS3 e
o s <10 Z
g 0 n 5
> o o
o o b= =
= S o G oo
c — — —_
5 —_

H v v - _ 5 - °
S o Z° s
& a &

,Si | I || ] I "

0.0 02 0.4 06 08 10 ~075 ~050 -025 000 025 050 075 100 00 05 10 15 20 25 30
cos O, Ccos O ®g [rad]

(b)

(©

FIGURE 1.59: Angular fit projections for the B — K*0(— K¥ 71 )ee
channel in the g3-region with the LS1 dataset.

3

— Fit

Belle  [cat= 364"
Work In rog + 1St

&

.

°

Entries / (9.500e-02)
w 5
-
t—
_|_
Entries /H(O 195)

Entries / (0.314)

Pull

5
-;1 ; o
5

2100 -0.75 -0.50 -025 0.00 025 0.50 0.75 1.00
cos Ok

(b)

Pull
ouw &

Pull

FIGURE 1.60: Angular fit projections for the B® — K*O(— K* 7~ )ee
channel in the g3-region with the LS1 dataset.




234 Appendix I. Analysis

g 25 e 1 foai=earo-? — e 2 25 Belle Il fcdt=3641b-" — it ]
fork In Progress = =

? Ls1 o
¢ 20 + ] S 3
S = b=
Qs = e
[SRT) o >
= | | o 5 2
o 3 | ‘4‘.:1 }é
2 | | | o
s | | —+ I ]
w . . . . I = -5

5 H _
E] 30 — ] 2

50 o1 o0z 03 04 05 06 07 ~5 52075 050 025 0.00 025 050 075 100
cos©; cos Ok

(@) (b) (©

FIGURE 1.61: Angular fit projections for the B® — K*0(— Kt~ )up
channel in the g3-region with the LS1 dataset.

560 e 1 foai=Soaro? — i a0 60 el [oa:=3oarv! — e ]

S fork In Progress + Ls1 s 5 fork In Progress + Ls1

@ S 30 ~

g 40 1 — M a0 q

S S

< S =

= N -

Z ]

> 4 8 20 ]

m Lo g

o =

g, . 1 £ c

€ W Yoo —+ i

w . . . . . . . . —_ . . .

_ s _ s _ sp T T T T

S — = =

El OE - — i 3 o mr—— 3 UE _—- = i
%0 02 0.4 0.6 0.8 1.0 =5 TI075 050 025 000 025 050 075 100 %0 05 1.0 15 2.0 25 3.0

cos O, Ccos Ok g [rad]

(@) (b) (©

FIGURE 1.62: Angular fit projections for the B® — K*9(— Kt~ )up
channel in the g5-region with the LS1 dataset.

oy Belle Il [t = 3641 — it 20 lle Il £t =36410-1 — it

S . Work In Progress ¥ o] s S ork In Progress ¥ Lo

3 & 15 ~

3 = ™M 15
10

< S0 S

e g <10

<s g 3

M’ £ 3 < 5

o 4 =] =

< S S o

=]

= —_ —_

w-sp L L n n | L L L n L L

_ s _ s _ sp T T T T T T

S oo —_— z 0 B

2 . |z P
%0 02 0.4 0.6 0.8 1.0 ~557"2675 -050 025 0.00 025 050 075 100 %0 05 10 15 2.0 25 3.0

cos 6, cos Ok ®p [rad]

(@) (b) (©

FIGURE 1.63: Angular fit projections for the B® — K*O(— K* 7~ )uu
channel in the g3-region with the LS1 dataset.

30 lle Il [edt =364 — it 30 30 Belle Il [cdt = 36414 — it
S — = Work In Progress
? i < + Ls1
8 20 o =]
2 s s 20
o - =
S 210 g0
m 2 2
8 £ 5
£ G o & o -+
w . . . . — . . . .
H _ sp T T T T T T
i m—— —————] 2 = ] [——n—
o0 0.2 0.4 0.6 0.8 ~2.166 7075 <030 025 0.00 025 050 075 100 %0 05 1.0 15 2.0 25 3.0
cos O, cos O g [rad]

(@) (b) (©

FIGURE 1.64: Angular fit projections for the B® — K*9(— Kt~ )up
channel in the g3-region with the LS1 dataset.



I.2. Long Shutdown 1 Data 235

~N Bolle 1 ot = 36410t — it 30 ol 1 [t =364t —Ft ] 30 el 1 fcat =364 — it
S a0 ork I Progress + s s fork In rogress. P 5 jork I Progres: P
@ & —~
S 30 — 20 ] =
=4 1 )
n e e
~ 20 ~ ~
= g o 8
g | E 5
= c [=4
0
5o S S — 5 + —+ S

Pull
°
Pull

Pull

H

UE —_-:J E

%0 01 02 03 04 05 06 07 500757050 —025 000 025 050 075 1.00
cos O, Ccos O

(a) (b) (©

FIGURE 1.65: Angular fit projections for the B® — K*0(— K*7~)e¢
channel in the g3-region with the LS1 dataset.

g

Belle Il [cdt=364fb~" — it
Work n Progress
o + 151

2
& 8
N
&

Entries / (1.000e-01)
o 8 &
I i
Entries / (0.190)
o 5 8

g

Belle Il [cdt = 36410+ PR 0 Gele [ cat= 36410+ — Rt
Work In Progress + (51 Work In Progress. + Ls1
) 60
E| 40
+ ] ,

Entries / (0.314)

5

5 _ 5
P e =] 3 =] [ ——w— ]
T 02 0.4 0.6 08 10 575050 =025 000 025 050 075 100 T 05 10 15 2.0 25 3.0
cos©; cos Ox g [rad]
(@) (b) (©
FIGURE 1.66: Angular fit projections for the B® — K*0(— KT7~)e¢
channel in the g3-region with the LS1 dataset.
fersd seien feare 304t T B Sele [eat= 04t ] _ 25 e = Seare — Rt
S or nProsress + 51 S o + 51 ] S 2 oo + 1
8 ; 15 g 15
S o S0
w -5 -5
_ s _ s _ 5
Eogm e — —| iy —————— B o e — |
%0 02 0.4 0.6 08 10 552075 ~050 =025 000 025 050 075 100 T 05 10 15 2.0 25 3.0
cos©; cos O¢ g [rad]
(@) (b) (©
FIGURE 1.67: Angular fit projections for the B® — K*0(— KT7~)e¢
channel in the g3-region with the LS1 dataset.
x4 le Il [cdt = 3641t — it a0 Belle Il [t = 36416
§ . ork In rogress + s gzo = gzu
2.0 EM Sw
E 10 8o g
¢ 2 2
E ) o oo —“+—+ S o
I _ s s
g 1 0T E "{ — — — 1
T 02 0.4 06 0.8 5100 =075 —0.50 —075 0,00 025 050 075 100 T 05 10 15 2.0 25 3.0
cos©; cos O g [rad]

(a) (b) (©

FIGURE 1.68: Angular fit projections for the B® — K*0(— KT7~)e¢
channel in the g3-region with the LS1 dataset.






Appendix ]

Systematic Studies

237

= Signal === Bkg + 10*ngg e Signal === Bkg + 10*ngg
— w— sfx @ comb Fit o w— SfX @ comb Fit
N T T T . T T T 2 T T T T .
Q 125} ] :
o] S 1s0f
& 100} 9 n
< st 1 2 100
=} N
~— S50F B ~
50 f
7)) wn
o 25 + E k] -
2 ~
=} L e
€ 0L ! T T " r ] c 0 : L L .
w . . . . - . W2 - - - -
= 0 J— > 0 —mm _-—‘_ %
g —ZE: il s ‘ ) ‘ ‘ ‘ i o —2E s : : s ‘
—0.15 —0.10 —~0.05 0.00 0.05 0.10 0.15 5.20 5.22 5.24 5.26 5.28
AE [GeV] Mpc [GeV/c?]
(a) (b)
— 200 . . . . . . . n r . . . . . . . —
N — Fit 2500 hie
1) 175 F + 10*ng | o 4] 10 * ngq
8 2 200 1
Q 150 F ] 1
n S)
y 150 f ]
T st | ] ] w
= I 8
& 100 ] S 100} ]
2 E
-
LIC.I s ] 50 1
5 . . . . . . . 5
SO0 — —_— S o} E
a a
00 01 02 03 04 05 06 07 5 -075 -0.50 -0.25 0.00 025 0.50 0.75 1.00
co0s©, Ccos Ok
(0 (d)
F15F
—
™M 1s0f E
S
~ 125} ]
1%
9]
‘T 100 F ]
b=
c
w75t 1
S of — e — ———— E
[+
00 0.5 1.0 1.5 2.0 2.5 3.0
®p [rad]

(e)

FIGURE ].1: Figures related to the fit study with 75z = 10 - lexpected
for the BY — K*O(— K" 7™ )ee in the g3-region.




238

Appendix . Systematic Studies

e Signal e Bkg + 10 *ngg @ Signal  e=== Bkg + 10 *ngg
— w— sfx e comb Fit — w— SfX e comb Fit
N ,‘ . . T . . — M 150 . . .
o 100 ?'J
g 80 1 o
© N 100 1
N 6e0f 1 <
— <
c L
N ] J sof ]
3 20} 1 3
2 =
€ OoLbcs ’ 7 7 n = e Opf : - n 1
uoy ‘ ‘ ‘ . o i w w w
20 .| ™ S QE T —1——1-_—— 3
a1k . . . . . . ) : : : :
-0.15 -0.10 -0.05  0.00 0.05 0.10 0.15 5.20 5.22 5.2 5.26 5.28
AE [GeV] My [GeV/c?]
(a) (b)
T T T T T T 120 r r r r r r r
g 100 — Fit — Fit
—_
; 4+ 10 *ngg S 100 + 10*ns |
L gol - [o)]
S —
5 80 ]
S eof ] S
-
= o 60 1
o o4or 1 @ -
3 S 40 1
S 20Ff | ] < |
E [TTR 1
w L L L L L L L L L
5 T T T T T 5 .
=) S— E S of m—————— — -
o -5 L L L L - L o _5 L L L L L L L L
0.0 0.2 0.4 0.6 0.8 1.0 -075 -0.50 025 0.00 025 050 075 1.00
cos©, Cos Ok
(c) (d)
100 Fit
—_ ]
< +] 10%ngq
—~
m
o 80f
=
<
0 L
g 60
=
€
S 4of
SO0} —— — p—
a
5700 0.5 1.0 1.5 2.0 2.5 3.0
®g [rad]

(e

FIGURE ].2: Figures related to the fit study with ngg = 10 - flexpected

for the B® — K*(— K* 717 )ee in the g3-region.



Appendix J. Systematic Studies

239

= Signal e Bkg + 10 *ngg
= w— sfx @ comb Fit
N : : ‘ : : :
T
L 80 - B
3
< 60 1
—
o} + ]
-~
0 5of + ]
& 20
=
2 of ¢ : : . : . )
o5 : e ‘ ‘
> 0.0 L
Q. -25 L L L L L L
-0.15 -0.10 -0.05 0.00 0.05 0.10 0.15
AE [GeV]
(@)
—_ T T T T T
N 160f — Fit ]
@ 140 + 10*ng, ]
S
n 120 B
@ 100} -1 1 ]
Z ——
v 80 1
g
S 60| ]
=
W 40k . . . . B
5 T T T T T
E Of — ey —_— E
_ . . . . .
5 0.0 0.2 0.4 0.6 0.8
cos©,
()
175F T T

e Signal === Bkg 4+ 10 *ngg
=~ w— SfX @ comb Fit
T 150 1
9]
<
m
< 100} 1
NS
=~ so0f B
3
= B e s
- 0 .
e ! . . . "
W T T r r
S 0 —-___-i-_ .
= _IE 1 1 1 1
5.20 522 524 5.26 528
M [GeV/c?]
140 | = Fit
I + 10%ng
9 120f 1
e
100} 1
3
2 gl ]
=]
c
w 60| 1
5 -
S of — —, E
a
sk . L . L L L L L
~1.00 —0.75 —0.50 —0.25 0.00 025 0.50 0.75 1.00
Ccos Ok

=

1%

=)
T

Entries / (0.314)
3

w— Fit

+ 10 *ng,

75 F | E
50 | | -|_ E
25| 1 1 1 1 1 1 1 ]
_ 5p - - - - - -
> of ]
a
00 05 1o 15 2.0 25 30
®g [rad]

(e

(d)

FIGURE ].3: Figures related to the fit study with ngg = 10 - lexpected
for the BY — K*O(— K* 7~ )ee in the g3-region.



240

Appendix . Systematic Studies

J.1 Fixing Background Shape
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Appendix L

Single Event Upsets Finder

Still another time have I come to a
place where it is very difficult to
proceed. I ought to be hardened by
this stage; but there are some
experiences and intimations which
scar too deeply to permit of healing
and leave only such an added
sensitiveness that memory reinspires
all the original horror.

H.P. Lovecraft, At the Mountains of
Madness (1931)

In this chapter, some additional work for the Belle II collaboration will be pre-
sented. This work was done as a part of the qualification task. It will start with an
introduction to single event upsets, continue with how to access the files to study
them, because this is not trivial, and end on how to find them and how these scripts
will be used in the future.

L.1 Single Event Upset

In areas with high ionizing particles, Single Event Upsets (SEUs) can occur. These
SEUs are bit flips in a memory element of a semiconductor device caused by ionizing
[101]. In general, no damage is done by the ionizing particle and the bit flip can be
overwritten with the next writing cycle to that memory location. However, since the
bit flip causes a change in the state of the device, it no longer will work as expected.
In general, most SEUs are the result of cosmic particles hitting the device.

The best countermeasure is therefore the increase the shielding of the device to
reduce the number of cosmic particles interacting with the device. Another method
to prevent the errors caused by SEU is running multiple computers with the same
scripts at the same time. This is done by NASA in their spacecrafts. Each script is run
by four computers and their result is compared. If a computer has a different result
compared to the others, the result of the later will be taken for further operation and
the former computer will be brought back to the same state of the others [102].

Unfortunately, none of these methods can be applied to the PXD since shielding
would prevent the detector from detecting and it is not possible to place a second
PXD at the same position as the first to run cross checks. The chosen way to handle
SEUs at the PXD is to detect their impact on the resulting data as soon as possible
and then to recalibrate the PXD in order to bring it back to a working state.
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L.2 SEUs at PXD

During phase 3 of the Belle II experimental data taking, a total of eight inner and
two outer strips each containing two modules were installed. The impact of SEUs
can be detected by observing the common mode of each detector strip of the PXD.
This can be seen in Fig. L.1a. The SEU created a new band for higher common
modes in the first chip. During data taking a bit flipped and from that on, all the
data are filled in a common mode around 50 instead of the normal ten. This shift
can happen in each chip and the offset can be any number. Knowing the resulting
change induced by an SEU, a strategy can be implemented to find them. In contrast
a common mode histogram without a SEU is presented in Fig. L.1b. The following
sections will describe this strategy.
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FIGURE L.1: An example for a common mode histogram after a SEU

is shown on in (a). The SEU happened in module 1.8.1. As a result,

bins are filled in the top left of the histogram. A SEU can happen

in each chip. A normal common mode histogram is shown in (b) for
comparison.

L.3 Preparation

L.3.1 Input Data

Before this script can be applied to online data taking, stored files need to be an-
alyzed. This is also a good cross check, since SEU should be found by the PXD
operator observing the common mode histograms during the data taking (Only a
few SEUs were found). This way, some SEUs are already known and the script must
be able to find all of them.

The data for this analysis is stored on the DQM servers. All of the LS1 dataset of
Belle II will be used for this offline analysis. Each of the 16 histograms within a file
will be checked. Since there are about 50 000 files on the BDAQ server (Belle II Data
Acquisition Server), the script will have to check about 800 000 histograms. Therefore,
the performance of the script is an very important aspect to keep in mind. Later on,
the scripts will be modified in a way that it can run during data taking in order to
tind SEUs as fast as possible and induce a recalibration of the PXD.
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L.3.2 Accessing the Data

Unfortunately, accessing the data within the root file is not trivial. The problem is
that the name of the leafs within the file contain the "/’ character as shown in line
14 in the code snippet below. However, as a convention, this character indicates a
branch of a file. The consequence is that it is not possible to read these files in a
standard way. The uproot library will handle these names as a path with the part
behind the last "/’ as the leaf. The workaround solution is to get the keys of all the
histograms stored in the file. These keys contain the name of the histogram among
other things. If the key contains the desired name, the position of the key in the
list can be stored in another list and the histogram can then be accessed by calling
the position of the desired key in the list of keys.! After this, the histograms can be
easily written out in arrays for further analysis. The following code snippet shows a
working example of the workaround.

import uproot

def getListOfRelevantKeys(uprootFile, histList):
keys = uprootFile._keys
keyList = []
for hist in histList:
for j in range(len(keys)):
if str(keys[jl).__contains__(hist):
keyList.append(j)
return keylList

fH = uproot.open("file.root")
keys = fH._keys
histList = ['PXDDAQ/PXDDAQCM_1.1.1', 'PXDDAQ/PXDDAQCM_1.1.2']
keyList = getListOfRelevantKeys(fH, histList)
for key in keylList:
hists = keyslkey].get()
numl, _, _ = hists.to_numpy()

L.4 SEU Regions

In order to improve the calculations to detect SEUs, the common mode histograms
are divided into a total of 12 subregions. They are indicated by the red letters and
numbers in Fig. L.2. It is clear, that, in this case, the SEU happened in region A3
but, as already mentioned, a SEU can appear in all of the 1 and 3 regions. For an
histogram with no SEU, almost all entries are expected be in the 2 region. Later
on the combination of the subregions Al, A2 and A3 will be referred to letter A
subregions. The same is true for the letter subregions B, C and D.

L.5 Requirements

The strategy to select SEUs will be to use multiple sequential cuts in such a way
that only common mode histograms with a SEU survive. Due to the performance
requirement of the script, the order in which the cuts are applied is very important.

IThis is not only a problem for uproot. Accessing these histogram with C++ produces the same
challenge, leaving the question why this naming scheme was chosen.
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/datal/dgm/dgmsrv1l/dgmhisto/erecodgm_e0026r000289.root
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FIGURE L.2: The regions for further analysis are shown. In a normal
common mode histogram almost all entries would be in subregion 2.
Here, bins in subregion A3 are filled as a result of a SEU.

L.5.1 First Selections

The first few conditions will improve the quality of the remaining histograms. First,
the top two row of the histogram, common mode 63 and 64, will be ignored for
further analysis. Unfortunately, sometimes a lot of entries are dumped into these
lines, messing with the following requirements. An example for this can be found in
Fig. L.3.
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FIGURE L.3: Example for a histogram where the entries are dumped
into to highest common modes.
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In the next step, the histograms are manipulated a little bit. It can happen that
quite a lot of events are dumped into just a few bins. This can be seen in Fig. L.1 at
the ~ 100th gate in the first chip and the common mode of around 20. These few bins
have the highest number of entries in the whole histogram. For the further analysis
the number of entries of the three bins with the highest number will be reduced to
one. This will not exclude the chance to find SEUs but it will drastically improve the
quality of the following selection.

In order to ensure a high enough statistic, the total number of entries must be
higher than 100 000. This is a rather loose cut since most of the time the histograms
contain hundreds of million entries and during normal data taking this condition is
fulfilled within seconds. This selection gets rid of almost empty histograms.

After this, the most powerful requirement will be placed. The condition is that
at least 0.05% of all entries are somewhere in subregion 1 or 3. This requirement
removes by far the most histograms since most of them are almost exclusively filled
in subregion 2.

L.5.2 First Selections on SEUs

Until now almost no information about SEUs are used. This changes with the fol-
lowing conditions. At least one subregions must have more than 1% of all the events
compared to its corresponding region 2. For example, (n(Al) + n(A3))-100 >
n(A2). This is checked for all letter subregions A, B, C and D.

Since SEUs produce an offset of the common mode band, it will produce a lot of
non-zero entries in a subregion. Each chip has 192 gates and the band has a certain
width of multiple rows. Now, the condition is that there have to be at least 350 non-
zero bin entries for subregion 1 and 450 for subregion 3. This corresponds to a little
less then two and three full rows in a chip, respectively.

Sometimes almost all events in subregion 1 are dumped into the first row of the
common mode. This can be seen in Fig. L.4. Since SEUs can also happen in this small
subregion, it would be fatal to just delete a row. Instead it is checked if the last line
contains more than 10 000 times more entries than the rest of the subregion. If this is
the case, the search for SEUs will be stopped for this histogram.

L.5.3 Multiple Filled Subregions

As already mentioned SEUs are extremely rare and they happened only a couple of
times during data taking. Therefore, we can assume that only one SEU will happen
in one module during a run. The following condition will assure that if there are
too much entries in multiple subregions of 1 and 3, the histograms are thrown away.
This can happen when the calibration of the PXD was bad.

The next condition is that if at least two of the letter subregions have more than
1% of their corresponding main subregion, then the histograms are dumped. As an
example: Lets have n(A;3) = n(Al) + n(A3). The same is true for n(Bi3), n(C13)
and n(Dj3). Now, if n(Aj3) - 100 > n(A2) and n(Bjz) - 100 > n(B2), then the
requirement is not fulfilled and the histogram is thrown away. This will be done for
every combination of letter subregions.

When a histogram survives this condition the letter subregion with a likely SEU
candidate is stored. In the example shown in Fig. L.1a the information that the SEU
happened in subregion A would be stored in a variable for the next step.
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/datal/dgm/dgmsrvl/dgmhisto/erecodgm_e0018r002462.root
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FIGURE L.4: Example for a histogram with events dumped into the

bottom line.
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FIGURE L.5: Example for a common mode histogram with a bad cal-
ibration.

L.5.4 Fitting

Unfortunately, all the introduced requirements are not enough since there are some
histograms without an SEU still passing these criteria. It was found, that most of
them have weird curve structures in some subregion of 2. This can be seen in Fig. L.6a
and L.6c. This curve distorts the band enough that it starts to spread into the subre-
gions Al and A3. In order to find these kind of structures, first, the average common
mode value of each gate in this subregion is calculated. After this, a spline fit is per-
formed in the 2 region with the same letter as the SEU. This is depicted in Fig. L.6b
and L.6d for histograms without an SEU and in Fig. L.7 for a histogram with an SEU
in the A region. The overall average value of the common mode is the first value in
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the title. The second value is the value range of the spline fit. It is clear that the range
of the spline fit values is far wider for the histogram with a curve compared to an
SEU histograms. The final condition is that the value range of the spline fit must be
smaller than 1.25. The highest range of values for a SEU was determined to be 0.7.
The chosen requirement should therefore be wide enough to keep all future SEUs.

A SEU can result in a 2 subregion which is almost or completely empty. Perform-
ing a fit in such a subregion would produce nonsense. In order to prevent this, the
fit is only performed when the triggered 2 region has at least 10° entries and more
then 192 - 4 non-zero bins.
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FIGURE L.6: Weird structure in subregion A2 can be seen in (a) and
(c). The corresponding spline fit of these regions is in (b) and (d).

L.6 Surviving the Selection

All of these conditions will be applied to the provided histograms. From initially
~ 800000 histograms, only 17 pass all the requirements. Their experiment number,
run number and affected module can be found in Tab. L.1. A collection of the found
SEUs is depicted in Fig. L.8.

By closer analysis of the histograms it appears that there are some consecutive
runs which are impacted by the same SEU. Most notably is the SEU that first hap-
pened in experiment 20, run 638 in module 1.1.2. This SEU happened during the
run since there are some entries in the D2 region as well but all following runs are
empty in this subregion and the subregion of the new entries filled after the SEU
stays the same for the next four runs. Another streak occurred in experiment 26, run
821 module 1.1.1. The next found histogram is two runs down meaning that run 823
is not listed. This was checked by trying the open run 822 manually but the file was
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FIGURE L.7: Average common mode value of each gate in subregion

A2 for the SEU event shown in Fig. L.1. The spline fit of these values

is shown in orange. The title of this plot contains the average of all
values and how much the spline fit varies in its values.

TABLE L.1: Table of common mode histograms with an SEU found in
the LS1 dataset. Consecutive runs are indicated by the dashed line.
The red marked row corresponds to the single non-SEU passing all
criteria of the script. The corresponding histogram can be found in

Fig. L.9.
#SEU | Experiment Run Number Module Subregion Fig.

1 8 2562 1.4.1 C1 L.8a
2 8 2563 14.1 C1 L.8b
3| I 1433 181  C3  L8c
4 8 1441 181  C3  L8&d
5 18 1442 1.8.1 C3 L.8e
6 | 20 638 .12 DI LB8f
7 20 639 1.1.2 D1 L.8g
8 20 640 1.1.2 D1 L.8h
9 20 641 1.1.2 D1 L.8i
10 20 642 112 D1 L.§j
1 24 2005 131 - L9
12 26 289 181 A3 L8k
3 26 81 .11 DI L8l
14 26 823 111 D1 L.8m
15 26 87 111 D3  L8n
16 26 839 1.1.1 D3 L.8o
VAR 26 1145 181 D3  L8p

empty. This can happen when a run is restarted before data taking takes place. The
same procedure was done with run 838 because runs 837 and 839 are found to be
impacted by an SEU. Again, the run was empty.
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It is important to note that both of these streaks happened in the same module
and are only separated by a few runs. However, in the first streak the SEU impacted
subregion D1 and the later streak D3. This should not be possible if only one SEU
took place. In addition to that, the runs in between these streaks were checked for
SEUs and none were found. It was therefore probably just a coincidence.

In addition to 16 histograms with a SEU, one common mode histogram with no
SEU also passes all of the criteria. This is depicted in Fig. L.9. This histogram has
some problems. The main one is that there are a lot of events dumped at high gate
values in each chip. This affects all subregions. In addition to that, the band is rather
wide and and all 1 subregions are therefore considered filled with non-zero entries.
However, the distribution among them is in such a way, that the check for multiple
filled subregions does not trigger and the histogram is therefore not thrown away.
Since only one non-SEU histogram of ~ 800000 passed, the chosen criteria for the
selection are kept for the future.

L.7 Online Data Taking

Up until now, the script was run on existing stored data but it is clear that such a
script should be implemented in the online data taking in order to prevent these
streaks since the operator were not able to find all of them and the one the operator
found were not noticed as fast as possible, hence the streaks. In addition to that, with
the planed increased luminosity, the probability for SEUs will also increase, making
an automation more and more important.

To make an online monitoring for SEUs possible, the performance of the script
must be as good as possible. For this reason, the script is written with arrays instead
of pandas DataFrames. Also, the order of conditions is chosen such that it can run as
fast as possible. While testing on a 1000 randomly chosen data files. The script took
on average of 1.2 s to analyze a file. The time varies between about a second for files
with clean common mode histograms and ~ 1.8s for histograms which reach the
fitting condition. These times also include the time the script takes to load and open
the root file. While taking data online, these parts will not contribute. After reaching
out to experts, they confirmed that the performance is good enough and the script
will be included in online data taking [103].
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